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Abstract

Visual instruction tuning is crucial for improving vision-language large models
(VLLMs). However, many samples can be solved via linguistic patterns or common-
sense shortcuts, without genuine cross-modal reasoning, limiting the effectiveness
of multimodal learning. Prior data selection methods often rely on costly proxy
model training and focus on difficulty or diversity, failing to capture a sample’s
true contribution to vision-language joint reasoning. In this paper, we propose
CVS, a training-free data selection method based on the insight that, for high-
quality multimodal samples, introducing the question should substantially alter the
model’s assessment of answer validity given an image. CVS leverages a frozen
VLLM as an evaluator and measures the discrepancy in answer validity with and
without conditioning on the question, enabling the identification of samples that
require vision-language joint reasoning while filtering semantic-conflict noise.
Experiments on Vision-Flan and The Cauldron show that CVS achieves solid
performance across datasets. On Vision-Flan, CVS outperforms full-data training
by 3.5% and 4.8% using only 10% and 15% of the data, respectively, and remains
robust on the highly heterogeneous Cauldron dataset. Moreover, CVS reduces
computational cost by 17.3% and 44.4% compared to COINCIDE and XMAS.

1 Introduction

One of the key sources of the capabilities of vision-language large models (VLLMs) is Visual
Instruction Tuning (VIT) [22], which enables models to better align natural language instructions with
visual content across a wide range of tasks [20, 53]. However, a gradually emerging yet underexplored
issue is that, during visual instruction tuning, not all samples that are formally multimodal actually
require genuine cross-modal reasoning [45].

Among existing datasets, many samples can be answered correctly with little or no reliance on
visual content, as models exploit linguistic patterns or common-sense priors [28, 39]. Such samples
provide weak cross-modal supervision and encourage models to adopt linguistic shortcuts rather than
visual reasoning, ultimately degrading sensitivity to visual evidence [52]. This issue is exacerbated in
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real-world data construction pipelines, where heterogeneous collection methods introduce supervision
noise and image–text misalignment, rendering simple data scaling insufficient for improving vision-
language models [6, 49].

Existing data selection methods can be categorized into score-based and clustering-based methods.
The former typically assign scalar scores to samples based on criteria such as difficulty, gradient
contribution, or similarity, but often treat sample utility as an independently evaluable property,
making it difficult to distinguish samples that genuinely require vision-language joint reasoning
from those that can be solved via linguistic shortcuts [19]. The latter aim to improve data diversity
through clustering or deduplication; however, diversity alone does not guarantee that a question
meaningfully constrains its answer [42]. Moreover, most existing methods rely on additional proxy
models or complex post-processing pipelines, which introduce substantial computational overhead in
large-scale data settings [2]. We posit that a sample’s value implies Visual Necessity: the question
must provide non-redundant information gain regarding the answer’s validity, conditioned on the
visual context. Only when the question substantively affects the decision process and forces the
model to jointly reason over visual content and linguistic instructions does the supervision signal
become effective. This conditional dependence captures the essence of cross-modal supervision, yet
has not been explicitly modeled in existing data selection methods.

Recent advances in VLLMs show that modern models are already capable of making stable zero-shot
judgments about answer validity given an image and text [9, 35]. Motivated by this observation, we
adopt a reverse perspective. Instead of training an additional proxy model to assess sample quality,
we directly leverage a frozen VLLM as an evaluator and use changes in its judgment behavior to
characterize the supervisory value of a sample. Based on this insight, we propose Conditional Verdict
Shift (CVS), a training-free data selection method. CVS evaluates sample value by comparing the
model’s judgments of answer validity under two conditions. One condition uses the full context,
including the image, question, and answer, while the other removes the question and retains only the
image and the answer. If the inclusion of the question increases the model’s acceptance of the answer
without strengthening its tendency to reject it, the sample is regarded as semantically consistent and
provides effective cross-modal constraints. Otherwise, it is more likely to reflect semantic conflicts
or noisy supervision. Through this conditional verdict shift, CVS filters low-quality samples and
prioritizes high-value ones that require genuine cross-modal reasoning, without performing any
additional training.

Our main contributions are summarized as:

• We identify a critical yet often overlooked issue in visual instruction data: a large number of
samples do not genuinely rely on vision-language joint reasoning, but can instead be solved
via linguistic shortcuts, thereby weakening the effectiveness of cross-modal learning.

• We propose Conditional Verdict Shift (CVS), a training-free data selection method based
on a novel perspective that models the effectiveness of VIT data through the conditional
influence of the question on answer validity. This allows efficient identification of high-value
samples requiring genuine joint reasoning.

• We systematically evaluate CVS on two widely recognized VIT datasets, demonstrating
its advantages in performance, stability, and computational efficiency. On VISION-FLAN,
using only 10% and 15% of samples selected by CVS yields 3.5% and 4.8% higher perfor-
mance than full-data training, respectively. Furthermore, on The Cauldron, CVS reduces
computational costs by 17.3% and 44.4% compared to COINCIDE and XMAS.

2 Method

2.1 Problem formulation

Appendix B analyzes data selection from a distributional perspective and shows that, when a suffi-
ciently strong evaluator is available, satisfactory generalization can be achieved using only a small
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(a) Prompt construction.

(b) CVS pipeline.

Figure 1: Overview of CVS. (a) Prompt construction. (b) CVS uses a frozen vision-language model
to estimate conditional verdict shifts, filter noisy samples, and prioritize informative samples near the
decision boundary.

selected subset. This section does not introduce additional theoretical objectives or optimization
assumptions. Rather, it reformulates the data selection problem from an operational discriminative
perspective, thereby clarifying the core question that motivates the subsequent CVS design.

We consider a candidate training pool

Spool = {si}Ni=1, si = (Ii, Qi, Ai), (1)

where Ii, Qi, and Ai denote the image, question, and answer of the i-th sample, respectively. Since
candidate samples may contain heterogeneous supervision signals, such as linguistic shortcuts, weak
visual grounding, or semantic conflicts, we do not explicitly model the target data distribution. Instead,
we introduce a binary selection variable

mi ∈ {0, 1}, (2)

where mi = 1 indicates that si is retained for training. The selected training subset is therefore

Strain = {si ∈ Spool | mi = 1}. (3)

To characterize the desired selection criterion, we define an abstract sample value function V(si),
which measures the extent to which a sample contributes useful vision-language learning signals.
Under a budget constraint K, data selection can be conceptually written as

max
{mi}N

i=1

N∑
i=1

miV(si), s.t.
N∑
i=1

mi ≤ K, mi ∈ {0, 1}. (4)

This formulation is not intended as an optimization objective to be solved directly. Rather, it specifies
the type of sample value that an effective selection method should approximate. In this work, the
key question is how to instantiate V(·) in a computable and training-free manner, while keeping it
closely aligned with vision-language joint reasoning. The proposed Conditional Verdict Shift (CVS),
introduced in Section 2.2, addresses this question by using a frozen vision-language model to measure
discriminative changes under different conditioning contexts.
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2.2 Conditional verdict shift (CVS)

In our implementation, we use a frozen, well-trained VLLM as an intrinsic evaluator that evaluates
the validity of an answer A given its context. This is formulated as a single-step binary classification
task over Y = {YES, NO}. Rather than relying on absolute likelihoods, we characterize the extent to
which the textual query Q modulates the model’s judgment regarding the validity of the answer A.
This design draws inspiration from established methodology [11] that uses conditional V-information
to evaluate the semantic quality of instances via pointwise mutual information estimates.

