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Abstract

Visual evidence selection is a critical compo-
nent of multimodal retrieval-augmented gen-
eration (RAG), yet existing methods typically
rely on semantic relevance or surface-level sim-
ilarity, which are often misaligned with the ac-
tual utility of visual evidence for downstream
reasoning. We reformulate multimodal evi-
dence selection from an information-theoretic
perspective by defining evidence utility as the
information gain induced on a model’s output
distribution. To overcome the intractability of
answer-space optimization, we introduce a la-
tent notion of evidence helpfulness and theoret-
ically show that, under mild assumptions, rank-
ing evidence by information gain on this latent
variable is equivalent to answer-space utility.
We further propose a training-free, surrogate-
accelerated framework that efficiently esti-
mates evidence utility using lightweight multi-
modal models. Experiments on MRAG-Bench
and Visual-RAG across multiple model fami-
lies demonstrate that our method consistently
outperforms state-of-the-art RAG baselines
while achieving substantial reductions in com-
putational cost. We release our code at https:
//github.com/Hcnaeg/utility-mrag.

1 Introduction

Retrieval-Augmented Generation (RAG) has
emerged as a powerful paradigm for improving the
factuality and coverage of large language models
(LLMs) by grounding generation in external evi-
dence (Lewis et al., 2020; Gao et al., 2023). In mul-
timodal RAG, visual inputs are retrieved and incor-
porated alongside textual context to support down-
stream reasoning and response generation (Mei
et al., 2025). Under visual setting, evidence selec-
tion is further complicated by the weak alignment
between retrieval relevance and generative utility,
whereby visually relevant images frequently do not
contribute meaningful information for answering a
query, despite appearing highly relevant under stan-

Q: Which animal is this?

Query Image:  Candidate Images:

Lhasa Apso
Similarity score: 0.70 Similarity score: 0.63

Shih-Tzu

Tongue out, but different breed Same breed
(A): Lhasa Apso (B): Maltese
(C): Havanese (D): Shih-Tzu

Figure 1: Illustrative example of the misalignment be-
tween relevance and utility in multimodal RAG. Al-
though the left candidate image achieves a higher sim-
ilarity score due to a shared salient attribute (tongue
out), it depicts a different breed and does not provide
discriminative information for answering the query.

dard retrieval metrics (Mortaheb et al., 2025; Wu
et al., 2024). This raises a fundamental challenge:
how should we select evidence that most effectively
supports a multimodal model’s generation?

Existing multimodal RAG approaches predom-
inantly rely on semantic relevance or similarity-
based heuristics (Mei et al., 2025; Radford et al.,
2021; Jia et al., 2021; Li et al., 2021; Lin et al.,
2024). While effective for improving retrieval re-
call, such criteria are only weakly connected to a
model’s downstream generation behavior, implic-
itly assuming that relevance correlates with actual
usefulness for answering a query. In practice, this
assumption often breaks down: similarity-based
signals, whether computed by contrastive vision-
language models (e.g., CLIP-style encoders) or by
relevance scorers built on multimodal large lan-
guage models (MLLMs), frequently fail to reflect
whether an image provides task-critical, discrimina-
tive information needed for correct reasoning (Yang
et al., 2022; Chen et al., 2025). More fundamen-
tally, relevance-driven methods lack a principled
mechanism to quantify how, and to what extent, a
candidate evidence instance influences the model’s
output distribution (Nematov et al., 2025). As a
result, they are ill-suited for utility-aware evidence
selection in multimodal RAG. As illustrated in Fig-
ure 1, visually salient yet task-irrelevant attributes
can dominate similarity-based rankings, leading to
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the selection of evidence that appears plausible but
ultimately fails to support the correct answer.

These limitations indicate that existing
relevance-driven selection strategies are insuffi-
cient for multimodal RAG, motivating a more
precise research question (RQ1): How can we
select visual evidence that is truly helpful to
multimodal RAG, beyond semantic relevance?

To address RQ1, we adopt an information-
theoretic perspective and argue that evidence se-
lection should be guided by a model-centric notion
of utility that reflects how visual evidence influ-
ences a multimodal model’s generation (Section 3).
We formalize this notion as the information gain
induced by conditioning on a candidate evidence in-
stance (Section 3.1). However, directly optimizing
information gain in the answer space is impractical
for MLLMs due to the high dimensionality and
implicit nature of the output distribution, as well as
linguistic and decoding variability. We therefore in-
troduce a latent notion of evidence helpfulness that
abstracts whether a visual input is useful from the
model’s perspective, yielding a low-dimensional
and tractable objective (Section 3.2). Under mild
assumptions, we theoretically show that ranking
evidence by information gain on this latent help-
fulness variable is equivalent to ranking evidence
in the full answer space, providing a principled al-
ternative to relevance-based selection (Sections 3.2
and 3.3).

Although the proposed utility criterion is theoret-
ically well founded, naively computing it at scale
with a high-capacity multimodal model is compu-
tationally prohibitive in practice. This practical
consideration leads to our second research question
(RQ2): Can evidence utility be estimated efficiently
without relying on expensive main-model inference,
while preserving selection quality?

To address RQ2, we propose a surrogate-
accelerated evidence selection strategy that decou-
ples utility estimation from expensive main-model
inference (Section 4.2). Our key observation is
that assessing whether a visual input is helpful for
answering a query is often a simpler discrimina-
tive judgment than full answer generation, and can
be reliably approximated by a lightweight surro-
gate model. Leveraging this observation, we de-
ploy a compact multimodal model to efficiently
estimate evidence helpfulness and rank candidate
evidence, before invoking the high-capacity target
model only once for final generation. This design
enables scalable utility-aware evidence selection

while substantially reducing computational cost.
Our contributions can be summarized as follows:

• Problem formulation. We identify the misalign-
ment between semantic relevance and evidence
utility in multimodal RAG, and formulate evi-
dence selection as an information-theoretic prob-
lem by defining utility as information gain on the
model’s output distribution.

• Theoretical Reformulation of Evidence Util-
ity. We resolve the intractability of answer-space
information gain via a theoretically grounded la-
tent helpfulness formulation, yielding a stable
and tractable optimization objective.

• Surrogate-Accelerated Selection. We propose a
training-free, surrogate-accelerated pipeline that
efficiently estimates evidence helpfulness using a
lightweight model, substantially reducing compu-
tational cost while preserving selection quality.

2 Related Work
We briefly review representative work on multi-
modal RAG and evidence selection, with a more
comprehensive discussion deferred to Appendix A.

Visual Evidence Selection for Multimodal
RAG. Early multimodal RAG studies rely on CLIP-
style dual encoders to retrieve images via semantic
similarity in a shared embedding space (Radford
et al., 2021; Cherti et al., 2023; Tschannen et al.,
2025; Zhou et al., 2025; Jia et al., 2021; Li et al.,
2021). More recent approaches leverage LLMs as
dense retrievers (Jiang et al., 2024a; Lin et al., 2024;
Meng et al., 2025; Zhou et al., 2025; Zhang et al.,
2024) or relevance scorers, using pointwise or list-
wise judgments to improve retrieval quality (Gu
et al., 2025; Liu et al., 2025). Despite architec-
tural differences, these methods remain relevance-
driven, selecting images based on semantic match-
ing rather than their discriminative utility for an-
swering a query. In contrast, our work explicitly
models evidence utility rather than relevance.

Uncertainty, Utility, and Efficiency in Evi-
dence Selection. Previous studies have explored
model confidence via uncertainty quantification
for LLMs, including likelihood- and entropy-
based measures, Monte Carlo (MC) sampling, and
consistency-based signals (Kadavath et al., 2022;
Kuhn et al., 2023; Wang et al., 2022; Lin et al.,
2023). In RAG settings, such signals have occa-
sionally been used for auxiliary purposes such as
triggering adaptive retrieval or assessing answer re-
liability (Jiang et al., 2023; Xu et al., 2025; Soudani
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et al., 2025; Ozaki et al., 2025). However, these
methods are primarily designed to assess confi-
dence in generated answers rather than to guide
evidence selection, and when applied directly to
RAG, answer-level uncertainty is ill-suited for com-
paring candidate evidence due to confounding gen-
eration noise and decoding variability. Moreover,
these studies often require retraining or repeated
sampling, incurring substantial computational cost.

3 Information-Theoretic Formulation of
Evidence Selection

In this section, we study our core research problem
(RQ1) and present an information-theoretic formu-
lation of evidence selection for RAG. Let q denote
the input query, C = {ci}i∈I a set of retrieved
candidate evidences, Y the model output, and Z a
latent variable representing evidence helpfulness.
Given q and C, the goal is to select an optimal sub-
set of top K ≥ 1 evidences (in particular if K = 1,
a single evidence instance c∗ ∈ C) that best assists
the LMM, denoted as M, in generating Y .

3.1 Evidence Utility as Information Gain

From an information-theoretic perspective, utility
refers to predictive influence, i.e., the extent to
which an evidence instance c alters the model’s
belief about the output, rather than semantic rele-
vance/similarity, which may be redundant or mis-
leading. Then, the utility of c can be quantified via
Information Gain (IG), which measures the re-
duction in the uncertainty (entropy) of the model’s
output distribution after conditioning on c. This
is equivalent to the KL divergence between the
posterior distribution (with evidence) and the prior
distribution (without evidence):

Utility(c) := IG(Y ;C = c | q)
= DKL

(
PY |C=c,q ∥ PY |q

)
, (1)

where PY |· represents the generative distribution
of Y generated by M conditional on the event ·.
Under this formulation, an evidence candidate c
has high utility if and only if it induces a significant
shift in the model’s belief about the answer com-
pared to its internal parametric knowledge. There-
fore, our goal is to solve the following optimization
problem:

top_K_argmax
c∈C

IG(Y ;C = c | q), (2)

where top_K_argmax represents the top K solu-
tions for which the objective obtains highest values.

While theoretically sound, directly solving Prob-

lem (2) is computationally intractable. First, both
PY |q and PY |C=c,q are implicit generative distribu-
tions induced by MLLMs, which are inaccessible in
closed form. Second, the output space of Y is high-
dimensional and unbounded, making KL computa-
tion prohibitively expensive. Third, answer-space
divergence conflates visual information gain with
linguistic variability and hallucination noise, lead-
ing to unstable utility estimates. Hence, directly
optimizing Problem (2) in the high-dimensional
answer space is computationally intractable and
statistically unstable.

3.2 Reformulating Answer-Space Utility via
Latent Helpfulness

Due to these challenges, we therefore introduce
a latent Bernoulli random variable Z ∈ {0, 1}
to indicate whether a candidate evidence instance
is helpful to the model’s generation. Specifically,
{Z = 1 | C = c, q} represents the event that a
candidate evidence c is semantically helpful for an-
swering the query q. We define a new optimization
problem as follows:

top_K_argmax
c

IG(Z;C = c | q). (3)

The latent variable Z serves as a conceptual bridge
that replaces an intractable divergence in the an-
swer space with a tractable estimation objective,
shifting the optimization from directly comparing
high-dimensional output distributions to modeling
a lower-dimensional, binary helpfulness outcome
induced by each evidence instance. We next estab-
lish the theoretical validity of this reformulation.

Assumption 3.1 (Constraints on helpful evidences).
Throughout this paper, we restrict attention to a fea-
sible subset Ĉ ∈ C of candidate evidences that are
not detrimental to the model’s generation. For-
mally, we define Ĉ = {c ∈ C : pc ≥ p̄}, where
pc = P (Z = 1 | C = c, q), p̄ = P (Z = 1 | q).

This assumption means that our analysis focuses
on ranking evidence within a feasible candidate set
that is at least non-harmful to the model, rather than
handling explicitly adversarial or systematically
misleading inputs.

Assumption 3.2 (Connection between response
and helpfulness; Informal; See Assumption C.2 in
Appendix C for the formal version). The condi-
tional response distribution of the model admits
a monotone mixture structure with respect to evi-
dence helpfulness.
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Instantiated by
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Figure 2: Overview of the proposed utility-oriented visual evidence selection framework for multimodal RAG. We
reformulate evidence selection as discriminative utility estimation via a latent helpfulness variable, and employ a
surrogate-accelerated pipeline to efficiently rank and select informative visual evidence for downstream generation.

Intuitively, this assumption states that more help-
ful evidence should induce a larger shift in the
model’s posterior distribution over responses. This
justifies using latent helpfulness as a tractable
proxy for answer-space utility.

Theorem 3.3. Suppose that Assumptions 3.1 and
3.2 hold. Then we have

IG(Z;C = c1) ≥ IG(Z;C = c2) =⇒
IG(Y ;C = c1) ≥ IG(Y ;C = c2).

for all c1, c2 ∈ {c ∈ Ĉ : λ(c) ≥ λ̄} and the
optimal solutions to Problem (3) must be optimal
to Problem (2), i.e.,

top_K_argmax
c∈Ĉ:λ(c)≥λ̄

IG(Z;C = c)

∈ top_K_argmax
c∈Ĉ:λ(c)≥λ̄

IG(Y ;C = c).

In particular, if the optimal solution to Problem
(2) is unique, then

top_K_argmax
c∈Ĉ:λ(c)≥λ̄

IG(Z;C = c)

= top_K_argmax
c∈Ĉ:λ(c)≥λ̄

IG(Y ;C = c),

for K = 1. Formal definitions of λ(c) and λ̄ are
presented in Appendix C.2.

By Theorem 3.3, we can convert solving Prob-
lem (2) to solving a new and easier Problem (3).

3.3 Simplifying Latent Information Gain via
Helpfulness Probability

Although Problem (3) is lower-dimensional than
the answer-space objective in Problem (2), it still
requires estimating a KL divergence involving both
conditional and marginal distributions of Z. Com-
puting the information gain IG(Z;C = c, q) in

practice incurs additional computational and sta-
tistical overhead. To further simplify the objec-
tive, we introduce the following optimization prob-
lem:

top_K_argmax
c

P (Z = 1 | C = c, q). (4)

Theorem 3.4. Suppose that Assumption 3.1 holds.
Then we have

IG(Z;C = c1) ≥ IG(Z;C = c2) ⇐⇒
P (Z = 1 | C = c1) ≥ P (Z = 1 | C = c2).

For all c1, c2 ∈ Ĉ, Problem (3) has the identical
solutions as in Problem (4), i.e.,

top_K_argmax
c∈Ĉ

IG(Z;C = c)

= top_K_argmax
c∈Ĉ

P (Z = 1 | C = c).

By Theorem 3.4, we thus can convert solving
Problem (3) to solving a new and easier Problem
(4). These results motivate a practical design prin-
ciple: rather than scoring evidence by relevance
or similarity, evidence should be selected by di-
rectly modeling helpfulness likelihood and ranking
candidates accordingly.

4 Surrogate-Accelerated Discriminative
Utility Estimation

Building upon our theoretical results, we propose
a novel evidence selection framework, namely
Surrogate-Accelerated Discriminative Utility
Estimation, to answer RQ2. As shown in Figure 2,
our framework follows a retrieve–rank–generate
paradigm with two core components: Utility-
Centric Metric Design, which estimates evidence
helpfulness via a generation-aware utility objective,
and Surrogate-Accelerated Execution, which em-
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ploys a lightweight surrogate model to efficiently
rank candidate evidences for the target model.

4.1 Utility-Centric Metric Design

As discussed in Section 3, directly optimizing evi-
dence utility in the high-dimensional answer space
is computationally intractable. Practically, we con-
struct an auxiliary decision task to probe model’s
internal belief regarding the latent variable Z.

Auxiliary Query Construction. We instanti-
ate the condition for Z by formulating a meta-
cognitive query auxiliary query qaux that explicitly
asks the model to evaluate the relationship between
the candidate evidence and the user’s original in-
tent. Formally, given a query q and a candidate
image ci, the model input is

I = Template(q, ci, qaux), (5)

where qaux corresponds to the question “Is this
evidence helpful for answering the query?” and
target output space is constrained to a binary set
Vbin = {v+ : "True", v− : "False"}.

Score Computation via Logits. We compute the
helpfulness score from the model’s final-layer log-
its. Let ℓ(v | I) denote the logit of token v given
input I . Then, the surrogate helpfulness score ŝ(ci)
is computed as:

ŝ(ci) = ℓ(v+ | I). (6)

Theoretically, our method optimizes Problem (4),
whose optima are guaranteed to be optimal for
Problem (2). Practically, qaux (Question (5)) di-
rectly assesses evidence helpfulness, yielding rank-
ings driven by intrinsic evidence informativeness
rather than answer-generation uncertainty.

4.2 Surrogate-Accelerated Selection Pipeline

While the proposed scoring objective is theoreti-
cally sound, computing it for every candidate in a
large pool C using the heavy main model Mmain
(e.g., 7B+ parameters) incurs significant latency.
To address this, we implement the selection pro-
cess via a Surrogate-Accelerated Pipeline.

Utility Transferability Hypothesis. We posit
that models of varying sizes exhibit a discrimina-
tive consensus: evidence that is clearly unhelpful
or contradictory to a lightweight surrogate model
Msurrogate is highly likely to be unhelpful to Mmain.
As a result, surrogate-induced rankings can closely
approximate those of the main model, enabling the

expensive O(N) scanning over N candidate evi-
dences to be offloaded to the lightweight surrogate.

Inference Workflow. The overall inference
pipeline follows a retrieve–select paradigm:

1. Scoring: Given the retrieved candidate set C,
the lightweight Msurrogate computes the help-
fulness score ŝ(ci) for each ci ∈ C in parallel.

2. Selection: Rank all ci ∈ C based on ŝ(ci)
(Eq. 6) and select the top-k subset S∗.

3. Generation: The main Mmain generates the
final response using only the selected subset
S∗, requiring a single inference pass.

Complexity Analysis. A standard reranking
strategy incurs (N + 1) × Φ(Mmain) inference
cost. Our pipeline reduces this to Cours = N ×
Φ(Msurrogate) + Φ(Mmain), yielding substantial
computation cost reduction since Φ(Msurrogate) <
Φ(Mmain) and the Mmain is invoked only once.

5 Experiments

This section presents the experimental setup, main
results, and further analyses (Sections 5.1 to 5.6).

5.1 Experimental Setup

Benchmarks. We evaluate our method on two
MM-RAG benchmarks: MRAG-Bench (Hu et al.,
2024) (1,353 image–question pairs with ground-
truth images) and Visual-RAG (Wu et al., 2025)
(374 text-only questions with relevant images). For
each query, we build a fixed candidate pool and
evaluate all selection methods on the same pool for
fair comparison. Concretely, the pool is formed
by combining benchmark-provided ground-truth
(relevant) images when available with additional
CLIP-style retrieved images from the benchmark
corpus; duplicate images are removed. We then
rank this fixed pool and report Top-K performance
for K ∈ {1, . . . , 5}. For MRAG-Bench, the pool
includes annotated ground-truth evidence plus re-
trieved distractors; For VisualRAG, we first include
the benchmark-provided ground-truth images (up
to five per query), and then fill the remaining slots
with retriever-returned evidence so that each query
is associated with a fixed candidate pool of 10 im-
ages. Full construction details, including pool size
and dataset-specific preprocessing, are provided in
Appendix D.1.

