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Abstract. Knowledge-Based Visual Question Answering (KB-VQA) aims
to evaluate whether Visual Language Models (VLMs) can retrieve, ground,
and reason over external structured knowledge beyond visual evidence.
In practice, answer accuracy is widely adopted as the primary evalu-
ation metric, implicitly treating correctness as a proxy for knowledge-
grounded reasoning. However, for existing KB-VQA benchmarks, this
proxy relies on critical assumptions that are often overlooked and ren-
dered unreliable by benchmark issues: annotated answer must be deriv-
able from the associated knowledge base, question must be well-posed
with sufficient constraints, and visual setting must meaningfully require
grounded disambiguation. In this work, we show that these assumptions
are systematically violated in existing KB-VQA benchmarks. Our au-
dit reveals substantial instances with missing or contradicted answers
and underspecified questions that render accuracy a misleading metric.
Furthermore, we find that existing datasets rely on visually trivial, single-
entity scenes that bypass the need for sophisticated visual-to-knowledge
mapping. We demonstrate that even with controlled architectures, these
flaws lead to distorted model rankings and overestimations of reasoning
capabilities. To address this, we introduce (1) a principled audit-and-
repair protocol that restores answer derivability and question clarity,
and (2) a controlled multi-entity augmentation protocol that introduces
visual ambiguity to challenge initial retrieval and grounded reasoning.
Re-evaluation under corrected and augmented settings yields markedly
different performance trends. Our findings call for rethinking evaluation
protocols and designing more interaction-aware KB-VQA benchmarks
that prioritize verifiable reasoning over simple matching. E
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1 Introduction

Recent Vision-Language Models (VLMs) [11|3}29}33] have demonstrated strong
performance on a variety of visual reasoning tasks, especially Visual Question
Answering (VQA) settings that require aligning image content with language
understanding [2}/11}/15,/16]. Despite such effectiveness, they are still struggling
to address tasks where answer is beyond the visual part like Knowledge-Based
Visual Question Answering (KB-VQA). KB-VQA [6,[22] is designed to evaluate
whether a model can answer image-grounded questions correctly by retrieving
and reasoning over an external, controlled knowledge base, rather than rely-
ing only on parametric memory [6}(9], where accuracy is used to assess such
knowledge-grounded capability.

Emerging efforts are focusing on achieving better answer accuracy by devel-
oping re-ranker modules to select the most relevant and informative evidence
segment for the answer generation [20}31], improving the model’s inherent capa-
bility to use all retrieved knowledge |7,[8{13L[30] or empowering VLMs to invoke
external tools to retrieve more relevant evidence [14]. Significantly increasing
efforts and resources are being invested to achieve better accuracy score.

However, in representative KB-VQA benchmarks such as InfoSeek and E-
VQA [622], we observe recurring dataset issues (Section[3) that can make answer
accuracy an unreliable indicator of the intended knowledge-grounded reasoning
capability. 1. Answer-evidence misalignment. A non-trivial portion of ques-
tions have annotated answers that are not supported by the provided knowledge
resource (e.g. missing or contradicted). As shown in Figure [1} when answering
the sea level of the memorial park, the desired answer is ‘10 foot’ while it’s miss-
ing in the benchmark-provided knowledge base. 2. Underspecified questions
and answer scope. Many questions do not specify the intended answer granu-
larity, so multiple answers can be reasonable. For example, for question “When
is the mating period of this bird?”, the evidence may mention a season (Spring),
specific months (March-April), or a life-stage (around 1-year old). When sev-
eral evidence-supported answers are plausible, accuracy becomes sensitive to
the single particular annotated answer, and can therefore understate a model’s
knowledge-grounded capability. 3. Visually simplified scenes vs. real-world
multi-modal queries. Existing KB-VQA benchmarks [6,[22] present visually
simplified scenes dominated by a single salient entity, so questions can often
be answered using coarse global cues and retrieval may succeed without explicit
grounding to the intended target [23,25]. In realistic scenarios, however, users of-
ten issue more complex multi-modal queries that require text-image interaction
i.e. the query text specifies which entity is relevant (e.g., via spatial relations,
relational descriptions, etc.), and the system should localize candidate entities
and resolve the intended entity before KB retrieval and reasoning. For example,
a query may refer to “the fish on the right” where multiple plausible entities
coexist and global image similarity alone is insufficient.

These issues matter because they decouple benchmark scores from the capa-
bility KB-VQA aims to measure. Under such conditions, high answer accuracy
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can be driven by annotation artifacts, dataset biases, or shortcut strategies,
rather than faithful knowledge-grounded reasoning.

To address these limitations, we propose a unified fixing protocol and aug-
mentation framework. The fixing protocol enforces answer derivability and ques-
tion clarity via evidence verification, answer-source consistency checks, and tar-
geted question repair (Section. Building on the repaired benchmark, we further
introduce a controlled augmentation pipeline that injects visual distractors while
preserving core QA semantics, creating more challenging multi-entity settings for
grounded retrieval and reasoning (Section [f]).

