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Abstract

Large Vision—Language Models (LVLMs)
increasingly rely on retrieval to answer
knowledge-intensive multimodal questions. Ex-
isting benchmarks overlook conflicts between
visual and textual evidence and the importance
of generating deflections (e.g., “Sorry, I cannot
answer...”) when retrieved knowledge is incom-
plete. These benchmarks also suffer from rapid
obsolescence, as growing LVLM training sets
allow models to answer many questions with-
out retrieval. We address these gaps with three
contributions. First, we propose a dynamic
data curation pipeline that preserves benchmark
difficulty over time by filtering for genuinely
retrieval-dependent samples. Second, we in-
troduce VLM-DeflectionBench, a benchmark
of 2, 775 samples spanning diverse multimodal
retrieval settings, designed to probe model be-
haviour under conflicting or insufficient evi-
dence. Third, we define a fine-grained evalu-
ation protocol with four scenarios that disen-
tangle parametric memorization from retrieval
robustness. Experiments across 20 state-of-the-
art LVLMs indicate that models usually fail
to deflect in the presence of noisy or mislead-
ing evidence. Our results highlight the need to
evaluate not only what models know, but how
they behave when they do not, and serve as
a reusable and extensible benchmark for reli-
able KB-VQA evaluation. All resources will
be publicly available upon publication.

1 Introduction

Large Vision—Language Models (LVLMs) are
rapidly moving into real-world applications where
reliability is critical (Caffagni et al., 2024a; Liu
et al., 2024). Users expect not only accurate an-
swers to complex multimodal queries, but also
trustful behavior when knowledge is missing or
contradictory. Indeed, LVLMs prompted to strictly
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Figure 1: Overview of VLM-DeflectionBench. Top:
LVLMs often hallucinate instead of abstaining when
context is misleading. Bottom: VLM-DeflectionBench
evaluates calibration across four scenarios-Parametric,
Oracle, Realistic, and Adversarial to test whether mod-
els align their behavior with available knowledge.

ground their answers in retrieved evidence should
state that the user request cannot be fulfilled when
said knowledge does not support a reliable answer.
Instead, models might generate an answer that can-
not be traced back to correctly retrieved evidence.
In this paper, we will refer to these two types of
answer as deflection and hallucination, respec-
tively. We note that both types of answers are
strictly speaking incorrect in that the user request
is not fulfilled. However, when faced with insuffi-
cient evidence, deflection is the preferable failure
mode.

Knowledge-based Visual Question Answering
(KB-VQA) provides a natural testbed to study these
behaviors. In KB-VQA, models must integrate
both visual inputs and retrieved textual or visual
passages to answer open-ended questions. Sev-
eral benchmarks (Mensink et al., 2023; Chen et al.,
2023; Chang et al., 2022; Lerner et al., 2022; Hu
et al., 2025) have addressed these problems, but
they face two limitations. First, they suffer from
rapid obsolescence: many questions that once re-
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quired retrieval can now be answered directly from
parametric knowledge. Second, they focus on ac-
curacy, but do not distinguish failure modes.

To close this gap we present VLM-
DeflectionBench, a new benchmark with a
strict retrieval-augmented generation evaluation.
As illustrated in Figure 1, models are judged
not only on what they know, but also on how
they behave when knowledge is missing or
misleading. An ideal system should abstain when
reliable evidence is absent, rather than hallucinate
unsupported answers.

With this benchmark we can address a central
question: can LVLMs deflect when they do not have
enough information? Our results show that the
answer is still no. Experiments with 20 state-of-
the-art LVLMs indicate that even the strongest pro-
prietary systems fail to deflect reliably, often hallu-
cinating when provided incomplete or distracting
knowledge.

We note that VLM-DeflectionBench is designed
as a reusable and extensible framework rather
than a one-off dataset. Future versions can re-
run the curation pipeline to incorporate additional
KB-VQA sources and include stronger models to
filter parametrically-answerable questions. This
ensures VLM-DeflectionBench will continue to
provide controlled conditions for measuring hal-
lucination and deflection behavior under realis-
tic retrieval noise, while preserving comparability
through fixed, versioned releases. To our knowl-
edge, it is the first KB-VQA benchmark to com-
bine multimodal retrieval with explicit evaluation
of hallucination and deflection, while also provid-
ing a dynamic foundation that can evolve alongside
LVLMs. In summary, our contributions are three-
fold:

* We propose a dynamic curation pipeline that
filters out parametrically solvable samples,
ensuring that retained questions remain gen-
uinely retrieval-dependent as models improve.

* We use this pipeline to build VLM-
DeflectionBench, a collection of 2,775 sam-
ples covering diverse multimodal retrieval sce-
narios, each paired with both gold and distrac-
tor contexts.

* We define a fine-grained evaluation protocol
with four complementary scenarios: paramet-
ric, oracle, realistic, and adversarial that disen-
tangle memorization from retrieval robustness

and explicitly measure hallucination versus
deflection.

2 Related Work

Knowledge-Based VQA Benchmarks. Re-
search on Knowledge-based Visual Question
Answering (KB-VQA) (Qiu et al., 2024; Wu
et al., 2025; Shah et al., 2019; Su et al.,
2025) has progressed from early entity-centric
datasets such as OK-VQA (Marino et al., 2019),
A-OKVQA (Schwenk et al., 2022), and Vi-
QuAE (Lerner et al., 2022), which assumed
every question was answerable and discouraged
abstention. InfoSeek (Chen et al., 2023) and
Encyclopedic-VQA (Mensink et al., 2023) intro-
duced retrieval pipelines, while WebQA (Chang
et al.,, 2022) emphasized multi-hop reasoning.
However, these benchmarks remained primarily
text-centric, where external knowledge was
supplied only as passages, without visual retrieval
or multimodal distractors. Evaluation thus reduced
to text-grounding accuracy, treating abstention
as incorrect. More recent multimodal retrieval
benchmarks (Wu et al., 2025; Dong et al., 2025)
such as MRAG-Bench (Hu et al., 2025) incor-
porate visual contexts, moving toward realistic
multimodal information needs. However, they still
lack explicit mechanisms for unanswerable queries
or for distinguishing hallucination from deflection.

Hallucination and Deflection Benchmarks.
Parallel efforts have begun probing reliability
beyond accuracy. Vision-only datasets such
as HaloQuest (Wang et al., 2024) and AM-
BER (Wang et al., 2023) diagnose hallucinations
from mis-grounded visual evidence, while text-
only sources (Yang et al., 2024; Wei et al., 2024)
such as MultiHop-RAG (Tang and Yang, 2024)
and GaRaGe (Sorodoc et al., 2025) include unan-
swerable queries and explicitly reward abstention.
However, they remain unimodal and cannot capture
conflicts between retrieved text and images.

Retrieval-Augmented Multimodal Models. Re-
cent advances in KB-VQA have focused on devel-
oping specialized architectures (Deng et al., 2025;
Yuan et al., 2025; Xuan et al., 2024; Chen et al.,
2022) — including hierarchical retrieval (Caffagni
et al., 2024b), re-ranking (Yan and Xie, 2024), and
adaptive control mechanisms (Cocchi et al., 2025;
Asai et al., 2024). These works highlight the cen-
trality of retrieval for LVLMs but generally assume
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Evaluation Scope

Benchmark

Evidence Configuration

Hallucination Deflection Scenarios Dynamic MM-Query MM-Context Pre-retrieved Negatives
OK-VQA (Marino et al., 2019) X X 1 X v X X X
A-OKVQA (Schwenk et al., 2022) X X 1 X v X X X
E-VQA (Mensink et al., 2023) X X 1 X v X X X
InfoSeek (Chen et al., 2023) X X 1 X v X X X
WebQA (Chang et al., 2022) X X 1 X X v v v
MRAG-Bench (Hu et al., 2025) X X 1 X v X v X
VIiQuAE (Lerner et al., 2022) X X 1 X v X X X
SK-VQA (Su et al., 2025) X X 1 X v X v X
MMDocRAG (Dong et al., 2025) X X 1 X X v v v
VLM-DeflectionBench v v 4 v v v v v

Table 1: Comparison of VLM-DeflectionBench with current KB-VQA benchmarks. Our benchmark is the only
one that explicitly evaluates hallucination and deflection across four retrieval scenarios: parametric (no additional
context), oracle (gold evidence only), realistic (mixed positive and negative evidence), and adversarial (only negative

contexts).

high retrieval quality and measure only accuracy,
leaving reliability under noisy or adversarial con-
texts underexplored.