The overall CVS prompt construction and pipeline are illustrated in Figures 1a and 1b, respectively,
with detailed prompt templates provided in Appendix C. For binary predictions, we directly use the
model’s output probabilities for {YES, NO} without additional softmax normalization. Since different
answer-token choices and prompt templates may affect the resulting model-assigned probabilities,
we examine the sensitivity of CVS to these design choices in Appendix F to assess its robustness.

Conditional affirmation shift We measure the modulation of confidence induced by the query Q.
Specifically, we compute the probability of the token ‘YES’ under two conditions: the full context
(I,Q,A) and a reduced context where the query Q is removed. We formalize this comparison as the
Conditional Affirmation Shift (CVSYES), defined as the logarithmic ratio:

CVSYES = log
P (YES | I,Q,A)

P (YES | I, A)
. (5)

This metric quantifies the information gain provided by the query Q regarding the validity of the
answer. A positive shift, i.e., CVSYES > 0, indicates that the inclusion of the question reinforces the
model’s belief in the answer’s correctness, thereby signifying a strong semantic alignment between
the query Q and the response A.

Conditional rejection shift To characterize the “inverse impact” of the textual query on the
answer’s validity, we further investigate the relative variation in the model’s rejection confidence.
Analogously to the affirmation shift, we define the Conditional Rejection Shift (CVSNO) as:

CVSNO = log
P (NO | I,Q,A)

P (NO | I,A)
. (6)

This metric measures whether the introduction of the query Q reinforces the model’s tendency to
classify the answer as “invalid” or “incorrect”. A positive shift (CVSNO > 0) implies that the query
context elevates the probability of rejection, signaling a semantic conflict or misalignment between
the question and the answer (e.g., hallucinations or irrelevant responses).

Filtering protocol Combining gains from both affirmation and rejection, we establish a principled
data filtering protocol. Specifically, we construct an admissible dataset Dselect by retaining samples
that satisfy the following alignment constraints:

Calign : (CVSYES > 0) ∧ (CVSNO < 0). (7)

This protocol enforces semantic consistency by ensuring answer validity while suppressing rejection,
filtering inconsistent or misleading QA pairs. We keep the affirmation and rejection shifts as
two separate constraints because they capture answer support and semantic conflict from different
directions. To examine whether this separation is necessary in practice, we further compare variants
using only CVSYES, only CVSNO, and three coupled log-odds variants, with results reported in
Appendix D.

For CVSYES and CVSNO, instead of using more specialized thresholding schemes, we adopt zero as
a natural and effective threshold, since it directly separates positive from negative shifts. With this
choice, we retain 59.29% and 63.97% of samples on the two datasets used in subsequent experiments,
respectively.
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Preference for hard positive samples Building on our filter protocol, and contrary to intuition, we
prioritize samples with lower positive CVSYES rather than maximizing this metric. A high CVSYES

suggests that the model can resolve the reasoning path Q → I → A with little effort, often due to
strong linguistic correlations or commonsense shortcuts that allow it to ignore the visual input I and
rely on language priors alone. In contrast, we focus on instances that require joint reasoning, where I
provides essential contextual grounding and Q specifies the directive information. A lower CVSYES

indicates that the model validates the answer without excessive confidence, reflecting a non-trivial
inference process. These samples lie closer to the decision boundary and, during training, force
explicit integration of visual features and textual semantics, yielding substantially stronger gradient
learning signals than high-confidence samples.

3 Experiments

In this section, we describe the experimental setup in Section 3.1 and analyze the main results in
Section 3.2.

3.1 Experimental setup

Visual instruction tuning datasets We conduct experiments on two widely used ViT datasets,
Vision-Flan [48] and The Cauldron [17] (see Appendix H for details).

Models and training details We use the pre-trained LLaVA-1.5-7B model [23] as the target model
and Qwen2.5-VL-7B-Instruct model [4] as the evaluator, with inference accelerated by vLLM [16].
We choose LLaVA-1.5-7B because its established training protocol supports reproducibility and
comparison with prior visual instruction data selection methods. We choose Qwen2.5-VL-7B-Instruct
for its open weights and access to the output probabilities required by CVS. Using a different model
family for the evaluator may also reduce biases shared with the target model. Unless otherwise
specified (Section 4.3), we follow the official LLaVA-1.5 LoRA fine-tuning hyperparameters. All
experiments are conducted on 4 NVIDIA RTX A6000 GPUs.

Baselines In the main experiments, we compare CVS with CLIP-Score [13], EL2N [38], SemD-
eDup [1], D2 Pruning [30], Random, COINCIDE [18], and XMAS [36]. Notably, COINCIDE (2024)
and XMAS (2025) achieved state-of-the-art performance at the time of their introduction. Detailed
hyperparameter settings for these baselines are provided in Appendix I. We also include two recent
data selection methods, SCALSELECT [44] and PRISM [5], as additional baselines. Since these
additional baselines do not change the main conclusion and exhibit relatively weak performance, we
defer their detailed results to Appendix L. Analysis and ablation studies primarily compare CVS with
random sampling (see Appendix J for the rationale).

Evaluation We evaluate fine-tuned models on 12 benchmarks spanning general visual question
answering, text-intensive visual understanding, document and chart understanding, and multimodal
reasoning, including GQA [14], VizWiz [12], TextVQA [40], ScienceQA-IMG [27], MME [21],
MMBench [24], AI2D [15], ChartQA [32], DocVQA [33], InfoVQA [34], MMStar [7], and OCR-
Bench [25]. Following COINCIDE and XMAS, we report Average Relative Performance (ARP) to
normalize evaluation scales across datasets:

ARP =
Subset Data Performance

Full Data Performance
× 100%. (8)

Detailed descriptions of all benchmarks and complete experimental results are provided in Appendix K
and Appendix L, respectively.

3.2 Main results

Vision-Flan Due to its 187 diverse tasks, Vision-Flan poses substantial challenges for multi-
task data selection. As shown in Figure 2a, at a 5% sampling ratio, CVS achieves the second-best
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(a) Vision-Flan. (b) The Cauldron.