Re-evaluation with representative KB-VQA baselines [7}/14120130,31] reveals
that correcting dataset validity alone can materially change measured perfor-
mance and method ranking, while augmentation causes substantial drops in
retrieval recall and end-to-end QA accuracy (Section @ These findings sug-
gest that current KB-VQA evaluation can be overly optimistic, and that robust
progress requires both annotation-level validity and explicit grounding difficulty.

2 Related Works

2.1 Existing KB-VQA Datasets

The transition from general VQA [2//11] to KB-VQA [6}/22] marks a shift from in-
ternal visual perception to the integration of open-world knowledge. While early
benchmarks like OK-VQA [21] and FVQA [28] focused on general common-
sense reasoning, modern datasets have scaled toward massive, external knowl-
edge sources to simulate more complex grounding. Concurrent works such as
InfoSeek [6] and E-VQA [22] are two primary examples of this large-scale
shift. InfoSeek introduces over 1.3 million samples to simulate real-world intent;
however, it suffers from a paradigm flaw where the knowledge base often lacks
the specific facts used during human annotation, leading to misalignment and
evaluation distortion. E-VQA attempts to address this by providing a controlled
corpus of 2 million Wikipedia pages with section-level evidence. Despite these
improvements, both datasets rely heavily on template-based question genera-
tion, which often lacks the linguistic variety found in natural queries. Beyond
these two datasets, there is a following work SK-VQA [24] that claims context
comprehension capability is important to achieve KB-VQA task. Therefore, they
constructed a synthetic dataset to generate ‘pseudo’ wiki articles to explicitly
train the model to seek information among it. Beyond task formulation, prior
KB-VQA benchmarks [6}[22] also differ in how their knowledge sources, annota-
tions, and question templates are constructed. These design choices can introduce
recurring issues such as mismatches between annotated answers and retrievable
evidence, underspecified templates that admit multiple plausible answers, and vi-
sually simplified scenes that weaken the need for grounded disambiguation. Our
work builds on these benchmarks and provides a structured characterization of
such issues and their implications for evaluation.
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2.2 MM-RAG Solutions for KB-VQA

Since the answers of KB-VQA questions are beyond the visual part and ex-
ternal knowledge is required, most emerging solutions for KB-VQA tasks can
be categorized into Multi-modal Retrieval-Augmented Generation (MM-RAG)
frameworks to effectively acquire the external knowledge base according to the
multi-modal queries. These solutions generally focus on how to selectively utilize
retrieved content to respond to queries and can be categorized into two streams.

1. Re-ranking based methods mainly focus on picking the most relevant and
informative part of all initial-retrieved information e.g. the section correspond-
ing to target question of all retrieved Wikipedia articles. IBA [20] addresses this
by explicitly decoupling the workflow to ground the target entity by doing iden-
tification before reasoning to answer. It leverages the zero-shot recognition capa-
bilities of MLLMs to identify candidate entities before employing a lightweight
text-re-ranker for precise evidence selection. This modular workflow re-design
approach contrasts with framework EchoSight [31], which trains a customized
multi-modal re-ranker based on Q-Former [17].

2. Aggregation/Filtering-based methods focusing on digesting all retrieved
information to implicitly provide the evidence for downstream answer genera-
tion instead of explicitly selecting the evidence. ReflectiVA |7] introduces spe-
cialized self-reflective tokens that allow the re-trained MLLM to autonomously
determine the necessity of each retrieved section. All sections considered as rel-
evant will be aggregated to support the answer generation. CoMeM |[30]| pro-
posed to condense all retrieved articles into the embeddings and concatenate
with query embeddings to support the answer generation as model memory. In
Wiki-PRF [14], reinforcement learning is introduced to empower MLLMs to
conduct multiple retrievals with different tools and filtering all retrieved results
to support the final answer generation.

3 Issues in Existing KB-VQA Benchmarks

Answer accuracy is widely reported on KB-VQA benchmarks, but it can be un-
reliable when benchmark instances violate basic validity requirements. Across
E-VQA |22] and InfoSeck [6], we observe three recurring dataset issues that may
directly distort evaluation: (i) answer-evidence misalignment that creates
unavoidable false negatives, (ii) underspecified questions where multiple an-
swers are defensible and scores depend on the single desired annotated answer,
and (iii) visually simplified scenes where shortcut retrieval can succeed with-
out grounded disambiguation. Together, these issues can decouple benchmark
scores from the knowledge-grounded retrieval and reasoning capability KB-VQA
is intended to measure. We use three assumptions, (A) Answer Derivability, (B)
Question Well-Posedness, and (C) Grounded Disambiguation Requirement as an
organizing lens, and document representative violations under this framework.
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3.1 Answer-Evidence Misalignment

