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Abstract

The efficacy of Large Vision-Language Models
(LVLMs) is critically dependent on the qual-
ity of their training data, requiring a precise
balance between visual fidelity and instruction-
following capability. Existing datasets, how-
ever, are plagued by inconsistent quality, and
current data filtering methods rely on coarse-
grained scores that lack the granularity to iden-
tify nuanced semantic flaws like logical falla-
cies or factual errors. This creates a fundamen-
tal bottleneck in developing more reliable mod-
els. To address this, we make three core contri-
butions. First, we construct a large-scale, 300K-
sample benchmark by systematically injecting
diverse, subtle defects to provide a challenging
testbed for data auditing. Second, we intro-
duce a novel “Decomposition-then-Evaluation”
paradigm that breaks model responses into con-
stituent cognitive components: visual descrip-
tion, subjective inference, and factual claim,
enabling targeted analysis. Third, we instan-
tiate this paradigm via EVIAN (Explainable
Visual Instruction-tuning Data AuditiNg), a
pipeline that evaluates these components along
the orthogonal axes of Image-Text Consis-
tency, Logical Coherence, and Factual Accu-
racy. Our empirical findings challenge the pre-
vailing scale-centric paradigm: a model fine-
tuned on a compact, high-quality subset cu-
rated by EVIAN consistently surpassed models
trained on orders-of-magnitude larger datasets.
We also reveal that dividing complex auditing
into verifiable subtasks enables robust curation,
and that Logical Coherence is the most critical
factor in data quality evaluation.

1 Introduction

Large Vision-Language Models (LVLMs) (Chen
et al., 2024e) have recently demonstrated remark-
able progress in aligning visual perception with
natural language understanding, enabling a wide
range of applications from medical assistance to
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robotic control (Yin et al., 2024; Li et al., 2025;
Pang et al., 2025; Yue et al., 2024). An important
factor of this success is Visual Instruction Tuning
(VIT), which aligns visual representations with lan-
guage instructions to enhance instruction-following
capability (Liu et al., 2023). However, the effective-
ness of VIT hinges on the quality of the underlying
training data, which must strike a delicate balance
between adhering to user commands and maintain-
ing fidelity to visual inputs.

Existing datasets and filtering methods fall short
of this requirement. Large-scale data synthesis
(e.g., LLaVA-Instruct-150K) improves instruction
following but often introduces noise (Liu et al.,
2024c; Tang et al., 2024), while similarity-based
filtering methods (e.g., CLIP score) promote visual
grounding but lack the granularity to detect subtle
semantic flaws (Wang et al., 2024a). As a result,
current LVLMs frequently suffer from fine-grained
errors, including object hallucination, attribute mis-
attribution, factual inconsistency, and flawed rea-
soning (Liu et al., 2024a; Bai et al., 2024; Chen
et al., 2024d). These deficiencies reveal a funda-
mental bottleneck: prevailing approaches rely on
coarse, uni-dimensional quality measures that col-
lapse diverse error types into a single opaque score.

In this work, we argue that evaluating model-
generated responses requires moving beyond mono-
lithic scoring toward structured verification. Our
core insight is that a response is not an indivisible
block of text but a composite of distinct, verifiable
components. Building on this principle, we pro-
pose the Decomposition-then-Evaluation paradigm,
which reframes the task of auditing complex re-
sponses into targeted sub-tasks. Specifically, we
isolate and validate pure visual descriptions to
address visual misrepresentation, external factual
claims to correct factual inaccuracies, and subjec-
tive inferences to mitigate flawed reasoning.

To operationalize this paradigm, we introduce
EVIAN (Explainable Visual Instruction-tuning
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Data AuditiNg), an automated and interpretable
framework that systematically evaluates responses
along three orthogonal axes: Image-Text Consis-
tency, Logical Coherence, and Factual Accuracy.
Complementing this framework, we construct a
large-scale, 300K-sample benchmark by injecting
diverse, subtle defects, providing a challenging
testbed for fine-grained data auditing. Our em-
pirical findings show that models fine-tuned on
compact, high-quality subsets curated by EVIAN
consistently outperform models trained on orders-
of-magnitude larger datasets, highlighting that in-
terpretable data curation, rather than sheer scale, is
the key to advancing LVLMs.

Our main contributions are as follows:
• To spur research in LVLM visual instruction tun-

ing data quality and facilitate rigorous evalua-
tion, we introduce a 300K-sample benchmark
for visual instruction data selection, built by sys-
tematically injecting diverse semantic defects to
support fine-grained auditing.

• We propose the Decomposition-then-Evaluation
paradigm and instantiate it in EVIAN, a fully au-
tomated and interpretable framework that decom-
poses responses into visual descriptions, subjec-
tive inferences, and factual claims, and evaluates
them along three orthogonal dimensions.

• We conduct extensive experiments showing that
for LVLMs, the logical integrity of training data
is a more decisive factor for downstream perfor-
mance than its informational richness, establish-
ing the critical need to prioritize reasoning and
factual correctness in data curation.

2 Related Work

Vision-language data curation has progressed from
coarse pre-training filters to instruction-tuning
strategies, yet scalable and fine-grained evaluation
remains largely missing. As a result, most exist-
ing methods still rely on shallow quality proxies,
limiting their ability to diagnose subtle semantic,
logical, or factual defects.

Data Selection for Vision-Language Pre-
training. A central challenge in vision-language
learning is selecting high-quality subsets from
noisy web-scale corpora such as LAION (Schuh-
mann et al., 2021). Early approaches rely on
similarity-based filtering with pre-trained models,
including CLIP (Radford et al., 2021), ALBEF
(Li et al., 2021), and BLIP (Li et al., 2022, 2023),

using holistic similarity scores (Hessel et al., 2021;
Xu et al., 2025a; Wang et al., 2024d) or mixture
modeling (Shi et al., 2024a). More recent work
adopts fine-tuned multimodal language models
as learned data filters, scoring image-text pairs
along multiple semantic dimensions (Wang et al.,
2024c), or employs generative models for dataset
sanitization via re-captioning and label correction
(Vasa et al., 2025; Mahjourian and Nguyen, 2025;
Zhang et al., 2024b; Zhu et al., 2023; Zhang et al.,
2025). Despite their effectiveness, these methods
predominantly depend on coarse proxies and offer
limited insight into complex reasoning or factual
errors.

Data Curation for Visual Instruction Tuning.
As vision-language models shift from representa-
tion learning to instruction following (Safaei et al.,
2025), data quality has become increasingly criti-
cal (Chen et al., 2024c). The “quality over quan-
tity” principle was first demonstrated in the text
domain by AlpaGasus (Chen et al., 2023) and later
extended to multimodal settings by InstructionGPT-
4 (Wei et al., 2023), which combines CLIP scores
with GPT-4 judgments to curate compact datasets.
Other approaches generate synthetic instruction
data (Liu et al., 2024d; Chen et al., 2024a) or aug-
ment supervision with reasoning traces, such as Re-
flective Instruction Tuning (Zhang et al., 2024a). A
widely adopted alternative is the LLM-as-a-Judge
paradigm (Gu et al., 2024; Li et al., 2024; Pu et al.,
2025), which has been shown to suffer from bias,
instability, and reasoning shortcuts, particularly
without ground-truth references (Shi et al., 2024b;
Hwang et al., 2025; Ye et al., 2024; Guerdan et al.,
2025; Wei et al., 2024; Zhang et al., 2026). Con-
sequently, scalable and reliable instruction-tuning
data curation remains an open problem.