Table 1 compares VLM-DeflectionBench with
other representative KB-VQA benchmarks. Ex-
isting resources focus narrowly on accuracy, omit
distractors, or rely on uncontrolled online retrieval,
which, while realistic, makes evaluation difficult to
control and reproduce over time. In contrast, VLM-
DeflectionBench explicitly evaluates hallucination
and deflection across four complementary scenar-
i0s, with pre-retrieved gold and distractor contexts
that preserve benchmark stability as LVLMs evolve.
To our knowledge, it is the first KB-VQA frame-
work to address hallucination and deflection in mul-
timodal retrieval.

3 Multi-Modal Deflection Benchmark

Unlike static datasets, VLM-DeflectionBench is
built through a dynamic pipeline parameterized by
strong open-weight models and an external eval-
uator, ensuring adaptability as model capabilities
evolve. As shown in Figure 2, the pipeline con-
sists of three stages: (i) filtering parametrically-
answerable samples, (ii) augmenting retained sam-
ples with gold and distractor knowledge contexts,
and (iii) quality control to guarantee both solvabil-
ity and difficulty.

3.1 Stage I: Filtering samples that can be
answered parametrically

Let Sy {z} denote the pool of raw samples
collected from heterogeneous KB-VQA sources.
A KB-VQA instance is * = (q,v,K,a), where
q is a question, v is an optional image, K is can-
didate knowledge, and a is the gold answer. We
denote by G = {G1,...,G,} aset of gating mod-

Source Samples Filtered (%) Query Context
InfoSeek 1646 5.6% Multi Textual
WebQA 826 16.6% Textual Multi
E-VQA 185 4.9% Multi Textual
MMDocRAG 58 1.5% Textual Multi
MRAG-Bench 45 3.3% Multi Visual
ViQuAE 15 1.2% Multi Textual
Total 2,775 5.1% Multi Multi

Table 2: Per-source breakdown of our dataset. We re-
port the number of retained samples, filtering rate, and
dominant modality for each source. The “Filtered” col-
umn indicates the percentage of samples retained from
the original source after applying our filtering criteria.

Statistic Value
Total samples 2,775
Unique questions 1,246
Unique query images 2,717
Avg. question length (words) 12.5
Avg. gold contexts per sample 1.9
Avg. negative contexts per sample  11.8

Table 3: Global statistics of VLM-DeflectionBench.
The dataset combines gold and negative contexts across
text and vision, ensuring multimodal coverage and non-
triviality.

els'. Not all sources provide visual inputs, so v
may be empty. This reflects the diversity of exist-
ing KB-VQA datasets, which range from purely
text-based queries to fully multimodal questions
requiring both text and images.

To eliminate parametrically solvable instances,
each G is queried in the parametric setting
with visual query (hereinafter, the parametric
setting), where the model receives the question
q together with the associated image v when
available, but no external knowledge:

a;

"'We set g = {GEMMA3-27B, QWEN-2.5-VL-32B,
INTERNVL3-38B, VL-RETHINKER-72B}
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Figure 2: Pipeline of VLM-DeflectionBench. Starting from 6 benchmarks, we apply parametric filtering to remove
query-solvable samples (STAGE I), retrieve negative (multimodal) contexts via different indices (STAGE II), then
perform oracle filtering to eliminate false positive contexts (where gating models fail) and unreliable negative

contexts (where gating models succeed) (STAGE III).

Gj(q,v). Responses are judged by an exter-
nal evaluator E: we use GPT-40 as a judge
with the SIMPLEQA prompt (Wei et al., 2024),
which assigns one of three labels: F(q,aj,a) €
{CORRECT, INCORRECT, NOT ATTEMPTED}Z.

We retain only samples unsolvable by all gating
models:

R(z)=1 = W
VG, € G, E(q,Gj(q,v),a) = INCORRECT.
This produces S; C Sy, a set requiring external

knowledge to solve.

3.2 Stage II: Knowledge Pairing and Negative
Mining

Each retained sample x € S is paired with gold

knowledge K (x)" and distractors K (x)~. If nega-

tives exist in the source dataset, we adopt them; oth-

erwise, we mine additional distractors via retrieval.

For textual negatives, we construct a Wikipedia

2We map these labels to our evaluation metrics as fol-
lows: CORRECT — Accuracy, INCORRECT — Hallucination,
NOT ATTEMPTED — Deflection.

index W7 and retrieve candidate pages using EVA-
CLIP (denoted as R?, where ¢ represents the simi-
larity function). These pages are then segmented
into passages and re-ranked using Contriever (Izac-

ard et al., 2021); for x = (¢, v, K, a):
C(x) = Chunk(top-10(R?(v; Wr))) )
K(x)™™ = Rerank(C(z)) \ K(z)*

For visual negatives, we build an index Wz of
query and metadata images, retrieving the top-10
most similar non-gold images:

K(z)7™8 = top-10(R?(v; Wr)) \ K (z)*. (3)

3.3 Stage III: Quality Control

We apply two checks. First, solvability: if all gating
models fail even with gold evidence, the sample is
discarded:

VG e G, E(q, Gj(q,v,K+),a) =INC. 4)

Second, distractor validity: if any gating model
exploits a distractor k£~ to answer correctly, that
distractor is removed:

3G; s.t. E(q,Gj(q,v,k™),a) = CORRECT. (5)
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Finally, we enforce a minimum of K ,;,, = 5 nega-
tives per sample, yielding the final benchmark:

§ = {s.(KE(@)" K@)}, ©

and we randomly shuffle the order of positive and
negative contexts before presenting them to mod-
els during evaluation, to simulate realistic retrieval
scenarios.

3.4 Benchmark Definition

The final benchmark comprises 2,775 curated sam-
ples, each paired with gold and distractor pas-
sages. All contexts are pre-retrieved, ensuring
reproducibility without external databases while
reflecting real-world retrieval noise.

Table 2 summarizes VLM-DeflectionBench, re-
porting per-source retention, filtering ratio, domi-
nant modality, and average of multimodal contexts.
Complementary statistics are shown in Table 3, in-
cluding unique questions and images, average ques-
tion length, and prevalence of multimodal distrac-
tors. Full distributions are provided in Appendix C.

3.5 Evaluation Scenarios

We define four scenarios by controlling the con-
text Z(z): Parametric (Zp(z) = () forces re-
liance on parametric knowledge only, while still
grounding on the input image v when available.
Oracle (Zp(x) = K™) supplies only gold knowl-
edge. Realistic (Zr(z) = K™ U K ) mixes gold
and distractors. Adversarial (Z4(z) = K7) in-
cludes only distractors. Ideal behavior varies by
scenario: Parametric should yield minimal accu-
racy, confirming our controlled strict-RAG setup;
Oracle should achieve high accuracy given perfect
evidence; Realistic should maintain high accuracy
despite distractors; Adversarial should maximize
deflection. Across all conditions, robust models
should exhibit low hallucination rates. We acknowl-
edge that some parametric accuracy is expected due
to models’ inherent knowledge.

Together, these scenarios span the full spectrum
from knowledge-free to perfectly grounded to noisy
and misleading contexts. Crucially, our framework
implements a rigorous strict retrieval-augmented
generation evaluation: we assess systems based on
their factual accuracy and their response when con-
fronted with inadequate or contradictory retrieved
context. A trustworthy RAG system should rec-
ognize when to withhold answers due to poor ev-
idence quality, rather than generate confident but
unsubstantiated claims.

4 Benchmark Evaluation

We evaluate across all scenarios using GPT-40 as
a judge with the SIMPLEQA protocol, following
prior works (Wei et al., 2024; Haas et al., 2025).
To verify robustness, we also conducted a human
validation study, which showed > 92% agreement
and Cohen’s k=0.91 across models of different
scales (Appendix E).

Since models are explicitly instructed to rely
solely on provided evidence (i.e., a strict RAG set-
ting), we assume all incorrect responses as hallu-
cinations. We acknowledge that in the Realistic
scenarios some INCORRECT predictions may cor-
respond to misgrounding (e.g., selecting a distrac-
tor) rather than unsupported fabrication. Never-
theless, we follow prior practice in grouping them
under hallucination for consistency and compara-
bility across scenarios. This unified formulation
provides a reproducible framework for knowledge-
based VQA.

4.1 Experimental Setup

We design our experiments to address four research
questions. First, we ask whether current LVLMs
can deflect reliably under different knowledge con-
ditions (Sec. 4.2). Second, we analyze how modal-
ity interacts with reliability (Sec. 4.3).