Assumption (A) requires that each annotated answer be derivable from the as-
sociated KB evidence. We observe two recurring violations: (a) Unsupported
answers, where the answer is absent from the KB (e.g. InfoSeek QID 23994
annotates “10 foot” for sea level of Wright Brothers National Memorial while
corresponding evidence article doesn’t contain any relevant information), and
(b) Contradictory answers, where annotation conflicts with evidence (e.g. InfoS-
eek QID 5411 annotates “1,302” kilogram as Mass of McLaren car, but evidence
states “It weighs 1,301 kg” such a single value won’t match the desired range).
When derivability fails, evaluation produces unavoidable false negatives un-
der the benchmark-provided KB that even perfect retrieval and correct reasoning
can be scored as wrong because the target annotation is not grounded in the
retrievable evidence (Figure [1]). Using an initial verification pass with Qwen3-
30B-A3B [32] to scan each target entity page and judge support and derivability,
we find unsupported annotations in about 1% of E-VQA and 22% of InfoSeek.
This implies that a non-trivial fraction of InfoSeek is unanswerable under its own
provided KB, capping accuracy by construction. This failure is largely structural
in InfoSeek, where QA pairs come from WikiData [27] knowledge graph triplets
but evaluation uses Wikipedia text, creating a systematic cross-source mismatch.

3.2 Underspecified Questions

Assumption (B) requires each question to be sufficiently constrained so that
the annotated answer is unique under the given KB. We identify three frequent
ambiguity patterns:

(1) Missing attribute constraint e.g. For the question “How big can this plant
become?” without specifying height or diameter.

(2) Missing temporal scope e.g. “When is the mating period?” without phase or
time granularity, then the answer could be a season(spring) or month(September)
during the year or during the species’ life-cycle(such as ‘1-year old’).

(8) Missing spatial reference or granularity (e.g. For the same question “In which
country or region does this animal live?”, the desired habitat answers could be
region-level(North America) or country-level(United States) ).

Using these tags, our audit shows that 59% of E-VQA and 47% of InfoSeek
questions are ambiguous: E-VQA has 21.5% attribute, 27.5% spatial, and 10%
temporal omissions; InfoSeek shows a similar pattern (17.3%, 30.3%, 2%). Under
such under-specification, models may produce semantically valid alternatives but
still be penalized as wrong. Therefore, accuracy becomes sensitive to annotation
preference rather than reasoning correctness. These ambiguities mainly stem
from template-based generation [22| and automatic KG-to-question mapping [6],
where key qualifiers are dropped.

3.3 Single-Entity Shortcut and Missing Grounded Disambiguation

Assumption (C) requires that success depends on grounded disambiguation to
respond to complex multi-modal user queries under realistic scenarios. Ideally,
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KB-VQA involves four stages: entity localization, text-image grounding, entity
disambiguation, and KB retrieval /reasoning. In realistic queries (e.g. “the fish on
the left”), the model should first identify which entity is being referenced. How-
ever, existing KB-VQA benchmarks usually contain one dominant entity per
image and evaluate against a known target identifier. Because the target is ef-
fectively fixed per instance, global retrieval can succeed without verifying which
entity the question refers to. With this design, global image embeddings can
often retrieve the target directly, collapsing localization, grounding and disam-
biguation into a shortcut. As a result, high answer accuracy does not necessarily
imply robust grounding ability. The metric can overestimate capability because
shortcut retrieval is sufficient in many samples. This issue is driven by entity-
centric curation, target-anchored evaluation protocols, and reliance on global
embedding retrieval [6,22]. To restore this missing requirement, Section [5|intro-
duces controlled multi-entity augmentation so that localization, grounding, and
disambiguation become necessary for success.

4 Proposed Fixing Protocol

To address recurring benchmark issues such as answer-evidence mismatch
and underspecified questions (Section , we propose a dataset-level audit-
and-repair protocol applicable to KB-VQA benchmarks. It explicitly enforces
the two assumptions identified in Section |3} Assumption A (Answer Derivabil-
ity): the annotated answer must be supported by and derivable from the external
knowledge base; Assumption B (Question Well-Posedness): the question must
provide sufficient constraints to uniquely determine the annotated answer. Given
a KB-VQA instance (image, QA pair, target entity, and KB evidence snapshot),
the pipeline outputs either a repaired instance or a filtered-out instance. It con-
sists of four cascaded stages: evidence verification, answer-derivability auditing,
question-constraint repair, and final consistency validation.