Baselines. We compare against several categories
of baselines: (i) A zero-shot setting without
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MRAG-Bench (Hu et al., 2024) Visual-RAG (Wu et al., 2025)

Main ModelImage Selection Method # Params
Qwen3-VL-8B MiniCPM-V4.5 Gemma3-12B Ovis2.5-9B InternVL3.5-8B Qwen3-VL-8B MiniCPM-V4.5 Gemma3-12B Ovis2.5-9B InternVL3.5-8BTop K

Zero-Shot 59.35 57.95 56.84 59.05 42.87 52.41 53.07 51.07 52.67 54.28

CLIP-B (Radford et al., 2021) 151M 57.80(-1.55) 58.83(+0.88) 55.95(-0.89) 57.13(-1.92) 42.65(-0.22) 54.28(+1.87) 58.56(+5.49) 51.87(+0.80) 66.04(+13.37) 64.17(+9.89)
CLIP-L (Radford et al., 2021) 428M 57.80(-1.55) 58.98(+1.03) 56.25(-0.59) 57.95(-1.10) 44.49(+1.62) 54.14(+1.73) 58.29(+5.22) 54.95(+3.88) 62.03(+9.36) 61.23(+6.95)
OpenCLIP (Cherti et al., 2023) 151M 58.46(-0.89) 60.46(+2.51) 57.50(+0.66) 58.24(-0.81) 42.65(-0.22) 52.94(+0.53) 58.56(+5.49) 52.67(+1.60) 64.97(+12.30) 60.29(+6.01)
SigLIP 2 Base (Tschannen et al., 2025) 375M 59.42(+0.07) 61.27(+3.32) 58.24(+1.40) 58.91(-0.14) 44.35(+1.48) 52.94(+0.53) 56.68(+3.61) 55.48(+4.41) 64.04(+11.37) 61.76(+7.48)
SigLIP 2 So400m (Tschannen et al., 2025) 1.1B 61.42(+2.07) 61.57(+3.62) 59.87(+3.03) 59.35(+0.30) 44.49(+1.62) 53.34(+0.93) 59.63(+6.56) 53.34(+2.27) 64.84(+12.17) 62.57(+8.29)
BGE-VL-large (Zhou et al., 2025) 428M 58.98(-0.37) 60.53(+2.58) 55.65(-1.19) 59.05(+0.00) 44.64(+1.77) 52.81(+0.40) 57.35(+4.28) 54.28(+3.21) 65.64(+12.97) 58.42(+4.14)

E5-V (Jiang et al., 2024a) 7.8B 58.83(-0.52) 59.20(+1.25) 55.06(-1.78) 57.95(-1.10) 43.46(+0.59) 53.88(+1.47) 58.42(+5.35) 55.48(+4.41) 67.91(+15.24) 62.57(+8.29)
GME (Zhang et al., 2024) 2.2B 64.38(+5.03) 65.19(+7.24) 59.42(+2.58) 61.35(+2.30) 47.01(+4.14) 55.88(+3.47) 59.09(+6.02) 53.07(+2.00) 67.51(+14.84) 62.30(+8.02)
VLM2Vec (Jiang et al., 2024b) 7.7B 61.71(+2.36) 61.79(+3.84) 58.76(+1.92) 60.83(+1.78) 46.12(+3.25) 54.55(+2.14) 57.49(+4.42) 54.81(+3.74) 49.33(-3.34) 48.53(-5.75)
VLM2Vec-V2.0 (Meng et al., 2025) 2.2B 60.68(+1.33) 61.86(+3.91) 57.50(+0.66) 60.24(+1.19) 45.31(+2.44) 55.61(+3.20) 55.88(+2.81) 53.88(+2.81) 50.80(-1.87) 48.53(-5.75)
BGE-MLLM-S1 (Zhou et al., 2025) 7.6B 60.46(+1.11) 60.90(+2.95) 55.28(-1.56) 58.61(-0.44) 45.68(+2.81) 56.15(+3.74) 56.55(+3.48) 56.55(+5.48) 67.11(+14.44) 63.37(+9.09)
BGE-MLLM-S2 (Zhou et al., 2025) 7.6B 60.31(+0.96) 61.57(+3.62) 57.58(+0.74) 58.54(-0.51) 44.72(+1.85) 53.61(+1.20) 55.35(+2.28) 55.35(+4.28) 65.11(+12.44) 63.90(+9.62)
UniME-V2 (Gu et al., 2025) 7.1B 62.82(+3.47) 63.05(+5.10) 60.90(+4.06) 60.61(+1.56) 45.60(+2.73) 56.95(+4.54) 58.69(+5.62) 55.88(+4.81) 57.62(+4.95) 49.33(-4.95)
LamRA-Rank (Liu et al., 2025) 8B 63.34(+3.99) 62.97(+5.02) 58.61(+1.77) 59.05(+0.00) 45.75(+2.88) 58.42(+6.01) 60.16(+7.09) 55.48(+4.41) 58.16(+5.49) 62.57(+8.29)

Ours (Qwen3-VL-2B Surrogate) 2.1B 65.56(+6.21) 65.41(+7.46) 60.83(+3.99) 61.42(+2.37) 47.89(+5.02) 59.89(+7.48) 60.16(+7.09) 59.22(+8.15) 68.85(+16.18) 64.17(+9.89)
Ours (Ovis2.5-2B Surrogate) 2.6B 64.97(+5.62) 64.08(+6.13) 60.53(+3.69) 60.16(+1.11) 47.23(+4.36) 61.36(+8.95) 61.23(+8.16) 57.75(+6.68) 69.12(+16.45) 62.30(+8.02)
Ours (In-Family Surrogate) 65.56(+6.21) 64.60(+6.65) 59.72(+2.88) 60.16(+1.11) 47.08(+4.21) 59.89(+7.48) 60.70(+7.63) 59.63(+8.56) 69.12(+16.45) 62.17(+7.89)

K=1

GT (Human-Annotated Image as Input) 64.82(+5.47) 64.15(+6.20) 57.65(+0.81) 62.97(+3.92) 46.49(+3.62) 60.96(+8.55) 63.50(+10.43) 58.69(+7.62) 70.86(+18.19) 64.04(+9.76)

CLIP-B (Radford et al., 2021) 151M 61.42(+2.07) 60.83(+2.88) 57.80(+0.96) 56.84(-2.21) 43.61(+0.74) 58.69(+6.28) 61.63(+8.56) 57.35(+6.28) 58.42(+5.75) 51.07(-3.21)
CLIP-L (Radford et al., 2021) 428M 59.94(+0.59) 61.86(+3.91) 57.72(+0.88) 57.58(-1.47) 44.27(+1.40) 59.49(+7.08) 62.57(+9.50) 56.82(+5.75) 58.56(+5.89) 51.74(-2.54)
OpenCLIP (Cherti et al., 2023) 151M 62.23(+2.88) 62.97(+5.02) 58.68(+1.84) 59.65(+0.60) 43.83(+0.96) 60.83(+8.42) 61.36(+8.29) 58.02(+6.95) 57.75(+5.08) 53.61(-0.67)
SigLIP 2 Base (Tschannen et al., 2025) 375M 62.90(+3.55) 62.23(+4.28) 60.98(+4.14) 58.39(-0.66) 44.86(+1.99) 59.36(+6.95) 58.69(+5.62) 57.89(+6.82) 58.42(+5.75) 54.81(+0.53)
SigLIP 2 So400m (Tschannen et al., 2025) 1.1B 63.27(+3.92) 63.56(+5.61) 60.83(+3.99) 59.87(+0.82) 45.53(+2.66) 56.68(+4.27) 63.64(+10.57) 57.62(+6.55) 58.29(+5.62) 51.34(-2.94)
BGE-VL-large (Zhou et al., 2025) 428M 62.75(+3.40) 61.79(+3.84) 58.98(+2.14) 59.65(+0.60) 44.72(+1.85) 57.75(+5.34) 59.63(+6.56) 55.35(+4.28) 56.82(+4.15) 51.60(-2.68)

E5-V (Jiang et al., 2024a) 7.8B 62.53(+3.18) 62.53(+4.58) 59.13(+2.29) 58.98(-0.07) 43.16(+0.29) 58.96(+6.55) 59.76(+6.69) 58.29(+7.22) 60.29(+7.62) 52.14(-2.14)
GME (Zhang et al., 2024) 2.2B 65.41(+6.06) 65.48(+7.53) 61.79(+4.95) 61.05(+2.00) 46.93(+4.06) 61.50(+9.09) 60.29(+7.22) 56.02(+4.95) 53.88(+1.21) 50.53(-3.75)
VLM2Vec (Jiang et al., 2024b) 7.7B 64.08(+4.73) 63.71(+5.76) 60.90(+4.06) 59.87(+0.82) 45.53(+2.66) 60.03(+7.62) 60.29(+7.22) 57.35(+6.28) 56.42(+3.75) 53.07(-1.21)
VLM2Vec-V2.0 (Meng et al., 2025) 2.2B 64.82(+5.47) 64.75(+6.80) 61.12(+4.28) 61.05(+2.00) 45.08(+2.21) 58.69(+6.28) 60.83(+7.76) 56.68(+5.61) 56.95(+4.28) 52.41(-1.87)
BGE-MLLM-S1 (Zhou et al., 2025) 7.6B 62.82(+3.47) 63.78(+5.83) 59.65(+2.81) 60.09(+1.04) 45.90(+3.03) 59.89(+7.48) 58.69(+5.62) 58.69(+7.62) 58.29(+5.62) 52.01(-2.27)
BGE-MLLM-S2 (Zhou et al., 2025) 7.6B 64.52(+5.17) 64.52(+6.57) 60.68(+3.84) 60.61(+1.56) 45.01(+2.14) 59.09(+6.68) 56.02(+2.95) 56.02(+4.95) 57.75(+5.08) 50.27(-4.01)
UniME-V2 (Gu et al., 2025) 7.1B 65.19(+5.84) 64.75(+6.80) 62.08(+5.24) 61.57(+2.52) 45.97(+3.10) 59.22(+6.81) 61.10(+8.03) 58.02(+6.95) 58.29(+5.62) 53.34(-0.94)
LamRA-Rank (Liu et al., 2025) 8B 65.85(+6.50) 64.89(+6.94) 60.53(+3.69) 61.27(+2.22) 46.27(+3.40) 61.23(+8.82) 63.10(+10.03) 58.29(+7.22) 56.95(+4.28) 53.88(-0.40)

Ours (Qwen3-VL-2B Surrogate) 2.1B 67.55(+8.20) 65.85(+7.90) 64.52(+7.68) 62.31(+3.26) 47.08(+4.21) 63.77(+11.36) 59.89(+6.82) 60.43(+9.36) 63.24(+10.57) 55.75(+1.47)
Ours (Ovis2.5-2B Surrogate) 2.6B 66.08(+6.73) 65.85(+7.90) 62.23(+5.39) 62.01(+2.96) 47.15(+4.28) 64.44(+12.03) 60.43(+7.36) 57.75(+6.68) 60.70(+8.03) 53.88(-0.40)
Ours (In-Family Surrogate) 67.55(+8.20) 65.63(+7.68) 62.82(+5.98) 62.01(+2.96) 47.15(+4.28) 63.77(+11.36) 61.50(+8.43) 57.89(+6.82) 60.70(+8.03) 55.08(+0.80)

K=3

GT (Human-Annotated Image as Input) 69.03(+9.68) 66.89(+8.94) 58.39(+1.55) 64.01(+4.96) 48.78(+5.91) 64.71(+12.30) 62.17(+9.10) 59.63(+8.56) 64.71(+12.04) 57.89(+3.61)

CLIP-B (Radford et al., 2021) 151M 61.79(+2.44) 62.08(+4.13) 59.79(+2.95) 58.91(-0.14) 43.75(+0.88) 64.57(+12.16) 62.03(+8.96) 59.76(+8.69) 60.03(+7.36) 55.48(+1.20)
CLIP-L (Radford et al., 2021) 428M 60.61(+1.26) 60.98(+3.03) 58.24(+1.40) 57.95(-1.10) 42.65(-0.22) 61.76(+9.35) 62.03(+8.96) 59.09(+8.02) 58.42(+5.75) 52.81(-1.47)
OpenCLIP (Cherti et al., 2023) 151M 63.56(+4.21) 62.08(+4.13) 61.27(+4.43) 59.79(+0.74) 45.60(+2.73) 62.17(+9.76) 62.57(+9.50) 59.22(+8.15) 59.49(+6.82) 55.35(+1.07)
SigLIP 2 Base (Tschannen et al., 2025) 375M 64.30(+4.95) 63.05(+5.10) 61.94(+5.10) 60.61(+1.56) 45.75(+2.88) 62.57(+10.16) 60.96(+7.89) 59.89(+8.82) 59.49(+6.82) 54.95(+0.67)
SigLIP 2 So400m (Tschannen et al., 2025) 1.1B 65.19(+5.84) 63.34(+5.39) 62.60(+5.76) 60.09(+1.04) 45.08(+2.21) 60.56(+8.15) 61.36(+8.29) 54.95(+3.88) 59.22(+6.55) 55.21(+0.93)
BGE-VL-large (Zhou et al., 2025) 428M 64.67(+5.32) 63.41(+5.46) 61.27(+4.43) 59.94(+0.89) 45.31(+2.44) 58.16(+5.75) 61.23(+8.16) 56.68(+5.61) 56.82(+4.15) 51.74(-2.54)

E5-V (Jiang et al., 2024a) 7.8B 63.93(+4.58) 62.38(+4.43) 60.38(+3.54) 59.94(+0.89) 43.61(+0.74) 60.16(+7.75) 61.63(+8.56) 60.96(+9.89) 57.89(+5.22) 55.35(+1.07)
GME (Zhang et al., 2024) 2.2B 67.04(+7.69) 66.30(+8.35) 61.79(+4.95) 61.94(+2.89) 46.78(+3.91) 65.78(+13.37) 62.97(+9.90) 59.36(+8.29) 57.22(+4.55) 54.95(+0.67)
VLM2Vec (Jiang et al., 2024b) 7.7B 66.00(+6.65) 64.45(+6.50) 61.71(+4.87) 61.27(+2.22) 46.56(+3.69) 62.43(+10.02) 61.50(+8.43) 58.56(+7.49) 60.16(+7.49) 54.01(-0.27)
VLM2Vec-V2.0 (Meng et al., 2025) 2.2B 66.22(+6.87) 65.11(+7.16) 62.45(+5.61) 61.86(+2.81) 45.90(+3.03) 61.63(+9.22) 59.09(+6.02) 58.69(+7.62) 55.21(+2.54) 51.20(-3.08)
BGE-MLLM-S1 (Zhou et al., 2025) 7.6B 64.89(+5.54) 63.49(+5.54) 61.20(+4.36) 60.31(+1.26) 44.64(+1.77) 62.97(+10.56) 57.75(+4.68) 57.75(+6.68) 59.22(+6.55) 52.41(-1.87)
BGE-MLLM-S2 (Zhou et al., 2025) 7.6B 65.11(+5.76) 65.04(+7.09) 61.49(+4.65) 61.20(+2.15) 45.60(+2.73) 59.36(+6.95) 57.35(+4.28) 57.35(+6.28) 59.89(+7.22) 54.14(-0.14)
UniME-V2 (Gu et al., 2025) 7.1B 66.30(+6.95) 65.34(+7.39) 62.60(+5.76) 62.82(+3.77) 45.31(+2.44) 61.76(+9.35) 63.77(+10.70) 60.43(+9.36) 58.02(+5.35) 56.15(+1.87)
LamRA-Rank (Liu et al., 2025) 8B 66.44(+7.09) 66.67(+8.72) 61.71(+4.87) 63.05(+4.00) 46.05(+3.18) 64.04(+11.63) 64.97(+11.90) 59.89(+8.82) 58.82(+6.15) 54.95(+0.67)

Ours (Qwen3-VL-2B Surrogate) 2.1B 67.55(+8.20) 66.37(+8.42) 63.93(+7.09) 63.41(+4.36) 46.86(+3.99) 64.84(+12.43) 63.10(+10.03) 60.83(+9.76) 62.17(+9.50) 55.21(+0.93)
Ours (Ovis2.5-2B Surrogate) 2.6B 65.71(+6.36) 64.67(+6.72) 61.71(+4.87) 62.38(+3.33) 46.71(+3.84) 66.18(+13.77) 63.50(+10.43) 61.50(+10.43) 60.70(+8.03) 56.28(+2.00)
Ours (In-Family Surrogate) 67.55(+8.20) 66.96(+9.01) 62.31(+5.47) 62.38(+3.33) 46.49(+3.62) 64.84(+12.43) 63.50(+10.43) 57.49(+6.42) 60.70(+8.03) 55.61(+1.33)

K=5

GT (Human-Annotated Image as Input) 69.99(+10.64) 68.00(+10.05) 59.42(+2.58) 64.89(+5.84) 47.60(+4.73) 66.84(+14.43) 64.17(+11.10) 61.10(+10.03) 64.71(+12.04) 58.82(+4.54)

Table 1: Main results on MRAG-Bench and Visual-RAG under different visual evidence selection methods and
Top-K settings. Numbers in parentheses denote absolute performance differences relative to the zero-shot baseline
for the same model. Bold values indicate the best-performing retrieval-based method in each setting (excluding the
ground-truth (GT) oracle). Additional results are provided in Appendix E.

retrieved images and a ground-truth (GT) ora-
cle setting; (ii) CLIP-style retrievers, including
CLIP (Radford et al., 2021), OpenCLIP (Cherti
et al., 2023), SigLIP 2 (Tschannen et al., 2025),
and BGE-VL-Large (Zhou et al., 2025); (iii)
MLLM-based retrievers and rerankers that use
MLLMs for relevance estimation, including E5-
V (Jiang et al., 2024a), GME (Zhang et al.,
2024), VLM2Vec (Jiang et al., 2024b; Meng et al.,
2025), BGE-MLLM (Zhou et al., 2025), LamRA-
Rank (Hu et al., 2024), and UniME-V2 (Gu et al.,
2025); and (iv) Answer-level objective methods
(Problem 2), including average token probability
and MC sampling.

Backbone Models. Our experiments cover five
families of state-of-the-art open-source MLLMs
(Qwen3-VL (Bai et al., 2025), MiniCPM4.5 (Yu
et al., 2025), Gemma3 (Team et al., 2025),
OVIS2.5 (Lu et al., 2025), and InternVL3.5 (Wang

et al., 2025)), spanning multiple architectures and
parameter scales.

Metrics. For MRAG-Bench, we report exact-
match accuracy; for Visual-RAG, we follow the
original protocol and evaluate answers using an
LLM-as-Judge metric. We additionally measure
computational cost in terms of FLOPs and latency.

Full details of benchmarks, baselines, model
variants, prompt templates, and evaluation proto-
cols are provided in Appendix D.

5.2 Main Results: Comparative Analysis

We first conduct a comprehensive comparison
with state-of-the-art methods, including both CLIP-
based and MLLM-based baselines, on two bench-
mark datasets, as in Table 1. Overall, our method
achieves the best performance in the majority of set-
tings across both benchmarks, consistently outper-
forming baselines across various Top-K settings.
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Dataset Model
Ours Answer-level Estimation

Top-1 Top-3 Top-5 Top-1 Top-3 Top-5

MRAG-Bench

Qwen3-VL-8B 65.71 67.41 67.11 63.27(-2.44) 64.67(-2.74) 65.04(-2.07)
MiniCPM-V4.5 65.11 66.89 65.71 62.90(-2.21) 64.15(-2.74) 64.15(-1.56)
Gemma3-12B 59.87 61.94 63.12 59.42(-0.45) 61.57(-0.37) 61.64(-1.48)
Ovis2.5-9B 61.64 62.53 63.19 60.38(-1.26) 61.20(-1.33) 61.27(-1.92)
InternVL3.5-8B 48.41 47.75 46.56 46.42(-1.99) 47.08(-0.67) 45.53(-1.03)

Visual-RAG

Qwen3-VL-8B 62.43 63.37 64.57 57.49(-4.94) 59.76(-3.61) 62.97(-1.60)
MiniCPM-V4.5 59.63 61.23 62.03 61.50(+1.87) 61.10(-0.13) 62.57(+0.54)
Gemma3-12B 56.55 60.43 60.03 58.29(+1.74) 55.61(-4.82) 57.09(-2.94)
Ovis2.5-9B 70.05 60.96 61.23 54.81(-15.24) 54.41(-6.55) 56.82(-4.41)
InternVL3.5-8B 61.23 58.16 57.22 52.94(-8.29) 54.68(-3.48) 55.88(-1.34)

Qwen3-VL-8B 62.43 63.37 64.57 57.89(-4.54) 60.29(-3.08) 63.90(-0.67)
MiniCPM-V4.5 59.63 61.23 62.03 61.10(+1.47) 63.24(+2.01) 64.71(+2.68)
Gemma3-12B 56.55 60.43 60.03 55.88(-0.67) 57.75(-2.68) 59.76(-0.27)
Ovis2.5-9B 70.05 60.96 61.23 54.95(-15.10) 55.08(-5.88) 57.62(-3.61)
InternVL3.5-8B 61.23 58.16 57.22 53.07(-8.16) 57.22(-0.94) 57.49(+0.27)

Table 2: Downstream task performance of our latent-
helpfulness-based selection method versus answer-level
uncertainty-based selection methods. The table reports
performance on MRAG-Bench and Visual-RAG, rather
than uncertainty values. For the compared baselines,
candidate images are ranked by choice softmax entropy
on MRAG-Bench, and by average token probability or
MC sampling with NLI-based consistency on Visual-
RAG. Parentheses denote performance differences rel-
ative to our method. Additional results for different K
values are provided in Appendix E.

In particular, on Visual-RAG, our method yields
substantial improvements of up to +16.18, out-
performing most competing approaches by a clear
margin. Notably, while many baselines rely on su-
pervised retrieval training and large-scale MLLMs
(often 7B+ parameters), our approach is training-
free and achieves comparable or better performance
using only lightweight 2B-scale surrogate models.
These results demonstrate both the effectiveness
and parameter efficiency of our utility-oriented ev-
idence selection method. Moreover, our method
closely approaches the ground-truth (GT) oracle up-
per bound, and in some cases even slightly exceeds
it. This suggests that our proposed utility-oriented
visual evidence selection can, in certain cases, even
identify evidence that is more task-effective for a
given model’s generation than human annotations.
Lastly, we observe that the zero-shot setting outper-
forms several RAG baselines, further highlighting
the necessity of utility-aware evidence selection
rather than indiscriminate RAG.

5.3 Analysis on Utility Estimation Metrics

Next, in Table 2, we demonstrate the effectiveness
of introducing the latent helpfulness variable Z
(Problem 3) compared to directly optimizing the
answer-space objective Y (Problem 2). For open-
ended Visual-RAG questions, we include two Y -
based baselines (softmax and MC sampling) for
comprehensive comparison. As shown, our method
consistently outperforms the Y objective in the ma-
jority of evaluation settings. Notably, the perfor-

mance gap is more advanced on Visual-RAG than
on MRAG-Bench, likely due to its open-ended na-
ture, where generation noise more strongly affects
the reliability of answer-level uncertainty. Over-
all, these results support our central claim that di-
rectly modeling answer-space objectives conflates
evidence utility with generation noise, whereas de-
coupling utility estimation from answer generation
yields a more stable and reliable criterion for vi-
sual evidence selection.