Third, we study how prompting strictness
influences the deflection—hallucination trade-off
(Sec. 4.4). Finally, we evaluate robustness to re-
trieval noise (Sec. 4.5).

We evaluate 20 representative LVLMs, spanning
both open-weight and proprietary systems. On
the open-weight side, we include multiple vari-
ants from major families: LLAVA-ONEVISION (Li
et al., 2024a), MINICPM-4.5-8B (Yao et al.,
2024), KEYE-1.5 (Yang et al., 2025), INTERNVL3
(9B, 38B) (Zhu et al., 2025), GLM-4.1V-
9B (Hong et al., 2025), PIXTRAL (Agrawal et al.,
2024), Ovis2 (16B, 34B) (Lu et al., 2024),
MISTRAL-SMALL-3.1-24B-INSTRUCT, ARIA (Li
et al., 2024b), GEMMA3-27B (Team et al., 2025),
QWEN-2.5-VL-32B (Bai et al., 2025) and VL-
RETHINKER (Wang et al., 2025), ranging from 7B
to 72B parameters.

For proprietary systems, we test CLAUDE-
4 (SONNET, OPUS), GPT-5 and GEMINI-2.5
(FLASH, PRrRO) (Comanici et al., 2025), represent-
ing the current frontier of commercial LVLMs.
All open-weight models are run with the vLLM
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Model Parametric Oracle Realistic Adversarial
AccT Deflt Hall| AcctT Defl] Hall] Acc Defl] Hall] AcctT DeflT Hall]
Open Source Models
LLaVA-OneVision 4.7 4.0 91.3 54.9 3.5 41.6 340 10.8 55.2 4.5 14.5 81.0
MiniCPM-V-4.5-8B 4.6 32 92.2 65.3 8.9 25.8 443 163 394 1.9 46.2 51.9
Keye-1.5-8B 3.0 239 73.1 63.4 9.3 273 476 119 40.5 2.8 43.4 53.8
InternVL3-9B 3.1 9.6 87.3 61.2 7.7 31.1 451 103 44.6 2.3 359 61.8
GLM-4.1V-9B-Thinking 4.9 7.7 87.4 55.2 31.5 13.3 374 402 224 1.2 76.3 22.5
Pixtral-12B 4.6 19.4 76.0 62.7 6.8 305 426 126 44.8 2.3 40.9 56.8
Ovis2-16B 4.0 25.2 70.8 64.4 4.2 314 611 37 352 39 24.2 71.9
Mistral-Small-3.1-24B-Instruct 2.5 70.9 26.6 42.6 47.1 10.3 235 61.6 14.9 0.6 83.8 15.6
Aria-25B 44 31.0 64.6 62.3 10.2 275 395 214 39.1 2.9 40.7 56.4
Gemma3-27B* 4.6 7.1 88.3 59.5 16.1 244 429 226 34.5 1.5 59.1 394
Qwen2.5-VL-32B-Instruct* 3.2 4.5 92.3 61.0 5.1 339 452 53 49.5 24 13.7 83.9
Ovis2-34B 4.5 21.7 73.8 66.5 6.7 27.8 49.1 7.6 433 32 38.7 58.1
InternVL3-38B* 4.8 1.4 93.8 64.2 13.2 22,6 503 15.8 339 2.5 55.2 423
VL-Rethinker-72B* 5.0 1.9 93.1 62.6 12.9 245 472 119 40.9 2.3 42.3 55.4
Closed Source Models

Claude-Sonnet-4 9.7 31.8 58.5 47.5 42.6 99 333 562 10.5 0.9 87.0 12.1
Claude-Opus-4 6.7 65.0 283 49.1 41.7 92 3211 594 8.5 0.7 88.3 11.1
Gemini-2.5-Flash 17.5 11.7 70.8 58.8 27.9 13.3 470 323 20.7 14 74.5 24.1
Gemini-2.5-Pro 27.0 7.5 65.5 59.8 26.3 139 51.0 285 20.5 1.7 76.1 222
GPT-5 23.7 1.5 74.8 73.1 14.3 126 595 15.0 25.5 4.1 61.2 34.7

Table 4: Performance of LVLMs across evaluation scenarios. We report Accuracy (Acc), Deflection Rate (Defl),
and Hallucination Rate (Hall). The number of negatives is fixed at 2 to match the average number of gold contexts
per sample, ensuring a balanced ratio of positive and negative evidence. * marks selected gating models.

framework?, using top-p = 1.0, repetition penalty
1.05, and temperature 0.2. Closed-source APIs are
queried with their default decoding settings. Un-
less otherwise specified, all experiments use the
moderate prompting strictness (see Appendix I for
full prompt details).

4.2 Deflection under Knowledge Conditions

Table 4 compares open- and closed-weight models
across the four scenarios. In the parametric set-
ting, where only the question and image are avail-
able, accuracy is near-zero for open-weight sys-
tems, confirming that VLM-DeflectionBench suc-
cessfully filters out parametrically answerable ques-
tions. The majority of models attempt to answer
most questions rather than abstain, with deflection
rates below 35%. The only exception is MISTRAL-
SMALL-3.1, which deflects on 70.9% of queries.
Proprietary systems behave differently: GEMINI-
2.5-Pro and GPT-5 obtain accuracies of 27.0%
23.7%, respectively, likely reflecting training-set
contamination.

Providing oracle knowledge boosts accuracy
substantially, with several open-weight models sur-
passing 60% (OV1s2-34B 66.5%), and even out-
performing CLAUDE-OPUS-4 (49.1%). Hallucina-

3https://docs.vllm.ai

tion, however, remains strikingly high: LLAVA-
ONEVISION hallucinates on 41.6% of queries de-
spite being given the correct evidence, showing that
grounding, not retrieval, is the primary bottleneck.

In the realistic setting, where gold evidence is
mixed with distractors, accuracy drops by 10-20
points and hallucination often exceeds 40%. For in-
stance, PIXTRAL-12B falls from 62.7% to 42.6%
accuracy, while even GPT-5 hallucinates on 25.5%
of queries.

Finally, in the adversarial setting with only dis-
tractors where the desired behavior is near-total
abstention, CLAUDE-OPUS-4 achieves 88.3% de-
flection and MISTRAL-SMALL-3.1 reaches 83.8%.
Some accuracy remains possible as models may
still possess parametric knowledge to answer cor-
rectly despite misleading context. Notably, consis-
tent with the parametric setting, most open-weight
systems attempt to answer questions rather than
deflect, with QWEN-2.5-VL providing incorrect
responses on 83.9% of queries.

Overall, no model achieves balanced relia-
bility: MISTRAL over-deflects, OVIS2 excels
only with clean evidence, and CLAUDE sacri-
fices oracle accuracy for adversarial robustness.
These contrasts illustrate the unique value of
VLM-DeflectionBench in exposing hallucina-
tion—deflection trade-offs that remain invisible
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when measuring accuracy alone.

Model Context Acct Defl| Halll
Positive  Negative

MM 80.1 33 16.6

Textual Visual 82.1 2.7 15.2

Keye-1.5-8B Textual 82.5 33 14.2

MM 1.0 82.5 16.5
Visual 94 19.2 71.4
Textual 0.9 82.8 16.3

MM 60.2 31.5 8.3
Visual 69.4 23.6 7.0
Textual 53.8 394 6.8

MM 0.8 98.1 1.1
Visual 3.8 93.2 3.0
Textual 1.1 97.4 1.5

MM 82.8 9.8 7.4
Visual 84.3 9.6 6.0
Textual 80.8 13.0 6.2

MM 18.8 729 83
Visual 353 508 13.9
Textual 289  63.2 79

Visual

Textual

Mistral-Small-3.1

Visual

Textual

Claude-Opus-4

Visual

Table 5: Effect of negative-context modality in the Re-
alistic scenario. Results reveal a language-over-vision
bias: models handle visual distractors well when posi-
tives are textual, but collapse when textual distractors
interfere with visual positives, demonstrating that mis-
leading text systematically overrides correct visual evi-
dence.