Figure 2: Performance comparison between CVS and baseline methods on Vision-Flan and The
Cauldron. CVS performs best at 10% and 15% sampling ratios on Vision-Flan, even surpassing
full-data training, and remains robust across sampling ratios on The Cauldron.

performance, likely because its focus on near-boundary samples is less effective before a robust feature
space is established under extremely limited data. Once the sampling ratio increases to 10% and 15%,
this cold-start issue is mitigated, and the advantage of CVS becomes clear: it achieves state-of-the-art
performance, significantly outperforming all baselines. In particular, CVS attains ARP of 103.5 and
104.8 at 10% and 15% sampling, respectively, surpassing even full-data fine-tuning (ARP = 100).
These results strongly support our claim in Section 2.2 that filtering out language-prior-dominated
samples while prioritizing high-value, decision-boundary samples requiring vision-language joint
reasoning leads to more effective gradient signals. Compared to XMAS and COINCIDE, CVS shows
more robust performance advantages in the highly multi-task Vision-Flan setting, with the advantage
increasing at medium and larger data budgets, indicating improved mitigation of task bias while
maintaining broad visual coverage. Another noteworthy phenomenon is that baseline methods (e.g.,
XMAS and D2 Pruning) show large performance fluctuations as the sampling ratio increases, failing
to achieve monotonic gains with larger data budgets. This instability suggests limited ability to
distinguish informative samples from noise when expanding the subset. In contrast, CVS exhibits
stable and consistent performance improvements across sampling ratios, indicating its robustness in
selecting high-quality samples at different data scales. EL2N and CLIP-Score perform poorly across
all sampling ratios, consistent with observations [18] that single-metric selection leads to biased and
redundant subsets.

The Cauldron Compared with Vision-Flan, The Cauldron exhibits a substantially different form
of supervision noise. Specifically, many of its visual instructions are generated via templated or
rule-based procedures, leading to pronounced structural redundancy in the data distribution rather
than noise dominated by linguistic shortcuts or semantic conflicts. This characteristic shifts the
focus of data selection in a qualitatively different way and imposes distinct requirements on methods’
inductive biases. As shown in Figure 2b, CVS shows stable and monotonic improvements across
sampling ratios, indicating consistent and reliable selection across all budgets on The Cauldron with
different noise types. However, at higher sampling ratios (e.g., 30% and 50%), some clustering-
based methods (e.g., D2 Pruning and COINCIDE) slightly outperform CVS. We attribute this to
the dominance of structural redundancy in The Cauldron: under larger data budgets, coverage and
redundancy compression become increasingly influential, favoring clustering-based methods. In
contrast, CVS focuses on identifying samples that provide discriminative signals for vision-language
joint reasoning by suppressing semantic shortcuts and filtering semantically inconsistent data. As a
result, when structural redundancy is the primary noise source, CVS is complementary to clustering-
or deduplication-based methods rather than aiming for universal superiority across all budgets.
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Figure 3: Effect of CVS score ranges on model performance. The low-score strategy consistently
yields the largest gains across all budgets.

4 Analysis and ablation studies

4.1 Effect of CVS score ranges

To study the impact of different CVS score ranges on model performance, we conduct a controlled
comparison of sampling strategies on Vision-Flan using the pre-trained LLaVA-1.5-7B model. We
compare Random sampling against three CVS-based variants: Low selects samples with the lowest
CVSYES from the filtered candidate pool, corresponding to samples near the decision boundary;
High selects samples with the highest CVSYES from the filtered candidate pool, representing easy
high-confidence samples; and No selects samples with the highest CVSNO over the entire dataset,
corresponding to queries that strongly increase the rejection probability. The results in Figure 3 show
that sampling strategies lead to markedly different performance.

The Low strategy consistently outperforms the others, even under the cold-start setting with only
5% data. As the sampling ratio increases to 10% and 15%, it becomes the only strategy that
yields improvements over full-data fine-tuning, achieving gains of +3.5% and +4.8%, respectively.
These results support our claim in Section 2.2 that samples near the decision boundary encourage
vision-language joint reasoning and provide more informative optimization signals.

In contrast, the High strategy leads to clear performance degradation, performing significantly worse
than random sampling at 10% and 15%. This also aligns with our claim in Section 2.2: such samples
exhibit strong linguistic correlations or common-sense shortcuts between the query Q and answer A,
allowing the model to predict while largely ignoring the image I . Training on these samples provides
limited informational gain and wastes computational budget, ultimately harming generalization.

The No strategy yields the worst performance, consistently underperforming random sampling across
all ratios, with especially severe degradation at 5% and 10%. High rejection shift typically reflects
semantic misalignment or intrinsic noise (e.g., hallucinations), and forcing the model to fit such
inconsistent samples disrupts the learned semantic space, leading to negative transfer.

Overall, the Low strategy maximizes data efficiency by identifying correct samples near the decision
boundary. Representative Low, High, and No examples are provided in Appendix M.
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(a) Evaluator architecture. (b) Evaluator scale.

Figure 4: Effect of evaluator architecture and scale on CVS performance.

4.2 Robustness to evaluator

This section evaluates the robustness of CVS with respect to evaluator architecture and evaluator
scale. All experiments fix the target model to the pre-trained LLaVA-1.5-7B model and are conducted
on Vision-Flan.

Evaluator architecture We replace the evaluator from Qwen2.5-VL-7B-Instruct with LLaVA-
OneVision-1.5-4B-Instruct [3], which belongs to a different model family. As shown in Figure 4a,
CVS consistently outperforms random sampling across all sampling ratios (5%, 10%, and 15%) under
both evaluator architectures, indicating that CVS does not rely on any specific model architecture. We
further evaluate CVS with InternVL3-8B [54] as the evaluator and report the corresponding results in
Appendix L.

Evaluator scale We further vary the evaluator size within the Qwen2.5-VL family, comparing 3B
and 7B models. Figure 4b shows a clear scaling trend: larger evaluators consistently lead to better
downstream performance across all sampling ratios.

Overall, these results suggest that CVS benefits from stronger evaluators while remaining robust
to evaluator architecture. This behavior contrasts with COINCIDE, which reports performance
saturation or degradation when increasing proxy model size, indicating that CVS exhibits more
favorable scalability. As the community continues to release increasingly powerful VLLMs, CVS
can directly leverage stronger evaluators without modifying the algorithm.

4.3 Robustness to target model

To evaluate whether the selected data exhibits cross-model utility, we replace the target model from
LLaVA-1.5-7B with the more capable pre-trained Qwen2-VL-2B [43], while fixing the evaluator as
Qwen2-VL-7B-Instruct. All experiments are conducted on Vision-Flan. Given the higher capacity of
Qwen2-VL-2B, we adopt a moderate learning rate of 1e−4, while keeping other hyperparameters
unchanged. As shown in Table 1, CVS consistently outperforms random sampling across all sampling
ratios (5%, 10%, and 15%), even when applied to the stronger Qwen2-VL-2B target model. These
results indicate that CVS captures model-agnostic data utility, selecting informative samples that
remain effective across different target models. Similar results are observed when using LLaVA-1.5-
13B as the target model (see Appendix L).