5.4 Surrogate Transferability and Efficiency
In Table 3, we then compare lightweight surro-
gate models with substantially larger main mod-
els under the same latent-variable-based utility
estimation framework to evaluate ranking agree-
ment and assess the effectiveness of surrogate ac-
celeration. Overall, lightweight surrogate models
achieve performance that is highly comparable to
the larger main models. Across all evaluated back-
bones and Top-K settings, surrogate models ex-
hibit a small average absolute performance gap of
0.38 in exact-match accuracy on MRAG-Bench
and 0.18 in LLM-as-judge scores on Visual-RAG,
while matching or outperforming their correspond-
ing main models in 36% and 48% of the evaluated
settings, respectively.

In Table 4, we further report the computational
cost (FLOPs and inference latency) of different
utility estimation strategies. Across model families,
lightweight surrogate models incur substantially
lower cost (e.g., 2B vs. 8B–12B: <25% prefill
FLOPs), confirming the efficiency of surrogate-
based utility estimation. Moreover, the Z objective
is over 20× more efficient than Y -based estimation
in decoding FLOPs, with the gap further widening
under MC sampling due to linear cost scaling.

Overall, these results show that our method en-
ables scalable and utility-aware evidence selection
while offering substantial computational advan-
tages for practical multimodal RAG pipelines.

5.5 Ablation Analysis and Alternative Designs
Table 5 compares our method with alternative evi-
dence scoring and ranking strategies, including ver-
balized uncertainty quantification and listwise rank-
ing. Across settings, our method provides a more
stable criterion for evidence selection, whereas
generation-level alternatives are less consistent.

We also test the robustness of the auxiliary help-
fulness probe to prompt realization by considering
lexical substitution, paraphrasing, and output-label
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Top-K Image Selection Method
MRAG-Bench Visual-RAG

Qwen3-VL-8B MiniCPM-V4.5 Gemma3-12B Ovis2.5-9B InternVL3.5-8B Qwen3-VL-8B MiniCPM-V4.5 Gemma3-12B Ovis2.5-9B InternVL3.5-8B

K=1

Main Model 65.71 65.11 59.87 61.64 48.41 62.43 59.63 56.55 70.05 61.23

Qwen3-VL-2B 65.56(-0.15) 65.41(+0.30) 60.83(+0.96) 61.42(-0.22) 47.89(-0.52) 59.89(-2.54) 60.16(+0.53) 59.22(+2.67) 68.85(-1.20) 64.17(+2.94)
Ovis2.5-2B 64.97(-0.74) 64.08(-1.03) 60.53(+0.66) 60.16(-1.48) 47.23(-1.18) 61.36(-1.07) 61.23(+1.60) 57.75(+1.20) 69.12(-0.93) 62.30(+1.07)
MiniCPM-V4.5-AWQ 64.23(-1.48) 64.60(-0.51) 60.38(+0.51) 61.71(+0.07) 48.41(+0.00) 60.16(-2.27) 60.70(+1.07) 58.29(+1.74) 67.25(-2.80) 62.43(+1.20)
Gemma3-4B 64.15(-1.56) 62.75(-2.36) 59.72(-0.15) 61.71(+0.07) 45.23(-3.18) 59.89(-2.54) 61.50(+1.87) 59.63(+3.08) 68.05(-2.00) 61.90(+0.67)
InternVL3.5-2B 63.64(-2.07) 62.60(-2.51) 59.87(+0.00) 60.24(-1.40) 47.08(-1.33) 57.62(-4.81) 58.56(-1.07) 55.88(-0.67) 66.98(-3.07) 62.17(+0.94)

K=3

Main Model 67.41 66.89 61.94 62.53 47.75 63.37 61.23 60.43 60.96 58.16

Qwen3-VL-2B 67.55(+0.14) 65.85(-1.04) 64.52(+2.58) 62.31(-0.22) 47.08(-0.67) 63.77(+0.40) 59.89(-1.34) 60.43(+0.00) 63.24(+2.28) 55.75(-2.41)
Ovis2.5-2B 66.08(-1.33) 65.85(-1.04) 62.23(+0.29) 62.01(-0.52) 47.15(-0.60) 64.44(+1.07) 60.43(-0.80) 57.75(-2.68) 60.70(-0.26) 53.88(-4.28)
MiniCPM-V4.5-AWQ 66.96(-0.45) 65.63(-1.26) 63.41(+1.47) 62.31(-0.22) 47.38(-0.37) 63.64(+0.27) 61.50(+0.27) 58.42(-2.01) 60.03(-0.93) 54.41(-3.75)
Gemma3-4B 65.78(-1.63) 64.45(-2.44) 62.82(+0.88) 61.57(-0.96) 46.78(-0.97) 62.30(-1.07) 63.37(+2.14) 57.89(-2.54) 58.42(-2.54) 52.14(-6.02)
InternVL3.5-2B 65.48(-1.93) 64.15(-2.74) 63.12(+1.18) 61.64(-0.89) 47.15(-0.60) 62.17(-1.20) 63.37(+2.14) 60.16(-0.27) 62.30(+1.34) 55.08(-3.08)

K=5

Main Model 67.11 65.71 63.12 63.19 46.56 64.57 62.03 60.03 61.23 57.22

Qwen3-VL-2B 67.55(+0.44) 66.37(+0.66) 63.93(+0.81) 63.41(+0.22) 46.86(+0.30) 64.84(+0.27) 63.10(+1.07) 60.83(+0.80) 62.17(+0.94) 55.21(-2.01)
Ovis2.5-2B 65.71(-1.40) 64.67(-1.04) 61.71(-1.41) 62.38(-0.81) 46.71(+0.15) 66.18(+1.61) 63.50(+1.47) 61.50(+1.47) 60.70(-0.53) 56.28(-0.94)
MiniCPM-V4.5-AWQ 66.74(-0.37) 66.96(+1.25) 64.75(+1.63) 62.38(-0.81) 46.42(-0.14) 66.31(+1.74) 63.50(+1.47) 60.29(+0.26) 60.29(-0.94) 56.02(-1.20)
Gemma3-4B 66.15(-0.96) 65.34(-0.37) 62.31(-0.81) 62.90(-0.29) 47.52(+0.96) 63.24(-1.33) 63.10(+1.07) 57.49(-2.54) 59.89(-1.34) 54.81(-2.41)
InternVL3.5-2B 66.81(-0.30) 64.45(-1.26) 62.82(-0.30) 62.60(-0.59) 46.49(-0.07) 62.83(-1.74) 65.24(+3.21) 60.29(+0.26) 62.30(+1.07) 55.61(-1.61)

Table 3: Comparison between surrogate models and their corresponding large main models under the same utility
estimation framework. Results are reported across Top-K settings; additional results are provided in Appendix E.

Model Family #Params Method #Tokens
Prefill Decode

GFLOPs Latency(ms) GFLOPs Latency(ms)

Qwen3-VL

2.1B Discriminative
Estimation

289
991 0.0480 3 0.0291

8.1B 4360 0.0638 15 0.0377

2.1B Answer-level
UQ

315
984 0.0471 101 0.8422

8.1B 4328 0.0640 443 1.1067

Ovis2.5

2.6B Discriminative
Estimation

326
1176 0.0727 3 0.0252

9.2B 5034 0.0871 15 0.0344

2.6B Answer-level
UQ

352
1169 0.0714 101 0.7286

9.2B 5003 0.0875 443 1.0021

InternVL3.5

2.3B Discriminative
Estimation

403
1427 0.0532 4 0.0304

8.5B 6203 0.0789 15 0.0393

2.3B Answer-level
UQ

430
1421 0.0527 103 0.8529

8.5B 6172 0.0776 449 1.1180

Gemma-3

4.3B Discriminative
Estimation

365
2827 0.1107 8 0.0417

12.2B 8560 0.1354 24 0.0607

4.3B Answer-level
UQ

388
2788 0.1097 227 1.2162

12.2B 8442 0.1340 688 1.7628

Table 4: Computation cost comparison between our
approach and answer-space estimation across multiple
model families. We report the number of tokens, FLOPs,
and latency for both the prefill and decoding stages.

variation while keeping the model, benchmark, and
candidate pool fixed. Performance remains largely
stable across these variants, suggesting that the
probe is not overly sensitive to moderate changes
in wording or output tokens. Full templates and
complete results are provided in Appendix D and
Appendix E.1.

5.6 Additional Analyses

We provide additional analyses on assumption ro-
bustness, surrogate–main disagreement, and cross-
scale transferability.

5.6.1 Robustness under Noisy Candidate
Pools

We evaluate three increasingly perturbed candidate-
pool regimes—Pure Retrieve, GT + Hard Nega-
tives, and GT + Hard Negatives + Stochastic Per-
turbation—while varying pool size from 10 to 20.
Performance remains stable across these settings,
indicating that the proposed ranking criterion is
robust to heterogeneous and noisy candidate pools.

Detailed construction protocols and full results are
provided in Appendix D and Appendix E.2. Ap-
pendix E.3 further reports an empirical study re-
lated to Theorem 3.3.

5.6.2 Error Analysis of Surrogate–Main
Disagreement

We further analyze false positives (FPs), defined as
candidates ranked in the top 25% by the surrogate
but in the bottom 25% by the corresponding main
model. Results are shown in Table 6. Across two
benchmarks and two surrogate–main pairs, the FP
ratio remains low (about 2%–3.5%), suggesting
that severe ranking disagreement is relatively rare.
Fine-grained category-level analysis is deferred to
Appendix E.4.

5.6.3 Cross-Scale Transferability of Surrogate
Rankings

To examine whether surrogate-based helpfulness
ranking transfers to substantially larger models, we
evaluate Qwen2.5-VL-3B-Instruct and Qwen2.5-
VL-7B-Instruct as surrogates for Qwen2.5-VL-
72B-Instruct on MRAG-Bench and Visual-RAG.
We report GT hit rate, i.e., the proportion of top-K
selected evidence that belongs to the ground-truth
set.

As shown in Table 7, the 3B/7B surrogates re-
main well aligned with the 72B main model across
both datasets. On MRAG-Bench, the gap is con-
sistently small across K; on Visual-RAG, absolute
performance improves with scale, but the relative
ranking trends remain similar. These results sup-
port the transferability of surrogate-based helpful-
ness ranking across model scales.
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Top-K Method
MRAG-Bench Visual-RAG

Qwen3-VL-8B MiniCPM-V4.5 Gemma3-12B Ovis2.5-9B InternVL3.5-8B Qwen3-VL-8B MiniCPM-V4.5 Gemma3-12B Ovis2.5-9B InternVL3.5-8B

K=1
Ours 65.71 65.11 59.87 61.64 48.41 62.43 59.63 56.55 70.05 61.23
Verbalized UQ 62.82(-2.89) 58.46(-6.65) 55.65(-4.22) 57.95(-3.69) 43.53(-4.88) 59.36(-3.07) 58.82(-0.81) 56.68(+0.13) 60.03(-10.02) 48.93(-12.30)
Listwise Ranking 58.54(-7.17) 59.35(-5.76) 56.91(-2.96) 58.17(-3.47) 43.39(-5.02) 63.24(+0.81) 62.43(+2.80) 59.09(+2.54) 58.56(-11.49) 54.55(-6.68)

K=3
Ours 67.41 66.89 61.94 62.53 47.75 63.37 61.23 60.43 60.96 58.16
Verbalized UQ 64.67(-2.74) 61.27(-5.62) 58.91(-3.03) 58.61(-3.92) 44.05(-3.70) 61.10(-2.27) 61.90(+0.67) 57.22(-3.21) 58.82(-2.14) 52.01(-6.15)
Listwise Ranking 63.27(-4.14) 61.86(-5.03) 59.65(-2.29) 58.91(-3.62) 45.90(-1.85) 61.90(-1.47) 62.30(+1.07) 58.82(-1.61) 59.49(-1.47) 52.94(-5.22)

K=5
Ours 67.11 65.71 63.12 63.19 46.56 64.57 62.03 60.03 61.23 57.22
Verbalized UQ 65.56(-1.55) 62.82(-2.89) 60.46(-2.66) 60.09(-3.10) 43.83(-2.73) 65.64(+1.07) 61.76(-0.27) 58.82(-1.21) 59.09(-2.14) 55.35(-1.87)
Listwise Ranking 65.11(-2.00) 63.86(-1.85) 59.72(-3.40) 60.53(-2.66) 44.64(-1.92) 66.71(+2.14) 61.63(-0.40) 60.56(+0.53) 60.70(-0.53) 52.01(-5.21)

Table 5: Comparison of utility estimation and evidence ranking strategies under a unified experimental setting,
including verbalized uncertainty quantification and listwise ranking over all candidate evidence. Results are reported
across different Top-K settings. Additional results for Top-1 to Top-5 are provided in Appendix E.

Benchmark Main Surrogate Candidates FPs FP (%)
MRAG-Bench Qwen3-VL-8B Qwen3-VL-2B 11523 259 2.25
MRAG-Bench Ovis2.5-9B Ovis2.5-2B 11523 227 1.97
Visual-RAG Qwen3-VL-8B Qwen3-VL-2B 3740 131 3.50
Visual-RAG Ovis2.5-9B Ovis2.5-2B 3740 83 2.22

Table 6: False Positive Analysis of Surrogate Model

Benchmark Model Top-1 Top-2 Top-3 Top-4 Top-5

MRAG-Bench
Qwen2.5-VL-3B 80.49 80.11 78.74 77.64 75.56
Qwen2.5-VL-7B 83.93 81.70 78.99 76.29 73.23
Qwen2.5-VL-72B 83.96 81.85 80.96 80.09 78.38

Visual-RAG
Qwen2.5-VL-3B 71.93 69.12 64.88 61.63 58.24
Qwen2.5-VL-7B 72.46 68.32 65.60 62.63 60.59
Qwen2.5-VL-72B 80.21 74.60 71.21 67.65 64.12

Table 7: Empirical validation on 72B-scale models. We
report GT hit rates on 100 samples.

6 Case Studies

Finally, we provide two qualitative examples to
illustrate the advantages of utility-oriented visual
evidence selection. Figure 3(a) illustrates a car
model identification example from MRAG-Bench.
Relevance-based methods select a visually similar
but incorrect model due to shared color, while our
method correctly identifies a helpful image of the
correct model by focusing on task-relevant visual
cues rather than surface-level similarity. In Fig-
ure 3(b), we present a Visual-RAG example con-
trasting answer-level objectives with our proposed
utility estimation, showing that the former can fa-
vor uninformative images with high confidence or
consistency, whereas our approach correctly pri-
oritizes evidence that reveals task-critical visual
information. More detailed task explanations, to-
gether with additional analysis of representative
failure cases, are provided in Appendix F.

7 Conclusion

In this paper, we investigate the problem of visual
evidence selection for multimodal RAG and argue
that semantic relevance and answer-space estima-
tion are insufficient for identifying truly helpful
visual context. We propose a utility-oriented for-
mulation based on information gain and a discrim-

Case (a)                  Question: What exact model of car is this?
(A): McLaren 650S (B): McLaren 720S (C): McLaren 570S (D): McLaren 675LT

Qwen3-VL-8B        :
Zero-Shot: (C)
RAG(CLIP/GME): (A)
RAG(Ours): (D)

Query Image: CLIP/GME Selection: Ours Selection:

(A): McLaren 650S (D): McLaren 675LT
CLIP score: 0.57
GME score: 0.66
Ours score: 0.89

CLIP score: 0.55 
GME score: 0.49
Ours score: 0.95

Case (b) 
Question: What is the color of the inside 
of the mouth of black woodpecker 
(scientific name: Dryocopus martius)?
Reference Answers: Pink

Qwen3-VL-8B      :
Zero-Shot : Red
RAG (AvgProb): Red
RAG (MC-Cons): Yellow
RAG (Ours): Pink

MC-Cons: Ours:

Answer: Red Answer: Pink

AvgProb:

Answer: Yellow

AvgProb: 0.98
MC-Cons: 1.0
Ours: 0.0

AvgProb : 0.97
MC-Cons : 1.0
Ours: 1e-5

AvgProb : 0.96
MC-Cons : 0.80
Ours: 0.97

Figure 3: Qualitative case studies. (a) A case illustrat-
ing the gap between retrieval relevance and downstream
utility: CLIP/GME scores denote relevance/similarity-
based ranking scores, whereas our score denotes the sur-
rogate helpfulness score used for utility-oriented selec-
tion. (b) A case comparing our latent-helpfulness-based
ranking with answer-level uncertainty-based ranking:
AvgProb and MC-Cons are answer-level uncertainty
criteria, whereas our score denotes the surrogate help-
fulness score.

inative framework that decouples evidence utility
from answer-space variability via a latent helpful-
ness variable, along with a surrogate-accelerated
pipeline for efficient deployment. Experiments on
two benchmarks across multiple model families
show that our method consistently outperforms
state-of-the-art RAG baselines while remaining
computationally efficient. Beyond these empiri-
cal gains, our work highlights the importance of
explicitly modeling evidence utility in multimodal
RAG and suggests a promising direction for more
principled and efficient evidence selection in future
multimodal RAG pipelines.
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Limitations and Future Work

While our approach demonstrates strong empirical
performance and efficiency across multiple multi-
modal RAG benchmarks, several limitations point
to promising directions for future work.

1). Our surrogate-accelerated pipeline leverages
the observation that judgments of evidence helpful-
ness transfer well across model scales. While our
experiments show that lightweight surrogate mod-
els closely match the utility preferences of larger
models, exploring more systematic strategies for
surrogate selection, adaptation, or dynamic scaling
remains an interesting direction for future research.

2). We primarily study visual evidence selec-
tion in QA-style multimodal RAG settings. Al-
though the proposed utility-oriented formulation is
not tied to a specific answer format, our empirical
validation is currently limited to benchmark tasks
centered on question answering. Extending the
framework to other multimodal generation settings,
such as captioning, dialogue, long-form reasoning,
or interleaved text–visual retrieval, would further
clarify its generality. In addition, extending the
current visual-only setting to other modalities (e.g.,
video and audio) or to mixed text–visual evidence
selection may further broaden the applicability of
this framework.

We believe these directions build naturally on the
strengths of our approach and offer opportunities to
develop more general and principled evidence se-
lection mechanisms for multimodal RAG systems.

Ethical Statement

This work studies visual evidence selection for mul-
timodal retrieval-augmented generation, with the
goal of improving the robustness and efficiency of
model reasoning. Our research does not involve
human subjects, personal data, or sensitive informa-
tion. All experiments are conducted using publicly
available benchmarks and open-source multimodal
models. We emphasize that our method is intended
for research and benchmarking purposes, and we
do not advocate its use in high-stakes or safety-
critical applications without additional safeguards
and human oversight. As with all large language
and vision-language models, downstream deploy-
ment should follow established ethical guidelines
and responsible AI practices.

References
Shuai Bai, Yuxuan Cai, Ruizhe Chen, Keqin Chen,

Xionghui Chen, Zesen Cheng, Lianghao Deng, Wei
Ding, Chang Gao, Chunjiang Ge, Wenbin Ge, Zhi-
fang Guo, Qidong Huang, Jie Huang, Fei Huang,
Binyuan Hui, Shutong Jiang, Zhaohai Li, Mingsheng
Li, and 45 others. 2025. Qwen3-vl technical report.
Preprint, arXiv:2511.21631.

Boqi Chen, Anuj Khare, Gaurav Kumar, Arjun Akula,
and Pradyumna Narayana. 2025. Seeing beyond: En-
hancing visual question answering with multi-modal
retrieval. In Proceedings of the 31st International
Conference on Computational Linguistics: Industry
Track, pages 410–421.

Wenhu Chen, Hexiang Hu, Xi Chen, Pat Verga, and
William Cohen. 2022. Murag: Multimodal retrieval-
augmented generator for open question answering
over images and text. In Proceedings of the 2022
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 5558–5570.

Zhanpeng Chen, Chengjin Xu, Yiyan Qi, and Jian
Guo. 2024. Mllm is a strong reranker: Advanc-
ing multimodal retrieval-augmented generation via
knowledge-enhanced reranking and noise-injected
training. arXiv preprint arXiv:2407.21439.

Mehdi Cherti, Romain Beaumont, Ross Wightman,
Mitchell Wortsman, Gabriel Ilharco, Cade Gordon,
Christoph Schuhmann, Ludwig Schmidt, and Jenia
Jitsev. 2023. Reproducible scaling laws for con-
trastive language-image learning. In Proceedings
of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 2818–2829.

Yunfan Gao, Yun Xiong, Xinyu Gao, Kangxiang Jia,
Jinliu Pan, Yuxi Bi, Yixin Dai, Jiawei Sun, Haofen
Wang, and Haofen Wang. 2023. Retrieval-augmented
generation for large language models: A survey.
arXiv preprint arXiv:2312.10997, 2(1).

Tiancheng Gu, Kaicheng Yang, Kaichen Zhang, Xi-
ang An, Ziyong Feng, Yueyi Zhang, Weidong Cai,
Jiankang Deng, and Lidong Bing. 2025. Unime-v2:
Mllm-as-a-judge for universal multimodal embed-
ding learning. arXiv preprint arXiv:2510.13515.