4.3 Impact of Negative Context

In Table 5 we analyze model behavior in the Real-
istic scenario when the modality of negative con-
texts varies across textual, visual, or both. We
evaluate 530 examples with textual positives and
266 examples with visual positives*. Notably, we
observe a consistent drop in overall performance
when moving from textual to visual positive con-
texts across all models, indicating that LVLMs
struggle more with visual knowledge grounding
than textual knowledge. When positives are textual,
models generally handle visual distractors well:
CLAUDE-OPUS-4 maintains 84.3% accuracy with
visual noise, while KEYE-1.5-8B even improves
slightly (82.1% vs. 80.1% with mixed noise). In
contrast, MISTRAL-SMALL-3.1 becomes more
conservative, dropping from 69.4% accuracy with
visual distractors to 60.2% with mixed, while de-
flection rises from 23.6% to 31.5%. The picture
reverses when positives are visual: textual distrac-
tors dominate. Both KEYE-1.5-8B and MISTRAL-
SMALL-3.1 collapse to near-zero accuracy (< 1%)

4Sample sizes differ because not all examples support both

multimodal positive and negative contexts due to source limi-
tations and question formulation constraints.

with deflection exceeding 80%, effectively refusing
to answer once misleading text is present. Even
CLAUDE-OPUS-4 falls from 35.3% accuracy with
visual distractors to 28.9% with textual ones. Mul-
timodal distractors produce intermediate results but
still degrade reliability.

Crucially, this asymmetry reverses the expected
grounding hierarchy: text dominates vision even
when vision carries the gold evidence. The pres-
ence of misleading text systematically overrides
correct visual signals, reducing accuracy across all
architectures. Multimodal distractors yield inter-
mediate degradation, reflecting partial—but still
language-weighted—fusion. These results expose
a persistent language-over-vision bias in current
LVLMs: they rely on textual priors even under
oracle visual grounding. This failure mode high-
lights the limits of current alignment training and
underscores the need for retrieval-aware grounding
strategies that weight evidence by modality relia-
bility rather than surface plausibility.

4.4 Effect of Prompt Strictness and Trade-offs

We test whether increasing the strictness of refusal
instructions affects the balance between deflection
and hallucination. Table 6 reports results for soft,
moderate, and severe prompts (see Appendix I for
full prompt text) in the realistic and adversarial sce-
narios. These prompts differ only in how forcefully
they direct the model to abstain when uncertain:
the soft version politely suggests caution; the mod-
erate version explicitly recommends abstention if
unsure; and the strict version mandates refusal un-
less the answer is fully supported. Results show
a clear but uneven effect. In the adversarial set-
ting, where the target behavior is near-total absten-
tion, stronger instructions substantially increase
deflection. For instance, MISTRAL-SMALL-3.1
jumps from 57.6% to 98.2% deflection with severe
prompting, nearly eliminating hallucinations. Pro-
prietary systems such as CLAUDE-OPUS-4 also
benefit, though less dramatically (87.0 — 92.2%).
By contrast, in the realistic setting where gold evi-
dence is mixed with distractors, severity introduces
a trade-off: hallucination decreases, but accuracy
collapses. For example, KEYE-1.5-8B drops from
58.7% to 36.2% accuracy, while MISTRAL falls
from 57.7% to 9.2% accuracy under severe prompt-
ing, reflecting excessive caution. Overall, prompt
engineering is a powerful but blunt tool for the
prompts we tested. Strong refusal instructions en-
force abstention in adversarial cases but cause over-
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Figure 3: Effect of distractor quantity in the Realistic scenario, including Oracle results (0 distractors) for reference.
Accuracy declines and hallucination rises as negatives increase, while deflection shows limited improvement.

deflection in realistic ones, undermining accuracy
even when valid evidence is present. While model-
specific prompt optimization might achieve bet-
ter accuracy-deflection trade-offs, our results sug-
gest that distinguishing genuine uncertainty from
noisy retrieval remains difficult and cannot be eas-
ily solved by prompting alone.

4.5 Robustness to Retrieval Noise

To test how LVLMs cope with noise, we vary the
number of negatives from 1 to 10 in the realistic
scenario (Figure 3). Results reveal a sharp vul-
nerability to distractor density. Accuracy steadily
declines while hallucination rises, even for strong
systems. For instance, OVIS2-16B drops from
59.8% accuracy with one distractor to 35.9% with
ten, with hallucination nearly doubling (36.5% —
57.6%). Proprietary models are more resilient but
not immune: the accuracy of CLAUDE-OPUS-4
still falls from 42.2% to 27.4%, while its hallu-
cination remains between 9-15%. Crucially, de-
flection does not increase enough to compensate.
MISTRAL-SMALL-3.1-24B, for example, raises
its deflection rate only marginally (52.0 — 55.9%)
while accuracy collapses from 37.5 to 18.3%). This
pattern shows that models prefer hallucination over
abstention when retrieval is cluttered.

Overall, this experiment demonstrates that re-
trieval noise, not just retrieval quality, is a funda-
mental bottleneck. As soon as distractor density in-
creases, both open-weight and proprietary models
struggle to separate signal from noise, defaulting
to hallucinations instead of deflection, even when
explicitly prompted to deflect properly.

Realistic Adversarial

Model Severity

Acct Defll Hall| AccT DeflT Halll]

None 587 47 366 41 210 749

Soft 569 88 343 32 372 597

Keye-1.5-8B Moderate 560 9.8 342 3.1 438 53l
Severe 362 429 209 15 772 213

None 579 10 411 46 57 897

) Soft 594 24 382 38 137 825
Ovis2-16B Moderate  61.1 37 352 39 242 719
Severe 509 214 277 17 623 360

None 577 169 254 22 576 402

) Soft 510 273 217 17 693 290
Mistral-Small-3.1 -\ iorae 235 616 149 0.6 838 156

Severe 92 899 09 02 982 16

None 37.7 520 10.3 0.6 87.5 11.9

Soft 38.1 52.0 9.9 0.8 87.0 12.2

Moderate  32.1 59.4 8.5 0.7 88.3 11.0
Severe 320 623 5.7 0.7 922 7.1

Claude-Opus-4

Table 6: Effect of prompt strictness across Realistic and
Adversarial scenarios for four representative LVLMs.
Higher strictness increases deflection rates and reduces
hallucination while decreasing accuracy in realistic sce-
narios.

5 Conclusion

We introduced VLM-DeflectionBench, a bench-
mark for measuring how LVLMs balance accu-
racy, deflection, and hallucination under vary-
ing knowledge conditions. Results show that
even top-performing systems hallucinate when ev-
idence is incomplete and over-deflect when re-
fusal cues are too strong, revealing a lack of cali-
brated confidence. Beyond static datasets, VLM-
DeflectionBench provides a flexible and model-
agnostic framework that can evolve with stronger
judging and gating models. By unifying KB-VQA
and retrieval-augmented evaluation under a com-
mon protocol, it offers a step toward trustworthy
multimodal reasoning—where models learn not
only to answer correctly but also to know when not
to answer.
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6 Limitations

We acknowledge several limitations of our work.
First, our evaluation relies on GPT-40 with the val-
idated SIMPLEQA protocol as an automatic judge.
This enables scalability and consistency, but it can-
not fully replace human annotations, especially for
nuanced multimodal reasoning. Second, the bench-
mark inherits biases from its source datasets, which
are predominantly text-centric and may underrepre-
sent knowledge that is primarily visual or domain-
specific.

Third, our experiments are limited to license-
friendly or API-accessible models, which excludes
certain families such as some LLaMA-based deriva-
tives. Fourth, LVLMs may show stochastic variabil-
ity across runs; due to inference costs we report re-
sults on a single pass per query, while acknowledg-
ing that repeated sampling could yield small fluc-
tuations. Fifth, VLM-DeflectionBench focuses
on short-form question answering; extending it to
long-context reasoning or interactive dialogue re-
mains open for future work. These limitations high-
light opportunities for further research without di-
minishing our central finding that hallucination and
deflection remain persistent challenges, especially
for Retrieval Augmented Generation models.

Finally, due to the fact that the benchmark is
constructed from pre-existing publicly available
datasets, we cannot guarantee that offensive and
harmful language and images are not included from
the source datasets.
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Appendix

This appendix provides supplementary materials
and extended analyses to complement the main pa-
per. We first present a detailed comparison between
our benchmark and prior multimodal question-
answering datasets. We then discuss guidelines
for refreshing the benchmark, analyze data compo-
sition and pipeline convergence, and compare GPT-
4o-based automatic judgments with human annota-
tions. Further sections include model-wise perfor-
mance breakdowns, sensitivity to prompt strictness,
implementation details, full prompt templates, and
qualitative examples illustrating common failure
modes. These materials are intended to ensure
transparency, reproducibility, and a deeper under-
standing of our proposed benchmark.