4.4 Visual anchoring

CVS selects data by comparing P (Y | I,Q,A) and P (Y | I, A), where Y ∈ {Yes,No}. To assess
the necessity of including image information in the denominator, we conduct an ablation study that
removes I from P (Y | I, A), yielding a baseline conditioned only on the textual answer A. The
experimental setup follows the main experiments and is conducted on Vision-Flan.

As shown in Table 2, data selected by CVS without visual anchoring consistently underperforms
random sampling across all sampling ratios, with a performance gap exceeding 10 percentage points
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at the 5% sampling rate. This result highlights the critical role of P (Y | I, A) as a visual anchoring
term in CVS. We analyze its effect from two perspectives.

Visual anchoring establishes a reasoning baseline The standard CVS formulation

P (Y | I,Q,A)

P (Y | I, A)
(9)

quantifies the information gain contributed by the query Q under a fixed visual context, thereby
identifying cases where visual evidence alone is insufficient and vision-language joint reasoning is
required.

Semantic collapse under the degenerate formulation When removing I from the denominator,
the formulation degenerates to

P (Y | I,Q,A)

P (Y | A)
. (10)

Under this degenerate setting, the score reflects to the mutual information between the multimodal
input (I,Q) and the textual prior of A. Applying Low strategy then favors samples where (I,Q)
contributes little to predicting A, resulting in weakly correlated image–text pairs or low-quality
cases where the answer is independent of context (e.g., generic or uninformative text). In contrast,
in the original CVS formulation, low positive scores have a different interpretation: they indicate
that the query improves confidence in the correct answer in a non-trivial manner, requiring feature
alignment grounded in visual priors rather than linguistic shortcuts. Consequently, retaining I in
the denominator is essential for CVS to distinguish low-value from high-value samples. Only by
measuring the guiding effect of language on top of a visual perception baseline can CVS truly select
data that promotes vision-language joint reasoning capability.

4.5 Computation time

The computational overhead of data selection methods critically affects their scalability. Table 3
compares the total GPU hours required by CVS with two recent state-of-the-art baselines, COINCIDE
and XMAS, on The Cauldron. CVS demonstrates superior computational efficiency, processing
the entire dataset in only 10.5 GPU hours, which saves 17.3% and 44.4% of the computation time
compared to COINCIDE (12.7h) and XMAS (18.9h), respectively. This advantage mainly stems
from the inference-only design of CVS. Unlike COINCIDE and XMAS, which require training a
proxy model on the target dataset, CVS uses only forward inference with a frozen model. Eliminating
proxy model training substantially reduces computational cost, enabling CVS to scale to multimodal
datasets with millions or even hundreds of millions of samples.

5 Conclusion and limitations

Conclusion In this paper, we propose CVS, a training-free data selection method. CVS is based
on the observation that high-value multimodal samples should require the question to meaningfully
change the model’s judgment of answer validity given the image. By comparing a frozen VLLM’s
verdicts with and without conditioning on the question, CVS filters semantically inconsistent samples
and prioritizes informative hard positives that better encourage vision-language joint reasoning.
Experiments on Vision-Flan and The Cauldron demonstrate that CVS achieves strong data efficiency,
competitive downstream performance, and lower computational cost compared with recent baselines.

Limitations Despite its effectiveness, CVS has several limitations. First, although CVS is robust
across different evaluators, its performance may degrade when the frozen evaluator exhibits partic-
ularly severe biases or calibration errors. Second, while CVS avoids proxy-model training, it still
requires inference over the candidate pool, leaving room for further efficiency improvements. Third,
CVS mainly addresses semantic conflicts and language-prior shortcuts. It is not designed to address
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Table 1: Robustness of CVS across different target models. On Vision-Flan, we replace LLaVA-1.5-
7B with the stronger Qwen2-VL-2B and compare random sampling and CVS at different sampling
ratios using Average Relative Performance (ARP; full data = 100, higher is better). CVS outperforms
random sampling at all sampling ratios, indicating that the selected data transfers across target models
and remains effective with a stronger target model.

Method 5% 10% 15%

Random 98.34 98.64 97.80
CVS 99.65 100.09 99.65

Table 2: Visual anchoring ablation study. On Vision-Flan, we remove image information I from
the denominator P (Y | I, A) in CVS, yielding CVS without visual anchoring (CVS w/o VA), and
compare this variant with random sampling at different sampling ratios using Average Relative
Performance (ARP; full data = 100, higher is better). CVS w/o VA performs substantially worse than
random sampling at all sampling ratios, indicating that measuring the question-induced conditional
verdict shift under the same visual context is crucial for CVS.

Method 5% 10% 15%

Random 92.96 95.30 93.62
CVS 82.44 89.48 88.44

Table 3: Data selection cost on The Cauldron (100K samples) using a single NVIDIA RTX A6000
GPU. Training-Free indicates whether selection avoids proxy model training; GPU Hours measures
total selection time (lower is better). CVS requires 10.5 GPU hours, saving 17.3% and 44.4%
compared with COINCIDE and XMAS, respectively.

Method Training-Free GPU Hours

XMAS ✗ 18.9
COINCIDE ✗ 12.7
CVS ✓ 10.5

every source of data inefficiency and may be less effective when structural redundancy is the primary
source. Finally, our evaluation is limited to two datasets. Future work could validate CVS on a
broader range of datasets and explore its integration with diversity-based methods to further improve
data selection under heterogeneous data distributions.
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Appendix

A Related work

Existing VLLM data selection methods can be categorized into score-based and clustering-based
methods. In this section, we present a detailed overview of these methods.

A.1 Score-based methods

Score-based methods assign an importance score to each sample and perform selection accordingly.
Early methods rely on simple proxies such as prediction error or perplexity (e.g., EL2N [38],
MP [31]). More recent methods incorporate gradient-based signals to estimate sample contribution
or influence, including Self-Filter [8], LESS [47], ICONS [46], and TIVE [26]. Other variants
further consider diversity or grouped sampling (e.g., COIDO [50], MLLM-Selector [29]). Most
score-based methods require training proxy models, incurring substantial overhead for large-scale
multimodal data. Training-free alternatives such as CLIP-Score [13] avoid this cost but are limited
to coarse-grained semantic alignment [37]. In contrast, our method leverages a frozen VLLM to
model conditional shifts via relative judgment changes, enabling fine-grained semantic relationships
modeling without proxy training.