4.1 General Four-Stage Protocol

Step 1: Evidence Verification. We first verify whether the evidence refer-
enced by each QA pair exists in the KB snapshot and whether it contains sup-
port for the annotated answer under the target entity context. Instances are
categorized as Supported & Matched, Supported but Mismatched, and
Unsupported. Since InfoSeek constructs QA pairs from Wikidata while using
Wikipedia articles as the evaluation KB, we scan the target-entity page sec-
tion by section and apply two independent verifiers (Qwen3-30B-A3B [32] and
DeepSeek-v3.2 |18]) to mitigate erroneous filtering due to cross-source mismatch.
Only instances that are consistently classified as Unsupported by both veri-
fiers are removed (Figure . The verification is constrained to checking whether
the target-entity evidence supports, contradicts, or lacks the annotated answer,
rather than making an open-ended judgment. The evidence context is localized
to sections, with mean/95th-percentile lengths of 868/2360 tokens for E-VQA
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and 877/2545 tokens for InfoSeek. For E-VQA, where evidence segments are pro-
vided during dataset construction, we directly examine the referenced segment
and revisit cases with answer—evidence mismatch.

Card 1: KB-VQA Input & _ Data l“"lll" Evidence in Provided KB
Ground Truth Check (Wikidata) LU Check(Wikipedia)
f;ﬁ‘;em [t L!lﬂ!lw Q2038747 :m.(,‘....mm‘..m B :
(Wright Brothers | | - em: 2038747 (Wright Brothers National I
i) ) Wikipedia: Missing Context.
Input Question Memorial) Pl -
Q): i il Devi Hils, Nerth arolina, commemorates Wiright Fiyer;th frst successiul,
O s the soa [Property Value SN S\ SN
level in foot of elevation above sea o th . WoaterBurea st o e’ sieady winc. Ty o vlod
this building? level
Desired Answer T
A):
:o)foo( ;”_"T“T‘t;;sdw:r Mismatch Source: Wikipedia lacks
B XIsts In YYikidata, textual evidence for the answer.
Summary of Discrepancy Logic

1. Goal: Desired answer '10 foot".

2. Data Mismatch: Answer supported by structured data but
missing from provided unstructured text.

3. Result: This mismatch between answer annotation and textual
evidence inhibits grounding.

Fig. 1: Qualitative example from InfoSeek (QID:149). InfoSeek @ selects answers from
Wikidata triples and converts them into QA pairs, while the evaluation KB consists
of Wikipedia articles. This cross-source construction can yield cases where the provided
KB does not support the annotated answer, confounding score interpretation even
under perfect retrieval.

Step 2: Answer-Derivability Auditing and Calibration. Given verified
evidence and the original question, we test whether the annotated answer is log-
ically derivable. For any instances tagged as Supported but Mismatched, if
the answer contradicts evidence, we apply evidence-grounded answer correction.
DeepSeek-v3.2 is not used as an answer source. It only rewrites a mismatched
annotation to the value explicitly supported by verified evidence. If no evidence-
supported value can be derived, the instance is removed. For InfoSeek, this step
frequently corrects answer-side mismatch introduced by cross-source construc-
tion. For E-VQA , answer-evidence contradictions are much less frequent,
consistent with its construction where the answer is selected from the pro-
vided evidence article.

Step 3: Question-Constraint Repair. We identify whether the question is
sufficiently constrained for unique answering. We repair ambiguous questions
with minimal edits using three tags: missing attribute constraints, missing tem-
poral scope, and missing spatial reference. Edits preserve the original intent
and evidence dependency. For InfoSeek, the dropped qualifiers from KG-to-
question mapping are restored by adding missing facets. For E-VQA, the original
template-generated questions to fit super-category are revised mainly when tem-
plates omit disambiguating qualifiers to the fine-grained entity.
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Step 4: Leakage and Global Consistency Validation. After repair, we run
a final pass to ensure that: (i) the question does not leak the answer, (ii) the
answer remains evidence-supported, and (iii) the revised question yields a unique
answer. Any leakage-inducing edits are rolled back and rewritten conservatively.

4.2 Fixing Outcomes and Human Evaluation

Applying the same four-stage protocol to both datasets yields different fail-
ure profiles but a unified corrected setting. For InfoSeek, we retain 58,285 out
of 71,335 instances (81.7%) after filtering and repair. We construct an entity-
unique subset of 1,924 questions(consisting 1604 String, 223 Numerical and 97
Time questions) for controlled evaluation i.e. for instances targeting on the same
target entity with same query text but different query images, we only keep one.
For E-VQA, answer-side conflicts are rarer and most edits happen in question
constraints. Hence the fixed evaluation split remains 4,750 questions. For human
evaluation, we expand the review to 10% of the fixed evaluation splits, covering
475 E-VQA and 200 InfoSeek instances. Following existing work [|24], two PhD-
student-level annotators answer each fixed query using only the oracle evidence
of the target entity. Human accuracy remains high: 92.9 + 1.1 for fixed E-VQA
and 91.5 4+ 2.1 for fixed InfoSeek. More qualitative examples of fixing outcomes
and human-evaluation cases are provided in Appendix[A]and Appendix[F] These
repaired datasets are used as the fized versions and original datasets with the
same index /identifier are used as the unfized in Section @

5 Proposed Augmentation Protocol

As discussed in Section [3], a gap remains between current KB-VQA benchmark
settings and real-world multi-modal queries, where users often must specify the
target entity through text alone under multi-entity ambiguity (e.g., “the fish on
the right”). In existing benchmarks, however, images are frequently dominated by
a single salient entity, so retrieval can succeed via coarse global image similarity
overlooking (C) Grounded Disambiguation Requirement.