A Extended Comparison with existing
benchmarks

Our benchmark draws on six publicly available
datasets, each targeting complementary aspects of
knowledge-intensive multimodal reasoning.

InfoSeek (Chen et al., 2023) is a large-
scale knowledge-seeking VQA dataset built from
Wikipedia. It combines a high-quality human-
written set with over 1.3M automatically generated
image—question—answer pairs, designed to test fine-
grained factual queries about images that require
external knowledge rather than surface-level recog-
nition.

Encyclopedic-VQA (Mensink et al., 2023) em-
phasizes fine-grained, encyclopedic knowledge. It
contains over 220k unique question—answer pairs
linked to 16.7k categories, each paired with mul-
tiple images. Questions are grounded in ~2M
Wikipedia articles, many requiring multi-hop rea-
soning and providing evidence attribution to spe-
cific passages.

WebQA (Chang et al., 2022) simulates real-
world web search QA. It consists of ~46k user-like
queries paired with noisy pools of text snippets
and images retrieved from the web, including hard
distractors. Queries often require multi-hop rea-
soning across modalities, making it a challenging
open-domain multimodal QA benchmark.

MMDocRAG (Dong et al., 2025) targets
retrieval-augmented generation over long multi-
modal documents. It comprises ~4k annotated QA
pairs grounded in 222 documents across diverse
domains, interleaving text with tables, charts, and
figures. The benchmark evaluates whether mod-

els can retrieve fine-grained evidence and generate
answers that may integrate both text and visual
content.

MRAG-Bench (Hu et al., 2025) is a diagnostic
benchmark for vision-centric retrieval-augmented
QA. It includes 1.3k multiple-choice questions and
a curated corpus of ~9.6k images. Scenarios are
designed around perspective changes and transfor-
mations, requiring retrieval of supporting images
to answer questions that textual knowledge alone
cannot resolve.

ViQuAE (Lerner et al., 2022) is a smaller-scale
benchmark (~3.7k examples) focusing on entity-
centric knowledge-based VQA. Questions origi-
nate from TriviaQA, with the entity mention re-
placed by an image. Each example links to the rele-
vant Wikipedia page and section, requiring models
to identify the entity visually and retrieve the corre-
sponding fact.

These datasets span encyclopedic, web-based,
document-level, vision-centric, and entity-centric
settings, providing a diverse testbed for evaluating
retrieval-augmented multimodal language models.

B Benchmark Evolution and
Maintenance

Although this release of VLM-DeflectionBench is
fixed and versioned for comparability, the underly-
ing pipeline is designed for controlled evolution.
Its modular structure supports the inclusion of new
models, data sources, and evaluation criteria as the
field advances. When stronger models reach high
parametric accuracy, they can be incorporated into
the gating pool to reapply filtering and remove sam-
ples that no longer require retrieval. This procedure
keeps VLM-DeflectionBench retrieval-dependent
and behaviorally informative, while explicit ver-
sioning guarantees reproducibility across updates.
Implementation details are provided in Section H.

Beyond stability, a central strength of our frame-
work lies in its flexibility. The pipeline is not tied
to a fixed ensemble or annotation protocol but can
be adapted to any retrieval-augmented benchmark.
In practice, researchers can substitute the gating
models with the strongest available candidates and
use the most reliable automatic judge for evalua-
tion. As new LVLMs and RAG systems emerge,
this design remains future-proof, since it makes no
assumptions about specific architectures or knowl-
edge sources.

This flexibility also enables integration across di-

28359



verse knowledge-grounded tasks. Any KB-VQA or
RAG benchmark can be incorporated by re-running
the same pipeline with updated models, ensuring
consistent retrieval dependence and evaluation se-
mantics. Moreover, because the framework ex-
plicitly enforces retrieval grounding, it harmonizes
datasets that have historically differed in annotation
style, distractor construction, or evaluation criteria.

We view VLM-DeflectionBench as a founda-
tion for unified evaluation in the KB-VQA com-
munity: a shared judge, a principled deflection-
aware metric, and an ensemble of retrieval-
dependent samples that evolve transparently
with model progress. By decoupling bench-
mark content from model implementation, VLM-
DeflectionBench remains both reproducible and
extensible, able to grow with the field while
preserving comparability across generations of
LVLMs.

C Data Distribution Analysis

To assess whether our filtering pipeline alters the
topical composition of the data, Figure 4 compares
sample distributions before and after curation, fol-
lowing Tang et al. (2025). We use BERTOPIC
to cluster questions based on embeddings from
OPENAI TEXT-EMBEDDING-3-LARGE, reduced
via UMAP and grouped with HDBSCAN using
cluster probability scores. For interpretability, we
select ten representative questions per cluster and
use GPT-4o to assign category names and brief de-
scriptions (each defined by the query image and
question). The left panel aggregates all six source
benchmarks (INFOSEEK, ENCYCLOPEDIC-VQA,
WEBQA, MMDOCRAG, VIQUAE, and MRAG-
BENCH); the middle panel shows the resulting dis-
tribution in VLM-DeflectionBench; and the right
panel overlays the two. While relative weights
shift slightly (e.g., Identifying Features and Food
and Drinks become marginally more frequent), the
overall long-tailed shape is preserved. In particular,
core categories such as Object Identification and
Conservation Status remain within one to two per-
centage points of their original prevalence. This
analysis confirms that our filtering pipeline does not
bias VLM-DeflectionBench toward a few sources
or topics but maintains a broad and diverse ques-
tion distribution while enforcing stricter retrieval
dependence and grounding fidelity.

D Pipeline Effectiveness and Convergence

Figure 5 illustrates how dataset composition
evolves as successive filters are applied in our
pipeline. To assess convergence, we monitor three
representative LVLMs: KEYE-1.5-8B, OvIsS2-
16B, and MISTRAL-SMALL-3.1-24B-INSTRUCT
under the parametric setting. As expected, accu-
racy decreases monotonically with each stage, indi-
cating that questions solvable through parametric
recall are progressively eliminated. At the same
time, deflection increases, showing that the remain-
ing samples require grounding in external evidence
rather than model memory. Hallucination rates also
rise, reflecting the removal of parametric instances
and the retention of more challenging, knowledge-
intensive ones. The rightmost panel shows that over
90% of the initial ~45.9k pooled samples are fil-
tered out, converging to approximately 2.7k. This
reduction stems not only from eliminating para-
metrically answerable items but also from pruning
residual noise—ambiguous queries, unanswerable
cases even under gold evidence, and false nega-
tives where distractors were mislabeled as posi-
tives. Convergence stabilizes after four models, as
the inclusion of GPT-40 produces negligible addi-
tional filtering. We therefore define this point as the
convergence threshold, balancing dataset compact-
ness and source coverage. Despite this aggressive
pruning, the final dataset preserves the relative dis-
tribution of sources from the original pool (see Fig-
ure 4), ensuring representativeness. Overall, these
trends confirm that the pipeline effectively sup-
presses parametric leakage, removes residual noise,
and converges to a compact yet diverse dataset
where success requires genuine retrieval-based rea-
soning rather than memorization. The complete
workflow is formalized in Algorithm 1.

E Human Validation vs. GPT-40
Judgments

To evaluate the reliability of GPT-40 as an auto-
matic judge, we conducted a human validation
study. We sampled 100 responses per model,
balanced across the four evaluation scenarios,
from four representative LVLMs spanning differ-
ent scales: KEYE-1.5-8B (small, open-weight),
OvIs2-16B (mid-size, open-weight), MISTRAL-
3.1-24B-INSTRUCT (large, open-weight with
refusal-oriented prompting), and CLAUDE-OPUS-
4 (frontier-level proprietary). In total, 400 re-
sponses were annotated by a human rater using the
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Figure 4: Comparison of category distributions before and after curation. (Left) Aggregate distribution of the
six original source benchmarks. (Middle) Final distribution in VLM-DeflectionBench. (Right) Overlay showing
relative shifts across categories.
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Figure 5: Performance on Parametric Scenario and dataset size as models are incrementally added to the filtering
pipeline. Convergence is reached after four models, with over 90% of samples removed.

same SIMPLEQA rubric with three labels: COR-
RECT, INCORRECT, and NOT_ATTEMPTED.

We compared human and GPT-4o0 labels us-
ing two complementary metrics: (i) raw agree-
ment (%), the proportion of identical labels, and
(i) Cohen’s k, which accounts for chance agree-
ment given the label distribution (k=1 indicates
perfect, k=0 chance-level agreement). Results in
Table 7 show consistently high alignment across
models, with an average agreement of 92.6% and
k=0.91, corresponding to almost perfect agree-
ment. Discrepancies were rare and largely involved
borderline cases such as partially correct answers
or cautious refusals. These findings confirm that
GPT-40 provides a reliable and reproducible ba-
sis for large-scale automatic evaluation in VLM-

DeflectionBench.