Wenbo Hu, Jia-Chen Gu, Zi-Yi Dou, Mohsen Fayyaz,
Pan Lu, Kai-Wei Chang, and Nanyun Peng. 2024.
Mrag-bench: Vision-centric evaluation for retrieval-
augmented multimodal models. arXiv preprint
arXiv:2410.08182.

Chao Jia, Yinfei Yang, Ye Xia, Yi-Ting Chen, Zarana
Parekh, Hieu Pham, Quoc Le, Yun-Hsuan Sung, Zhen
Li, and Tom Duerig. 2021. Scaling up visual and
vision-language representation learning with noisy
text supervision. In International Conference on
Machine Learning, pages 4904–4916. PMLR.

Ting Jiang, Minghui Song, Zihan Zhang, Haizhen
Huang, Weiwei Deng, Feng Sun, Qi Zhang, Deqing
Wang, and Fuzhen Zhuang. 2024a. E5-v: Universal

35100

https://arxiv.org/abs/2511.21631


embeddings with multimodal large language models.
arXiv preprint arXiv:2407.12580.

Zhengbao Jiang, Frank F Xu, Luyu Gao, Zhiqing Sun,
Qian Liu, Jane Dwivedi-Yu, Yiming Yang, Jamie
Callan, and Graham Neubig. 2023. Active retrieval
augmented generation. In Proceedings of the 2023
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 7969–7992.

Ziyan Jiang, Rui Meng, Xinyi Yang, Semih Yavuz,
Yingbo Zhou, and Wenhu Chen. 2024b. Vlm2vec:
Training vision-language models for massive
multimodal embedding tasks. arXiv preprint
arXiv:2410.05160.

Saurav Kadavath, Tom Conerly, Amanda Askell, Tom
Henighan, Dawn Drain, Ethan Perez, Nicholas
Schiefer, Zac Hatfield-Dodds, Nova DasSarma, Eli
Tran-Johnson, and 1 others. 2022. Language mod-
els (mostly) know what they know. arXiv preprint
arXiv:2207.05221.

Lorenz Kuhn, Yarin Gal, and Sebastian Farquhar. 2023.
Semantic uncertainty: Linguistic invariances for un-
certainty estimation in natural language generation.
arXiv preprint arXiv:2302.09664.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio
Petroni, Vladimir Karpukhin, Naman Goyal, Hein-
rich Küttler, Mike Lewis, Wen-tau Yih, Tim Rock-
täschel, and 1 others. 2020. Retrieval-augmented
generation for knowledge-intensive NLP tasks. Ad-
vances in Neural Information Processing Systems,
33:9459–9474.

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi.
2023. Blip-2: Bootstrapping language-image pre-
training with frozen image encoders and large lan-
guage models. In International conference on ma-
chine learning, pages 19730–19742. PMLR.

Junnan Li, Ramprasaath Selvaraju, Akhilesh Gotmare,
Shafiq Joty, Caiming Xiong, and Steven Chu Hong
Hoi. 2021. Align before fuse: Vision and language
representation learning with momentum distillation.
Advances in Neural Information Processing Systems,
34:9694–9705.

Sheng-Chieh Lin, Chankyu Lee, Mohammad Shoeybi,
Jimmy Lin, Bryan Catanzaro, and Wei Ping. 2024.
Mm-embed: Universal multimodal retrieval with
multimodal llms. arXiv preprint arXiv:2411.02571.

Zhen Lin, Shubhendu Trivedi, and Jimeng Sun. 2023.
Generating with confidence: Uncertainty quantifi-
cation for black-box large language models. arXiv
preprint arXiv:2305.19187.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae
Lee. 2023. Visual instruction tuning. Advances in
Neural Information Processing Systems, 36:34892–
34916.

Yikun Liu, Yajie Zhang, Jiayin Cai, Xiaolong Jiang,
Yao Hu, Jiangchao Yao, Yanfeng Wang, and Weidi
Xie. 2025. Lamra: Large multimodal model as your
advanced retrieval assistant. In Proceedings of the
Computer Vision and Pattern Recognition Confer-
ence, pages 4015–4025.

Shiyin Lu, Yang Li, Yu Xia, Yuwei Hu, Shanshan Zhao,
Yanqing Ma, Zhichao Wei, Yinglun Li, Lunhao Duan,
Jianshan Zhao, and 1 others. 2025. Ovis2. 5 technical
report. arXiv preprint arXiv:2508.11737.

Lang Mei, Siyu Mo, Zhihan Yang, and Chong Chen.
2025. A survey of multimodal retrieval-augmented
generation. arXiv preprint arXiv:2504.08748.

Rui Meng, Ziyan Jiang, Ye Liu, Mingyi Su, Xinyi Yang,
Yuepeng Fu, Can Qin, Zeyuan Chen, Ran Xu, Caim-
ing Xiong, and 1 others. 2025. Vlm2vec-v2: Advanc-
ing multimodal embedding for videos, images, and
visual documents. arXiv preprint arXiv:2507.04590.

Matin Mortaheb, Mohammad A Amir Khojastepour,
Srimat T Chakradhar, and Sennur Ulukus. 2025.
Rag-check: Evaluating multimodal retrieval aug-
mented generation performance. arXiv preprint
arXiv:2501.03995.

Ikhtiyor Nematov, Tarik Kalai, Elizaveta Kuzmenko,
Gabriele Fugagnoli, Dimitris Sacharidis, Katja Hose,
and Tomer Sagi. 2025. Source attribution in
retrieval-augmented generation. arXiv preprint
arXiv:2507.04480.

Shintaro Ozaki, Yuta Kato, Siyuan Feng, Masayo
Tomita, Kazuki Hayashi, Wataru Hashimoto, Ry-
oma Obara, Masafumi Oyamada, Katsuhiko Hayashi,
Hidetaka Kamigaito, and 1 others. 2025. Understand-
ing the impact of confidence in retrieval augmented
generation: A case study in the medical domain. In
Proceedings of the 24th Workshop on Biomedical
Language Processing, pages 1–17.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sas-
try, Amanda Askell, Pamela Mishkin, Jack Clark, and
1 others. 2021. Learning transferable visual models
from natural language supervision. In International
Conference on Machine Learning, pages 8748–8763.
PmLR.

Heydar Soudani, Evangelos Kanoulas, and Faegheh Ha-
sibi. 2025. Why uncertainty estimation methods fall
short in rag: An axiomatic analysis. arXiv preprint
arXiv:2505.07459.

Alon Talmor, Ori Yoran, Amnon Catav, Dan Lahav,
Yizhong Wang, Akari Asai, Gabriel Ilharco, Han-
naneh Hajishirzi, and Jonathan Berant. 2021. Mul-
timodalqa: Complex question answering over text,
tables and images. arXiv preprint arXiv:2104.06039.

Gemma Team, Aishwarya Kamath, Johan Ferret, Shreya
Pathak, Nino Vieillard, Ramona Merhej, Sarah Perrin,
Tatiana Matejovicova, Alexandre Ramé, Morgane
Rivière, and 1 others. 2025. Gemma 3 technical
report. arXiv preprint arXiv:2503.19786.

35101



Michael Tschannen, Alexey Gritsenko, Xiao Wang,
Muhammad Ferjad Naeem, Ibrahim Alabdulmohsin,
Nikhil Parthasarathy, Talfan Evans, Lucas Beyer,
Ye Xia, Basil Mustafa, and 1 others. 2025. Siglip
2: Multilingual vision-language encoders with im-
proved semantic understanding, localization, and
dense features. arXiv preprint arXiv:2502.14786.

Weiyun Wang, Zhangwei Gao, Lixin Gu, Hengjun Pu,
Long Cui, Xingguang Wei, Zhaoyang Liu, Linglin
Jing, Shenglong Ye, Jie Shao, and 1 others. 2025. In-
ternvl3. 5: Advancing open-source multimodal mod-
els in versatility, reasoning, and efficiency. arXiv
preprint arXiv:2508.18265.

Xuezhi Wang, Jason Wei, Dale Schuurmans, Quoc Le,
Ed Chi, Sharan Narang, Aakanksha Chowdhery, and
Denny Zhou. 2022. Self-consistency improves chain
of thought reasoning in language models. arXiv
preprint arXiv:2203.11171.

Tsung-Han Wu, Giscard Biamby, Jerome Quenum,
Ritwik Gupta, Joseph E Gonzalez, Trevor Dar-
rell, and David M Chan. 2024. Visual haystacks:
A vision-centric needle-in-a-haystack benchmark.
arXiv preprint arXiv:2407.13766.

Yin Wu, Quanyu Long, Jing Li, Jianfei Yu, and
Wenya Wang. 2025. Visual-rag: Benchmarking
text-to-image retrieval augmented generation for vi-
sual knowledge intensive queries. arXiv preprint
arXiv:2502.16636.

Shan Xu, Zhaokun Yan, Chengxiao Dai, and Fan Wu.
2025. Mega-rag: a retrieval-augmented generation
framework with multi-evidence guided answer refine-
ment for mitigating hallucinations of llms in public
health. Frontiers in Public Health, 13:1635381.

Zhengyuan Yang, Zhe Gan, Jianfeng Wang, Xiaowei
Hu, Yumao Lu, Zicheng Liu, and Lijuan Wang. 2022.
An empirical study of gpt-3 for few-shot knowledge-
based vqa. In Proceedings of the AAAI conference on
artificial intelligence, volume 36, pages 3081–3089.

Xiaoju Ye. 2023. calflops: a flops and params calculate
tool for neural networks in pytorch framework.

Tianyu Yu, Zefan Wang, Chongyi Wang, Fuwei Huang,
Wenshuo Ma, Zhihui He, Tianchi Cai, Weize Chen,
Yuxiang Huang, Yuanqian Zhao, and 1 others. 2025.
Minicpm-v 4.5: Cooking efficient mllms via archi-
tecture, data, and training recipe. arXiv preprint
arXiv:2509.18154.

Xin Zhang, Yanzhao Zhang, Wen Xie, Mingxin Li, Ziqi
Dai, Dingkun Long, Pengjun Xie, Meishan Zhang,
Wenjie Li, and Min Zhang. 2024. Gme: Improving
universal multimodal retrieval by multimodal LLMs.
arXiv preprint arXiv:2412.16855.

Junjie Zhou, Yongping Xiong, Zheng Liu, Ze Liu, Shi-
tao Xiao, Yueze Wang, Bo Zhao, Chen Jason Zhang,
and Defu Lian. 2025. Megapairs: Massive data syn-
thesis for universal multimodal retrieval. In Proceed-
ings of the 63rd Annual Meeting of the Association

for Computational Linguistics (Volume 1: Long Pa-
pers), pages 19076–19095.

35102

https://github.com/MrYxJ/calculate-flops.pytorch
https://github.com/MrYxJ/calculate-flops.pytorch


A Extended Related Work

A.1 Visual Evidence Selection for Multimodal RAG

Early approaches to visual evidence selection in multimodal RAG adopt CLIP-style dual encoders that
embed images and text into a shared representation space, enabling efficient retrieval via embedding
similarity (Radford et al., 2021). Subsequent variants improve training scale, data diversity, or loss
design, leading to stronger dense vision–language retrievers such as OpenCLIP (Cherti et al., 2023),
SigLIP (Tschannen et al., 2025), and BGE-VL (Zhou et al., 2025). These methods learn image–text
semantic alignment through contrastive objectives and form the foundation of modern vision–language
retrieval. Beyond bi-encoder architectures, other work explores alternative multimodal alignment designs,
including cross-modal encoders that jointly process image–text pairs and are trained with contrastive
or matching objectives (Jia et al., 2021; Li et al., 2021). These relevance-based retrievers are widely
adopted as the retrieval backbone in multimodal RAG systems, where retrieved images—often paired
with captions or surrounding text—are treated analogously to retrieved text passages (Chen et al., 2022;
Talmor et al., 2021).

More recent work improves relevance estimation by leveraging large multimodal language models
(MLLMs) either as dense retrievers or as explicit relevance scorers. Most existing approaches convert
MLLMs into embedding encoders, representing queries and images as dense vectors and performing
retrieval via cosine similarity (Lin et al., 2024; Jiang et al., 2024b; Meng et al., 2025; Zhou et al., 2025;
Zhang et al., 2024; Jiang et al., 2024a). This design preserves the efficiency of dual-encoder retrieval
while benefiting from stronger multimodal representations. A smaller set of methods instead uses MLLMs
as relevance scorers, directly estimating query-image relevance via pointwise or listwise scoring (Liu
et al., 2023; Li et al., 2023; Chen et al., 2024; Liu et al., 2025; Gu et al., 2025).

Despite differences in architecture and scoring granularity, MLLM-based methods remain fundamentally
relevance-driven. An image is selected if the model judges it to be semantically helpful or relevant to the
query. While MLLMs provide a more expressive and flexible relevance estimator, they do not explicitly
model whether the image contains sufficient or discriminative evidence to answer the question, which is
the our focus in this paper.

A.2 Uncertainty, Utility, and Efficiency in Evidence Selection

Uncertainty estimation in LLMs. A substantial line of work studies answer-level uncertainty estima-
tion for large language models, including token- or sequence-level confidence and likelihood, entropy-
based measures and Monte Carlo approximations (e.g., predictive entropy and dropout), as well as
consistency-based signals such as self-consistency across multiple generations and NLI-based entailment
or contradiction checks (Kadavath et al., 2022; Kuhn et al., 2023; Wang et al., 2022; Lin et al., 2023).
These signals are primarily designed to assess answer reliability and are commonly used for selective
answering, abstention, or deciding whether additional retrieval is needed.

The Use of Uncertainty in RAG In retrieval-augmented generation, uncertainty signals have been used
as indirect indicators of evidence reliability, for example to trigger adaptive retrieval when confidence
is low (Jiang et al., 2023), to compare answers generated from different retrieved documents for consis-
tency (Xu et al., 2025), or to verify answer–evidence alignment via NLI-style checks (Lin et al., 2023;
Kuhn et al., 2023). While there is existing study of uncertainty in RAG largely analyzing how uncertainty
changes when retrieval is introduced, i.e., contrasting RAG with no-RAG settings (Soudani et al., 2025;
Ozaki et al., 2025), our work is complementary: we investigate how uncertainty signals can be used to
horizontally compare the utility of different candidate evidence, rather than to characterize the aggregate
effect of adding retrieval.

Beyond their effectiveness, existing uncertainty estimation methods also exhibit fundamental limitations
in signal quality. In particular, LLM uncertainty is often miscalibrated and prone to overconfidence, even
when conditioned on misleading or irrelevant retrieved evidence (Soudani et al., 2025; Ozaki et al., 2025).
Moreover, many widely used uncertainty estimators, such as Monte Carlo sampling or self-consistency,
are inherently inefficient, requiring repeated generations and significantly increasing inference cost. Our
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work instead focuses on a discriminative notion of evidence utility that avoids costly uncertainty sampling
and supports efficient, direct comparison among candidate evidence.

B Information-Theoretic Preliminaries and General Notations

Let X , Y , and Z be three general random variables respectively. Let µX,Y and µY |X denote the joint and
conditional distributions of (X,Y ) receptively. The conditional entropy of Y given X is defined as

H(Y | X) := −E(x,y)∼µX,Y

[
logµY |X(y | x)

]
,

which measures the uncertainty of the output given the input. Let µ and µ′ be probability distributions
supported on the same set Y , such that µ′(y) = 0 implies µ(y) = 0. The Kullback–Leibler (KL)
divergence between µ and µ′ is defined as

DKL(µ ∥µ′) :=
∑

y

µ(y) log
µ(y)

µ′(y)
.

The KL divergence is non-negative and equals zero if and only if µ = µ′.
For a fixed input x ∈ X and a realization z ∈ Z , the information gain with respect to the output

variable Y is defined as

IG(Y ;Z = z | X = x) := DKL

(
µY |X=x,Z=z

∥∥ µY |X=x

)
.

Equivalently, the information gain can be expressed as a reduction in conditional entropy:

IG(Y ;Z = z | X = x) = H(Y | X = x)−H(Y | X = x, Z = z).

C Theoretical Results and Proof

In this section, we rigorously present our theorems in the formal form with their proof.
To simplify notations, throughout this section, we omit the user query q notation in the conditional

probability as it is fixed throughout. We also naively assume that the optimal solutions to Problems (2),
(3), and (4) exist. For instance, this holds naturally when C is a finite set.

First, we recall that Z ∈ {0, 1} is a Bernoulli random variable. In addition, recall that the (evidence-
wise) information gain is

IG(Y ;C = c) := DKL

(
PY |C=c ∥PY

)
, IG(Z;C = c) := DKL

(
PZ|C=c ∥PZ

)
,

where PY and PZ denote the marginals under the law of (C, Y, Z).
Define pc = P (Z = 1|C = c) and p̄ = P (Z = 1). Hence, PZ|C=c = Bern(pc) for any evidence c.

Assumption C.1 (Constraints on helpful evidences). Assume that when we solve Problem (2), Problem
(3), or Problem (4), we add a constraint on the set C by restricting the feasible set into the subset of the
candidate evidence Ĉ that generates useful information, in other words, pc ≥ p̄ for all c ∈ Ĉ.

Assumption C.2 (Connection between response and helpfulness). Assume the following conditions hold.

1. (Distribution for response) There exist distributions P0, P1 and a measurable map λ : C → [0, 1]
such that for any evidence c,

PY |C=c = Pλ(c) := (1− λ(c))P0 + λ(c)P1. (7)

Let λ̄ := E[λ(C)], so that the marginal satisfies

PY = EC [PY |C ] = (1− λ̄)P0 + λ̄ P1 = Pλ̄. (8)

To interpret, P0, P1 are two “reference” answer distributions where P0 represents the LLM response
distribution when it does not use any evidence, and P1 represents the LLM response distribution
when it does use the evidence in general.
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2. (Monotone alignment between helpfulness and usage) For any two evidences c1, c2 ∈ {c ∈ Ĉ :
λ(c) ≥ λ̄},

IG(Z;C = c1) ≥ IG(Z;C = c2) =⇒ λ(c1) ≥ λ(c2). (9)

When Assumption C.1 holds, this equation can also be replaced by

pc1 ≥ pc2 =⇒ λ(c1) ≥ λ(c2).

To interpret, a more helpful evidence is used more strongly in the response and leads to a higher
weight toward the distribution P1.

We first prove Theorem 3.4 and then prove Theorem 3.3.

Theorem C.3 (Theorem 3.4). Suppose that Assumption C.1 holds. Then we have

IG(Z;C = c1) ≥ IG(Z;C = c2) ⇐⇒ P (Z = 1 | C = c1) ≥ P (Z = 1 | C = c2).

for all c1, c2 ∈ Ĉ and Problem (3) has the identical solutions as in Problem (4), i.e.,

top_K_argmax
c∈Ĉ

IG(Z;C = c) = top_K_argmax
c∈Ĉ

P (Z = 1 | C = c).

Proof of Theorem C.3. Since Z ∈ {0, 1}, it is easy to see that by definition,

IG(Y ;C = c) = DKL

(
Bern(pc) ∥Bern(p)

)
=: f(pc),

where for q ∈ (0, 1), the function f is defined as

f(q) := q log
q

p̄
+ (1− q) log

1− q

1− p̄
.

Step 1: f is increasing on [p̄, 1]. Differentiating f with respect to q:

f ′(q) = log
q

p̄
− log

1− q

1− p̄
= log

q(1− p̄)

(1− q)p̄
.

If q ≥ p̄, then q
1−q ≥ p̄

1−p̄ , hence

q(1− p̄)

(1− p̄)p
≥ 1 =⇒ f ′(q) ≥ 0,

with strict inequality when q > p. Therefore f is strictly increasing on the set [p̄, 1].
Step 2: monotonicity. Assume pc1 , pc2 ∈ [p̄, 1]. Since f is increasing on [p̄, 1],

IG(Z;C = c1) ≥ IG(Z;C = c2) ⇐⇒ f(pc1) ≥ f(pc2) ⇐⇒ pc1 ≥ pc2 .

Hence, under the condition pc1 , pc2 ≥ p̄,

IG(Z;C = c1) ≥ IG(Z;C = c2) ⇐⇒ P (Z = 1 | C = c1) ≥ P (Z = 1 | C = c2).

and
top_K_argmax

c∈Ĉ
IG(Z;C = c) = top_K_argmax

c∈Ĉ
P (Z = 1 | C = c).
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Theorem C.4 (Theorem 3.3). Suppose that Assumptions C.1 and C.2 hold. Then we have

IG(Z;C = c1) ≥ IG(Z;C = c2) =⇒ IG(Y ;C = c1) ≥ IG(Y ;C = c2).

for all c1, c2 ∈ {c ∈ Ĉ : λ(c) ≥ λ̄} and the optimal solutions to Problem (3) must be optimal to Problem
(2), i.e.,

top_K_argmax
c∈Ĉ:λ(c)≥λ̄

IG(Z;C = c) ∈ top_K_argmax
c∈Ĉ:λ(c)≥λ̄

IG(Y ;C = c).

In particular, if the optimal solution to Problem (2) is unique, then

top_K_argmax
c∈Ĉ:λ(c)≥λ̄

IG(Z;C = c) = top_K_argmax
c∈Ĉ:λ(c)≥λ̄

IG(Y ;C = c)

for K = 1.