5.1 General augmentation protocols

To close the evaluation gap in Section [3] we augment each instance by adding
a single distractor entity alongside the original target (anchor). We preserve
the annotated answer by construction and keep the external knowledge source
unchanged, so performance changes reflect increased visual ambiguity rather
than knowledge or annotation shifts. Each augmented image contains exactly one
anchor and one distractor, where the distractor is drawn from either the same
semantic category (intra-category) or a different one (inter-category), forcing
retrieval to rely on grounded disambiguation rather than coarse global similarity.
Intra-Category Distraction We spatially concatenate the anchor image with
a single distractor from the same semantic category, placed in a different region
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(e.g., left vs. right). We minimally revise the question to reference the anchor re-
gion or a distinguishing attribute (e.g., “the fish on the left”), while keeping the
annotated answer unchanged. This setting isolates fine-grained intra-category
ambiguity and tests whether models ground textual constraints in localized vi-
sual evidence rather than relying on coarse global embeddings.
Inter-Category Distraction We pair the anchor entity with a single distractor
from a different semantic category (e.g., a landmark with an animal, or a plant
with a man-made object). Although visually distinct, the distractor can inter-
rupting global image representations, requiring models to integrate the question
with localized evidence to infer the intended referent. The question and answer
remain unchanged, allowing us to test whether retrieval is overly sensitive to
irrelevant visual content instead of grounding target entity under textual con-
straints.

5.2 Augmentation Outcomes and Human Evaluation

To enable direct comparisons, we exclude questions that would remain ambigu-
ous after intra-category augmentation (e.g., those referring to “the object”) from
both splits. As shown in Figure [2] intra-category augmentation adds a minimal
cue (typically spatial) to specify the anchor entity, whereas inter-category aug-
mentation keeps the question unchanged. With answers preserved by construc-
tion, performance changes reflect increased grounded disambiguation demands
rather than knowledge or annotation shifts. We generate 1,604 (InfoSeek) and
3,871 (E-VQA) augmented variants, with additional examples in Appendix E
For quality assurance, we sample 100 intra- and 100 inter-category instances per
dataset. Two annotators answer each augmented query given the anchor evi-
dence and optionally report evident flaws [24]. Human accuracy is 87.5 +2.1%/
96.0 + 1.4% (E-VQA intra/inter) and 86.0 &+ 1.4%/ 89.5 + 3.5% (InfoSeek in-
tra/inter). More details are in Appendix

6 Experiments

6.1 Experimental Setup

Datasets. We evaluate KB-VQA baselines on the following aligned dataset
variants: (1) the original unfized benchmark, (2) a fized version that enforces
Assumption A/B via the pipeline in Section {4 and (3) the Intra and Inter
augmented versions that enforces the grounded-disambiguation requirement via
the pipeline in Section [5] Overall, these controlled comparisons tie each anal-
ysis directly to the assumptions in Section [3| and validate whether fixing and
augmentation restore the intended evaluation conditions.

External Knowledge Base. E-VQA provides a controlled knowledge base of
2 million Wikipedia articles with associated images. Following prior work [31],
we focus on the single-hop setting. For InfoSeek, following existing baselines |7}
141|26], we adopt the 100K-article knowledge base released by Yan and Xie [31]
and follow the same initial retrieval settings using EVA-CLIP-8B |25].
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S

Q: What is the surface area in square Kilometers of
this lake on the right?
(b) Intra-augmented Sample

(a) Anchor Sample

Q: What is the surface area in square kilometers of
this lake?
| A:3.82

Q: What is the surface area in square kilometers of this lake?

\ 4

(c) Inter-augmented Sample

Fig. 2: Qualitative example of our augmentation protocols (Section |5) on Etk Lake.
All augmented variants keep the anchor answer in (a). (b) Intra-augmentation adds
a minimal spatial cue (“on the right”) to preserve the original intent while inserting
an additional lake image (Lake Turgoyak) on the left. (¢) Inter-augmentation inserts a
visually distinct distractor (Sceloporus jarrovii) while keeping the question unchanged.

Baselines. We benchmark five representative KB-VQA methods, grouped by
how retrieved evidence is utilized. Re-ranking-based methods (IBA [20], EchoSight [31])
explicitly re-rank retrieved evidence and generate the final answer conditioned
on the top-ranked section, using either a tailored workflow paradigm or a trained
multimodal re-ranker. Aggregation/Filtering-based methods (ReflectiVA , CoMeM
, Wiki-PRF ) instead aggregate evidence across multiple sections or re-
trieval rounds and filter irrelevant content before answer generation. ReflectiVA
assigns section-level special relevant tokens and aggregates the selected evidence.
CoMeM encodes retrieved articles into memory representations that are con-
sumed by an MLLM. Wiki-PRF performs iterative retrieval with auxiliary tools
(e.g. grounding and captioning) and filters retrieved content across rounds to
serve as evidence for answer generation.