F Performance Breakdown by sources

While the main paper reports results averaged
across sources, Table 8 provides a more detailed
analysis, showing per-dataset performance for four
representative LVLMs: KEYE-1.5-8B, OVIS2-
16B, MISTRAL-SMALL-3.1-24B-INSTRUCT, and
CLAUDE-OPUS-4. Three consistent patterns
emerge.

First, performance varies substantially across
datasets, revealing heterogeneous difficulty. IN-
FOSEEK is particularly challenging in the para-
metric setting, where accuracy remains near zero
across all models, but improves markedly once gold
evidence is available in the oracle scenario. In con-
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Algorithm 1: Dynamic Curation Pipeline

Input: Raw samples .Sy, Gating models G,
Textual KB Ky, Visual KB Kjp,,
Threshold Kpin

Output: Curated benchmark S*

51 — 0 5

for s € Sy do

decisions < {J(g(Is,qs)) : g € G} ;

if all(decisions = INCORRECT) then
L S+ S1 U {S} ;

for s € S; do
K + gold contexts ;
K. < retrieve negatives from
Kix, Kimg 5
ifﬂg €G: J(Q(I&QS:K;—)) =
CORRECT then
L discard s; continue;
forn € K do
if 3g € G: J(g(Is,9s,m)) =
CORRECT then
L remove n ;

if |K; | < Kpin then
L discard s ;

else
L retain s with (K, K ;

return S* ;
Model Agreement (%) Cohen’s x
KEYE-1.5-8B 91.1 0.90
Ovis2-16B 92.4 091
MISTRAL-3.1-24B 94.0 0.92
CLAUDE-OPUS-4 93.0 0.92
Average 92.6 0.91

Table 7: Human validation of GPT-40 judgments (100
samples per model, balanced across scenarios). We
report raw agreement (%) and Cohen’s k. Averages are
computed across the four models.

trast, WEBQA and ENCYCLOPEDIC-VQA yield
higher accuracy under both oracle and realistic con-
ditions, while smaller datasets such as VIQUAE
exhibit instability due to limited sample size, pro-
ducing large metric fluctuations across models and
scenarios.

Second, hallucination patterns closely mirror the
availability of evidence. In the parametric scenario,
hallucination is consistently high as models rely

on internal memory. Once oracle passages are sup-
plied, hallucination decreases across all sources,
confirming that relevant grounding effectively con-
strains model generations. However, in adversar-
ial settings, hallucination resurges sharply, demon-
strating that carefully designed distractors remain
highly effective at misleading LVLMs.

Finally, model ranking remains largely stable
across sources. CLAUDE-OPUS-4 and OVIS2-16B
maintain higher accuracy and lower hallucination
than KEYE-1.5-8B and MISTRAL-SMALL-3.1-
24B, though all systems exhibit vulnerabilities in
adversarial contexts. Even for strong models, gains
on INFOSEEK under oracle grounding are modest,
underscoring the intrinsic difficulty of encyclope-
dic reasoning.

Overall, this breakdown confirms that bench-
mark difficulty is not uniform: datasets differ both
in absolute difficulty and in how models trade off
accuracy, deflection, and hallucination. These vari-
ations highlight the importance of combining mul-
tiple KB-VQA sources to achieve a comprehensive
and robust evaluation of retrieval-grounded reason-
ing.

G Further Effect of Prompt Strictness

Table 9 extends the main analysis of prompt sever-
ity by reporting results in the parametric and or-
acle scenarios. While the main paper highlighted
clear trade-offs in the realistic and adversarial
settings, these additional results reveal how re-
fusal instructions behave in knowledge-free and
perfectly grounded contexts. In the parametric
case, where the target behavior is near-complete
deflection, stronger prompts do encourage absten-
tion. For example, CLAUDE-OPUS-4 rises from
32.7% to 97.8% deflection when moving from no
prompt to severe prompting, almost eliminating
hallucination (54.6% — 1.6%). A similar trend
holds for MISTRAL-SMALL-3.1, which achieves
99.5% deflection under severe prompting. These
results confirm that explicit refusal instructions are
highly effective when models truly lack knowledge.
In the oracle setting, however, severe prompting
leads to systematic over-deflection, even when gold
knowledge is provided. For instance, OViS2-16B
accuracy falls from 65.0% (soft) to 52.3% (severe),
while deflection rises sharply from 2.3% to 25.1%.
Similarly, CLAUDE-OPUS-4 loses over 10 points
of accuracy under severe prompting, despite having
access to perfect evidence. This pattern highlights
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Parametric Oracle Realistic Adversarial
Model Source # Sampl

AcctT DeflT Hall] Acc?T Defl] Hall] Acct Defl] Hall| AcctT DeflT Halll]

Infoseek 1,646 1.6 17.1 813  56.7 11.7 31,6 47.1 10.8  42.1 0.9 38.4 60.7

WebQA 826 5.6 28.6 659 795 44 16.1 70.7 8.6 20.7 6.5 52.7 40.8

Encyclopedic-VQA 185 3.8 27.0 692 773 11.9 108 735 9.7 16.8 22 66.5 31.4

Keye-1.5-8B MMDocRAG 58 0 31.0 69.0  69.0 0 31.0 603 0 39.7 15.5 12.1 72.4
MRAG-Bench 45 11.1 44 844 378 8.9 533 35.6 6.7 57.8 8.9 26.7 64.4

ViQuAE 15 6.7 333 60.0 467  40.0 133 533 200 267 6.6 46.7  46.7

Total 2,775 31 214 755 648 9.4 258  56.0 9.8 34.2 31 438 531

Infoseek 1646 22 270 708 534 5.1 415 493 5.0 45.7 0.5 20.9 78.6

WebQA 826 7.6 19.1 733 86.1 1.0 129 826 0.2 17.2 8.7 249 66.4

Encyclopedic-VQA 185 38 35.7 60.5 79.5 49 156  80.0 49 15.1 5.4 40.5 54.1

Ovis2-16B MMDocRAG 58 0 36.2 63.8  62.1 6.9 310 655 8.6 259 52 60.3 34.5
MRAG-Bench 45 11.1 20.0 63.9 11.1 244 645 133 8.9 77.8 11.1 11.3 75.6

ViQuAE 15 0 13.3 86.7  60.0 0 40 66.7 0 333 6.7 6.6 86.7

Total 2,775 4.0 252 708 644 4.2 314 611 3.7 35.2 3.9 242 719

Infoseek 1646 1.2 68.3 30.5 38.0 49.7 123 264 589 14.7 0.1 76.4 23.5

WebQA 826 5.1 73.1 21.8  438.1 45.6 6.3 426 523 5.1 0.8 96.6 2.6

Encyclopedic-VQA 185 22 81.6 162 649  28.1 7.0 622 303 75 1.1 88.1 10.8

Mistral-Small-3.1 MMDocRAG 58 0 79.3 20.7  50.0 379 12.1 39.7 448 15.5 1.7 91.4 6.9

MRAG-Bench 45 8.9 66.7 24.4 6.7 66.7 26.6 22 91.1 6.7 44 91.1 4.5

ViQuAE 15 0 80.0 20.0 533  46.7 0 533 467 0 13.3 80.0 6.7

Total 2,775 2.5 709 26.6 42.6 47.1 103 235 61.6 14.9 0.6 83.8 15.6

Infoseek 1646 4.4 59.1 36.5 36.5 53.0 105 273  64.1 8.6 0.2 84.9 14.9

WebQA 826 1.3 719 16.8 712  21.1 7.7 63.8 285 7.7 0.8 94.9 43

Encyclopedic-VQA 185 2.7 85.9 114 692 265 43 682 275 43 1.1 91.3 7.6

Claude-Opus-4 MMDocRAG 58 34 79.3 173 534 310 156 517 276 20.7 34 82.8 13.8

MRAG-Bench 45 20.0 489 31.1 11.1 82.2 6.7 11.1 71.1 17.8 6.7 91.1 2.2

ViQuAE 15 13.3 80.0 6.7 533 467 0 53.3 333 13.4 6.6 66.7 26.7

Total 2,775 6.7 65.0 283 49.1 41.7 9.2 321 59.4 8.5 0.7 88.3 11.1

Table 8: Breakdown of performance across individual sources for four representative LVLMs. Results are reported
in terms of accuracy, deflection, and hallucination under parametric, oracle, realistic, and adversarial settings. The
table highlights heterogeneous dataset difficulty, systematic effects of external grounding on hallucination, and

consistent relative model ranking across sources.

a key limitation: while severity enforces absten-
tion in knowledge-sparse settings, it also under-
mines performance when knowledge is available,
effectively biasing models toward excessive cau-
tion. Overall, these results strengthen our main
conclusion that prompt severity is a blunt tool: it
can enforce deflection in parametric and adversarial
contexts, but at the cost of suppressing accuracy in
oracle and realistic ones. Reliable calibration there-
fore requires methods beyond simple refusal in-
structions, since current models cannot selectively
adapt their abstention threshold to the evidence
provided.