The Gap in Fine-Grained Evaluation. The re-
liance on coarse filtering reflects a broader absence
of scalable fine-grained evaluation. While prior
work has explored alternatives to single holistic
scores (Adlakha et al., 2024), systematic diagnosis
of semantic errors remains limited. Early auto-
mated methods rely on fixed criteria that struggle
with open-ended errors (Zhao et al., 2024), and re-
cent pipelines such as SCALE (Xu et al., 2025b)
lack explicit modeling of compositional reason-
ing. Task-specific benchmarks for logical reason-
ing (Xiao et al., 2024; Xu et al., 2025c) provide
deeper analysis but are too narrow for general data
auditing, while conceptual discussions of holistic
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evaluation (Tu et al., 2025) stop short of action-
able frameworks. This gap motivates structured,
component-level evaluation that disentangles vi-
sual grounding, reasoning, and factual correctness
in multimodal data.

3 The Method: Evian

We propose EVIAN, an automated pipeline for
auditing visual instruction data. As illustrated in
Figure 1, EVIAN follows a two-phase process: (i)
response decomposition, which disentangles com-
plex answers into verifiable components, and (ii)
multi-faceted evaluation, which scores these com-
ponents across orthogonal quality dimensions.

3.1 Problem Definition and Data Quality
Metrics

We define visual instruction data auditing as the
task of assigning interpretable quality scores to
image-instruction-response triples. Formally, given
xi = (Ii, Pi, Ri) from dataset D, our auditing func-
tion Φ maps each sample to a three-dimensional
score vector:

Si = Φ(xi) = (SL,i, SK,i, SV,i), (1)

where each score ranges from 1 (low) to 5 (high).
The three metrics are:
• Logical Coherence (SL): soundness of reason-

ing relative to the instruction and visual evi-
dence.

• Factual Accuracy (SK): correctness of knowl-
edge claims against external facts.

• Image-Text Consistency (SV ): fidelity of the
textual response to the visual input.
Together, these axes provide a comprehensive

measure of data quality, capturing both semantic
integrity and visual fidelity.

3.2 Phase 1: Response Decomposition via
Chain-of-Thought

The first phase disentangles raw responses into
verifiable components, separating visual descrip-
tions from subjective inferences and factual claims.
This is achieved through a three-step chain-of-
thought (CoT) process, Ψdeconstruct, implemented
with the Qwen3-235B-A22B-Instruct-2507-FP8
model (Team, 2025). The result is an annotated
response with explicit tags and a purified visual
summary, which together form the basis for sys-
tematic auditing.

Instruct: What is this photo about?
Original Response: The image
captures a serene scene at the
Tidal Basin...

... in Washington D.C. <KNOW>The
Tidal Basin is a man-made basin in
Washington D.C. ...</KNOW> ...
<INFER> ... adding a sense of life
and activity to the otherwise tranquil
setting.</INFER> ... <INFER> ...
gives the viewer a sense of being
part of the scene.</INFER>

A cherry blossom tree is in full
bloom, with branches heavy
with pink and white flowers. A
group of people are on the
left side of the image ...

... <KNOW>The Tidal Basin is ...
</KNOW> The focal point is ...
<INFER>... adding a sense ...
</INFER> The Tidal Basin itself is
visible ...<INFER>... gives the viewer
a sense ...</INFER>

Step 1: Semantic
Tagging

Step 2: Visual Distillation

Step 3: Fluent
Synthesis

Figure 2: Three-stage Chain-of-Thought (CoT) process
for response decomposition, which (1) isolates subjec-
tive inferences and factual claims via semantic tagging,
(2) purifies the text through visual distillation, and (3)
refines the output into a cohesive, purely visual sum-
mary.

Step 1: Semantic Tagging. The process be-
gins by parsing the raw response Ri while strictly
preserving its original wording. Subjective judg-
ments (e.g., “the room feels cozy”) are wrapped
in <INFER> tags, and knowledge-dependent claims
(e.g., “this is a Bauhaus-style lamp”) are wrapped
in <KNOW> tags. Untagged text is treated as purely
visual description. This produces an annotated re-
sponse Rannotated

i that explicitly separates cognitive
components without altering their content.

Step 2: Visual Distillation. Next, the annotated
response is distilled into a purely visual form. Seg-
ments within <INFER> or <KNOW> tags are either
rewritten into neutral, descriptive statements or
deleted if unverifiable. For example, “this is likely
a wedding dress” becomes “a white dress”; unveri-
fiable claims are dropped entirely. Untagged visual
statements remain unchanged. The result is a draft
Rdraft

i containing only objective, image-grounded
content.

Step 3: Fluent Synthesis. Since distillation may
fragment the text, a final synthesis step restores
fluency and coherence. The draft response is re-
organized into a single, natural paragraph while
strictly forbidden from adding new content. This
ensures the output Rvisual

i is a faithful, high-quality
visual summary.

Together, these steps yield two complementary
artifacts: Rannotated

i , which retains the full response
structure with explicit tags, and Rvisual

i , which iso-
lates objective descriptions. This decomposition
provides the foundation for precise, component-
level auditing in Phase 2.
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Original Multimodal Dataset
(Image | Instruction | Response)

Phase 1: Response Refinement Pipeline

Final Multimodal Data
Quality Composite Score

Logical
Coherence

Text

Factual
Accuracy

Image-Text
Consistency

Image & Annotated
Response

Image & Visual
Summary

Scorefinal​= f(SL​, SK​, SV​)

Phase 2: Multi-Dimensional Quality Evaluation Framework

Semantic Analysis
& Content
Annotation

Visual-Grounded
Information

Filtering

Coherent Visual
Description
Synthesis

Score L (SL​) Score K (SK​) Score V (SV ​)

Annotated
Response

Cleaned
Response

Visual
Summary

Image

Image & Annotated
Response

Figure 1: Overview of the two-phase EVIAN framework, which first decomposes a response into visual, inferential,
and factual components and then evaluates them along the orthogonal dimensions of Image–Text Consistency,
Logical Coherence, and Factual Accuracy.

3.3 Phase 2: Multi-faceted Quality
Assessment

The second phase conducts a multi-faceted eval-
uation of each decomposed response along three
orthogonal dimensions: logical coherence, factual
accuracy, and image-text consistency. We em-
ploy Qwen2.5-VL-7B-Instruct-AWQ (Bai et al.,
2025) as an automated auditor, which assigns inter-
pretable 15 scores and textual rationales based on
a detailed rubric. This step provides fine-grained
diagnostics of different error types while producing
standardized quality scores that can be aggregated
for ranking and selection.

Logical Coherence (SL). This dimension evalu-
ates whether reasoning in the <INFER> tags follows
plausibly from visual evidence. Scores increase
with reasoning strength: a default of 2 when no
inference is given, 3 for plausible but unsubstanti-
ated claims, 4 for well-supported reasoning, and 5
for logically undeniable conclusions. This rubric
rewards depth of reasoning while penalizing specu-
lation.

Factual Accuracy (SK). This dimension fact-
checks knowledge claims in the <KNOW> tags
against the auditors internal knowledge. Fully cor-
rect claims receive 5, minor inaccuracies lower the
score to 4, and a single major error (e.g., misiden-

tifying a capital city) caps the score at 2. In the
absence of knowledge claims, the default score is
2, distinguishing informative from non-informative
responses.