A.2 Clustering-based methods

Clustering-based methods promote diversity by modeling relationships among samples, typically
by performing clustering in the embedding space of a specific model layer. Early works such as
Self-Sup [41] and SemDeDup [1] remove redundant samples based on cluster structure or intra-cluster
similarity, while D2 Pruning [30] models soft neighborhoods via graph message passing. More recent
methods exploit richer or cross-modal representations. COINCIDE [18] clusters joint representations
from multiple layers to capture concept–skill structure, and XMAS [36] clusters samples based
on cross-modal attention trajectories. ARDS [51] further improves robustness through worst-case
subgroup construction and weighted sampling. Existing clustering-based methods typically involve
additional operations after feature extraction, and some still suffer from the overhead of training
proxy models. In contrast, our method is more cost-efficient, as it directly leverages a frozen VLLM
without requiring any additional post-clustering procedures or proxy training.

B Distributional perspectives on data selection

We emphasize that this perspective is introduced as an interpretative lens, rather than a formal
objective or a theoretical derivation of our method. In practice, training data are rarely sampled
directly from the real-world distribution Preal, but instead from a constructed distribution Ptrain formed
through data integration or filtering. Building on recent advances in data selection [10], the training
of VLLMs can be viewed as an interaction among three components:

• Generator (Gθ): The VLLM learner, whose parameters θ are optimized via gradient descent
to model conditional distributions.

• Evaluator (Dϕ): A parameterized model or scoring function that selects or reweights
training samples from raw data sources.

• Target Distribution (Preal): The real-world distribution used to assess generalization
performance.

Under this formulation, the generalization error Ltest depends not only on the training set size N ,
but also on the interaction between the Generator’s modeling capacity and the Evaluator’s ability to
align Ptrain with Preal. Prior theory suggests a phase transition: when the Generator is sufficiently
expressive and the Evaluator effectively filters for informative, distribution-consistent samples, strong
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(a) Prior context prompt.

(b) Full context prompt.

Figure 5: Prompt templates for CVS computation.

generalization can be achieved with substantially reduced data, corresponding to a “less is more”
regime.

C CVS prompt templates

As illustrated in Figure 5, we provide the complete prompt templates used to obtain binary answer
validity judgments from a frozen VLLM. The model is instructed to output only “Yes” or “No”.

D Complementarity of affirmation and rejection shifts

In the main paper, we use Conditional Affirmation Shift (CVSYES) and Conditional Rejection Shift
(CVSNO) as two separate constraints. Since the evaluator predicts over {Yes,No}, one may wonder
whether these two quantities are redundant, and whether they can be replaced by a single coupled
score. We therefore conduct an ablation on Vision-Flan under the 10% budget setting to examine the
necessity of keeping them separate.

Specifically, we compare three types of variants: using only CVSYES, using only CVSNO, and
replacing the two constraints with a coupled log-odds change:

∆ = log
P (Yes | I,Q,A)

P (No | I,Q,A)
− log

P (Yes | I,A)

P (No | I, A)
. (11)

For the coupled score, we evaluate three selection strategies, denoted as ∆PMin , ∆PRandom , and ∆PMax .

As shown in Table 4, both individual constraints provide useful signals, with CVSYES and CVSNO

achieving 100.59 and 101.89 ARP, respectively. However, combining the two shifts achieves the
best performance, improving the ARP to 103.45. In contrast, the coupled log-odds variants are
consistently inferior to the separated formulation, with the best coupled variant reaching only 102.11
ARP. These results suggest that although the Yes/No probabilities are naturally correlated, their shifts
are not redundant in practice. Separating CVSYES and CVSNO better preserves the distinction between
answer support and semantic conflict, which leads to more effective filtering than collapsing them
into a single scalar.

E Probability normalization and shift sign constraints

CVS uses the original probabilities of the YES and NO tokens over the full vocabulary. These
probabilities are not renormalized over the two verdict labels and need not sum to one. Introducing
the question can increase or decrease both probabilities by shifting probability mass to or from other
tokens. A positive CVSYES does not necessarily imply a negative CVSNO. This implication would
hold if the probabilities were normalized over the two labels.
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Table 4: Effect of separating affirmation and
rejection constraints.

Score ARP

CVSYES 100.59
CVSNO 101.89
∆PMin 94.53
∆PRandom 101.62
∆PMax 102.11
CVSYES + CVSNO 103.45

Table 5: Prompt sensitivity analysis of CVS.

Method ARP

Random 95.30
{YES, NO} 103.45
{CORRECT, INCORRECT} 103.69
{RIGHT, WRONG} 103.00
Can...question? 104.54

The joint condition CVSYES > 0 and CVSNO < 0 requires the question to increase answer support and
reduce rejection according to the evaluator. Requiring both conditions imposes a stricter consistency
criterion than either condition alone. The opposite combination, CVSYES < 0 and CVSNO > 0,
indicates that the question weakens answer support and strengthens rejection. The validity filter
excludes these samples before difficulty ranking.

F Prompt sensitivity analysis

CVS relies on evaluator probabilities assigned to binary answer tokens. Therefore, the resulting
scores may be affected by the choice of answer verbalizers or by the specific wording of the evaluator
prompt. To examine the robustness of CVS to these design choices, we conduct a prompt sensitivity
analysis on Vision-Flan under the 10% data budget.

We consider two types of variants. First, we keep the prompt template unchanged and vary only the
binary answer tokens, replacing {YES, NO} with {CORRECT, INCORRECT} and {RIGHT, WRONG}.
Second, we keep the answer tokens as {YES, NO} but modify the prompt wording by replacing the
original template with the question “Can the proposed answer be regarded as correct for this image
and question?” All other components of the selection pipeline are kept unchanged.

As shown in Table 5, all CVS variants substantially outperform random selection. More impor-
tantly, changing the answer verbalizers leads to only minor performance variation: {YES, NO},
{CORRECT, INCORRECT}, and {RIGHT, WRONG} achieve 103.45, 103.69, and 103.00 ARP, re-
spectively. The alternative prompt template further achieves 104.54 ARP. These results indicate
that CVS is not overly sensitive to a particular choice of binary answer tokens or prompt word-
ing. Instead, its effectiveness mainly comes from the conditional probability shift induced by the
image–question–answer context, rather than from a specific prompt instantiation.

G Performance at higher sampling ratios

We evaluate CVS on Vision-Flan using 20%, 25%, and 30% of the data, with all other settings match-
ing the main experiments. Table 6 reports ARP for CVS and random sampling. CVS outperforms
random sampling at all three ratios, showing that its advantage extends to larger data budgets.

Table 6: ARP on Vision-Flan at higher sampling ratios. The best result in each column is highlighted
in bold.

Method 20% 25% 30%

Random 96.40 96.95 97.35
CVS 98.82 101.57 100.33

17



Table 7: Hyperparameter configurations.
Method Settings

CLIP-Score high score selected
EL2N medium score selected
SemDeDup K : 5, 000
D2 Pruning k : 5, γr : 0.4, γf : 1.0
COINCIDE K : 5, 000, τ : 0.1
XMAS K : 1, 000, T : 7

H Dataset details

H.1 Vision-Flan

Vision-Flan [48] is a high-quality human-annotated visual instruction tuning dataset designed to
systematically enhance the generalization capability of vision-language models across diverse visual
tasks. The dataset is constructed entirely from publicly available academic vision datasets and covers
187 finely grained visual tasks, each accompanied by expert-written and rigorously validated task
instructions. This design significantly reduces synthetic bias and the risk of hallucination.