Evaluation Metrics. We report both end-to-end QA accuracy and retrieval-
related metrics. For answer accuracy, we evaluate open-ended outputs using
BEM on E-VQA. For InfoSeek, following prior practice 7 we use
VQA accuracy . For retrieval, we report Recall@QK, indicating whether
the correct target-entity article appears among the top-K retrieved results.
For methods that include an explicit re-ranking stage or multi-round re-
trieval , we additionally report post-retrieval performance, measuring whether
the final evidence used for answer generation (e.g. the top-1 re-ranked section
or the aggregated evidence pool) contains the correct target entity.

Implementation Details. For all baselines , we use officially re-
leased checkpoints and prompts with unified KB and retrieval settings. For
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IBA |20] component selection, we use Qwen2.5-VL-7B-Instruct [3] for identi-
fication, bge-reranker-v2-m3 [5] for re-ranking and LLama-3.1-8B-Instruct [12]
for answer generation. Hyper-parameters follow the default configurations pro-
vided by the authors and are summarized in Appendix [Hl For initial retrieval,
we use a frozen EVA-CLIP-8B [25] encoder to extract image features, following
existing works [71{14][31]. All image features are indexed and retrieved with cosine
similarity using Faiss-GPU library [10], consistent with prior practices [7}/14,31].

6.2 Results on fixed datasets

We first evaluate all methods on both the original and fixed versions of InfoSeek
and E-VQA. Importantly, we ensure the evaluated samples from both original
and fixed datasets preserve exactly the same sample IDs. We only correct flawed
question formulations and annotated answers. Therefore, any performance dif-
ference reflects violations of Answer Derivability and Question Well-Posedness
(Section [3) rather than model changes.

Table 1: Performance comparison on InfoSeek and E-VQA before and after dataset
fixing. For InfoSeek, most of methods performance improved, especially on Time and
Numerical. Bold for best performance and underline to the runner-up

InfoSeek E-VQA

Methods Backbone Unfixed Fixed Unfixed Fixed

All Time Num String All Time Num String All All

Wiki-PRF [14] Qwen  44.9 35.1 45.7 45.3 43.6 43.3 52,9 42.3 319 33.1
CoMEM [30]  Qwen  24.3 165 19.3 255 23.5 17.5 21.1 243 141 134
ReflectiVA [7] Llama  37.3 37.1 43.9 36.4 38.1 34.0 58.7 355 368 36.6
IBA [20] Llama 345 38.1 43.0 33.0 424 47.4 61.9 394 41.9 42.7
EchoSight [31] Llama  30.9 29.9 38.1 30.0 37.2 320 51.1 356 404 40.9
LLaVA-v1.5 [19] Llama 5.8 0.0 7.2 6.0 6.6 10 90 6.6 129 127
Qwen25-VL [3] Qwen 214 124 14.3 22.9 283 9.3 170 31.0 219 219

By repairing QA annotations to enforce answer—evidence alignment and re-
solving underspecified questions, fixing yields substantial score changes across
methods on InfoSeek. Because the fixed and unfixed evaluations are aligned on
the same sample IDs, these shifts reflect the impact of removing annotation- and
template-induced confounders rather than changes in evaluation coverage. Some
methods improve markedly (e.g. IBA 34.5 — 42.4, EchoSight 30.9 — 37.2), with
larger gains on the stricter Time and Num subsets (e.g. Wiki-PRF 35.1 — 43.3,
45.7 — 52.9). Because images, retrieval settings, checkpoints, and metrics are
held constant, these shifts isolate the impact of benchmark validity (Assump-
tion A/B) rather than changes in model design. Crucially, we also observe rank-
ing reversals after fixing, indicating that unfixed splits can distort comparative
conclusions about which system components matter most.
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Key observations from fixing results. (i) Relative gaps shrink after fizing.
On unfixed InfoSeek, aggregation /filtering pipelines appear much stronger than
re-ranking based methods like IBA (e.g. Wiki-PRF vs. IBA: +10.4; ReflectiVA
vs. IBA: +2.8). After fixing, these gaps shrink to +1.2 and —4.3, respectively.