H Implementation Details

We employ a CLIP-based encoder (i.e., EVA-CLIP-
18B (Sun et al., 2024)) to encode either textual
metadata or visual content into dense vectors w; €
R?, which are stored in a similarity-search index
W = {w;};. Retrieval is carried out via cosine sim-
ilarity between query embeddings and indexed fea-
tures. For each benchmark, we systematically ex-
plore both retrieval modalities: (i) Textual, where
an input image is mapped to Wikipedia text (ei-
ther titles only (T) or titles plus summaries (T+S));

Model Severity Parametric Oracle

AcctT Defl| Hall] Acc?T DeflT Hall|

None 46 45 909 680 29  29.1

Soft 41 114 845 658 69 273

Keye-1.5-8B Moderate 3.1 214 755 648 94 258
Severe 0.6 823 17.1 375 470 155

None 53 96 8.1 630 12 358

) Soft 40 248 712 650 23 327
Ovis2-16B Moderate 4.0 252 708 644 42 314
Severe 07 895 9.8 523 251 226

None 64 333 603 662 141 197

. Soft 45 486 469 610 225 165
Mistral-Small-3.1 ypoqerae 2.5 709 266 426 471 103

Severe 0. 995 04 133 858 09

None 127 327 546 524 370 106

Soft 9.1 490 419 516 370 114

Claude-Opus-4  \/derate 67 650 283 491 417 92

Severe 0.6 978 1.6 400 531 69

Table 9: Deflection prompt strictness effects in the Para-
metric and Oracle scenarios across four LVLMs. In-
creasing strictness successfully raises deflection rates
and reduces hallucination in strong models, but comes
at the cost of significant accuracy degradation, revealing
fundamental trade-offs in reliability tuning.

and (ii) Visual, where similarity is computed di-
rectly between images (I21). The retrieval modal-
ity with highest performance on each dataset is
selected. For InfoSeek, we adopt image-to-text
retrieval (I2T). The knowledge base is built from
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the provided English Wikipedia dump, containing
roughly 6M entities. After retrieving the top-10
candidate pages, we further segment each page
into 250-token passages with 32-token overlap us-
ing CONTRIEVER (Izacard et al., 2021), ensuring
well-formed sentence boundaries and more tar-
geted retrieval. For Encyclopedic-VQA, we in-
stead rely on image-to-image retrieval (I2I). The
knowledge base here is the dataset-provided collec-
tion of Wikipedia pages (about 2M entries), which
differs from the full 6M-page dump used for InfoS-
eek. Query images are compared against the first
image of each page, and the top-5 retrieved pages
are subsequently segmented into 250-token pas-
sages with 32-token overlap using the same CON-
TRIEVER-based procedure. For MRAG-Bench,
which supplies its own knowledge base, we con-
struct an index from the provided images and per-
form I2I retrieval of top-20 examples, excluding
those overlapping with gold evidence. ViQuAE
follows the same text-based strategy as InfoSeek
(I2T with page segmentation). In contrast, WebQA
and MMDocRAG require no external retrieval, as
positive and negative candidates are already pro-
vided. Notably, in principle the retrieval process
could be reduced to a simple overlap filtering step
with gold evidence. However, we design a more
complex pipeline to prioritize the generation of
challenging and plausible negative contexts, rather
than maximizing retrieval precision. This choice
ensures that the benchmarks serve their primary
purpose: evaluating model robustness under diffi-
cult distractor conditions.

I Evaluation Prompts

Figure 6 illustrates the system prompt used to con-
strain models to rely only on the provided context.
All evaluations were conducted with the moder-
ate prompt (Figure 8), which instructs models to
answer only when sufficiently confident. For the ab-
lation experiments on prompt strictness (Tables 6
and 9), we additionally considered the soft and
severe variants (Figures 7 and 9), corresponding
to looser and stricter abstention requirements, re-
spectively. These variants allow us to analyze how
LVLMs trade off coverage and reliability under
different answering conditions.

J Qualitative Analysis and Failure Modes

Figures 10—-16 show representative Oracle cases
(gold evidence provided). The examples surface

three recurring behaviors under perfect evidence:
(1) correct grounding (e.g., OVIS2-16B, CLAUDE-
OpuUSs-4 in Figures 10, 14); (ii) over-deflection de-
spite sufficient evidence (e.g., MISTRAL-3.1-24B
in Figures 10, 11, and 15); and (iii) hallucination
with gold context (e.g., OVIS2-16B in Figures 12,
13, and CLAUDE-OPUS-4 in Figure 14, 15).

Textual gold (Figures 10, 11, 14) often enables
precise answers, yet some models still refuse (over-
deflect) or produce unsupported numbers. Visual
gold (Figures 12, 13, 15, 16) exposes calibration
gaps: models either misidentify fine-grained cat-
egories or abstain even when the image suffices.
These cases confirm that remaining errors are not
due to retrieval quality but to evidence utilization:
models must better distinguish when gold evidence
is adequate to answer versus when abstention is
warranted.
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System Prompt

You are a helpful assistant in a Retrieval-Augmented Generation (RAG) scenario.
You may receive:

- Textual information from retrieved documents

- Visual information from images

- Multimodal content combining both text and images

Figure 6: System prompt used in our RAG experiments showing the initial instructions given to the model.

SOFT Uncertainty Level Prompt

Answer the question based on the available information. You may abstain if
necessary. Answer:

Figure 7: Soft prompt variant encouraging models to answer based on available information with optional deflection
when necessary.

MODERATE Uncertainty Level Prompt

Please provide an answer only if you feel confident in its accuracy. If you are
uncertain or the available information is insufficient to provide a reliable
answer, please abstain rather than guessing. Answer:

Figure 8: Moderate prompt variant instructing models to answer only when sufficiently confident in accuracy, with
deflection preferred over uncertain responses.

SEVERE Uncertainty Level Prompt

You must provide an answer ONLY if you are completely certain of its accuracy.
If there is ANY doubt or uncertainty, you MUST refuse to answer and state “I
cannot answer this question.” Do not attempt partial or uncertain responses.
Answer:

Figure 9: Severe prompt variant requiring models to answer only when completely certain, mandating deflection for
any uncertainty or doubt.
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Source: ENCYCLOPEDIC-VQA

Context: The primary diet of M. tener consists of other snakes, primarily earth
snakes, and other small fossorial species. It is cannibalistic. It also occasionally
eats small lizards, but the consumption of rodents by coral snakes is rare.

Question: What does this reptile eat?
GT Answer: Earth snakes, fossorial species.

OVIS2-16B: This reptile, which appears to be a coral snake, primarily eats other snakes, particularly earth snakes
and other small fossorial species. It is also known to be cannibalistic and occasionally consumes small lizards. The
consumption of rodents by coral snakes is rare. JUDGE: CORRECT

MISTRAL-3.1-24B: 1 cannot provide an answer based on the given information because the context
provided refers to a different species, M. tener, and does not specify the species of the snake in the image.
JUDGE: NOT_ATTEMPTED

CLAUDE-OPUS-4: Based on the retrieved information provided, this reptile (which appears to be a coral snake
based on its distinctive banding pattern) primarily eats other snakes, especially earth snakes and other small fossorial
species. It is also cannibalistic, meaning it will eat other coral snakes. Additionally, it occasionally consumes small
lizards, though rodent consumption is rare. JUDGE: CORRECT

Figure 10: Example from ENCYCLOPEDIC-VQA (Oracle). All models are given gold textual evidence about the
coral snake’s diet. OVIS2-16B and CLAUDE-OPUS-4 ground their answers correctly, while MISTRAL-3.1-24B
deflects despite sufficient information, illustrating conservative behavior under clear evidence.