Image-Text Consistency (SV ). This dimension
measures the alignment of the purified visual de-
scription Rvisual with the image. The principle is
consistency over completeness: omissions are ac-
ceptable, but contradictions or unverifiable asser-
tions are heavily penalized. Perfectly faithful de-
scriptions receive 5, minor imprecisions result in
4, and any clear contradiction drops the score to 2
or below. This ensures that only visually accurate
responses achieve the highest marks.

By producing a triplet (SL, SK , SV ) with ex-
plicit explanations, Phase 2 delivers an inter-
pretable and multi-dimensional quality assessment.
These scores directly guide downstream data rank-
ing and selection.

3.4 Data Ranking and Selection
To enable downstream filtering, the three-
dimensional score vector S is aggregated into a
single scalar:

Soverall =
SL + SK + SV

3
. (2)

This default scheme assumes equal importance, but
weights can be tuned for specific applications (e.g.,
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emphasizing SK for knowledge-intensive tasks or
SL/SV for creative captioning). To investigate the
impact of these variations, we conduct a sensitiv-
ity analysis on the component weights, which is
detailed in Appendix C. This flexibility ensures
that data selected by EVIAN aligns with diverse
modeling objectives.

4 Benchmarking Data Quality via
Controlled Defect Injection

To quantitatively validate a data auditing pipelines
ability to detect fine-grained flaws in logical coher-
ence, factual accuracy, and image-text consistency,
a tailored benchmark with systematically injected
defects is essential, as existing datasets lack the
controlled errors needed for such a targeted evalu-
ation. To ensure consistency with prior work, we
adopt the SCALE methodology (Xu et al., 2025b)
as the starting point for benchmark construction.
From its source pool of 500,000 multimodal sam-
ples across eight datasets (Table 1), we derive two
complementary components: (i) a 50,000-sample
gold standard set purified by SCALE, and (ii) a
250,000-sample challenge set obtained via random
down-sampling followed by our defect injection
pipeline. Together, these components yield a repro-
ducible benchmark of 300,000 samples, designed
to evaluate whether data auditing methods can dis-
tinguish clean data from semantically corrupted
examples.

Table 1: Overview of the source datasets, comprising
300K samples from eight foundational datasets grouped
into General Vision-Language tasks and Domain-
Specific Reasoning tasks.

Dataset Task Category

General Visual-Language Capabilities
ShareGPT-4V (Chen et al., 2024b) Instruction Following
LLaVA-1.5-Mix (Liu et al., 2024b) General QA
AllSeeing-V2 (Wang et al., 2024b) Grounding

Domain-Specific Reasoning Capabilities
DocVQA (Mathew et al., 2021) Document
ChartQA (Masry et al., 2022) Chart
InfoVQA (Mathew et al., 2022) OCR
A-OKVQA (Schwenk et al., 2022) Knowledge
Geometry3K (Lu et al., 2021) Mathematics

Defect Injection Pipeline. The challenge set is
generated through a three-stage pipeline that lever-
ages the Qwen3-235B-A22B-Instruct-2507-FP8
model (Team, 2025) to embed subtle, context-
aware flaws. The process is guided by a principled

taxonomy (Table 2) spanning three critical dimen-
sions for auditing: perceptual consistency, factual
accuracy, and logical coherence.

Stage 1: Content Analysis. Each source re-
sponse is analyzed by an LLM to identify whether
it contains external knowledge or logical reasoning.
This structured analysis, output in JSON, serves as
a prior to ensure that subsequent errors are coherent
with the intrinsic properties of the text.

Stage 2: Contextual Error Selection. An
error category is chosen via a probabilistic cas-
cade. To counter their rarity, knowledge-related
and reasoning-related errors are prioritized with
probabilities of 0.8 and 0.6, respectively, while
perceptual consistency serves as the default. Sub-
types are selected randomly for consistency errors,
whereas an additional LLM call determines the
most plausible subtype for knowledge and reason-
ing cases.

Stage 3: Guided Rewriting. The chosen error
is injected by prompting the LLM with a targeted
transformation instruction. A strict system prompt
constrains the model to output only the modified
text, ensuring automation and reproducibility.

This injection strategy goes beyond simple noise
addition: it produces realistic, semantically rich
corruptions aligned with the three audit dimensions.
As a result, the benchmark offers a challenging
testbed for assessing whether auditing pipelines
can detect not only superficial inconsistencies but
also deeper factual and logical flaws.

5 Experiments

5.1 Experimental Setup

Baselines. We compare our method against a di-
verse set of data auditing baselines spanning visual-
language pretraining filters and recent visual in-
struction tuning approaches. Specifically, we con-
sider: (1) Random Sampling, which randomly
selects 10,000 samples as a non-selective lower
bound; (2) Image-Text Similarity Filters, includ-
ing CLIPScore (ViT-B/32), ALBEF, BLIP, and
BLIP-2, which rank the full data pool by holistic
image-text similarity and select the top 10,000 sam-
ples; (3) SCALE, a multi-stage filtering method
that evaluates modality quality, relevance, clarity,
and task rarity using a weighted scoring scheme;
and (4) Qwen2.5-VL-7B-Instruct-AWQ, which
directly scores sample quality via model-based
evaluation and selects the top 10,000 instances.
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Table 2: Principled taxonomy of semantic defects used in benchmark construction, categorizing errors into three
dimensions aligned with EVIANs evaluation modules: Consistency, Reasoning, and Knowledge.

Error Subtype Description / Generation Strategy

Image-Text Consistency (SV )
Attribute Describes an object’s attribute (e.g., color, material) incorrectly.
Spatial Details incorrect spatial relations between objects.
Action Assigns a wrong action or state to a subject.
Fake Introduces a plausible yet non-existent object.
Misidentification Misidentifies an existing object.

Logical Coherence (SL)
Conclusion Generalizes hastily from a single detail.
Causal Mistakes correlation for causation between events.
Prediction Makes a baseless prediction from scant evidence.
Procedural Adds a flawed or superfluous step to a process.
Comparison Forms a misleading analogy from superficial traits.

Factual Accuracy (SK )
Entity Corrupts facts about a named entity.
Context Places an object in a wrong historical/technological context.
Definition Provides an incorrect definition of a concept.
Attribution Misattributes a quote or work to the wrong source.

Evaluation Protocol. For all methods, we fine-
tune Qwen2-VL-2B on the selected 10,000-sample
subset and evaluate the resulting models using
VLMEvalKit (Duan et al., 2024). All experiments
share identical architectures, SFT procedures, and
hyperparameters, ensuring that performance dif-
ferences reflect data quality rather than training
variation.

5.2 Evian Scores: Distribution and
Discrimination

To evaluate EVIAN’s discriminative power, we ap-
ply it to our benchmark containing 50,000 pris-
tine and 250,000 defect-injected samples. As il-
lustrated in Figure 4, the two groups display a
clear separation: 92.3% of pristine entries score ≥
3.0, while defect-injected samples form a distinct
mid-range peak around 3.0. This shift indicates
that EVIAN effectively penalizes semantically cor-
rupted responses and differentiates them from high-
quality data.