(ii) Method rankings can reverse. On unfixed InfoSeek, ReflectiVA outperforms
IBA, but the ordering reverses after fixing (IBA 42.4 vs. ReflectiVA 38.1). On
the Time subset, explicit evidence selection becomes more favorable after fixing
(IBA 47.4 and Wiki-PRF 43.3 vs. ReflectiVA 34.0). These reversals matter in
practice because they can change system-design conclusions. For example, after
the fixing, community may draw a conclusion that selecting the most relevant and
informative evidence section is more effective than relying on model’s inherent
capability to assess the relevance of each evidence section to query. Otherwise,
if the community sticks to the conclusion draws from the unfixed data, a lot of
efforts could be invested to expensive training but the gain may not aligned in a
corresponding level. Similarly, the advantage of Wiki-PRF over IBA is large on
unfixed InfoSeek (44.9 vs. 34.5, gap 10.4), but becomes much smaller after fixing
(43.6 vs. 42.4, gap 1.2). In this case, community may reconsider the trade-offs
between developing new models and reconsidering the workflow orchestration.
Overall, violations of answer derivability and question well-posedness can distort
comparative conclusions and misallocate optimization effort.

Due to space limits, we defer detailed fine-grained and qualitative analyses to
Appendix D] to show how our fixing improves the performance by correcting the
desired annotation answer and improving the question to guide the desired an-
swer. On the shared grounded InfoSeek subset where EchoSight’s top-1 reranked
section belongs to the ground-truth entity (664 samples), question-only fixes im-
prove QA accuracy from 60.1 to 75.1, joint question-answer fixes improve from
34.0 to 45.2, and answer-only fixes remain nearly unchanged. Detailed break-
downs are in Appendix [Dl Post-retrieval results also provide supporting evi-
dence for re-ranking methods that improving the question contributes to better
re-ranking. On InfoSeek, post-retrieval performance increases after fixing for
EchoSight (46.8 — 48.9) and IBA (46.7 — 47.8). This suggests that part of the
QA improvement is associated with better evidence selection after fixing, while
question and answer repairs likely contribute jointly. Table [6] shows that InfoS-
eek has high modification rates for both questions and answers, whereas E-VQA
mainly changes questions. This aligns with the observed pattern: E-VQA shifts
are modest, while InfoSeek shows larger magnitude changes in Table

Retrieval performance affects cross-dataset rankings. We further report
retrieval recall on the fixed full datasets and the anchor/augmented variants to
analyze retrieval difficulty and to contextualize augmentation effects. Table
shows that InfoSeek has much higher initial R@1 than E-VQA (43.5% vs 13.4%
on the full fixed set). Correspondingly, Table [3| shows that Wiki-PRF remains
competitive on InfoSeek (48.6%) but drops sharply on E-VQA (18.2%), while
EchoSight and IBA are more stable. This pattern indicates that ranking dif-
ferences across datasets are driven largely by retrieval difficulty rather than by
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Table 2: Initial retrieval recall. Since initial retrieval are following the same image-to-
image protocol of all baselines, the fixed and unfixed version share the same retrieved
information. For Intra- and Inter-augmented version, augmented images are used.

. E-VQA InfoSeek
Version
R@1 R@3 R@5 R@10 R@20 R@1 R@3 R@5 R@10 R@20
Full 13.4 26.1 31.9 41.8 48.9 43.5 60.1 65.8 72.1 75.8

Anchor  12.8 26.3 32.6 43.3 50.7 43.1 59.9 66.1 72.7 76.4
Intra-Aug 3.5 7.5 9.8 13.6 17.0 14.7 244 344 36.5 41.3
Inter-Aug 2.9 6.7 8.6 12.3 15.0 20.4 29.5 31.9 34.2 344

downstream reasoning, which further strengthen the need to challenge the re-
trieval as we discussed in Section [Bl

Table 3: Post-retrieval performance using retrieved top 20 articles. on all dataset
variants, including unfixed, fixed datasets, the subset of anchor samples and the aug-
mented versions. Note for ReflectiVA |7] and CoMEM |30], they aggregate the top-5
and top-10 articles i.e. align with initial retrieval recall@5 and recall@10 in Table

E-VQA InfoSeek
Unfixed Fixed Anchor Intra Inter Unfixed Fixed Anchor Intra Inter

EchoSight 36.4 36.3 46.6 11.8 11.7 46.8 489 484 16.8 204
IBA 347 350 448 89 9.1 46.7 478 451 21.7 21.6
Wiki-PRF 18.0 182 179 4.9 4.7 482 48.6 483 181 176

Method

6.3 Results on augmented datasets

To directly test the grounded-disambiguation requirement (Section , we evalu-
ate on the augmented variants that introduce a single distractor while preserving
the answer and KB. We report three representative methods (EchoSight, IBA,
Wiki-PRF) to cover re-ranking and aggregation paradigms.