Prior studies have demonstrated that Vision-Flan offers substantial benefits in improving overall
visual understanding while mitigating catastrophic forgetting, making it one of the publicly available
VIT datasets with the widest task diversity and highest annotation reliability to date. Each task
contains approximately 1,000 samples, resulting in a total of 186K samples, all of which are used in
our experiments.

H.2 The Cauldron

The Cauldron [17] is a large-scale, high-quality visual instruction tuning dataset specifically con-
structed for instruction tuning of general-purpose vision-language large models. It integrates 50
vision-language datasets spanning a wide range of task types, including visual question answering,
image captioning, text transcription, document and table understanding, chart reasoning, visual
logical reasoning, and code generation across diverse and complex scenarios.

All constituent datasets are unified into a standardized question–answer format, and rigorous dedu-
plication and evaluation-set decontamination procedures are applied during dataset construction to
effectively mitigate the risk of data leakage. Given the substantial scale of the Cauldron dataset, to
facilitate broad and fair evaluation of multiple baseline methods under a reasonable computational
budget, we construct a representative subset of 100K samples by random sampling, while strictly
preserving the original task distribution.

I Hyperparameter settings for baseline methods

For all baseline methods other than XMAS, we use the hyperparameter settings reported in the
COINCIDE paper. For XMAS, we follow the hyperparameter configuration described in its paper, as
summarized in Table 7.

J Rationale for the random sampling baseline

Random sampling is also a strong baseline and provides a consistent reference without additional
selection criteria. Under matched data budgets and training conditions, it helps assess the effects of
CVS selection strategies and model choices. Switching to the strongest baseline at each sampling
ratio would make these effects harder to interpret. We therefore primarily use random sampling in
analysis and ablation studies, while comparing against competing methods in the main experiments.
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K Benchmark details

GQA GQA [14] is a visual question answering benchmark designed for real-world visual reasoning.
It automatically generates questions with explicit compositional structure from scene graphs and
provides explicit annotations of multi-step reasoning processes. By systematically balancing the
distributions of questions and answers, GQA substantially reduces language bias, enabling more
reliable evaluation of models’ compositional vision-language reasoning capabilities.

VizWiz VizWiz [12] is a visual question answering benchmark targeting real-world assistive
scenarios, with data collected from images captured by blind users using mobile phones along
with their spoken questions. The benchmark contains a large number of low-quality images and
unanswerable questions, and explicitly incorporates answerability prediction into its evaluation
protocol, enabling assessment of VQA models’ robustness in real-world, unconstrained environments.

TextVQA TextVQA [40] is a visual question answering benchmark focused on understanding
text in images, comprising approximately 28K natural scene images and 45K questions that require
reading and reasoning over textual content to answer. The benchmark emphasizes open-vocabulary
answers and OCR-based copying mechanisms, and is designed to evaluate models’ text reading and
multimodal reasoning abilities in real-world scenarios.

ScienceQA-IMG ScienceQA-IMG [27] is a subset of ScienceQA that contains only questions with
image-based context, including both natural scene images and instructional diagrams. It requires
models to perform multiple-choice scientific question answering by integrating visual information.
This subset emphasizes image understanding and multi-step scientific reasoning, and provides ground-
truth answers along with corresponding explanation annotations, making it suitable for evaluating
multimodal reasoning performance.

MME MME [21] is a comprehensive benchmark designed to systematically assess the perception
and reasoning capabilities of multimodal large language models. It covers a diverse set of eval-
uation dimensions, including object recognition, attribute understanding, spatial reasoning, OCR,
commonsense reasoning, and visual reasoning, spanning both perceptual-level and cognitive-level
skills. MME adopts a unified evaluation protocol with carefully curated prompts and scoring criteria,
enabling fine-grained and reliable comparison of multimodal models across heterogeneous abilities.

MMBench MMBench [24] is a multi-capability evaluation benchmark for large-scale vision-
language models, consisting of approximately 3K multiple-choice questions that cover 20 fine-grained
ability dimensions, spanning both perceptual and reasoning skills. The benchmark employs strict data
quality control and a CircularEval evaluation strategy, enabling more robust and reliable comparison
of models’ comprehensive multimodal capabilities.

AI2D AI2D [15] is a benchmark for scientific diagram understanding, consisting of over 5K
diagrams drawn from elementary-level science textbooks and approximately 15K multiple-choice
questions. The benchmark emphasizes modeling entities, relations, and structural layouts within
diagrams, and is designed to evaluate models’ diagram parsing and relation-based reasoning abilities.

ChartQA ChartQA [32] is a question answering benchmark for real-world chart understanding,
featuring charts derived from real data sources and human-authored questions that emphasize joint
visual and logical reasoning. The benchmark supports open-vocabulary answers and requires models
to simultaneously comprehend visual chart elements and underlying numerical relationships, making
it suitable for evaluating complex chart reasoning capabilities.

DocVQA DocVQA [33] is a visual question answering benchmark for document image understand-
ing, comprising approximately 12K real-world document images and 50K text-based questions. The
benchmark emphasizes joint modeling of document layout, structure, and dense textual content, and

19



is designed to evaluate models’ document-level reading comprehension and information localization
abilities.

InfoVQA InfoVQA [34] is a visual question answering benchmark for infographic understanding,
comprising approximately 5.4K infographic images and 30K questions that require joint modeling of
text, layout, graphics, and data visualization elements. The benchmark emphasizes reasoning skills
such as counting, ordering, and basic arithmetic, and is designed to evaluate models’ performance on
complex document-level vision-language understanding tasks.

MMStar MMStar [7] is a multimodal evaluation benchmark that emphasizes visual indispensability,
consisting of 1,500 carefully human-filtered questions for which correct answers must rely on visual
information. The benchmark spans 6 core capabilities and 18 fine-grained dimensions, and is designed
to more faithfully evaluate large models’ multimodal understanding and reasoning abilities, while
explicitly reducing the impact of textual shortcuts and data leakage.

OCRBench OCRBench [25] is a comprehensive benchmark for evaluating the OCR capabilities
of large-scale multimodal models, covering five task categories: text recognition, scene text VQA,
document VQA, key information extraction, and handwritten formula recognition. The benchmark
consists of 1,000 human-curated and manually verified question–answer pairs, and is designed to
systematically analyze models’ actual strengths and limitations across diverse text-centric visual
tasks.