The separation is further quantified by a
JensenShannon divergence of 0.35 and an AUC
of 0.86, demonstrating the metrics strong discrimi-
native capability. Furthermore, the concentration of
defective samples in the mid-range, instead of ac-
cumulating at the lowest scores, shows that EVIAN
detects subtle, context-dependent defects such as
logical fallacies, not merely coarse inconsistencies.
Although a small fraction of injected samples retain
higher scores due to nuanced semantic ambiguities,
the pronounced distributional gap overall provides
strong evidence that EVIAN functions as a robust,

fine-grained filter for high-quality data curation.

5.3 Downstream Task Performance

To evaluate the practical impact of EVIAN, we
fine-tuned models on 10K-sample subsets curated
by different methods and compared their down-
stream performance across multiple benchmarks.
As shown in Table 3, the model trained on the
EVIAN-selected subset achieves the current best
performance (average score of 70.20), surpassing
both the previous SOTA method (SCALE, 67.41)
and the model trained on the full 300K unfiltered
dataset (63.77). This “less is more” result high-
lights the diagnostic precision of EVIAN, which
consistently extracts higher-quality data from a
noisy pool.

These gains stem from EVIANs
“Decomposition-then-Evaluation” paradigm,
which addresses fine-grained defects overlooked
by coarse auditing approaches. Filters such
as CLIPScore and BLIP-2 provide moderate
improvements but fail to capture errors like
factual inaccuracies or logical fallacies. Moreover,
EVIAN outperforms the Qwen2.5-VL baseline
(70.20 vs. 66.34) using the identical auditor
architecture, suggesting that the performance gains
stem from our structured verification logic rather
than simple knowledge distillation. By explicitly
evaluating Image-Text Consistency, Logical
Coherence, and Factual Accuracy, EVIAN yields
targeted diagnostics that translate into stronger
downstream models. For example, EVIANs
leading performance on MME (1876.89) and
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Causal Reasoning Error

Factual Consistency Error

Entity Knowledge Error

Spatial Consistency Error

Contextual Knowledge Error

Procedural Reasoning Error

In the foreground, a monk in
vibrant orange robes is seated
illogically under a bench.

In the foreground, a monk in
vibrant orange robes is seated
peacefully on a bench.

...this must mean graffiti
appeared because the rust
formed, proving a direct
causal link.

...The wings of the bird are
adorned with rust... while the
body separately bears graffiti.

...the Palau de la Generalitat de
Catalunya, a renowned landmark
in Barcelona, Spain.

...the Palau de la Generalitat de
Catalunya, a renowned landmark
in Madrid, Spain.

...The background of the image
reveals a typical veterinary clinic
setting with a counter...

...On the counter nearby rests
a small, glowing device known
as a purr-o-meter.

 ...a scene from a historical
reenactment event... two
men... engaged in a duel.

...a scene from a futuristic
reenactment park in 2347,
where... androids duel.

Cleaning and Maintenance:
After using the tools, clean
them thoroughly...

Energetic Alignment: ...allow
it to 'sync' with your personal
energy field.

Figure 3: Examples of our controlled defect injection. For each pair, the original high-quality text (top) is rewritten
to include a subtle, context-aware flaw (bottom), illustrating various error categories from our taxonomy (Table 2).

Figure 4: Score distribution comparing original and
defect-injected samples, illustrating how EVIAN sepa-
rates high-quality data from subtle semantic corruptions.

POPE (79.87) validates its ability to mitigate
hallucinations through holistic multi-dimensional
verification, while its gains on A-OKVQA (0.7493)
and ScienceQA (0.7115) highlight the benefit of
auditing factual and reasoning components.

Overall, these results reveal a fundamental limi-
tation of existing curation strategies: high similar-
ity or holistic scores do not guarantee utility and
frequently obscure critical semantic defects. In con-
trast, EVIAN’s multi-dimensional auditing yields
cleaner and more reliable training data, enabling
models trained on small, high-quality subsets to sur-
pass those trained on far larger but noisier datasets.
This points to a clear direction for LVLM develop-
ment: progress hinges less on scaling data volume

and more on fine-grained, interpretable auditing
that enforces visual fidelity, factual accuracy, and
logical coherence. To further verify that these gains
arise from intrinsic data quality rather than a po-
tential inductive-bias alignment between the Qwen-
based auditor and target model, we conduct a cross-
architecture evaluation with InternVL2-2B (Chen
et al., 2024f). As shown in Appendix D, EVIAN’s
advantages extend to a model family with a distinct
architectural lineage, reinforcing the generality of
our conclusions. Finally, we validate EVIAN on
the original, unmodified data distribution in Ap-
pendix E, where a 10K curated subset rivals the
full 300K baseline, confirming its capability to cap-
ture intrinsic data quality signals beyond artificial
defects.

5.4 Ablation Experiment

To validate the necessity of each component in
EVIAN, we conducted an ablation study by selec-
tively excluding the Logical Coherence (SL), Fac-
tual Accuracy (SK), and Image-Text Consistency
(SV ) scores from the selection criteria. The results,
summarized in Table 4, demonstrate that the full
framework consistently achieves the best perfor-
mance across all benchmarks. This confirms that
these dimensions function as distinct and comple-
mentary factors essential for effective data auditing.

The full EVIAN framework achieves the best
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Table 3: Comparisons with state-of-the-art data selection baselines on 10K subsets, where bold and underlined
indicate the best and second-best results, respectively. “Full Data” denotes training on the entire 300K pool.

Model MME MMBench SEEDBench ScienceQA A-OKVQA POPE Avg

Random 1475.76 0.5353 0.6031 0.6614 0.7092 75.50 63.18
Full Data 1553.05 0.5953 0.5743 0.6267 0.6934 78.17 63.77

CLIPScore 1565.29 0.5746 0.6170 0.6906 0.7301 74.57 65.28
ALBEF 1590.70 0.6003 0.6107 0.6748 0.7048 72.29 64.69
BLIP 1686.62 0.6183 0.6115 0.6802 0.6978 73.40 65.74
BLIP-2 1810.34 0.6317 0.6187 0.7045 0.7127 77.38 68.13
SCALE 1814.97 0.6318 0.6280 0.6916 0.7066 73.81 67.41
Qwen2.5-VL 1682.78 0.5796 0.6182 0.6797 0.7187 78.30 66.34

EVIAN (Ours) 1876.89 0.6463 0.6359 0.7115 0.7493 79.87 70.20

Table 4: Ablation study of the EVIAN framework, evaluating the contribution of individual components by removing
them from the full pipeline. “w/o Decomposition” denotes the variant without the fine-grained decomposition stage.
SL and SK represent the Logical Coherence and Factual Accuracy scores, respectively.

Configuration MME MMBench SEEDBench ScienceQA A-OKVQA POPE Avg

w/o Decomposition 1706.70 0.6401 0.6312 0.7085 0.7170 76.93 67.93
w/o SL 1656.62 0.3425 0.5324 0.5563 0.6288 78.45 57.27
w/o SK 1604.91 0.6110 0.5875 0.6604 0.6629 75.77 64.21
w/o SL, SK (Only SV ) 1807.13 0.5605 0.6092 0.6822 0.7389 68.56 65.36

EVIAN (Full) 1876.89 0.6463 0.6359 0.7115 0.7493 79.87 70.20

average performance (70.20), confirming the syn-
ergistic benefit of combining all three evaluation
axes. Most notably, removing Logical Coherence
(SL) leads to a significant decline in performance
to 57.27. This counterintuitive outcome arises be-
cause filtering based solely on factual accuracy
(SK) and visual consistency (SV ) inadvertently fa-
vors responses that are factually correct and vi-
sually grounded but logically inconsistent. The
prevalence of such inconsistent samples introduces
conflicting supervision signals, which significantly
impairs the model’s performance on reasoning-
intensive benchmarks like ScienceQA. This con-
firms that logical integrity is not merely an auxiliary
metric but a critical factor for complex reasoning
tasks.