Proof of Theorem C.4. We proceed as follows.
Step 1: monotonicity of the map λ 7→ DKL(Pλ∥Pλ̄) on [λ̄, 1]. Define

g(λ) := DKL(Pλ ∥Pλ̄), Pλ = (1− λ)P0 + λP1.

Note that by convexity of KL in its first argument and the linearity of λ 7→ Pλ, the function g is convex on
[0, 1]. To see this, fix λ1, λ2 ∈ [0, 1] and t ∈ [0, 1]. By linearity of λ 7→ Pλ,

Ptλ1+(1−t)λ2
= (1− (tλ1 + (1− t)λ2))P0 + (tλ1 + (1− t)λ2)P1

= t
(
(1− λ1)P0 + λ1P1

)
+ (1− t)

(
(1− λ2)P0 + λ2P1

)

= tPλ1 + (1− t)Pλ2 .

Next, use the convexity of KL in its first argument (Lemma C.5): for any probability measures Q1, Q2, Q3,

DKL(tQ1 + (1− t)Q3 ∥Q2) ≤ tDKL(Q1 ∥Q2) + (1− t)DKL(Q3 ∥Q2).

Applying this with Q1 = Pλ1 , Q3 = Pλ2 , and Q2 = Pλ̄ yields

g(tλ1 + (1− t)λ2) = DKL(Ptλ1+(1−t)λ2
∥Pλ̄)

= DKL(tPλ1 + (1− t)Pλ2 ∥Pλ̄)

≤ tDKL(Pλ1 ∥Pλ̄) + (1− t)DKL(Pλ2 ∥Pλ̄)

= t g(λ1) + (1− t) g(λ2),

which is exactly convexity of g.
Moreover, by (8),

g(λ̄) = DKL(Pλ̄ ∥Pλ̄) = 0,

so λ̄ is a global minimizer of g. A convex function on an interval that attains its minimum at λ̄ is
nondecreasing on [λ̄, 1]. Therefore, for all c1, c2 ∈ {c ∈ Ĉ : λ(c) ≥ λ̄}

λ(c1) ≥ λ(c2) =⇒ g(λ(c1)) ≥ g(λ(c2)). (10)

Step 2: conclude. From the alignment assumption (9),

IG(Z;C = c1) ≥ IG(Z;C = c2) =⇒ λ(c1) ≥ λ(c2).

Applying (10) and using (7)–(8),

IG(Y ;C = c1) = DKL(PY |C=c1 ∥PY ) = DKL(Pλ(c1) ∥Pλ̄) = g(λ(c1)) ≥ g(λ(c2)) = IG(Y ;C = c2).

This clearly implies

top_K_argmax
c∈Ĉ:λ(c)≥λ̄

IG(Z;C = c) ∈ top_K_argmax
c∈Ĉ:λ(c)≥λ̄

IG(Y ;C = c).
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Lemma C.5 (Convexity of KL in the first argument). Let (X ,F) be a measurable space and let Q be a
probability measure on it. For any probability measures P and R on (X ,F) and any t ∈ [0, 1], define

M := tP + (1− t)R.

Then
DKL(M∥Q) ≤ tDKL(P∥Q) + (1− t)DKL(R∥Q), (∗)

with the convention that DKL(·∥·) ∈ [0,∞].

Proof. If either P ̸≪ Q or R ̸≪ Q, then the right-hand side of (∗) is +∞, hence the inequality holds
trivially. Thus assume P ≪ Q and R ≪ Q. Let

p :=
dP

dQ
, r :=

dR

dQ
.

Then also M ≪ Q with Radon–Nikodym derivative

m :=
dM

dQ
= tp+ (1− t)r.

Let ϕ : [0,∞) → R be defined by ϕ(u) := u log u (with the convention 0 log 0 := 0). It is convex on
[0,∞) since ϕ′′(u) = 1/u for u > 0.

Recall the variational form of KL in terms of ϕ:

DKL(P∥Q) =

∫
ϕ(p) dQ, DKL(R∥Q) =

∫
ϕ(r) dQ, DKL(M∥Q) =

∫
ϕ(m) dQ.

Fix x ∈ X . Define an auxiliary Bernoulli random variable B ∼ Bern(t) independent of everything
else, and define the real random variable

Zx :=

{
p(x), B = 1,

r(x), B = 0.

Then E[Zx] = tp(x) + (1− t)r(x) = m(x) and

E[ϕ(Zx)] = t ϕ(p(x)) + (1− t)ϕ(r(x)).

By Jensen’s inequality applied to the convex function ϕ,

ϕ
(
E[Zx]

)
≤ E[ϕ(Zx)],

i.e.,
ϕ
(
m(x)

)
≤ t ϕ

(
p(x)

)
+ (1− t)ϕ

(
r(x)

)
.

Integrating both sides with respect to Q yields
∫

ϕ(m) dQ ≤ t

∫
ϕ(p) dQ+ (1− t)

∫
ϕ(r) dQ,

which is exactly
DKL(M∥Q) ≤ tDKL(P∥Q) + (1− t)DKL(R∥Q).

We remark that Assumption C.2 Part 2 can hold in some natural scenarios. For instance, we have the
following lemma.
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Lemma C.6. Assume there exists a measurable “helpfulness" score function S : C → R, and a real-valued
noise random variable ε with a increasing CDF that is independent of C, such that Z = 1{S(C) + ε ≥
0}. Moreover, there exists a non-decreasing function λ′ : R → [0, 1] such that λ(c) = λ′(S(c)). Then
Assumption C.1 implies Assumption C.2 Part 2.

Proof of Lemma C.6. Note that for any c ∈ C,

P (Z = 1 | C = c) = P (ε ≥ −S(c)) = 1− Fε(−S(c)) =: h(S(a)),

where h(·) is increasing since Fε is increasing. In other words, a higher helpfulness score implies
a higher helpfulness probability. When pc1 ≥ pc2 , this naturally leads to S(c1) ≥ S(c2) and thus
λ(c1) = λ′(S(c1)) ≥ λ′(S(c2)) = λ(c2).

D Experimental Setup Details

D.1 Benchmarks
MRAG-Bench. MRAG-Bench (Hu et al., 2024) is a vision-centric multimodal RAG benchmark de-
signed to evaluate whether large vision-language models can effectively retrieve and utilize visual
knowledge rather than textual evidence. The dataset consists of 1,353 human-annotated multiple-choice
questions paired with 16,130 images, spanning nine real-world scenarios where visual augmentation is
crucial. These scenarios cover both perspective-based variations (e.g., angle, occlusion, partial views) and
transformative changes (e.g., temporal evolution, deformation, biological processes). This benchmark
emphasizes situations where textual knowledge is insufficient or difficult to retrieve, thereby highlighting
the importance of vision-centric retrieval and reasoning. Following the original benchmark protocol,
each query in MRAG-Bench is associated with a set of human-annotated ground-truth images. In our
experiments, we construct the final candidate image set for each query by taking the union of the annotated
ground-truth images and the images retrieved by the retriever, ensuring that both oracle visual evidence
and realistically retrieved images are available during evaluation.

Visual-RAG. Visual-RAG (Wu et al., 2025) is a recently proposed benchmark that focuses on visual
evidence–centric retrieval-augmented generation. Unlike prior datasets, Visual-RAG uses text-only queries
and requires models to retrieve images that explicitly contain the visual evidence necessary for answering
the question. The benchmark contains 374 fine-grained, knowledge-intensive queries grounded in the
organism domain, paired with an image corpus of 99,017 images sourced from iNaturalist 2021. For
each query, only a small fraction of images serve as clue images, while the majority are visually similar
hard negatives that lack the queried attribute. This design enforces a challenging text-to-image retrieval
setting and evaluates whether models can accurately extract and ground detailed visual knowledge from
retrieved images, rather than relying on parametric prior knowledge. To align the experimental setting
with MRAG-Bench, we construct a fixed-size candidate image set for each query. Specifically, we first
select up to five ground-truth clue images with the highest retrieval scores produced by the BGE-VL-Large
model (Zhou et al., 2025) when available. If fewer than five ground-truth images exist for a query, all
available ground-truth images are included. The remaining slots are filled with globally top-ranked images
retrieved by BGE-VL-Large, such that each query is associated with a total of ten candidate images.

Together, MRAG-Bench and Visual-RAG provide complementary evaluations of multimodal RAG
systems. MRAG-Bench focuses on leveraging additional visual perspectives and transformations to
support recognition and reasoning, while Visual-RAG explicitly isolates the ability to retrieve and exploit
fine-grained visual evidence for knowledge-intensive answer generation. Evaluating on both benchmarks
allows us to assess the robustness and generality of our approach across diverse vision-centric RAG
scenarios.

Assumption Stress Test Benchmark Construction We construct three progressively perturbed can-
didate regimes, including retrieval-only deployment, structured ambiguity with hard negatives, and
combined structured–stochastic noise, to empirically examine the practical validity of the underlying
assumptions under increasingly heterogeneous retrieval conditions.
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1) Pure Retrieve. This setting captures a practical end-to-end deployment scenario where evidence
selection operates purely on retrieved candidates without oracle guidance. Specifically, the candidate
pool is constructed solely using a widely adopted high-performing retriever (BGE-VL-Large), reflecting
realistic retrieval conditions in which candidate sets are inherently heterogeneous and may contain partially
misleading, ambiguous, or semantically overlapping images.

2) GT + Hard Negatives. This setting simulates a realistic ambiguity scenario in which truly informative
evidence coexists with highly similar but incorrect candidates. Specifically, we enforce the inclusion of
five ground-truth (GT) images (ordered by retriever relevance score) to ensure the presence of informative
evidence. The remaining positions are filled with top-ranked but non-relevant images retrieved by the
same retriever, forming structured hard negatives that are semantically close yet potentially contradictory
or misleading.

3) GT + Hard Negatives + Stochastic Perturbation. This setting simulates a more severely perturbed
retrieval regime in which informative evidence and structured hard negatives coexist with additional
unstructured noise. Specifically, we retain five GT images and five fixed hard negatives, while randomly
sampling the remaining candidates from non-relevant images. This configuration introduces both retrieval-
aligned ambiguity and stochastic perturbations, reflecting practical scenarios where candidate pools
contain a mixture of relevant evidence, confounding near-matches, and arbitrary distractors.

For each variant, we systematically vary the candidate pool size (10 / 15 / 20), thereby increasing the
proportion of hard negatives and stochastic distractors and progressively amplifying perturbation intensity.
We report Top-1 / Top-3 / Top-5 selection performance across two backbone models to assess stability
under escalating noise levels.

D.2 Baselines

Zero-shot and oracle settings. We report a zero-shot setting where no retrieved images are provided,
as well as a GT oracle setting where all ground-truth images are supplied.

Relevance-based retrievers. We include CLIP-style retrievers and their variants, including CLIP (Rad-
ford et al., 2021), OpenCLIP (Cherti et al., 2023), SigLIP 2 (Tschannen et al., 2025), and BGE-VL-
Large (Zhou et al., 2025), which rank candidate images by semantic similarity.

MLLM-based retrievers and rerankers. We evaluate recent MLLM-based methods for relevance esti-
mation, including dense retrievers (E5-V (Jiang et al., 2024a), GME (Zhang et al., 2024), VLM2Vec (Jiang
et al., 2024b; Meng et al., 2025), BGE-MLLM (Zhou et al., 2025)) as well as pointwise or listwise
rerankers (LamRA-Rank (Hu et al., 2024), UniME-V2 (Gu et al., 2025)).

Answer-level uncertainty baselines. We include answer-level uncertainty-based selection strategies as
baselines. Since MRAG-Bench and Visual-RAG involve different question formats, we adopt dataset-
specific uncertainty measures. For MRAG-Bench, which consists of multiple-choice questions, we use
choice-level softmax entropy. For Visual-RAG, which features open-ended questions, we consider two
uncertainty measures: average token probability and Monte Carlo sampling with NLI-based consistency
estimation. Detailed implementations of these uncertainty measures are provided in Appendix D.5.

D.3 Backbone Models

We evaluate our method across five families of recent open-source MLLMs, covering diverse architectural
designs and parameter scales while maintaining comparable instruction-following capabilities:

• Qwen3-VL (Bai et al., 2025): Qwen/Qwen3-VL-2B-Instruct1 and Qwen/Qwen3-VL-8B-Instruct2;

• InternVL3.5 (Wang et al., 2025): OpenGVLab/InternVL3_5-2B3 and OpenGVLab/InternVL3_5-8B4;

1https://huggingface.co/Qwen/Qwen3-VL-2B-Instruct
2https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct
3https://huggingface.co/OpenGVLab/InternVL3_5-2B
4https://huggingface.co/OpenGVLab/InternVL3_5-8B
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• Gemma3 (Team et al., 2025): google/gemma-3-4b-it5 and google/gemma-3-12b-it6;

• OVIS2.5 (Lu et al., 2025): AIDC-AI/Ovis2.5-2B7 and AIDC-AI/Ovis2.5-9B8;

• MiniCPM4.5 (Yu et al., 2025): openbmb/MiniCPM-V-4_59 and its quantized variant MiniCPM-V-4_5-
AWQ10.

For each model family, we evaluate two variants with different parameter sizes (ranging from 2B to 12B)
to support our evaluation of the transferability of surrogate models. For MiniCPMV4.5, we additionally
evaluate an AWQ-quantized variant to examine the robustness of our approach under memory-efficient
deployment settings. All backbone models share the same retrieval results and candidate image sets to
ensure fair comparison.

D.4 Evaluation Metrics
For MRAG-Bench, we report exact-match accuracy. For Visual-RAG, we follow the original benchmark
protocol and evaluate generated answers using an LLM-as-Judge metric (details are in Appendix D.6).
We report Top-K results for K ∈ {1, . . . , 5}. Computational cost is measured using FLOPs (prefill and
decoding) via the calflops library11 (Ye, 2023), together with end-to-end inference latency.

D.5 Implementation Details and Evaluation Protocols
Ground-Truth Image Selection Protocol. For the ground-truth (GT) oracle setting reported in the
main results, we construct the visual evidence set by sampling from the annotated ground-truth images
associated with each query. Specifically, for a given query, we randomly shuffle its ground-truth image
pool and select the first K images as the GT evidence set. This procedure ensures that settings with larger
K strictly contain those with smaller K, analogous to pointwise top-K selection strategies. All GT results
reported in the main tables are obtained using this sampling protocol.

Uncertainty estimation on MRAG-Bench. MRAG-Bench consists of multiple-choice questions with
four candidate options. For this setting, we adopt choice-level softmax entropy as the answer uncertainty
measure. Specifically, given the final-layer logits corresponding to the option tokens (A, B, C, D), we
apply a softmax operation to obtain the choice probability distribution {pi}4i=1. The uncertainty score is
then computed as the entropy of this distribution:

UMC = −
4∑

i=1

pi log pi. (11)

Higher entropy indicates greater uncertainty over the answer choices. Retrieved images are ranked
according to the resulting uncertainty scores.

Uncertainty estimation on Visual-RAG. Visual-RAG involves open-ended question answering, for
which choice-level uncertainty is not applicable. We therefore consider two commonly used answer-level
uncertainty measures.

Average token probability. Given a generated answer sequence a = (w1, w2, . . . , wT ), we compute the
average token probability as an answer-level uncertainty measure. At each decoding step t, we apply a
softmax over the vocabulary to obtain the token distribution p(· | w<t), and extract the probability of the
generated token wt. The uncertainty score is then computed as

Uavg =
1

T

T∑

t=1

p(wt | w<t). (12)

5https://huggingface.co/google/gemma-3-4b-it
6https://huggingface.co/google/gemma-3-12b-it
7https://huggingface.co/AIDC-AI/Ovis2.5-2B
8https://huggingface.co/AIDC-AI/Ovis2.5-9B
9https://huggingface.co/openbmb/MiniCPM-V-4_5

10https://huggingface.co/openbmb/MiniCPM-V-4_5-AWQ
11https://github.com/MrYxJ/calculate-flops.pytorch
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Lower average token probability indicates higher answer uncertainty.
Monte Carlo sampling with NLI-based consistency. We further implement a Monte Carlo sampling-

based uncertainty estimator. For each input, we first generate a deterministic answer a0 using greedy
decoding (temperature = 0). We then sample N additional answers {aj}Nj=1 using temperature = 1.0,
where N = 5 in our experiments. To quantify uncertainty, we evaluate the semantic consistency between
the deterministic answer a0 and each sampled answer aj using a natural language inference (NLI) model12.
The final uncertainty score is computed by aggregating the pairwise consistency scores, following the
implementation in the uqlm repository13. Lower consistency indicates higher uncertainty.

Computation Cost Measurement. To evaluate the computational efficiency of different evidence
selection strategies, we follow a unified and reproducible measurement protocol. Specifically, we
randomly select 100 query IDs from the Visual-RAG benchmark and collect all associated candidate
images, resulting in a total of 1,000 query-image pairs. This set is used as the benchmark for computation
cost evaluation. We measure the floating-point operations (FLOPs) using the calflops library14, reporting
both prefill and decode FLOPs. Prefill FLOPs correspond to the cost of the first forward pass given the full
input, while decode FLOPs correspond to the cost of each subsequent forward pass during generation. All
reported FLOPs are averaged over the full set of 1,000 query-image pairs. Latency is measured following
the same protocol, reporting the average prefill latency and per-step decode latency across all samples.

D.6 Model Prompts

This section provides the exact prompt templates and evaluation procedures used in our experiments,
covering answer generation, auxiliary utility probing, and ablation baselines. These details are included
for reproducibility and to complement the main text.

Global implementation note (image placeholders). Some multimodal models do not accept inline
textual “{Image}” placeholders in a unified text prompt (e.g., Gemma3). For those models, we remove
the image placeholders and keep the same textual instruction and question. This handling applies to all
prompt templates below.

MRAG-Bench Answer Generation Prompts. We follow the prompt design used in the original MRAG-
Bench evaluation (Hu et al., 2024). The templates below show the text prompts used for (i) the no-RAG
(zero-shot) setting and (ii) the RAG setting where retrieved images are provided as additional inputs.

Model Prompt: No RAG (MRAG-Bench)

Instruction: Answer with the option’s letter from the given choices directly.
{Image_placeholder}
Question: {QUESTION}
Choices:
(A) {OPTION_A}
(B) {OPTION_B}
(C) {OPTION_C}
(D) {OPTION_D}
Answer:

Model Prompt: RAG (MRAG-Bench)

Instruction: You will be given one question concerning several images. The first image is the input image; the remaining
images are retrieved examples to help you. Answer with the option’s letter from the given choices directly.
{Image_placeholder}
Question: {QUESTION}
Choices:
(A) {OPTION_A}
(B) {OPTION_B}
(C) {OPTION_C}
(D) {OPTION_D}
Answer:

12https://huggingface.co/microsoft/deberta-large-mnli
13https://github.com/cvs-health/uqlm
14https://github.com/MrYxJ/calculate-flops.pytorch
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Visual-RAG Answer Generation Prompts. We use dataset-specific prompt templates for Visual-RAG.
Two prompt modes are employed: zero_shot, where no images are provided, and image_prompt, where
one or multiple candidate images are given. All prompts request a concise answer in the format "Answer:
{answer_text}".

Visual-RAG: Zero-shot prompt

Please answer the question regarding a visual feature of an organism (animal, plant, etc.). Please follow the answer format:
“Answer: {answer_text}”
Question: {QUESTION}

Visual-RAG: Image-prompt (single image)

Please answer the question regarding a visual feature of an organism (animal, plant, etc.). You will be provided with an image
regarding that organism. If this image does not contain the key information for answering the question, please answer using
your internal knowledge. Please follow the answer format: “Answer: {answer_text}”
Image(s): <image> (if supported)
Question: {QUESTION}

Visual-RAG: Image-prompt (multiple images)

Please answer the question regarding a visual feature of an organism (animal, plant, etc.). You will be provided with several
images; all of them relate to the organism, but not every image necessarily contains the key information for answering the
question. If none of the images contains the key information, please answer using your internal knowledge. Please follow the
answer format: “Answer: {answer_text}”
Image(s): <image><image><image>... (if supported)
Question: {QUESTION}

Visual-RAG LLM-as-Judge Prompt. Following the Visual-RAG evaluation protocol, we assess answer
quality using an LLM-as-Judge rather than exact matching. We use Qwen/Qwen3-8B15 as the judging
model to score generated answers against reference annotations. The judge is instructed to assign a
continuous score in [0, 1] based on semantic correctness, accounting for partial correctness and visually
induced ambiguity, while penalizing hallucinated or irrelevant content.