L Benchmark result details

This section summarizes the detailed results of all experiments in this paper. Table 9 reports the
complete results on Vision-Flan for different data selection methods using 5%, 10%, and 15% data
subsets. Table 10 presents the complete results on The Cauldron for different data selection methods
using 10%, 20%, 30%, and 50% data subsets. Table 11 shows the impact of different CVS score
selection strategies (Low / High / No) on model performance on Vision-Flan. Tables 12 and 13
compare the performance of CVS under different evaluator architectures and different evaluator scale
settings, respectively. Table 14 and 15 report robustness evaluation results when changing the target
model while keeping the evaluator fixed. Finally, Table 16 presents an ablation study that removes
the visual anchoring term, aiming to analyze the role of visual information in the design of CVS.

M Examples across CVS score ranges

In this section, we provide representative examples across different CVS score ranges, including Low,
High, and No samples. The corresponding examples are shown in Figures 6, 7, and 8, respectively, to
qualitatively illustrate the characteristics of samples within each score range.

N Validity filtering and difficulty ranking

CVS follows a two-stage procedure. First, validity filtering retains samples satisfying CVSYES > 0
and CVSNO < 0. These conditions indicate that introducing the question consistently supports answer
validity according to the evaluator by increasing answer support and reducing rejection.

Second, difficulty ranking prioritizes samples with the lowest positive CVSYES within the filtered pool
under the data budget. A smaller positive shift indicates that the question supports answer validity,
but only by a small relative margin. CVS treats these samples as hard positives and prioritizes them to
encourage stronger integration of visual content and linguistic instructions. The shift signs determine
admissibility, while the affirmation-shift magnitude ranks difficulty among the retained samples.
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O Manual analysis of samples across selection stages

We randomly sample 200 examples from each of three groups on Vision-Flan: samples excluded
by validity filtering, samples not selected by subsequent difficulty ranking, and the final selected
subset. The second group contains candidates that pass the validity filter but are not prioritized under
the data budget because of their higher CVSYES scores. Two PhD students and one master’s student
in computer science independently classify the examples as language shortcuts, labeling errors, or
correct samples without language shortcuts. Disagreements are resolved by majority vote.

Table 8 shows that the first stage primarily removes samples with labeling errors (58%). The second
stage excludes language shortcuts (20%) and correct samples (67%), many of which require only
simple visual judgments. In the final subset, 98% of the inspected samples are correct, with many
requiring careful visual reasoning. No language shortcuts are identified in this inspected group.

The first stage also excludes 40% correct samples, indicating that validity filtering is imperfect. These
exclusions may reflect limitations of the frozen evaluator. CVS aims to retain useful samples within a
fixed data budget rather than recover every valid example.

Table 8: Manual analysis of samples across CVS selection stages.
Stage Language shortcuts (%) Label errors (%) Correct (%)

1 2 58 40
2 20 13 67
Final 0 2 98

P Discussion on absolute verdict confidence

CVS primarily relies on relative verdict shifts rather than directly ranking samples by the absolute
probability P (Yes | I,Q,A). This design does not imply that the absolute verdict confidence is
unimportant. In principle, P (Yes | I,Q,A) reflects the evaluator’s confidence in the correctness of
the answer under the full multimodal context, and extremely low confidence may indicate ambiguous,
noisy, or low-quality supervision. However, we find that absolute confidence values are less reliable
as a universal selection criterion across heterogeneous visual instruction tasks, since different tasks,
answer formats, and prompt styles can induce substantially different confidence ranges in the evaluator.
As a result, a fixed absolute-confidence threshold may either over-filter valid but challenging samples
or retain easy samples with high linguistic priors.

In contrast, CVS measures the conditional change in the evaluator’s judgment caused by introducing
the question Q under the same visual context. This relative formulation provides a more task-stable
signal of whether the question contributes useful information for validating the answer. Moreover,
low-quality or mathematically ambiguous samples are unlikely to be favored by the CVS protocol.
If a sample is noisy, unclear, or semantically inconsistent, introducing the question typically leads
to unstable verdict changes and often fails to satisfy the joint filtering condition CV SYes > 0 and
CV SNo < 0. Conversely, if a sample is overly easy, its CV SYes tends to be large, indicating that the
evaluator can validate the answer with high confidence once the question is provided; such samples
are not prioritized by our low-score strategy. Therefore, CVS favors samples of moderate difficulty:
they exhibit a small positive affirmation shift together with a negative rejection shift, suggesting that
the question provides meaningful but non-trivial guidance for vision-language reasoning. This makes
them more suitable for effective visual instruction tuning.

Q Connection to conditional information gain

CVS is information-gain inspired, but it is not intended to be an exact estimator of the conditional
mutual information I(Q;Y | I). Estimating I(Q;Y | I) would require access to the true data
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distribution and marginalization over possible questions and verdicts, which is generally infeasible
for large-scale visual instruction data. Instead, CVS uses the conditional likelihood ratio

log
P (Y | I,Q,A)

P (Y | I, A)
(12)

as a computable sample-level proxy for measuring how much the question Q changes the evaluator’s
answer-validity judgment under the same visual context I .

Therefore, the goal of CVS is not to recover the absolute value of conditional mutual information,
but to obtain a stable ranking signal for data selection. A positive affirmation shift indicates that
the question provides additional support for the answer, while a positive rejection shift indicates
possible semantic conflict. By combining these two relative shifts, CVS operationally distinguishes
informative cross-modal samples from easy, noisy, or misaligned samples.

Table 9: Main experimental results on Vision-Flan. We compare different data selection methods on
Vision-Flan using 5%, 10%, and 15% data subsets. The best result among subset-selection methods
in each column is highlighted in bold.

(a) Detailed results of different methods on Vision-Flan using a 5% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

Random 42.93 55.79 36.54 60.34 1098.02 36.40 26.19 37.82 15.96 16.46 19.99 34.77 27.80 92.96
XMAS 40.38 54.15 37.06 62.42 705.48 39.95 39.95 41.22 15.40 17.98 19.80 34.37 27.50 93.46
COINCIDE 42.15 53.48 38.00 55.03 1000.71 29.12 41.24 36.40 16.64 17.89 17.79 33.51 28.70 92.26
D2Prune 41.02 55.99 37.47 60.59 928.95 36.94 44.93 38.54 16.60 17.68 20.58 33.47 27.90 95.61
EL2N 43.26 54.93 35.94 54.34 898.77 39.78 18.90 34.03 15.80 16.23 18.36 34.13 28.20 88.74
SemDeDup 43.09 55.72 37.31 63.11 1115.77 41.32 48.71 41.16 17.80 19.02 19.42 33.09 27.80 99.45
CLIP Score 39.24 54.77 31.80 57.71 549.88 38.06 40.38 37.63 15.92 16.78 19.69 33.75 29.20 89.92
SCALSELECT 39.52 53.96 36.08 62.87 838.18 38.49 43.64 43.13 15.28 17.67 19.07 34.01 27.50 93.86
PRISM 29.97 52.06 26.73 49.33 1106.50 35.13 16.67 29.99 17.00 19.56 19.35 35.26 27.90 86.08
CVS (Ours) 38.42 57.46 37.98 63.41 800.81 45.88 52.66 39.44 15.12 18.48 20.74 35.59 27.80 97.82