In contrast, relying solely on Image-Text Consis-
tency (SV ) presents an inverse trade-off. While it
yields a stable average score (65.36) by avoiding
logical traps, it exhibits a marked drop on POPE
(68.56), falling well below the random baseline.
This sharp decline reveals that visual consistency
alone is an insufficient proxy for data quality; with-
out the structural constraints of logical and factual
verification, the curation process fails to filter out
subtle hallucinations, leaving the model vulnera-

ble to object fabrication. Thus, EVIANs compre-
hensive auditing is essential: SV ensures visual
relevance, while SL and SK are essential for guar-
anteeing logical coherence and factual precision.

6 Conclusion

In this work, our proposed visual instruction tun-
ing data auditing method EVIAN, advances LVLM
data quality auditing through three contributions:
a 300K-sample benchmark with systematically in-
jected defects, a “Decomposition-then-Evaluation”
paradigm that separates visual, inferential, and
factual components, and the EVIAN framework,
which scores data along Image-Text Consistency,
Logical Coherence, and Factual Accuracy. Exper-
iments show that EVIAN-curated subsets consis-
tently outperform models trained on much larger
unfiltered datasets, and ablations confirm the neces-
sity of each evaluation dimension. Surprisingly, our
study also reveals that dividing complex auditing
into verifiable subtasks enables robust curation,
and that Logical Coherence is the most critical
factor for downstream reliability. These results
establish interpretable, fine-grained auditing as the
foundation for advancing LVLMs.
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8 Limitations

While EVIAN demonstrates strong effectiveness
for fine-grained auditing of visual instruction data,
several limitations remain. First, the framework
relies on large pre-trained multimodal language
models for both response decomposition and qual-
ity evaluation. Despite strong alignment between
automated scores and human judgments, the audit-
ing process may still inherit biases, blind spots, or
reasoning tendencies from the underlying models,
particularly in ambiguous or culturally sensitive
scenarios.

Second, EVIAN assumes that model responses
can be reliably decomposed into visual descrip-
tions, subjective inferences, and factual claims. Er-
rors introduced during this decomposition stage
may propagate to subsequent evaluations and af-
fect the final quality scores. Although our ablation
results suggest that explicit decomposition is ben-
eficial overall, improving robustness under imper-
fect decomposition remains an open challenge.

Third, the current pipeline incurs non-trivial
computational cost due to multiple invocations of
large models, which may limit its applicability
in resource-constrained settings or when auditing
extremely large-scale datasets. Exploring lighter-
weight auditors or partially learned approximations
of individual components is a promising direction
for future work.

Finally, EVIAN focuses on auditing response
quality with respect to visual grounding, logical co-
herence, and factual accuracy. Other important as-
pects, such as stylistic diversity, pedagogical value,
or downstream task-specific preferences, are not
explicitly modeled and may require complementary
criteria depending on the application context.

9 Ethical Considerations

This work aims to improve the quality and reli-
ability of visual instruction-tuning data through

automated auditing. By identifying logical incon-
sistencies, factual errors, and visual misalignment
in training data, EVIAN has the potential to reduce
hallucinations and misleading outputs in down-
stream vision–language models, contributing to
safer and more trustworthy AI systems.

Nevertheless, the use of large language and
vision–language models as automated auditors
raises ethical considerations. Model-based judg-
ments may reflect biases present in their training
data and influence which data distributions are pre-
served or suppressed during curation, potentially
leading to systematic over- or under-filtering of
certain types of content. Care should therefore
be taken when deploying EVIAN in sensitive do-
mains, such as medical or legal applications, where
incorrect filtering decisions may have dispropor-
tionate consequences. EVIANs outputs should be
viewed as decision-support signals rather than ab-
solute ground truth, and human oversight remains
important in high-stakes settings.

Finally, all experiments in this work are con-
ducted on publicly available datasets, and no new
human annotations are collected. The proposed
framework is intended to support responsible data
curation practices and does not introduce additional
privacy or data collection concerns beyond those al-
ready present in existing vision–language datasets.
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A Evian Framework Implementation
Details

A.1 Models and Computational Resources

All experiments were conducted on a high-
performance computing node equipped with eight
NVIDIA H100 (80GB) GPUs. We employed the
Qwen3-235B-A22B-Instruct-2507-FP8 model for
the text-heavy response decomposition and de-
fect injection phases, and the Qwen2.5-VL-7B-
Instruct-AWQ model for the multi-faceted qual-
ity assessment. Both models were deployed via
vLLM (v0.10.0) using a greedy sampling strategy
to ensure deterministic reproducibility within a uni-
fied software environment consisting of PyTorch
(v2.7.1) and CUDA (v12.6). Leveraging this setup,
the entire processing pipeline for the 300,000-
sample benchmark was completed in nearly 28
hours.

A.2 Supervised Fine-Tuning (SFT) Details

To efficiently fine-tune the Qwen2-VL-2B base
model, we implemented a selective update strat-
egy, freezing the vision tower while training the
projector MLP and language model. This training
process was conducted on a server equipped with
eight NVIDIA vGPU (48 GB) cards. It leveraged
DeepSpeed ZeRO Stage 3 for memory optimiza-
tion, resulting in an effective global batch size of
128. All key hyperparameters are detailed in Ta-
ble 5.

Table 5: Supervised Fine-Tuning (SFT) Hyperparame-
ters for the Base Model.

Hyperparameter Value

Base Model Qwen2VL-2B
Epochs 1
Learning Rate 5× 10−6

Batch Size (per device) 2
Gradient Accumulation Steps 8
Weight Decay 0.0
Warmup Ratio 0.1
LR Scheduler Cosine
Max Gradient Norm 1.0
Precision BF16
Max Sequence Length 8192
Gradient Checkpointing Enabled
Optimization ZeRO-3

A.3 Prompt Engineering for Phase 1:
Response Decomposition

Step 1: Prompt for Semantic Tagging

Response: {response}
Your task is to precisely insert <INFER> for
subjective judgments and <KNOW> for ex-
ternal knowledge.
Critical Guidelines for Annotation:

1. Tag the Complete Thought: Precisely
wrap the shortest, complete phrase that
conveys the entire logical idea (like a
cause-and-effect statement) or the full
piece of external information.

2. Tag Interpretations of Effect/Cause:
Always tag phrases that describe the ef-
fect, purpose, or reason for a visual ele-
ment.