15https://huggingface.co/Qwen/Qwen3-8B
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Visual-RAG: LLM-as-Judge prompt

Please evaluate the answer to a question, score from 0 to 1. The reference answer is provided, and the reference is usually
short phrases or a single keyword. If the student answer is containing the keywords or similar expressions (including similar
or close color/pattern), without any additional guessed information, it is full correct. Similar or close color/pattern includes
but not limited to the following cases: pale or light color can appear to be yellowish/greyish under different light condition;
dark colors like dark brown, dark grey, dark purple can appear close to each other, and may appear as black as well; stripe
pattern can appear as band or ring, dotted pattern can etc. If the student answer have missed some important part in the
reference answer, please assign partial score. The reference answer can be in the form of a Python list, in this case, any one of
the list item is correct.
If student answer contain irrelevant information not related to question, mark it with "Redundant", but it does not affect
score if related parts are correct. (e.g. Question: what shape are leaves of XYZ plant, Student Answer: shape xxx, color
yyy, color is Redundant answer) If student answer contain features not listed in reference answer, deduct 0.5 score and
mark it with "Likely Hallucination". (e.g., Reference Answer: black and white. Student Answer: black white, with yellow
dots, "Yellow dots" is not mentioned in reference). The reference answer sometimes contains additional information not
asked in question, usually enclosed by brackets (), to help verifying hallucinations (e.g.: "Shape is xxx (color is yyy)").
Not mentioning additional information in answer is not considered wrong. For yes/no question, reference may contain
explanations on why giving yes/no, but it is not necessary for student to answer the explanation; however, if student explains
and differs with reference, it is considered as hallucination. Answering "I don’t know", "Not enough information" or similar
is considered wrong, and please mark it with "No Answer".

Format Instructions: Separate the remarks with score using "|", that is, use the syntax of: "Score: score | Likely
Hallucination", "Score: score", "Score: score | Likely Hallucination | Redundant", "Score: 0 | No Answer". If any explanation
on why giving the score is needed, do not start a new line and append after remark with brackets, e.g. "Score: score |
Redundant | (Explanation: abc)".

Following are few examples:

Question: Is there any specific color marking around the eyes of a semipalmated plover (scientific name: Charadrius
semipalmatus)? Reference Answer: black eye-round feather, white stripe above eyes. (sometimes connected to the white
forehead)

Student Answer: Yes, the bird has a distinctive black line that runs through the eye, which is a key identifying
feature. Score: 0 | Likely Hallucination

Student Answer: They have a black vertical band in front of the eye, a white band above the eye, and a single
black band that wraps partially around the eye, creating a partial "mask" appearance. Score: 1

Student Answer: Yes, the semipalmated plover has a distinctive black/dark ring around its eye, surrounded by a
bright white ring or patch Score: 0.5 | Likely Hallucination (Explanation: not white ring, but only a line above the eye)

Question: What is the typical color of the antennae of Harris’s checkerspot butterfly (scientific name: Chlosyne
harrisii)? Reference Answer: alternating black and white band, with yellow on the tip

Student Answer: The antennae of Harris’s checkerspot butterfly are black with orange-tipped clubs. Score: 0.5
(Explanation: not mentioning black and white)

Student Answer: The typical color of the antennae of Harris’s checkerspot butterfly is black with white spots.
Score: 0.5 | Likely Hallucination (Explanation: not white spot but band. Not mentioning the tip)

Question: Are the leaves of burro-weed (scientific name: Ambrosia dumosa) usually covered in small hairs? Ref-
erence Answer: yes

Student Answer: Yes, the leaves of burro-weed (Ambrosia dumosa) are typically covered in small hairs, giving
them a grayish or whitish-green appearance. Score: 1 | Redundant

Now, Score the following question:
Image(s): <image><image><image>... (if supported)
Question: {QUESTION}

Auxiliary Utility Probing Prompts. For discriminative utility estimation, we instantiate the latent
helpfulness variable using dataset-specific auxiliary prompts. These prompts elicit a binary judgment on
whether a retrieved image provides useful information for answering the original question.
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Auxiliary Prompt for MRAG-Bench

You will be given two images and a multiple-choice question.

• The first image is the input image that the question is about.

• The second image is a retrieved image intended to provide additional visual evidence.

The retrieved image does not need to answer the question by itself. It is only meant to help answer the question together with
the input image.

Question: {QUESTION}

Choices: {CHOICES}

Based on the images provided, does the retrieved image provide helpful visual or factual information that could
assist in answering the question correctly?

Answer with True or False.

Auxiliary Prompt for Visual-RAG

You will be given one image and a question about a visual attribute of an organism.

The image is retrieved as potential visual evidence. Not all retrieved images contain the information needed to
answer the question.

Question: {QUESTION}

Based on the image provided, does this image contain the key visual information needed to answer the ques-
tion?

Answer with True or False.

Ablation Baselines: Verbalized UQ and Listwise Ranking. We include two prompt-based ablation
baselines. Verbalized UQ prompts the model to produce an explicit self-assessed uncertainty score for each
retrieved image, which is parsed into a scalar ranking signal. Listwise ranking prompts the model to jointly
consider multiple retrieved images and output an explicit ranking over candidates. The corresponding
prompt templates for MRAG-Bench and Visual-RAG are shown below.
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Verbalized UQ Prompt for MRAG-Bench

You will be given:

• An input image that the question refers to.

• One retrieved image.

• A multiple-choice question.

The retrieved image is intended to serve as additional visual evidence to help answer the question, together with the input
image. It does not need to answer the question by itself.

Input image: (the first image in the provided images list) Retrieved image: (the second image in the provided im-
ages list)

Question: {QUESTION}

Choices: {CHOICES}

Task: Rate how useful the retrieved image is for answering the question, considering it together with the input
image.

Use the following scale:

• 0 means the retrieved image is completely unhelpful or irrelevant.

• 100 means the retrieved image provides clear and decisive information that directly supports choosing the correct answer.

• Intermediate values indicate partial usefulness.

Output format: Output a single integer between 0 and 100. Do not provide any explanation or additional text.

Verbalized UQ Prompt for Visual-RAG

You will be given:

• A question about a visual attribute of an organism.

• One retrieved image.

Not all retrieved images contain the information needed to answer the question. Some images may be irrelevant or
uninformative.

Retrieved image: (the image provided)

Question: {QUESTION}

Task: Rate how useful the retrieved image is for answering the question.

Use the following scale:

• 0 means the image does not contain any relevant visual information.

• 100 means the image alone contains clear and sufficient visual information to answer the question.

• Intermediate values indicate partial usefulness.

Output format: Output a single integer between 0 and 100. Do not provide any explanation or additional text.
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Listwise Ranking Prompt for MRAG-Bench

You will be given:

• An input image that the question refers to.

• {NUM_IMAGES} retrieved images, indexed from Image 1 to Image {NUM_IMAGES}.

• A multiple-choice question.

Each retrieved image is intended to serve as additional visual evidence to help answer the question, together with the input
image. The retrieved images do not need to answer the question by themselves.

Input image: (the first image in the provided images list)

Retrieved images: Image 1, Image 2, ..., Image {NUM_IMAGES} (The order above is arbitrary.)

Question: {QUESTION}

Choices: {CHOICES}

Task: Rank the retrieved images by how useful they are for answering the question, considering them together
with the input image.

Usefulness is defined as how much the image provides visual or factual information that helps determine the cor-
rect answer.

Output format: Output the indices of the retrieved images in descending order of usefulness, using the format:
Image X > Image Y > Image Z > ...

Only output the ranking. Do not provide any explanation or additional text. Each image index from Image 1 to
Image {NUM_IMAGES} must appear exactly once.

Listwise Ranking Prompt for Visual-RAG

You will be given:

• A question about a visual attribute of an organism.

• {NUM_IMAGES} retrieved images, indexed from Image 1 to Image {NUM_IMAGES}.

Not all retrieved images contain the information needed to answer the question. Some images may be irrelevant or
uninformative.

Retrieved images: Image 1, Image 2, ..., Image {NUM_IMAGES} (The order above is arbitrary.)

Question: {QUESTION}

Task: Rank the retrieved images by how useful they are for answering the question.

Usefulness is defined as how much the image contains the key visual information required to answer the ques-
tion.

Output format: Output the indices of the retrieved images in descending order of usefulness, using the format:
Image X > Image Y > Image Z > ...

Only output the ranking. Do not provide any explanation or additional text. Each image index from Image 1 to
Image {NUM_IMAGES} must appear exactly once.

Note. The model output is parsed into an explicit ranking over candidate images. For evaluation, we
select the top-K images according to the predicted ranking and pass them to the main generation model.

Prompt Sensitivity Templates. To assess the robustness of surrogate-based helpfulness estimation to
prompt realization, we conduct a controlled prompt sensitivity analysis using three template variants:

V1: Lexical substitution.
We minimally modify the original template by replacing the keyword helpful with useful, isolating the
effect of a small lexical change.
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V2: Paraphrasing.
We construct a semantically equivalent rephrased version that changes the sentence form while
preserving the original intent. This variant tests robustness to syntactic and stylistic variation.

V3: Output-label variation.
We modify the binary output label space used for the decision step. On MRAG-Bench, we replace
True/False with Yes/No; on Visual-RAG, we replace True/False with Helpful/Not helpful.
This variant directly tests sensitivity to output token choice and the resulting logit differences.

The corresponding prompt templates are listed below.

Lexical substitution (V1) for MRAG-Bench

You are shown two images and a multiple-choice question.

• Image A: the original image referenced by the question.

• Image B: an image retrieved as supporting evidence.

The retrieved image may or may not add information that changes the answer.
Question: {question_text}
Options: {choices}
Does Image B supply additional visual or factual cues that would help resolve the question correctly?
Respond with True or False.

Paraphrasing (V2) for MRAG-Bench

You will be given two images and a multiple-choice question.

• The first image is the input image that the question is about.

• The second image is a retrieved image intended to provide additional visual evidence.

The retrieved image does not need to answer the question by itself.
It is only meant to help answer the question together with the input image.
Question: {question_text}
Choices: {choices}
Based on the images provided, does the retrieved image provide useful visual or factual information that could assist in
answering the question correctly?
Answer with True or False.

Output label variation (V3) for MRAG-Bench

You are shown two images and a multiple-choice question.

• Image A: the original image referenced by the question.

• Image B: an image retrieved as supporting evidence.

The retrieved image may or may not add information that changes the answer.
Question: {question_text}
Options: {choices}
Does the retrieved image provide useful evidence to aid answering the question?
Answer with "Yes" or "No".

Lexical substitution (V1) for Visual-RAG

You are shown one image and a question about a visual trait of an organism.
The image is a retrieved candidate; it might or might not show the necessary detail.
Question: {question_text}
Does the provided image include the critical visual detail required to answer the question?
Respond with True or False.
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Paraphrasing (V2) for Visual-RAG

You will be given one image and a question about a visual attribute of an organism.
The image is retrieved as potential visual evidence. Not all retrieved images contain the information needed to answer the
question.
Question: {question_text}
Based on the image provided, does this image contain useful visual information needed to answer the question?
Answer with True or False.

Output label variation (V3) for Visual-RAG

You are shown one image and a question about a visual trait of an organism.
The image is a retrieved candidate; it might or might not show the necessary detail.
Question: {question_text}
Please indicate whether this retrieved image is Helpful or Not helpful for answering the question.
Answer with "Helpful" or "Not helpful".

E Additional Experimental Results

This appendix provides the complete experimental results referenced in the main paper. Specifically,
we report the full Top-K (K = 1 to 5) performance tables for all evaluated models, benchmarks, and
evidence selection methods.

These tables (tables 8 to 11) serve as a comprehensive extension of tables 1 to 3 and 5 in the main paper,
which present representative or summarized results for clarity. No additional experimental settings are
introduced in this appendix, and all results follow the same evaluation protocols described in Section 5.

E.1 Prompt Sensitivity Results
Table 12 presents the prompt sensitivity experiment results. Across settings, performance remains close to
that of the original template, with no consistent degradation pattern. These results suggest that the probe
is robust to moderate lexical, syntactic, and output-token variations.

E.2 Robustness under Noisy Candidate Pools
To assess the practical robustness of Assumptions 3.1 and 3.2, we construct three progressively perturbed
candidate-pool regimes:

• Pure Retrieve: the candidate pool is formed solely from retrieved images, reflecting realistic
end-to-end deployment.

• GT + Hard Negatives: the pool includes ground-truth images together with top-ranked but non-
relevant retrieved images, yielding structured ambiguity.

• GT + Hard Negatives + Stochastic Perturbation: additional randomly sampled non-relevant
images are introduced on top of the previous regime, creating both structured and unstructured noise.

For each regime, we vary the pool size from 10 to 20. Across both backbones and both benchmarks,
performance remains stable under increasing perturbation, supporting the practical robustness of the
proposed ranking criterion.

E.3 Empirical Validation of Theorem 3.3
We further examine whether latent helpfulness scores exhibit monotonic alignment with answer-space
belief shifts, as suggested by the theoretical formulation.

Directly computing answer-space information gain over open-ended outputs is intractable (Section 3.1).
We therefore construct a restricted empirical proxy in a controlled multiple-choice setting on MRAG-
Bench. Specifically, we approximate IG(Z;C = c) using the surrogate model’s helpfulness logit
(Ovis2.5-2B), i.e., the logit of the True decision in the auxiliary binary task. For the answer-space term,
we approximate the model output distribution PY (·) using normalized choice-token probabilities, and
estimate IG(Y ;C = c) as the KL divergence between (i) the choice-token distribution conditioned on
candidate image c and (ii) the corresponding zero-shot distribution without external evidence.

35118



MRAG-Bench Visual-RAG
Main ModelImage Selection Method # Params

Qwen3-VL-8B MiniCPM-V4.5 Gemma3-12B Ovis2.5-9B InternVL3.5-8B Qwen3-VL-8B MiniCPM-V4.5 Gemma3-12B Ovis2.5-9B InternVL3.5-8B
Top K

Zero-Shot 59.35 57.95 56.84 59.05 42.87 52.41 53.07 51.07 52.67 54.28
CLIP-B 151M 57.80(-1.55) 58.83(+0.88) 55.95(-0.89) 57.13(-1.92) 42.65(-0.22) 54.28(+1.87) 58.56(+5.49) 51.87(+0.80) 66.04(+13.37) 64.17(+9.89)
CLIP-L 428M 57.80(-1.55) 58.98(+1.03) 56.25(-0.59) 57.95(-1.10) 44.49(+1.62) 54.14(+1.73) 58.29(+5.22) 54.95(+3.88) 62.03(+9.36) 61.23(+6.95)
OpenCLIP 151M 58.46(-0.89) 60.46(+2.51) 57.50(+0.66) 58.24(-0.81) 42.65(-0.22) 52.94(+0.53) 58.56(+5.49) 52.67(+1.60) 64.97(+12.30) 60.29(+6.01)
SigLIP 2 Base 375M 59.42(+0.07) 61.27(+3.32) 58.24(+1.40) 58.91(-0.14) 44.35(+1.48) 52.94(+0.53) 56.68(+3.61) 55.48(+4.41) 64.04(+11.37) 61.76(+7.48)
SigLIP 2 So400m 1.1B 61.42(+2.07) 61.57(+3.62) 59.87(+3.03) 59.35(+0.30) 44.49(+1.62) 53.34(+0.93) 59.63(+6.56) 53.34(+2.27) 64.84(+12.17) 62.57(+8.29)
BGE-VL-large 428M 58.98(-0.37) 60.53(+2.58) 55.65(-1.19) 59.05(+0.00) 44.64(+1.77) 52.81(+0.40) 57.35(+4.28) 54.28(+3.21) 65.64(+12.97) 58.42(+4.14)
E5-V 7.8B 58.83(-0.52) 59.20(+1.25) 55.06(-1.78) 57.95(-1.10) 43.46(+0.59) 53.88(+1.47) 58.42(+5.35) 55.48(+4.41) 67.91(+15.24) 62.57(+8.29)
GME 2.2B 64.38(+5.03) 65.19(+7.24) 59.42(+2.58) 61.35(+2.30) 47.01(+4.14) 55.88(+3.47) 59.09(+6.02) 53.07(+2.00) 67.51(+14.84) 62.30(+8.02)
VLM2Vec 7.7B 61.71(+2.36) 61.79(+3.84) 58.76(+1.92) 60.83(+1.78) 46.12(+3.25) 54.55(+2.14) 57.49(+4.42) 54.81(+3.74) 49.33(-3.34) 48.53(-5.75)
VLM2Vec-V2.0 2.2B 60.68(+1.33) 61.86(+3.91) 57.50(+0.66) 60.24(+1.19) 45.31(+2.44) 55.61(+3.20) 55.88(+2.81) 53.88(+2.81) 50.80(-1.87) 48.53(-5.75)
BGE-MLLM-S1 7.6B 60.46(+1.11) 60.90(+2.95) 55.28(-1.56) 58.61(-0.44) 45.68(+2.81) 56.15(+3.74) 56.55(+3.48) 56.55(+5.48) 67.11(+14.44) 63.37(+9.09)
BGE-MLLM-S2 7.6B 60.31(+0.96) 61.57(+3.62) 57.58(+0.74) 58.54(-0.51) 44.72(+1.85) 53.61(+1.20) 55.35(+2.28) 55.35(+4.28) 65.11(+12.44) 63.90(+9.62)
UniME-V2 7.1B 62.82(+3.47) 63.05(+5.10) 60.90(+4.06) 60.61(+1.56) 45.60(+2.73) 56.95(+4.54) 58.69(+5.62) 55.88(+4.81) 57.62(+4.95) 49.33(-4.95)
LamRA 8B 63.34(+3.99) 62.97(+5.02) 58.61(+1.77) 59.05(+0.00) 45.75(+2.88) 58.42(+6.01) 60.16(+7.09) 55.48(+4.41) 58.16(+5.49) 62.57(+8.29)
Ours (Qwen3-VL-2B Surrogate) 2.1B 65.56(+6.21) 65.41(+7.46) 60.83(+3.99) 61.42(+2.37) 47.89(+5.02) 59.89(+7.48) 60.16(+7.09) 59.22(+8.15) 68.85(+16.18) 64.17(+9.89)
Ours (Ovis2.5-2B Surrogate) 2.6B 64.97(+5.62) 64.08(+6.13) 60.53(+3.69) 60.16(+1.11) 47.23(+4.36) 61.36(+8.95) 61.23(+8.16) 57.75(+6.68) 69.12(+16.45) 62.30(+8.02)
Ours (In-Family Surrogate) 65.56(+6.21) 64.60(+6.65) 59.72(+2.88) 61.42(+2.37) 47.08(+4.21) 59.89(+7.48) 60.70(+7.63) 59.63(+8.56) 68.85(+16.18) 62.17(+7.89)

K=1

GT (Human-Annotated Image as Input) 64.82(+5.47) 64.15(+6.20) 57.65(+0.81) 62.97(+3.92) 46.49(+3.62) 60.96(+8.55) 63.50(+10.43) 58.69(+7.62) 70.86(+18.19) 64.04(+9.76)
CLIP-B 151M 59.35(+0.00) 59.42(+1.47) 56.91(+0.07) 57.58(-1.47) 43.09(+0.22) 56.82(+4.41) 59.09(+6.02) 57.35(+6.28) 58.02(+5.35) 51.87(-2.41)
CLIP-L 428M 58.98(-0.37) 60.46(+2.51) 56.47(-0.37) 57.21(-1.84) 45.08(+2.21) 57.62(+5.21) 58.56(+5.49) 57.49(+6.42) 57.22(+4.55) 52.27(-2.01)
OpenCLIP 151M 60.61(+1.26) 61.12(+3.17) 57.95(+1.11) 58.46(-0.59) 44.49(+1.62) 56.95(+4.54) 60.29(+7.22) 56.82(+5.75) 57.22(+4.55) 53.21(-1.07)
SigLIP 2 Base 375M 61.49(+2.14) 61.64(+3.69) 58.68(+1.84) 58.39(-0.66) 45.16(+2.29) 56.95(+4.54) 56.42(+3.35) 56.68(+5.61) 56.95(+4.28) 51.74(-2.54)
SigLIP 2 So400m 1.1B 62.97(+3.62) 63.41(+5.46) 60.46(+3.62) 59.05(+0.00) 45.38(+2.51) 54.01(+1.60) 59.76(+6.69) 54.41(+3.34) 58.42(+5.75) 52.14(-2.14)
BGE-VL-large 428M 60.75(+1.40) 60.90(+2.95) 57.13(+0.29) 59.05(+0.00) 44.05(+1.18) 57.35(+4.94) 58.69(+5.62) 56.68(+5.61) 57.09(+4.42) 52.94(-1.34)
E5-V 7.8B 60.90(+1.55) 61.27(+3.32) 58.24(+1.40) 59.20(+0.15) 43.46(+0.59) 57.62(+5.21) 58.02(+4.95) 58.16(+7.09) 59.09(+6.42) 52.27(-2.01)
GME 2.2B 64.52(+5.17) 64.30(+6.35) 60.90(+4.06) 61.20(+2.15) 46.27(+3.40) 59.89(+7.48) 58.42(+5.35) 57.09(+6.02) 58.16(+5.49) 52.81(-1.47)
VLM2Vec 7.7B 63.34(+3.99) 63.56(+5.61) 60.53(+3.69) 59.72(+0.67) 46.27(+3.40) 56.82(+4.41) 60.03(+6.96) 54.55(+3.48) 55.61(+2.94) 52.27(-2.01)
VLM2Vec-V2.0 2.2B 63.86(+4.51) 64.15(+6.20) 60.53(+3.69) 59.50(+0.45) 46.12(+3.25) 55.61(+3.20) 59.09(+6.02) 54.95(+3.88) 55.88(+3.21) 53.48(-0.80)
BGE-MLLM-S1 7.6B 62.90(+3.55) 63.41(+5.46) 57.95(+1.11) 59.57(+0.52) 45.75(+2.88) 57.49(+5.08) 58.56(+5.49) 58.56(+7.49) 58.96(+6.29) 50.94(-3.34)
BGE-MLLM-S2 7.6B 63.34(+3.99) 63.27(+5.32) 58.39(+1.55) 58.39(-0.66) 44.64(+1.77) 58.29(+5.88) 55.75(+2.68) 55.75(+4.68) 54.28(+1.61) 50.67(-3.61)
UniME-V2 7.1B 64.52(+5.17) 63.41(+5.46) 60.75(+3.91) 60.38(+1.33) 44.42(+1.55) 58.69(+6.28) 60.96(+7.89) 56.95(+5.88) 60.03(+7.36) 54.81(+0.53)
LamRA 8B 64.82(+5.47) 63.93(+5.98) 59.57(+2.73) 60.24(+1.19) 46.64(+3.77) 62.30(+9.89) 63.50(+10.43) 59.22(+8.15) 59.76(+7.09) 56.02(+1.74)
Ours (Qwen3-VL-2B Surrogate) 2.1B 65.71(+6.36) 66.74(+8.79) 64.15(+7.31) 62.68(+3.63) 48.26(+5.39) 62.57(+10.16) 61.50(+8.43) 60.16(+9.09) 60.96(+8.29) 54.95(+0.67)
Ours (Ovis2.5-2B Surrogate) 2.6B 65.71(+6.36) 65.34(+7.39) 61.57(+4.73) 61.20(+2.15) 47.52(+4.65) 62.57(+10.16) 61.36(+8.29) 60.03(+8.96) 61.76(+9.09) 54.95(+0.67)
Ours (In-Family Surrogate) 65.71(+6.36) 65.56(+7.61) 61.71(+4.87) 61.20(+2.15) 46.56(+3.69) 62.57(+10.16) 60.03(+6.96) 60.43(+9.36) 61.76(+9.09) 55.61(+1.33)