Assumption C (Grounded Disambiguation): augmentation removes
the single-entity shortcut. Table |2| shows that adding a single distractor
sharply reduces initial retrieval recall. On InfoSeek, R@1 drops from 43.5 (Full)
to 14.7/20.4 (Intra/Inter); on E-VQA, it falls from 13.4 to 3.5/2.9. Since KB and
questions are unchanged, this collapse is attributable to the added entity ambigu-
ity, confirming the augmentation effectively enforces grounded disambiguation.
To separate layout effects from semantic distractors, we additionally evaluate
two layout-only controls: Blank replaces the distractor with an empty panel
and Double duplicates the anchor image. Initial retrieval is layout-sensitive, but
Blank/Double remain easier than Intra/Inter (E-VQA R@Q1: 6.3/9.9 vs. 3.5/2.9
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and InfoSeek R@1: 26.2/36.9 vs. 14.7/20.4). Full initial- and post-retrieval re-
sults are reported in Appendix showing that semantic distractors introduce
difficulty beyond layout shift.

Post-retrieval evidence selection does not recover the loss. Table[3shows
that post-retrieval recall also degrades sharply on augmented images (e.g. IBA
InfoSeek 45.1 — 21.7/21.6, EchoSight E-VQA 46.6 — 11.8/11.7). This suggests
that once initial grounding fails, later evidence aggregation cannot compensate,
aligning with our diagnosis that grounded disambiguation is the critical bottle-
neck. Surprisingly, the Wiki-PRF didn’t try to actively invoke its grounding tool.
We defer more detailed analysis in Appendix

QA accuracy drops sharply, validating the lack of grounded disam-
biguation. Table 4] reports QA accuracy on the anchor subset and its two aug-
mented variants. All methods suffer substantial performance degradation once
ambiguity is introduced. For example, on InfoSeek, IBA drops from 40.1 (An-
chor) to 21.4/21.6 (Intra/Inter), and EchoSight drops from 38.7 to 15.9/17.8.
Even Wiki-PRF declines from 43.9 to 23.6/25.9. Similar trends hold on E-VQA.

Table 4: QA Performance on Intra-category(Intra) and Inter-Category(Inter) aug-
mented datasets and the corresponding anchor samples. Following Table we re-
port the performance on E-VQA(E-V) [22] and InfoSeek(IS) 6] with breakdowns on
Time(T), Numerical(IN) and String(S) questions

Anchor Intra Inter
Methods
IS E-V IS E-V —IS E-V
Al T N S Al T N S Al T N S
IBA 40.1 45.8 25.9 41.7 38.4 21.4 16.9 17.5 22.2 19.8 21.6 28.9 14.8 22.1 16.6

Wiki-PRF 43.9 33.7 1.6 50.532.8 23.6 10.8 0 27.723.125.9229 0 29.922.5
EchoSight 38.7 30.1 22.8 41.4 42 159 84 7.9 17.519.317.8 14.5 9.5 19.1 185

These results indicate that, even after repairing QA validity (Section ,
existing KB-VQA evaluations remain optimistic since their visual setups allow
retrieval pipelines to exploit single-entity shortcuts. Our controlled augmentation
thus exposes a remaining bottleneck: how to reliably ground the query
to the correct entity and then select truly relevant evidence under
clutter, which suggests that future KB-VQA benchmarks should incorporate
richer multi-entity interactions and stronger grounding requirements.

7 Conclusion

We show that current KB-VQA benchmarks can exhibit recurring dataset is-
sues that complicate evaluation by answer accuracy alone. Across InfoSeek and
E-VQA, we identify three prominent confounders: (i) answer—evidence misalign-
ment where annotated answers are not derivable from the benchmark-provided
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knowledge snapshot, (ii) underspecified questions that admit multiple plausible
answers, and (iii) visually simplified settings that weaken the need for grounded
disambiguation. These issues can decouple scores from the knowledge-grounded
retrieval and reasoning capability KB-VQA is intended to measure.

To address them, we propose two protocols. First, a fixing protocol that en-
forces answer derivability and question well-posedness via evidence-aware audit-
ing and targeted repair. Second, a controlled augmentation strategy that intro-
duces visual distractors while preserving the annotated answer, thereby increas-
ing the need for grounded entity disambiguation under multi-entity conditions.
Together, these protocols transform existing benchmarks into a more diagnostic
testbed for retrieval-and-reasoning.

Experiments on the repaired and augmented splits reveal trends that dif-
fer from standard evaluation. After fixing, most methods improve substantially,
and we observe that relative rankings can change, indicating that unfixed bench-
marks may distort comparative conclusions and the perceived impact of system
components. Under augmentation, performance drops consistently for both re-
trieval recall and end-to-end accuracy, highlighting that robust grounding and
intent-aligned retrieval remain challenging under visual ambiguity.

More broadly, our findings suggest that KB-VQA evaluation should explicitly
account for benchmark validity. We encourage the community to (i) prioritize
evidence-derivable annotations and well-specified questions during dataset con-
struction, (ii) report metrics that reflect evidence support and grounding robust-
ness in addition to answer correctness, and (iii) develop retrieval and reasoning
methods that remain reliable when multiple plausible entities and distractors are
present. We hope our protocols and revised benchmarks facilitate more faithful,
diagnostic, and reproducible KB-VQA evaluation.
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