3. Strictly Visual is NOT Tagged: DO
NOT tag objective, verifiable descrip-
tions of visual facts.

4. Do Not Change Words: Do not add,
delete, or rephrase any original words,
like Visible Text or Numbers.

5. Output Format: Your response must
start with the prefix “Marked Re-
sponse:”.

Examples:
Input: The lighting in the room is soft, creat-
ing a cozy atmosphere. The design suggests
it is from the Victorian era.
Output: Marked Response: The lighting in
the room is soft, <INFER>creating a cozy at-
mosphere</INFER>. <INFER>The design
suggests it is from the Victorian era</IN-
FER>.
Input: This is a 1976 postage stamp from
Hungary, a country in Central Europe.
Output: Marked Response: This is a 1976
postage stamp from Hungary, <KNOW>a
country in Central Europe</KNOW>.
Input: The image shows a can of Coca-Cola.
Output: Marked Response: The image shows
a can of Coca-Cola.
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Step 2: Prompt for Visual Distillation

Instruction: {instruction}
Annotated Response: {marked_response}
Task: Process the “Annotated Response”
by modifying ONLY the segments
wrapped in <INFER>...</INFER> or
<KNOW>...</KNOW> tags.

• Rewrite or entirely remove tagged seg-
ments to leave only what is directly and
objectively visible in the image.

• Crucially, all content NOT wrapped
in tags MUST be preserved exactly as
is, without any modification.

Guidelines:

1. Rewrite When Possible: If a tagged
idea can be rephrased as a neutral, ob-
jective, image-based description, rewrite
it and remove the tags. For example,
change “<INFER>creating a cozy atmo-
sphere</INFER>” to “which illuminates
the scene.”

2. Delete When Necessary: For clearly
irrelevant or purely speculative content
that cannot be visually confirmed, delete
the entire tagged segment (including the
tags).

3. No New Information: DO NOT intro-
duce any new guesses, opinions, or vi-
sual details that were not already present
in the untagged parts of the original re-
sponse.

4. Output Format: Your response must
start with the prefix “Cleaned Re-
sponse:”.

Example:
Input Annotated Response:
A person wearing sunglasses stands under
a tree. <INFER>She must be shielding her
eyes from harsh sunlight.</INFER> Leaves
are scattered on the ground. <KNOW>This
park is famous for its autumn foliage
tours.</KNOW>
Output:
Cleaned Response: A person wearing sun-
glasses stands under a tree. Leaves are scat-
tered on the ground.

Step 3: Prompt for Fluent Synthesis

Instruction: {instruction}
Cleaned Response: {cleaned_response}
Task: Rephrase the “Cleaned Response” into
a single, cohesive, and purely visual descrip-
tion.
Guidelines:

1. Strictly Adhere to Input: Your output
MUST be a faithful reorganization of
ONLY the information present in the
“Cleaned Response.”

2. Preserve All Details: Do not omit any
visual information. Every object, at-
tribute, and spatial relation from the in-
put must be represented in your sum-
mary.

3. No New Content or Inference: Cru-
cially, DO NOT add any new visual de-
tails, reasoning, assumptions, or subjec-
tive/interpretive language (e.g., “beauti-
ful”, “seems like”, “creates a sense of”).
Your job is to describe, not to analyze.

4. Improve Flow: Focus on improving sen-
tence structure and grammatical correct-
ness to create a natural-sounding para-
graph.

5. Output Format: Your response must
start with the prefix “Visual Summary:”.

Example:
Input Cleaned Response: A white cat is on a
windowsill. The background shows buildings.
Light is coming through the window.
Output:
Visual Summary: A white cat sits on a win-
dowsill where bright light is streaming in.
Buildings are visible in the background.
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A.4 Prompting and Rubrics for Phase 2:
Multi-faceted Quality Assessment

Dimension SL: Prompt for Logical Coher-
ence

Input Text for Evaluation: {text_to_evaluate}
Task: You are an AI assistant designed to
evaluate the correctness of logical reasoning.
Your primary focus is to rigorously scruti-
nize the logical soundness and validity of the
reasoning contained ONLY within the <IN-
FER>...</INFER> tags, based on the visual
evidence in the image.
Evaluation and Scoring Rules:

1. Isolate and Evaluate: Focus exclu-
sively on the statements inside the <IN-
FER> tags.

2. Assess Plausibility against Image: Judge
if the inference is a logical and plausi-
ble conclusion derived from the visual
information in the image.

3. Output Format:

• Score: integer 1-5
• Explanation: A brief evaluation of

the logical rigor, noting key flaws
or strengths.

Scoring Rubric:

Score 1: Grossly Illogical or Baseless. The
inference is pure speculation with no
connection to the image (e.g., predict-
ing the future from a photo of a cat), or
it’s self-contradictory.

Score 2: Significant Logical Gaps. The in-
ference is a major leap in logic. While
loosely related to the image, it is highly
unlikely or requires many unsupported
assumptions. (e.g., “A person is running,
<INFER>so this must be a professional
athlete training for the Olympics</IN-
FER>.” )

Score 3: Plausible but Unprovable. The in-
ference is reasonable and could be true,
but it is not strongly supported by vi-
sual evidence and remains a subjective
interpretation. (e.g., “The room is dim,

<INFER>creating a sad atmosphere</IN-
FER>.” )

Score 4: Logically Sound. The inference is
very likely correct and follows directly
from strong visual evidence, with only
very minor room for doubt. (e.g., “The
man holds an umbrella, <INFER>sug-
gesting it is raining or about to rain</IN-
FER>.” )

Score 5: Logically Airtight. The inference
is an undeniable conclusion based on
the visual facts and common-sense logic;
it is virtually irrefutable. (e.g., “The
wreck shows a crushed car, <INFER>in-
dicating a high-impact collision oc-
curred</INFER>.” )

Dimension SK: Prompt for Factual Accu-
racy

Input Text for Evaluation: {text_to_evaluate}
Task: You are an expert fact-checking assis-
tant. Your task is to evaluate the factual cor-
rectness of the information contained ONLY
within the <KNOW>...</KNOW> tags. Base
your assessment on your internal, general
knowledge.
Output Format:
Score: integer 1-5
Explanation: A brief justification for your
score, specifying which facts are correct or
incorrect.
Scoring Rubric:

Score 1: Entirely Incorrect or Fabricated.
The information is factually wrong,
nonsensical, or a complete fabrication
(e.g., contains imaginary objects like the
‘Luminara Scepter’).

Score 2: Largely Incorrect. Contains a
core factual error, even if minor details
are correct. (e.g., “<KNOW>Paris, the
capital of England...</KNOW>”). The
presence of a single major error means
the score cannot be higher than 2.

Score 3: Partially Correct but Misleading.
Contains a mix of correct and incorrect
information, or the information is
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technically correct but presented in a
highly misleading context.

Score 4: Mostly Correct. The core asser-
tion is factually sound but contains a
minor, non-critical inaccuracy (e.g., a
slightly wrong year, a minor detail about
a standard feature).

Score 5: Fully Correct and Accurate.
Every single claim within the tags is
factually sound, precise, and widely
accepted.

Dimension SV : Prompt for Image-Text
Consistency

Input Text: {text_input}
Task: You are a visual consistency scoring
assistant. Your task is to evaluate whether the
extracted text descriptions assertions can be
verified by the given image. Only assess con-
sistency, not completeness: do NOT penalize
the description for omitting image details, but
DO penalize any assertions that contradict or
cannot be supported by the image.
CORE SCORING GUIDELINE: Be deci-
sive in your scoring. If the description is fully
and accurately supported by the image with-
out any errors, the score must be 5. Do not
default to 4 if a 5 is warranted.
Output Format:
Score: integer 1-5
Explanation: Brief justification, indicating
which assertions are verifiable and which are
inconsistent or unclear.
Scoring Rubric:

Score 1: Severely inconsistent or completely
unrelated. Most or all assertions contra-
dict the image.