K=2

GT (Human-Annotated Image as Input) 67.11(+7.76) 66.44(+8.49) 59.42(+2.58) 62.90(+3.85) 48.34(+5.47) 63.77(+11.36) 64.17(+11.10) 59.36(+8.29) 64.84(+12.17) 59.09(+4.81)
CLIP-B 151M 61.42(+2.07) 60.83(+2.88) 57.80(+0.96) 56.84(-2.21) 43.61(+0.74) 58.69(+6.28) 61.63(+8.56) 57.35(+6.28) 58.42(+5.75) 51.07(-3.21)
CLIP-L 428M 59.94(+0.59) 61.86(+3.91) 57.72(+0.88) 57.58(-1.47) 44.27(+1.40) 59.49(+7.08) 62.57(+9.50) 56.82(+5.75) 58.56(+5.89) 51.74(-2.54)
OpenCLIP 151M 62.23(+2.88) 62.97(+5.02) 58.68(+1.84) 59.65(+0.60) 43.83(+0.96) 60.83(+8.42) 61.36(+8.29) 58.02(+6.95) 57.75(+5.08) 53.61(-0.67)
SigLIP 2 Base 375M 62.90(+3.55) 62.23(+4.28) 60.98(+4.14) 58.39(-0.66) 44.86(+1.99) 59.36(+6.95) 58.69(+5.62) 57.89(+6.82) 58.42(+5.75) 54.81(+0.53)
SigLIP 2 So400m 1.1B 63.27(+3.92) 63.56(+5.61) 60.83(+3.99) 59.87(+0.82) 45.53(+2.66) 56.68(+4.27) 63.64(+10.57) 57.62(+6.55) 58.29(+5.62) 51.34(-2.94)
BGE-VL-large 428M 62.75(+3.40) 61.79(+3.84) 58.98(+2.14) 59.65(+0.60) 44.72(+1.85) 57.75(+5.34) 59.63(+6.56) 55.35(+4.28) 56.82(+4.15) 51.60(-2.68)
E5-V 7.8B 62.53(+3.18) 62.53(+4.58) 59.13(+2.29) 58.98(-0.07) 43.16(+0.29) 58.96(+6.55) 59.76(+6.69) 58.29(+7.22) 60.29(+7.62) 52.14(-2.14)
GME 2.2B 65.41(+6.06) 65.48(+7.53) 61.79(+4.95) 61.05(+2.00) 46.93(+4.06) 61.50(+9.09) 60.29(+7.22) 56.02(+4.95) 53.88(+1.21) 50.53(-3.75)
VLM2Vec 7.7B 64.08(+4.73) 63.71(+5.76) 60.90(+4.06) 59.87(+0.82) 45.53(+2.66) 60.03(+7.62) 60.29(+7.22) 57.35(+6.28) 56.42(+3.75) 53.07(-1.21)
VLM2Vec-V2.0 2.2B 64.82(+5.47) 64.75(+6.80) 61.12(+4.28) 61.05(+2.00) 45.08(+2.21) 58.69(+6.28) 60.83(+7.76) 56.68(+5.61) 56.95(+4.28) 52.41(-1.87)
BGE-MLLM-S1 7.6B 62.82(+3.47) 63.78(+5.83) 59.65(+2.81) 60.09(+1.04) 45.90(+3.03) 59.89(+7.48) 58.69(+5.62) 58.69(+7.62) 58.29(+5.62) 52.01(-2.27)
BGE-MLLM-S2 7.6B 64.52(+5.17) 64.52(+6.57) 60.68(+3.84) 60.61(+1.56) 45.01(+2.14) 59.09(+6.68) 56.02(+2.95) 56.02(+4.95) 57.75(+5.08) 50.27(-4.01)
UniME-V2 7.1B 65.19(+5.84) 64.75(+6.80) 62.08(+5.24) 61.57(+2.52) 45.97(+3.10) 59.22(+6.81) 61.10(+8.03) 58.02(+6.95) 58.29(+5.62) 53.34(-0.94)
LamRA 8B 65.85(+6.50) 64.89(+6.94) 60.53(+3.69) 61.27(+2.22) 46.27(+3.40) 61.23(+8.82) 63.10(+10.03) 58.29(+7.22) 56.95(+4.28) 53.88(-0.40)
Ours (Qwen3-VL-2B Surrogate) 2.1B 67.55(+8.20) 65.85(+7.90) 64.52(+7.68) 62.31(+3.26) 47.08(+4.21) 63.77(+11.36) 59.89(+6.82) 60.43(+9.36) 63.24(+10.57) 55.75(+1.47)
Ours (Ovis2.5-2B Surrogate) 2.6B 66.08(+6.73) 65.85(+7.90) 62.23(+5.39) 62.01(+2.96) 47.15(+4.28) 64.44(+12.03) 60.43(+7.36) 57.75(+6.68) 60.70(+8.03) 53.88(-0.40)
Ours (In-Family Surrogate) 67.55(+8.20) 65.63(+7.68) 62.82(+5.98) 62.31(+3.26) 47.15(+4.28) 63.77(+11.36) 61.50(+8.43) 57.89(+6.82) 63.24(+10.57) 55.08(+0.80)

K=3

GT (Human-Annotated Image as Input) 69.03(+9.68) 66.89(+8.94) 58.39(+1.55) 64.01(+4.96) 48.78(+5.91) 64.71(+12.30) 62.17(+9.10) 59.63(+8.56) 64.71(+12.04) 57.89(+3.61)
CLIP-B 151M 61.20(+1.85) 60.46(+2.51) 58.46(+1.62) 58.31(-0.74) 43.75(+0.88) 63.64(+11.23) 61.63(+8.56) 58.82(+7.75) 60.43(+7.76) 53.48(-0.80)
CLIP-L 428M 59.87(+0.52) 62.53(+4.58) 57.35(+0.51) 58.61(-0.44) 42.87(+0.00) 60.03(+7.62) 62.03(+8.96) 55.48(+4.41) 58.96(+6.29) 52.94(-1.34)
OpenCLIP 151M 63.05(+3.70) 63.05(+5.10) 59.20(+2.36) 59.72(+0.67) 43.98(+1.11) 60.56(+8.15) 61.76(+8.69) 58.02(+6.95) 60.03(+7.36) 54.55(+0.27)
SigLIP 2 Base 375M 63.34(+3.99) 63.34(+5.39) 62.68(+5.84) 59.79(+0.74) 44.49(+1.62) 61.76(+9.35) 58.16(+5.09) 58.96(+7.89) 57.62(+4.95) 54.01(-0.27)
SigLIP 2 So400m 1.1B 64.82(+5.47) 63.12(+5.17) 61.71(+4.87) 60.61(+1.56) 45.16(+2.29) 60.56(+8.15) 62.97(+9.90) 55.35(+4.28) 60.03(+7.36) 54.14(-0.14)
BGE-VL-large 428M 62.90(+3.55) 63.78(+5.83) 59.87(+3.03) 59.50(+0.45) 44.86(+1.99) 58.42(+6.01) 62.03(+8.96) 56.95(+5.88) 56.42(+3.75) 51.87(-2.41)
E5-V 7.8B 62.68(+3.33) 63.05(+5.10) 59.28(+2.44) 59.79(+0.74) 44.49(+1.62) 60.16(+7.75) 61.10(+8.03) 60.43(+9.36) 59.36(+6.69) 54.68(+0.40)
GME 2.2B 66.22(+6.87) 66.08(+8.13) 62.82(+5.98) 62.53(+3.48) 45.38(+2.51) 63.64(+11.23) 59.36(+6.29) 57.35(+6.28) 55.88(+3.21) 53.88(-0.40)
VLM2Vec 7.7B 64.89(+5.54) 64.75(+6.80) 61.57(+4.73) 60.83(+1.78) 45.01(+2.14) 61.76(+9.35) 62.97(+9.90) 58.42(+7.35) 60.29(+7.62) 53.07(-1.21)
VLM2Vec-V2.0 2.2B 65.56(+6.21) 65.11(+7.16) 62.31(+5.47) 62.08(+3.03) 44.35(+1.48) 61.90(+9.49) 60.56(+7.49) 59.22(+8.15) 57.22(+4.55) 53.07(-1.21)
BGE-MLLM-S1 7.6B 62.97(+3.62) 64.23(+6.28) 58.98(+2.14) 60.61(+1.56) 44.05(+1.18) 62.03(+9.62) 59.63(+6.56) 59.63(+8.56) 60.83(+8.16) 53.21(-1.07)
BGE-MLLM-S2 7.6B 63.93(+4.58) 64.08(+6.13) 60.31(+3.47) 60.53(+1.48) 45.23(+2.36) 58.96(+6.55) 56.55(+3.48) 56.55(+5.48) 58.69(+6.02) 51.60(-2.68)
UniME-V2 7.1B 66.15(+6.80) 65.34(+7.39) 62.45(+5.61) 62.31(+3.26) 44.72(+1.85) 60.70(+8.29) 62.97(+9.90) 60.56(+9.49) 58.96(+6.29) 54.68(+0.40)
LamRA 8B 66.44(+7.09) 66.37(+8.42) 60.75(+3.91) 62.53(+3.48) 47.15(+4.28) 62.17(+9.76) 63.64(+10.57) 59.22(+8.15) 58.96(+6.29) 54.81(+0.53)
Ours (Qwen3-VL-2B Surrogate) 2.1B 67.04(+7.69) 65.71(+7.76) 64.82(+7.98) 62.97(+3.92) 46.78(+3.91) 64.30(+11.89) 62.70(+9.63) 59.63(+8.56) 62.97(+10.30) 56.68(+2.40)
Ours (Ovis2.5-2B Surrogate) 2.6B 65.93(+6.58) 66.00(+8.05) 61.79(+4.95) 61.79(+2.74) 46.64(+3.77) 65.78(+13.37) 65.11(+12.04) 60.83(+9.76) 61.23(+8.56) 54.95(+0.67)
Ours (In-Family Surrogate) 67.04(+7.69) 65.85(+7.90) 62.53(+5.69) 61.79(+2.74) 46.93(+4.06) 64.30(+11.89) 62.97(+9.90) 57.35(+6.28) 61.23(+8.56) 56.82(+2.54)

K=4

GT (Human-Annotated Image as Input) 69.18(+9.83) 68.14(+10.19) 59.50(+2.66) 64.67(+5.62) 48.26(+5.39) 66.58(+14.17) 63.37(+10.30) 62.83(+11.76) 65.24(+12.57) 57.49(+3.21)
CLIP-B 151M 61.79(+2.44) 62.08(+4.13) 59.79(+2.95) 58.91(-0.14) 43.75(+0.88) 64.57(+12.16) 62.03(+8.96) 59.76(+8.69) 60.03(+7.36) 55.48(+1.20)
CLIP-L 428M 60.61(+1.26) 60.98(+3.03) 58.24(+1.40) 57.95(-1.10) 42.65(-0.22) 61.76(+9.35) 62.03(+8.96) 59.09(+8.02) 58.42(+5.75) 52.81(-1.47)
OpenCLIP 151M 63.56(+4.21) 62.08(+4.13) 61.27(+4.43) 59.79(+0.74) 45.60(+2.73) 62.17(+9.76) 62.57(+9.50) 59.22(+8.15) 59.49(+6.82) 55.35(+1.07)
SigLIP 2 Base 375M 64.30(+4.95) 63.05(+5.10) 61.94(+5.10) 60.61(+1.56) 45.75(+2.88) 62.57(+10.16) 60.96(+7.89) 59.89(+8.82) 59.49(+6.82) 54.95(+0.67)
SigLIP 2 So400m 1.1B 65.19(+5.84) 63.34(+5.39) 62.60(+5.76) 60.09(+1.04) 45.08(+2.21) 60.56(+8.15) 61.36(+8.29) 54.95(+3.88) 59.22(+6.55) 55.21(+0.93)
BGE-VL-large 428M 64.67(+5.32) 63.41(+5.46) 61.27(+4.43) 59.94(+0.89) 45.31(+2.44) 58.16(+5.75) 61.23(+8.16) 56.68(+5.61) 56.82(+4.15) 51.74(-2.54)
E5-V 7.8B 63.93(+4.58) 62.38(+4.43) 60.38(+3.54) 59.94(+0.89) 43.61(+0.74) 60.16(+7.75) 61.63(+8.56) 60.96(+9.89) 57.89(+5.22) 55.35(+1.07)
GME 2.2B 67.04(+7.69) 66.30(+8.35) 61.79(+4.95) 61.94(+2.89) 46.78(+3.91) 65.78(+13.37) 62.97(+9.90) 59.36(+8.29) 57.22(+4.55) 54.95(+0.67)
VLM2Vec 7.7B 66.00(+6.65) 64.45(+6.50) 61.71(+4.87) 61.27(+2.22) 46.56(+3.69) 62.43(+10.02) 61.50(+8.43) 58.56(+7.49) 60.16(+7.49) 54.01(-0.27)
VLM2Vec-V2.0 2.2B 66.22(+6.87) 65.11(+7.16) 62.45(+5.61) 61.86(+2.81) 45.90(+3.03) 61.63(+9.22) 59.09(+6.02) 58.69(+7.62) 55.21(+2.54) 51.20(-3.08)
BGE-MLLM-S1 7.6B 64.89(+5.54) 63.49(+5.54) 61.20(+4.36) 60.31(+1.26) 44.64(+1.77) 62.97(+10.56) 57.75(+4.68) 57.75(+6.68) 59.22(+6.55) 52.41(-1.87)
BGE-MLLM-S2 7.6B 65.11(+5.76) 65.04(+7.09) 61.49(+4.65) 61.20(+2.15) 45.60(+2.73) 59.36(+6.95) 57.35(+4.28) 57.35(+6.28) 59.89(+7.22) 54.14(-0.14)
UniME-V2 7.1B 66.30(+6.95) 65.34(+7.39) 62.60(+5.76) 62.82(+3.77) 45.31(+2.44) 61.76(+9.35) 63.77(+10.70) 60.43(+9.36) 58.02(+5.35) 56.15(+1.87)
LamRA 8B 66.44(+7.09) 66.67(+8.72) 61.71(+4.87) 63.05(+4.00) 46.05(+3.18) 64.04(+11.63) 64.97(+11.90) 59.89(+8.82) 58.82(+6.15) 54.95(+0.67)
Ours (Qwen3-VL-2B Surrogate) 2.1B 67.55(+8.20) 66.37(+8.42) 63.93(+7.09) 63.41(+4.36) 46.86(+3.99) 64.84(+12.43) 63.10(+10.03) 60.83(+9.76) 62.17(+9.50) 55.21(+0.93)
Ours (Ovis2.5-2B Surrogate) 2.6B 65.71(+6.36) 64.67(+6.72) 61.71(+4.87) 62.38(+3.33) 46.71(+3.84) 66.18(+13.77) 63.50(+10.43) 61.50(+10.43) 60.70(+8.03) 56.28(+2.00)
Ours (In-Family Surrogate) 67.55(+8.20) 66.96(+9.01) 62.31(+5.47) 63.41(+4.36) 46.49(+3.62) 64.84(+12.43) 63.50(+10.43) 57.49(+6.42) 62.17(+9.50) 55.61(+1.33)

K=5

GT (Human-Annotated Image as Input) 69.99(+10.64) 68.00(+10.05) 59.42(+2.58) 64.89(+5.84) 47.60(+4.73) 66.84(+14.43) 64.17(+11.10) 61.10(+10.03) 64.71(+12.04) 58.82(+4.54)

Table 8: Full version of Table 1.Main results on MRAG-Bench and Visual-RAG under different visual evidence
selection methods and Top-K settings. Numbers in parentheses denote absolute performance differences relative to
the zero-shot baseline for the same model. Bold values indicate the best-performing retrieval-based method in each
setting (excluding the ground-truth (GT) oracle).

35119



Dataset Method Model
Top K

1 2 3 4 5

MRAG-Bench

Ours

Qwen3-VL-8B 65.71 65.34 67.41 66.74 67.11
MiniCPM-V4.5 65.11 66.52 66.89 66.08 65.71
Gemma3-12B 59.87 62.6 61.94 62.68 63.12
Ovis2.5-9B 61.64 62.53 62.53 62.45 63.19
InternVL3.5-8B 48.41 48.04 47.75 46.49 46.56

A (Choices Softmax Entropy)

Qwen3-VL-8B 63.27(-2.44) 64.08(-1.26) 64.67(-2.74) 65.11(-1.63) 65.04(-2.07)
MiniCPM-V4.5 62.90(-2.21) 63.71(-2.81) 64.15(-2.74) 64.45(-1.63) 64.15(-1.56)
Gemma3-12B 59.42(-0.45) 59.72(-2.88) 61.57(-0.37) 61.20(-1.48) 61.64(-1.48)
Ovis2.5-9B 60.38(-1.26) 60.68(-1.85) 61.20(-1.33) 61.57(-0.88) 61.27(-1.92)
InternVL3.5-8B 46.42(-1.99) 46.64(-1.40) 47.08(-0.67) 46.42(-0.07) 45.53(-1.03)

Visual-RAG

Ours

Qwen3-VL-8B 62.43 64.84 63.37 64.44 64.57
MiniCPM-V4.5 59.63 58.16 61.23 61.23 62.03
Gemma3-12B 56.55 59.76 60.43 58.69 60.03
Ovis2.5-9B 70.05 59.63 60.96 62.03 61.23
InternVL3.5-8B 61.23 56.95 58.16 57.09 57.22

A (Avg. Token Prob)

Qwen3-VL-8B 57.49(-4.94) 58.82(-6.02) 59.76(-3.61) 62.70(-1.74) 62.97(-1.60)
MiniCPM-V4.5 61.50(+1.87) 61.63(+3.47) 61.10(-0.13) 62.17(+0.94) 62.57(+0.54)
Gemma3-12B 58.29(+1.74) 55.48(-4.28) 55.61(-4.82) 56.42(-2.27) 57.09(-2.94)
Ovis2.5-9B 54.81(-15.24) 53.48(-6.15) 54.41(-6.55) 55.48(-6.55) 56.82(-4.41)
InternVL3.5-8B 52.94(-8.29) 53.88(-3.07) 54.68(-3.48) 57.22(+0.13) 55.88(-1.34)

A (MC sampling + NLI)

Qwen3-VL-8B 57.89(-4.54) 61.50(-3.34) 60.29(-3.08) 62.43(-2.01) 63.90(-0.67)
MiniCPM-V4.5 61.10(+1.47) 63.10(+4.94) 63.24(+2.01) 63.37(+2.14) 64.71(+2.68)
Gemma3-12B 55.88(-0.67) 53.88(-5.88) 57.75(-2.68) 58.02(-0.67) 59.76(-0.27)
Ovis2.5-9B 54.95(-15.10) 56.42(-3.21) 55.08(-5.88) 55.08(-6.95) 57.62(-3.61)
InternVL3.5-8B 53.07(-8.16) 57.49(+0.54) 57.22(-0.94) 56.82(-0.27) 57.49(+0.27)

Table 9: We compare our latent-variable-based utility estimation with answer-level uncertainty quantification
methods on MRAG-Bench and Visual-RAG. Answer uncertainty is measured by choice softmax entropy on MRAG-
Bench, and by average token probability or MC sampling with NLI-based consistency on Visual-RAG. Parentheses
denote performance differences relative to the zero-shot baseline.