Source: ENCYCLOPEDIC-VQA

Context: The agile frog prefers light deciduous mixed forests with plentiful water.
The open land around a forest is often also populated, as long as it is connected to
the forest by shrubs. In dry, warm forests, this species often also lives far away
from the water. Of the three Middle European Rana species, this frog likes warmth
and dryness the most.

Question: What is the habitat of this animal?
GT Answer: Mixed forests with plentiful water.

OVIS2-16B: The habitat of the agile frog includes light deciduous mixed forests with plentiful water, open land
connected to the forest by shrubs, and dry, warm forests. JUDGE: CORRECT

MISTRAL-3.1-24B: I cannot confidently determine the habitat of the organism in the image based on the
provided information. The retrieved context discusses the habitat preferences of the agile frog, but there is
no indication that the organism in the image is an agile frog. Therefore, I cannot provide an accurate answer.

JUDGE: NOT ATTEMPTED

CLAUDE-OPUS-4: I cannot provide information about the habitat of the animal in the image based on the
retrieved context provided. The context discusses the habitat preferences of the agile frog, but I cannot confirm
whether the animal in the image is an agile frog or another species. Without being able to definitively iden-
tify the animal in the image as an agile frog, I cannot reliably apply the habitat information from the context.

JUDGE: NOT_ATTEMPTED

Figure 11: Example from ENCYCLOPEDIC-VQA (Oracle). Gold text specifies the habitat; OviS2-16B answers
correctly while MISTRAL-3.1-24B and CLAUDE-OPUS-4 over-deflect under gold evidence.
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Source: MRAG-BENCH

Context:

Question: Can you identify the particular model of this car?
GT Answer: Aston Martin Virage Coupe 2012.

OVIS2-16B: Based on the visual characteristics such as the sleek design, the shape of the taillights, and the overall
silhouette, the car appears to be an Aston Martin DB9. This identification is made by comparing the visible features
with known models from Aston Martin’s lineup. However, without a clear view of specific badges or additional
identifying marks, this identification cannot be guaranteed with absolute certainty. JUDGE: INCORRECT

MISTRAL-3.1-24B: I cannot definitively identify the exact model of the car from the image alone. However,
based on the design and features visible, it appears to be a high-performance sports car, possibly from a luxury
brand. For precise identification, additional details or a clearer view of specific badges or emblems would be
necessary. JUDGE: NOT ATTEMPTED

CLAUDE-OPUS-4: Based on the retrieved images provided, I cannot definitively identify the particular model of
this car. While the retrieved images show similar orange/copper-colored luxury sports cars with comparable styling,
no text or captions are provided with these images that explicitly identify the specific model. Without additional
contextual information such as model names, badges, or descriptive text in the retrieved content, I cannot provide a
reliable answer about the particular model of this vehicle. JUDGE: NOT ATTEMPTED

Figure 12: Example from MRAG-BENCH (Oracle, visual gold). OVIS2-16B hallucinates a wrong car model;
MISTRAL-3.1-24B and CLAUDE-OPUS-4 abstain. A grounding failure with gold images.
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Source: MRAG-BENCH

Context:

Question: Can you identify what creature this is?
GT Answer: Scottish Deerhound.

OVIS2-16B: The creature in the image is a dog, specifically a breed that resembles an Afghan Hound, known for
its long, silky coat and distinctive appearance. This identification is based on the visible physical characteristics of
the dog, such as its long fur, slender build, and the shape of its ears and muzzle. The setting suggests that the dog
may be participating in a dog show, which is a common context for displaying purebred dogs. JUDGE: INCORRECT

MISTRAL-3.1-24B: The creature in the image is a dog. Specifically, it appears to be a Deerhound, which is a
breed known for its shaggy coat and tall, slender build. JUDGE: CORRECT

CLAUDE-OPUS-4: Based on the retrieved images provided, I can see several dogs that appear to be similar to the
creature in the input image. The retrieved images show various dogs with long, shaggy, grey coats that match
the characteristics of the animal in the question image. However, without any text or specific breed information
provided in the retrieved context, I cannot identify the specific breed of dog this is. I can only confirm based on the
visual similarity to the retrieved images that this appears to be a dog with a distinctive long, grey, shaggy coat.

JUDGE: NOT_ATTEMPTED

Figure 13: Example from MRAG-BENCH (Oracle, visual gold). MISTRAL-3.1-24B identifies the breed correctly;
OvVis2-16B hallucinates; CLAUDE-OPUS-4 over-deflects. Calibration varies despite gold images.
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Context (Images):

Very/Fairly well es==Not too/Not at all well

52

26

Source: MMDOCRAG

Context (Text):

1. The latest national survey by Pew Research Center, conducted Dec. 8-13
among 1,500 adults, finds that since the start of this year, the share of
Americans who say the government is doing well in reducing the threat of

8 terrorism has fallen by 26 percentage points — from 72% to 46%.

01 03 05 o077 09 11 13 15

2. Compared to early 2015, assessments of government efforts to combat
terrorism are more negative across the political spectrum. Democrats are now

Independent sssss=Republican sss==sDemocrat

o4 85 the only partisan group in which a majority (64%) say the government is
B 82 N doing at least fairly well (down from 85% in January). Independents’ positive
8\ ¢, ratings have dropped 25 points, from 69% to 44%. And just 27% of

Republicans now say the government is doing very or fairly well reducing the
terrorist threat, down from 63% at the beginning of the year.

Bush Obama

01 03 05 07 09 11 13 15

Question: In 2015, how many percentage of surveyed adults, Republicans, and Democrats believed that the
government was doing very/fairly well in reducing the threat of terrorism? Please write the answer in list format,
e.g.,[3,2]

GT Answer: [“46”, “27”, “64”].

OVIS2-16B: [“46%”, “27%”, “64%"] JUDGE: CORRECT

MISTRAL-3.1-24B: I cannot provide an answer based on the given information because the data provided is from
December 2015, not from earlier in the year. JUDGE:

CLAUDE-OPUS-4: Based on the retrieved information, I can provide the percentages for early 2015 (January):
72%, 63%, and 85%. Therefore, the answer in list format is: [“72”, “63”, “85”]. JUDGE: INCORRECT

Figure 14: Example from MMDOCRAG (Oracle). Gold text supports exact numeric extraction: OViS2-16B is
correct; MISTRAL-3.1-24B over-deflects; CLAUDE-OPUS-4 hallucinates outdated figures.
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Source: WEBQA

Context (Images):

4

Context (Text):
NO CONTEXT

Question: How many letters are found on the outside of the Nagoya Mode Academy
Spiral Towers?

GT Answer: 11 letters are found on the outside of the Nagoya Mode Academy Spiral
Towers.

OVIS2-16B: There are 12 letters found on the outside of the Nagoya Mode Academy Spiral Towers.
JUDGE: INCORRECT

MISTRAL-3.1-24B: I am unable to determine the number of letters on the outside of the Nagoya Mode Academy
Spiral Towers based on the provided information. JUDGE:

CLAUDE-OPUS-4: Based on the retrieved image, I can see letters displayed vertically on the outside of the
spiral tower building. The visible letters spell out “MODE GAKUEN.” Counting these letters, there are 10.
JUDGE: INCORRECT

Figure 15: Example from WEBQA (Oracle, visual gold). Counting letters from the gold image: OVIS2-16B and
CLAUDE-OPUS-4 hallucinate, MISTRAL-3.1-24B over-deflects.

Source: WEBQA

Context (Images):

|48

Context (Text):
NO CONTEXT

Question: Which is taller: the *50 Ford F-Series or Lotus Elise?
GT Answer: The ’50 Ford F-Series is taller.

OVIS2-16B: Based on the images provided, the *50 Ford F-Series appears to be taller than the Lotus Elise. The
Ford F-Series has a higher roofline and overall height compared to the Lotus Elise, which has a lower profile
typical of sports cars. JUDGE: CORRECT

MISTRAL-3.1-24B: I cannot determine which vehicle is taller based solely on the images provided.
JUDGE:

CLAUDE-OPUS-4: Based on the provided images, I cannot determine which vehicle is taller. While I can see that
the Ford F-Series is a truck with a higher roofline and the Lotus Elise is a low-slung sports car, the lack of scale or
shared reference prevents reliable comparison. JUDGE:

Figure 16: Example from WEBQA (Oracle, visual gold). With two gold images, OVIS2-16B correctly infers the
taller object; MISTRAL-3.1-24B and CLAUDE-OPUS-4 over-deflect.
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