Score 2: Largely inconsistent. Only one or
two minor assertions can be matched to
the image.

Score 3: Partially consistent. Some key as-
sertions align with the image, but others
are vague, potentially incorrect, or un-
supported.

Score 4: Mostly consistent. The bulk of as-

sertions are supported by the image, but
there is at least one minor imprecision
or slight unsupported detail that does not
mislead. Use this score for responses
that are good but not perfect.

Score 5: Fully consistent and accurate. Ev-
ery single assertion in the text is clearly
and precisely verifiable in the image.
There are no unsupported or contradic-
tory claims. If all claims are verified,
you MUST assign this score.

B Defect Injection Pipeline and Prompt
Catalog

To create a challenging and diverse evaluation
set, we designed and implemented a three-stage,
LLM-driven pipeline for injecting controlled,
contextually-relevant defects into high-quality re-
sponses. This automated pipeline ensures that the
generated errors are not random but are intelligently
tailored to the content of the source text.

B.1 The Three-Stage Defect Injection Pipeline

The core of our data generation process is a sequen-
tial pipeline that first analyzes the text, then selects
an appropriate error type, and finally rewrites the
text to introduce the defect.

Stage 1: Content Analysis First, an LLM an-
alyzes the source text to determine if it contains
logical reasoning or external knowledge. This clas-
sification serves as a prior for the subsequent error
selection stage. The analysis is performed using
the prompt below.

Prompt for Content Analysis

You are a text analysis expert. Analyze the fol-
lowing text and determine if it contains a) log-
ical reasoning, inference, or conclusion, and
b) specific external knowledge (like names of
people, places, brands, historical facts).
Respond ONLY with a JSON object with two
boolean keys:
{“contains_reasoning”: boolean, “con-
tains_knowledge”: boolean}.
Text to analyze: “{text_to_analyze}”

Stage 2: Category and Subtype Selection The
primary error category is selected via a probabilis-
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tic cascade that prioritizes the knowledge category
with a probability of 0.8 for texts flagged con-
tains_knowledge, followed by the reasoning cat-
egory with a probability of 0.6 for those with con-
tains_reasoning, and otherwise defaults to the con-
sistency category. This initial choice, in turn, dic-
tates the method for subtype determination: while
subtypes for the consistency category are chosen
uniformly at random, a more nuanced approach is
employed for the contextually-sensitive knowledge
and reasoning categories, for which a second LLM
call intelligently selects the most plausible subtype
using the following prompt.

Prompt for Category and Subtype Selec-
tion

You are a text analysis expert. Your task is to
select the single best error-injection strategy
for the “Original Text” from the “Available
Options”.
Available Options: {error_options_text}
Original Text: “{text_to_analyze}”
Analyze the text and choose the error code
from the options that is most relevant to the
text’s content. Respond ONLY with a JSON
object containing your choice.

Stage 3: Defect Generation Finally, with a
specific error subtype selected, a third LLM call
rewrites the original text according to the corre-
sponding instruction. The final prompt is con-
structed from a template, and a strict system prompt
is used to ensure clean output.

Prompts for Defect Generation

Instruction: {prompt_instruction}
Original Text to Corrupt: “{original_text}”
- - -
You MUST provide ONLY the cor-
rupted/rewritten text as the output. Do
not include any preambles, explanations,
or wrappers like ‘Rewritten Text:’ or the
original response in your final output.

B.2 Catalog of Defect Injection Instructions

The complete set of instructions used in the defect
generation stage is detailed below.

A. Consistency Errors

• consistency_attribute: Rewrite the response
by changing an attribute (like color, count, or
size) of one key object.

• consistency_spatial: Rewrite the response by
incorrectly describing the spatial relationship
between two objects (e.g., change ‘on the ta-
ble’ to ‘under the table’).

• consistency_action: Rewrite the response by
describing an incorrect action or state for a
subject (e.g., change ‘a man is sitting’ to ‘a
man is running’).

• consistency_fake: Rewrite the response to in-
clude a mention of a plausible but non-existent
object.

• consistency_misidentification: Rewrite the re-
sponse by misidentifying an existing object
(e.g., call a ‘cup’ a ‘bowl’).

B. Reasoning Correctness Errors

• reasoning_conclusion: Your task is to rewrite
the text by making a hasty generalization. The
method is to grab a single detail from the text
(such as one person running) and then extrapo-
late it into a grand conclusion that seems plau-
sible but is actually very arbitrary (such as con-
cluding this must be a professional marathon
training session). Ensure you use reasoning
words like ‘so’ or ‘therefore’ to connect this
flawed logical chain.

• reasoning_causal: Your task is to confuse cor-
relation with causation. Find two things in the
text that might happen concurrently but have
no direct causal link, and then forcibly estab-
lish a cause-and-effect relationship between
them using words like ‘because’ or ‘leading
to’. For instance, you could take the action
‘a man holding an umbrella indoors’ and in-
correctly present it as the cause for ‘a power
outage in the room’, creating a deceptive mis-
attribution.

• reasoning_prediction: Your task is to make
an overly arbitrary and confident prediction
based on extremely limited information. You
need to take a trivial, small action (such as a
child stacking blocks) and lead it directly to a
very grand and distant future (such as predict-
ing they will surely become a great architect).
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This prediction needs to sound physically pos-
sible, but its logical leap must be huge and
baseless.

• reasoning_procedural: Your task is to, within
a normal process description, insert a step that
seems plausible but is actually superfluous
or based on pseudoscience. This step must
not cause the entire process to fail but will
make it logically flawed. For instance, when
describing the process of brewing tea, you
could add a step claiming that ‘before adding
water, you need to let the tea leaves sit for a
minute to absorb the room’s energy,’ thereby
making the process imprecise.

• reasoning_comparison: Your task is to con-
struct a faulty analogy. You need to find two
things that have only minor superficial similar-
ities but are completely different in their core
essence to make a comparison, and then draw
a misleading conclusion from it. A classic
example is to compare ‘company strategy’ to
a ‘car engine’ and then argue that ‘as long as
there’s enough fuel (funding), success is guar-
anteed,’ an analogy that deliberately ignores
more critical factors like the ‘steering wheel
(strategic direction)’

C. External Knowledge Errors

• knowledge_entity: If the response mentions a
real-world named entity, rewrite it by corrupt-
ing that entity (e.g., ‘Eiffel Tower in London’).

• knowledge_context: Rewrite the response to
place an object or scene in a wrong historical
or technological context.

• knowledge_definition: If the response defines
a concept, rewrite it to provide an incorrect
definition.

• knowledge_attribution: If the response men-
tions a creation or quote, misattribute it to the
wrong source.

C Sensitivity Analysis on Component
Weights

To further validate the robustness of EVIAN and
explore the impact of different quality dimensions
on downstream performance, we conducted a sensi-
tivity analysis by adjusting the aggregation weights
refer to Section 3.4.

We designed three biased weighting schemes,
where one dimension is assigned a dominant
weight of 60% (w = 0.6), while the remaining
two dimensions are assigned 20% (w = 0.2) each.
The configurations are:

• Vision-Centric: wV = 0.6, wL = 0.2, wK =
0.2. Prioritizes visual fidelity.

• Reason-Centric: wL = 0.6, wV =
0.2, wK = 0.2. Prioritizes logical soundness.