MRAG-Bench Visual-RAG

Model Image Selection Method
Top K Top K

1 2 3 4 5 1 2 3 4 5

Qwen3-VL-8B

Qwen3-VL-2B 65.56(-0.15) 65.71(+0.37) 67.55(+0.14) 67.04(+0.30) 67.55(+0.44) 59.89(-2.54) 62.57(-2.27) 63.77(+0.40) 64.30(-0.14) 64.84(+0.27)
Ovis2.5-2B 64.97(-0.74) 65.71(+0.37) 66.08(-1.33) 65.93(-0.81) 65.71(-1.40) 61.36(-1.07) 62.57(-2.27) 64.44(+1.07) 65.78(+1.34) 66.18(+1.61)
MiniCPM-V4.5-AWQ 64.23(-1.48) 66.89(+1.55) 66.96(-0.45) 66.67(-0.07) 66.74(-0.37) 60.16(-2.27) 64.30(-0.54) 63.64(+0.27) 64.17(-0.27) 66.31(+1.74)
Gemma3-4B 64.15(-1.56) 64.89(-0.45) 65.78(-1.63) 66.08(-0.66) 66.15(-0.96) 59.89(-2.54) 61.76(-3.08) 62.30(-1.07) 63.37(-1.07) 63.24(-1.33)
InternVL3.5-2B 63.64(-2.07) 64.23(-1.11) 65.48(-1.93) 66.59(-0.15) 66.81(-0.30) 57.62(-4.81) 62.57(-2.27) 62.17(-1.20) 64.04(-0.40) 62.83(-1.74)
Qwen3-VL-8B 65.71 65.34 67.41 66.74 67.11 62.43 64.84 63.37 64.44 64.57

MiniCPM-V4.5

Qwen3-VL-2B 65.41(+0.30) 66.74(+0.22) 65.85(-1.04) 65.71(-0.37) 66.37(+0.66) 60.16(+0.53) 61.50(+3.34) 59.89(-1.34) 62.70(+1.47) 63.10(+1.07)
Ovis2.5-2B 64.08(-1.03) 65.34(-1.18) 65.85(-1.04) 66.00(-0.08) 64.67(-1.04) 61.23(+1.60) 61.36(+3.20) 60.43(-0.80) 65.11(+3.88) 63.50(+1.47)
MiniCPM-V4.5-AWQ 64.60(-0.51) 65.56(-0.96) 65.63(-1.26) 65.85(-0.23) 66.96(+1.25) 60.70(+1.07) 60.03(+1.87) 61.50(+0.27) 62.97(+1.74) 63.50(+1.47)
Gemma3-4B 62.75(-2.36) 64.38(-2.14) 64.45(-2.44) 65.34(-0.74) 65.34(-0.37) 61.50(+1.87) 62.57(+4.41) 63.37(+2.14) 62.17(+0.94) 63.10(+1.07)
InternVL3.5-2B 62.60(-2.51) 63.27(-3.25) 64.15(-2.74) 64.97(-1.11) 64.45(-1.26) 58.56(-1.07) 61.23(+3.07) 63.37(+2.14) 63.77(+2.54) 65.24(+3.21)
MiniCPM-V4.5 65.11 66.52 66.89 66.08 65.71 59.63 58.16 61.23 61.23 62.03

Gemma3-12B

Qwen3-VL-2B 60.83(+0.96) 64.15(+1.55) 64.52(+2.58) 64.82(+2.14) 63.93(+0.81) 59.22(+2.67) 60.16(+0.40) 60.43(+0.00) 59.63(+0.94) 60.83(+0.80)
Ovis2.5-2B 60.53(+0.66) 61.57(-1.03) 62.23(+0.29) 61.79(-0.89) 61.71(-1.41) 57.75(+1.20) 60.03(+0.27) 57.75(-2.68) 60.83(+2.14) 61.50(+1.47)
MiniCPM-V4.5-AWQ 60.38(+0.51) 63.34(+0.74) 63.41(+1.47) 63.56(+0.88) 64.75(+1.63) 58.29(+1.74) 57.62(-2.14) 58.42(-2.01) 61.23(+2.54) 60.29(+0.26)
Gemma3-4B 59.72(-0.15) 61.71(-0.89) 62.82(+0.88) 62.53(-0.15) 62.31(-0.81) 59.63(+3.08) 60.43(+0.67) 57.89(-2.54) 57.35(-1.34) 57.49(-2.54)
InternVL3.5-2B 59.87(+0.00) 62.16(-0.44) 63.12(+1.18) 62.97(+0.29) 62.82(-0.30) 55.88(-0.67) 58.29(-1.47) 60.16(-0.27) 59.89(+1.20) 60.29(+0.26)
Gemma3-12B 59.87 62.6 61.94 62.68 63.12 56.55 59.76 60.43 58.69 60.03

Ovis2.5-9B

Qwen3-VL-2B 61.42(-0.22) 62.68(+0.15) 62.31(-0.22) 62.97(+0.52) 63.41(+0.22) 68.85(-1.20) 60.96(+1.33) 63.24(+2.28) 62.97(+0.94) 62.17(+0.94)
Ovis2.5-2B 60.16(-1.48) 61.20(-1.33) 62.01(-0.52) 61.79(-0.66) 62.38(-0.81) 69.12(-0.93) 61.76(+2.13) 60.70(-0.26) 61.23(-0.80) 60.70(-0.53)
MiniCPM-V4.5-AWQ 61.71(+0.07) 62.53(+0.00) 62.31(-0.22) 62.68(+0.23) 62.38(-0.81) 67.25(-2.80) 60.16(+0.53) 60.03(-0.93) 61.23(-0.80) 60.29(-0.94)
Gemma3-4B 61.71(+0.07) 61.49(-1.04) 61.57(-0.96) 63.34(+0.89) 62.90(-0.29) 68.05(-2.00) 59.89(+0.26) 58.42(-2.54) 60.29(-1.74) 59.89(-1.34)
InternVL3.5-2B 60.24(-1.40) 61.49(-1.04) 61.64(-0.89) 62.68(+0.23) 62.60(-0.59) 66.98(-3.07) 60.29(+0.66) 62.30(+1.34) 60.70(-1.33) 62.30(+1.07)
Ovis2.5-9B 61.64 62.53 62.53 62.45 63.19 70.05 59.63 60.96 62.03 61.23

InternVL3.5-8B

Qwen3-VL-2B 47.89(-0.52) 48.26(+0.22) 47.08(-0.67) 46.78(+0.29) 46.86(+0.30) 64.17(+2.94) 54.95(-2.00) 55.75(-2.41) 56.68(-0.41) 55.21(-2.01)
Ovis2.5-2B 47.23(-1.18) 47.52(-0.52) 47.15(-0.60) 46.64(+0.15) 46.71(+0.15) 62.30(+1.07) 54.95(-2.00) 53.88(-4.28) 54.95(-2.14) 56.28(-0.94)
MiniCPM-V4.5-AWQ 48.41(+0.00) 47.82(-0.22) 47.38(-0.37) 47.67(+1.18) 46.42(-0.14) 62.43(+1.20) 56.02(-0.93) 54.41(-3.75) 56.28(-0.81) 56.02(-1.20)
Gemma3-4B 45.23(-3.18) 46.78(-1.26) 46.78(-0.97) 47.38(+0.89) 47.52(+0.96) 61.90(+0.67) 55.75(-1.20) 52.14(-6.02) 54.95(-2.14) 54.81(-2.41)
InternVL3.5-2B 47.08(-1.33) 46.56(-1.48) 47.15(-0.60) 46.93(+0.44) 46.49(-0.07) 62.17(+0.94) 55.61(-1.34) 55.08(-3.08) 56.82(-0.27) 55.61(-1.61)
InternVL3.5-8B 48.41 48.04 47.75 46.49 46.56 61.23 56.95 58.16 57.09 57.22

Table 10: We compare surrogate models with fewer parameters to their corresponding large main models under the
same latent-variable-based utility estimation framework. Results are reported on MRAG-Bench and Visual-RAG
across different Top-K settings, using identical evidence selection procedures.
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Model Method
MRAG-BENCH Visual-RAG

Top K Top K

1 2 3 4 5 1 2 3 4 5

Qwen3-VL-8B
Ours 65.71 65.34 67.41 66.74 67.11 62.43 64.84 63.37 64.44 64.57
Verbalized UQ 62.82(-2.89) 63.71(-1.63) 64.67(-2.74) 65.34(-1.40) 65.56(-1.55) 59.36(-3.07) 61.76(-3.08) 61.10(-2.27) 62.97(-1.47) 65.64(+1.07)
Listwise Ranking 58.54(-7.17) 61.35(-3.99) 63.27(-4.14) 64.01(-2.73) 65.11(-2.00) 63.24(+0.81) 63.37(-1.47) 61.90(-1.47) 66.44(+2.00) 66.71(+2.14)

MiniCPM-V4.5
Ours 65.11 66.52 66.89 66.08 65.71 59.63 58.16 61.23 61.23 62.03
Verbalized UQ 58.46(-6.65) 59.72(-6.80) 61.27(-5.62) 61.71(-4.37) 62.82(-2.89) 58.82(-0.81) 59.49(+1.33) 61.90(+0.67) 62.83(+1.60) 61.76(-0.27)
Listwise Ranking 59.35(-5.76) 60.46(-6.06) 61.86(-5.03) 62.68(-3.40) 63.86(-1.85) 62.43(+2.80) 62.83(+4.67) 62.30(+1.07) 62.03(+0.80) 61.63(-0.40)

Gemma3-12B
Ours 59.87 62.6 61.94 62.68 63.12 56.55 59.76 60.43 58.69 60.03
Verbalized UQ 55.65(-4.22) 57.72(-4.88) 58.91(-3.03) 60.01(-2.67) 60.46(-2.66) 56.68(+0.13) 54.95(-4.81) 57.22(-3.21) 57.09(-1.60) 58.82(-1.21)
Listwise Ranking 56.91(-2.96) 58.91(-3.69) 59.65(-2.29) 59.72(-2.96) 59.72(-3.40) 59.09(+2.54) 56.95(-2.81) 58.82(-1.61) 60.16(+1.47) 60.56(+0.53)

Ovis2.5-9B
Ours 61.64 62.53 62.53 62.45 63.19 70.05 59.63 60.96 62.03 61.23
Verbalized UQ 57.95(-3.69) 58.83(-3.70) 58.61(-3.92) 60.90(-1.55) 60.09(-3.10) 60.03(-10.02) 58.96(-0.67) 58.82(-2.14) 58.16(-3.87) 59.09(-2.14)
Listwise Ranking 58.17(-3.47) 58.46(-4.07) 58.91(-3.62) 59.94(-2.51) 60.53(-2.66) 58.56(-11.49) 60.70(+1.07) 59.49(-1.47) 61.10(-0.93) 60.70(-0.53)

InternVL3.5-8B
Ours 48.41 48.04 47.75 46.49 46.56 61.23 56.95 58.16 57.09 57.22
Verbalized UQ 43.53(-4.88) 43.68(-4.36) 44.05(-3.70) 43.75(-2.74) 43.83(-2.73) 48.93(-12.30) 53.07(-3.88) 52.01(-6.15) 54.81(-2.28) 55.35(-1.87)
Listwise Ranking 43.39(-5.02) 45.08(-2.96) 45.90(-1.85) 45.16(-1.33) 44.64(-1.92) 54.55(-6.68) 55.88(-1.07) 52.94(-5.22) 52.41(-4.68) 52.01(-5.21)

Table 11: We compare different utility estimation and evidence ranking strategies under the same experimental
setting, including our logit-based discriminative utility estimation, verbalized uncertainty quantification, and listwise
ranking that jointly considers all candidate evidence. Results are reported on MRAG-Bench and Visual-RAG across
different Top-K settings.

Dataset Main Model Surrogate Model Prompt Variant Top-1 Top-3 Top-5

MRAG-Bench

Qwen3-VL-8B Qwen3-VL-2B

Original 65.56 67.55 67.55
V1 64.75 66.89 67.63
V2 65.34 66.81 66.81
V3 64.75 66.81 66.89

Ovis2.5-9B Ovis2.5-2B

Original 60.16 62.01 62.38
V1 60.61 61.79 62.53
V2 60.09 62.68 62.97
V3 60.01 61.79 61.86

Visual-RAG

Qwen3-VL-8B Qwen3-VL-2B

Original 59.89 63.77 64.84
V1 60.83 62.57 64.84
V2 60.03 63.64 63.90
V3 58.56 61.10 63.64

Ovis2.5-9B Ovis2.5-2B

Original 69.12 60.70 60.70
V1 62.43 58.69 59.36
V2 60.29 58.56 58.02
V3 58.82 57.75 57.35

Table 12: Prompt Sensitivity Analysis

Benchmark MRAG-Bench Visual-RAG
Main Model Surrogate Model Candidate Pool Variant Candidate Pool Size Top-1 Top-3 Top-5 Top-1 Top-3 Top-5

Qwen3-VL-8B Qwen3-VL-2B

Pure Retrieve
10 58.76 51.79 55.36 56.42 58.56 60.29
15 58.68 50.00 43.75 57.62 58.69 59.76
20 58.61 50.00 43.75 57.75 59.89 60.43

GT + Hard Negatives
10 60.90 61.64 68.75 60.56 63.24 65.91
15 60.53 62.94 64.29 60.03 62.70 64.04
20 60.31 63.79 66.67 60.03 64.04 63.10

GT + Hard Negatives + Stochastic Perturbation
10 60.90 61.57 68.75 60.16 63.77 65.51
15 60.53 61.05 66.96 59.89 63.77 64.97
20 60.46 61.12 66.96 60.16 63.90 64.71

Ovis2.5-9B Ovis2.5-2B

Pure Retrieve
10 56.98 56.61 55.95 57.62 56.15 56.55
15 56.47 56.54 56.10 58.42 56.15 57.49
20 56.47 56.54 56.10 57.22 56.15 59.49

GT + Hard Negatives
10 58.91 58.61 59.50 61.23 59.09 59.76
15 58.91 58.68 59.05 60.29 58.69 58.42
20 58.31 58.31 58.68 59.76 57.09 60.70

GT + Hard Negatives + Stochastic Perturbation
10 59.05 58.83 59.72 60.96 58.82 59.09
15 58.83 58.76 60.09 60.56 58.29 57.75
20 58.83 58.91 60.09 60.16 58.56 57.75

Table 13: Empirical validation of Assumption 3.1 and 3.2
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GT non-GT
Variable Mean Median Mean Median
Information Gain (KL divergence) 0.3816 0.0723 0.3236 0.0790
Normalized logit ("True") 0.5868 0.6792 0.3385 0.2227

Table 14: Empirical validation of Theorem 3.3

Main Model Surrogate Model Scenario #Candidate Images #False Positive Candidates Percentage

Qwen3-VL-8B Qwen3-VL-2B

Angle 2763 69 2.5
Biological 957 6 0.63
Deformation 966 33 3.42
Incomplete 546 37 6.78
Obstruction 885 13 1.47
Others 1007 21 2.09
Partial 2196 13 0.59
Scope 857 10 1.17
Temporal 1346 57 4.23

Ovis2.5-9B Ovis2.5-2B

Angle 2763 45 1.63
Biological 957 15 1.57
Deformation 966 48 4.97
Incomplete 546 26 4.76
Obstruction 885 11 1.24
Others 1007 21 2.09
Partial 2196 20 0.91
Scope 857 8 0.93
Temporal 1346 33 2.45

Table 15: Per-catagory False Positive Analysis of Surrogate Model

This restricted setup is not intended to optimize the full answer-space objective directly; rather, it
provides a tractable proxy for testing whether higher latent utility scores correspond to larger shifts in the
target model’s answer distribution.

Table 14 shows a consistent positive alignment between latent helpfulness signals and answer-space
belief shifts. Candidates assigned higher surrogate helpfulness confidence tend to induce larger KL
divergence in the target model’s answer distribution. In particular, ground-truth (GT) images, which
typically receive higher surrogate confidence, also exhibit larger mean KL divergence than non-GT
candidates. More broadly, the ordering induced by surrogate helpfulness scores is positively aligned with
the ordering of estimated answer-space information gain. This monotonic empirical pattern is consistent
with the implication of Theorem 3.3, and provides supporting evidence for the practical validity of the
surrogate approximation.

E.4 Fine-Grained False Positive Analysis on MRAG-Bench

Table 15 reports a fine-grained false positive analysis across scenario categories in MRAG-Bench. We
observe relatively higher FP rates in Incomplete, Deformation, and Temporal categories. These scenarios
typically require transformation-invariant and structure-aware visual reasoning, such as recognizing
objects under temporal change, geometric deformation, or partial occlusion.

Such cases depend less on surface-level similarity and more on modeling object continuity and structural
consistency. The elevated disagreement in these categories suggests that smaller surrogate models and
larger main models may differ in how they encode object structure and physical transformations. Larger
models may develop stronger invariance to deformation and temporal variation, which can lead to divergent
ranking judgments in these settings.

Importantly, even in these more challenging categories, the absolute FP rates remain modest. Overall,
the analysis suggests that: (i) ranking disagreement between surrogate and main models is limited
in magnitude; (ii) when disagreements occur, they are concentrated in structurally complex scenarios
involving transformation or object continuity; and (iii) these findings reveal interpretable representational
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differences across model scales while still supporting the overall alignment between surrogate and main
models.

F Extended Case Studies

Figure 3(a) presents an example from MRAG-Bench that compares relevance-based methods (CLIP-Large
and GME) with our approach ( using Qwen3-VL-2B as the surrogate model), for identifying the exact
model of a car. In this case, the query image depicts a McLaren 675LT. However, relevance-based methods
incorrectly select an image of a McLaren 650S, likely because the retrieved candidate shares the same
red color with the query image, a salient but irrelevant attribute. Although visually similar, the retrieved
image does not provide the discriminative visual cues required to answer the question correctly.

Figure 3(b) presents an example from Visual-RAG that contrasts answer-level UQ with our discrimina-
tive utility estimation. The task is to identify the inside color of a black woodpecker’s mouth. For average
token probability-based UQ, the model assigns high confidence (0.98) to an image that does not reveal
the interior of the mouth, leading to an incorrect selection. Similarly, MC sampling-based UQ favors
an uninformative side-view image, where identical sampled answers (“yellow”) yield a misleadingly
high consistency score (1.0). Conversely, the truly helpful image induces multiple plausible but different
answers (“red” in one sample and “pink” in others), resulting in a lower consistency score (0.81). By
contrast, our method assigns a substantially higher utility score to the image that exposes the inside of
the mouth (0.97), while assigning near-zero scores to uninformative candidates. This example highlights
that answer confidence does not necessarily reflect evidence utility, and that directly estimating evidence
helpfulness leads to more reliable selection.

F.1 Failure Case Analysis
Task. Question: Among these characteristics, which one is improbable for this fruit after oxidation?

Choices: (A) Its skin develops a white, powdery substance. (B) It shrivels and becomes wrinkled. (C)
It develops blue molds. (D) It develops dark brown or black spots.

Ground-truth answer: (C) It develops blue molds.
Figure 4 shows a representative failure case in which the selected evidence is semantically related

to the query scene but not truly informative for the target reasoning task. The query asks which visual
characteristic is improbable for the fruit after oxidation, and the correct answer is C (It developed blue
molds). However, our method selects a flower image as the top evidence, with a predicted helpfulness
score of ptrue = 0.852, which is higher than the two ground-truth evidence images (0.706 and 0.777).

A plausible explanation is that the surrogate confuses botanical or contextual relevance with state-
relevant utility. The selected flower image shares plant-level visual cues with the query image, such as
green foliage, vine-like structure, and a natural growing context, and may therefore appear semantically
related to the underlying plant or fruit category. However, the question is not about identifying the fruit
species; rather, it requires reasoning about appearance changes after oxidation. For this question, the
truly useful evidence should depict oxidized or spoiled grapes, such as wrinkling, darkening, or surface
changes, as shown by the ground-truth images.

This example highlights a limitation of the helpfulness probe: when the task depends on state-specific
visual changes rather than object identity, the surrogate may assign a high score to candidates that are
botanically related but do not contain the discriminative evidence needed to answer the question. In other
words, the model captures what the object is associated with, but fails to capture how the object changes
under the queried condition.
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(a) Query image. (b) Top evidence selected by
our method. Although as-
signed the highest helpful-
ness score, it depicts a flower
rather than the target fruit.

(c) Ground-truth evidence
image 1. This image
directly reflects oxidation-
related changes of the fruit.

(d) Ground-truth evidence im-
age 2. This image also pro-
vides direct evidence of post-
oxidation fruit appearance.

Figure 4: A representative failure case of surrogate-based helpfulness estimation. The query asks about the
improbable visual characteristic of a fruit after oxidation. Our method assigns the highest helpfulness score to a
flower image, likely because it is botanically or contextually related to the query scene. However, this evidence is
not useful for the actual reasoning objective, which requires recognizing oxidation-induced state changes of grapes.
In contrast, the two ground-truth evidence images directly depict relevant post-oxidation appearances and are more
informative for answering the question.
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