• Knowledge-Centric: wK = 0.6, wV =
0.2, wL = 0.2. Prioritizes factual correctness.

We selected the top-10k samples using each
scheme and fine-tuned the model under the same
protocol as our main experiments. The results are
reported in Table 6.

The results suggest that emphasizing logical co-
herence is particularly beneficial under the eval-
uated setting, as the Reason-Centric configura-
tion attains the highest average score (68.28)
and shows consistent advantages on reasoning-
intensive benchmarks. In contrast, the Vision-
Centric scheme demonstrates strong effectiveness
in reducing hallucinations, as reflected by its POPE
performance, but does not consistently match the
balanced EVIAN setting, indicating that visual ac-
curacy alone is insufficient for broader capability
gains. The Know-Centric configuration yields com-
paratively lower performance (65.99), suggesting
potential trade-offs between strict factual filtering
and the retention of samples that support multi-
step reasoning. Overall, these findings indicate
that while balanced weighting provides a robust
default, the EVIAN framework allows practitioners
to adjust score weights to prioritize task-specific
objectives, such as hallucination mitigation via SV

or enhanced reasoning via SL.

D Generalizability Across Model
Architectures

Motivation: Addressing Auditor–Target Archi-
tectural Bias. A potential concern regarding our
main results is the possibility that EVIAN over-
fits to the inductive biases shared by the auditor
(Qwen2.5-VL-7B) and the fine-tuned target model
(Qwen2-VL-2B). Since these two models belong
to the same family, one could argue that EVIAN
does not truly identify intrinsically high-quality
samples, but instead selects data that align with
Qwen-specific reasoning heuristics. This concern
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Table 6: Sensitivity analysis of EVIAN under different weighting schemes. We report performance on 10K-sample
subsets selected by prioritizing different quality dimensions (60% weight). Reason-Centric selection achieves
the best average performance, highlighting the importance of logical coherence. Bold denotes the best result, and
underlined denotes the second best.

Configuration MME MMBench SEEDBench ScienceQA A-OKVQA POPE Avg

Vision-Centric (SV ↑) 1779.15 0.6109 0.6163 0.6905 0.7160 77.76 67.45
Reason-Centric (SL ↑) 1803.53 0.6373 0.6312 0.7030 0.7228 75.81 68.28
Know-Centric (SK ↑) 1748.02 0.5995 0.6034 0.6731 0.7021 75.74 65.99

is particularly acute for the Logical Coherence di-
mension, which depends on the auditors internal
reasoning pathways and, unlike Visual Consistency,
could in principle be architecture-specific. To rig-
orously stress-test this hypothesis, we adopt In-
ternVL2-2B (Chen et al., 2024f) as an alternative
target model. InternVL2 differs substantially from
Qwen in both its vision encoder and language back-
bone, while maintaining a comparable 2B scale,
allowing us to isolate architectural effects from
capacity effects.

Experimental Setup. We follow the exact pro-
tocol of Section 5.1 and fine-tune InternVL2-2B
using 10k-sample subsets selected by three rep-
resentative methods: Random Sampling, BLIP-
2, and EVIAN. This setup ensures that the only
change relative to the main experiment is the re-
placement of the downstream architecture. Any
shift or preservation of performance patterns there-
fore directly reflects whether EVIAN captures gen-
uinely architecture-agnostic indicators of data qual-
ity, or merely capitalizes on Qwen-specific induc-
tive biases.

Results and Interpretation. The results are pre-
sented in Table 7. Across all benchmarks, the per-
formance ordering observed in our main experi-
ments, EVIAN > BLIP-2 > Random, remains
fully preserved when InternVL2-2B is used as
the downstream model. The consistency of this
ranking across architectures strongly contradicts
the architectural-bias hypothesis and indicates that
EVIAN captures transferable signals of data qual-
ity rather than family-specific preferences. Notably,
the largest gains again appear on reasoning-centric
tasks such as ScienceQA (92.46 vs. 91.32) and A-
OKVQA (76.24 vs. 74.67), demonstrating that the
logical flaws identified by the Qwen-based auditor
are also detrimental for a model with a completely
different architecture. This shows that logical co-
herence is a genuinely universal data-quality

factor, and that enforcing it yields robust improve-
ments regardless of the model family used for fine-
tuning.

E Effectiveness on Real-World Data

To definitively address potential concerns regard-
ing the generalizability of our method beyond the
defect-injected benchmark, we conducted an addi-
tional evaluation on the original, unmodified 300K
source dataset. This experiment aims to verify
whether the data quality improvements observed
with EVIAN stem solely from filtering out artifi-
cial noise or if the framework captures intrinsic
data quality signals applicable to real-world sce-
narios. Our findings confirm the latter: the model
fine-tuned on the small, EVIAN-curated subset out-
performs the model trained on the entire original
dataset, validating the efficacy of our pipeline in
extracting high-value samples from standard distri-
bution data.

Experimental Setup. We established a rigor-
ous baseline using the “Origin Full” configuration,
where the Qwen2-VL-2B model was fine-tuned on
the complete pool of 300,000 raw samples derived
from the eight foundational datasets prior to any
defect injection. This represents the upper bound
of data quantity without our intervention. This
baseline was compared against the “EVIAN (10K)”
model, which was fine-tuned on the top-10,000
samples selected by our framework. Both models
utilized identical model architectures and training
hyperparameters and were evaluated using the stan-
dard VLMEvalKit suite to ensure a fair comparison
focused strictly on data efficiency and quality.

Results. As shown in Table 8, the EVIAN-
selected subset achieves a higher average score
of 70.20 compared to 70.07 for the full original
dataset, despite utilizing only approximately 3.3%
of the total training volume. While the full dataset
exhibits a slight advantage on knowledge-heavy
benchmarks such as MMBench, SEEDBench, and
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Table 7: Cross-architecture validation using InternVL2-2B. We report the performance on 10K subsets. Bold
denotes the best result, and underlined denotes the second best. Note that the MME and MMBench columns have
been mapped to their standard metric scales based on the raw logs. Our EVIAN consistently outperforms baselines
even on a different model architecture.

Model MME MMBench SEEDBench ScienceQA A-OKVQA POPE Avg

Random 1776.87 0.3857 0.6064 0.7313 0.5467 87.18 62.94
BLIP-2 1754.31 0.6945 0.6888 0.9132 0.7467 87.10 75.68

EVIAN (Ours) 1796.41 0.7096 0.6971 0.9246 0.7624 87.37 76.82

Table 8: Comparison between the full original dataset and the EVIAN-selected subset. The “Origin Full” model is
trained on the unmodified 300K source data. EVIAN achieves a higher average score using only 1/30th of the data,
demonstrating superior data efficiency and quality verification.

Model MME MMBench SEEDBench ScienceQA A-OKVQA POPE Avg

Origin Full (300K) 1715.03 0.6734 0.6416 0.7287 0.7511 79.68 70.07

EVIAN (10K) 1876.89 0.6463 0.6359 0.7115 0.7493 79.87 70.20

ScienceQA, likely attributable to the broader ex-
posure to diverse facts inherent in larger data
scales, EVIAN secures a substantial lead on MME
(+161.86) and maintains highly competitive perfor-
mance on hallucination and reasoning tasks. This
empirical evidence reinforces the “less is more”
principle, suggesting that fine-grained auditing can
effectively identify and prioritize high-utility sam-
ples even within generally high-quality data distri-
butions.
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