(b) Detailed results of different methods on Vision-Flan using a 10% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

Random 43.31 56.02 36.13 60.92 1152.77 39.61 31.88 44.50 16.52 17.27 18.08 34.36 27.90 95.30
XMAS 42.73 55.82 36.55 64.40 1008.41 45.19 54.38 43.95 16.20 18.39 18.19 34.28 28.50 99.31
COINCIDE 43.33 57.38 38.70 60.83 1032.00 43.56 41.24 40.16 15.84 18.96 19.25 34.27 29.00 97.93
D2Prune 43.47 56.40 37.81 63.01 1146.50 47.68 51.80 43.01 16.44 17.38 18.78 34.73 29.00 100.49
EL2N 44.08 56.99 38.10 47.99 1088.62 39.52 31.70 29.92 15.64 18.78 18.78 34.94 28.30 92.67
SemDeDup 43.93 56.39 37.20 58.65 1236.25 47.51 45.96 39.31 15.72 18.89 17.58 36.00 28.50 98.97
CLIP Score 41.02 53.63 38.11 59.84 725.09 34.28 30.50 35.56 16.36 20.29 22.72 34.90 29.10 94.13
SCALSELECT 42.73 56.26 37.68 60.88 1101.46 44.42 54.81 44.49 14.84 18.29 16.71 33.56 27.80 97.94
PRISM 35.21 48.80 37.87 61.97 751.61 38.49 44.16 44.88 16.44 23.76 23.37 35.92 28.80 98.99
CVS (Ours) 39.49 57.66 38.99 66.78 930.81 46.13 54.30 43.98 16.24 21.18 21.72 37.70 28.70 103.45

(c) Detailed results of different methods on Vision-Flan using a 15% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

Random 43.19 56.33 35.41 59.59 1230.04 42.44 38.06 41.06 15.52 16.26 16.26 32.27 27.60 93.82
XMAS 44.68 56.52 37.19 61.18 1012.67 40.72 46.99 44.62 15.84 17.83 17.88 34.95 27.50 97.13
COINCIDE 44.28 56.44 37.52 55.73 1221.20 45.96 39.26 37.50 17.24 19.03 18.32 35.59 28.80 98.39
D2Prune 43.96 57.16 38.40 61.63 1059.64 44.67 49.48 44.66 15.80 17.62 18.60 34.13 28.30 98.94
EL2N 45.81 57.45 38.52 53.69 1105.20 46.22 39.18 43.39 14.68 19.06 17.35 34.56 28.40 96.87
SemDeDup 50.00 51.57 37.30 59.69 1247.46 43.90 45.45 43.13 17.04 18.66 18.93 35.24 28.00 100.35
CLIP Score 41.33 55.10 38.44 65.25 640.09 39.60 41.67 48.41 16.68 20.19 21.96 37.57 29.30 99.24
SCALSELECT 43.15 57.90 38.47 57.56 1062.93 46.91 43.99 36.40 15.96 18.82 16.69 35.53 27.70 96.65
PRISM 39.25 52.24 38.62 61.23 770.61 41.67 41.07 43.78 17.96 21.12 21.00 36.22 29.10 98.64
CVS (Ours) 43.46 57.93 40.57 63.46 1123.40 47.17 51.03 42.23 16.00 21.36 21.98 37.64 29.00 104.85
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Table 10: Main experimental results on The Cauldron. We compare different data selection methods
on The Cauldron using 10%, 20%, 30%, and 50% data subsets. The best result in each column is
highlighted in bold.

(a) Detailed results of different methods on The Cauldron using a 10% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 46.76 58.16 49.13 78.33 1333.04 57.73 65.72 64.57 12.80 27.52 15.88 40.38 35.10 100.00

Random 44.10 48.73 42.82 66.23 1038.67 45.73 57.19 50.91 10.24 20.55 14.03 34.08 30.10 83.54
XMAS 44.56 41.38 44.10 69.11 1104.39 48.37 56.27 52.59 10.32 20.62 14.14 34.26 30.40 84.17
COINCIDE 43.85 45.39 43.40 67.17 1118.15 48.48 54.60 50.39 10.40 20.31 14.39 34.15 30.20 83.94
D2Prune 43.06 43.29 43.35 68.91 1009.67 47.62 56.76 52.59 10.12 19.68 13.89 34.60 28.80 82.66
EL2N 43.55 41.20 43.94 68.95 1072.84 48.39 55.03 50.26 10.68 20.78 14.80 35.10 30.50 84.10
SemDeDup 43.02 45.04 43.24 69.00 1003.83 48.65 57.96 51.33 9.40 20.43 14.48 33.87 30.10 83.18
CLIP Score 44.08 38.73 44.13 67.42 1072.95 48.05 55.29 56.56 9.08 19.90 13.67 34.82 30.40 82.64
CVS (Ours) 43.58 40.58 43.90 67.64 1000.09 48.25 56.88 53.79 9.64 21.15 14.45 34.77 31.40 83.53

(b) Detailed results of different methods on The Cauldron using a 20% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 46.76 58.16 49.13 78.33 1333.04 57.73 65.72 64.57 12.80 27.52 15.88 40.38 35.10 100.00

Random 44.50 49.20 44.78 68.27 1116.78 50.80 58.47 56.09 10.64 22.23 15.23 35.23 31.90 87.96
XMAS 44.20 42.83 45.80 71.24 1086.13 49.83 57.30 55.18 10.60 22.77 15.58 35.14 30.60 86.97
COINCIDE 45.04 48.11 45.05 70.96 1152.90 50.03 56.92 53.53 9.96 22.04 14.96 33.45 30.60 86.63
D2Prune 43.83 43.58 44.33 71.63 1131.72 51.32 57.70 55.21 11.48 21.83 14.44 31.78 30.40 86.35
EL2N 43.67 43.36 44.45 70.49 1101.89 50.55 57.10 55.86 10.76 22.27 14.62 33.73 30.90 86.20
SemDeDup 44.11 49.40 44.89 70.49 1041.51 49.68 56.67 55.11 10.36 22.44 14.87 34.44 31.50 86.73
CLIP Score 44.74 37.79 45.11 71.28 1144.76 51.74 59.50 59.71 10.00 21.90 14.89 37.07 30.70 87.12
CVS (Ours) 44.57 45.84 45.03 70.51 1035.29 50.23 56.19 57.09 10.56 22.92 15.52 34.64 31.00 87.09

(c) Detailed results of different methods on The Cauldron using a 30% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 46.76 58.16 49.13 78.33 1333.04 57.73 65.72 64.57 12.80 27.52 15.88 40.38 35.10 100.00

Random 45.15 44.57 45.66 72.23 1188.38 51.49 58.22 55.61 11.08 23.07 15.62 34.45 32.00 88.97
XMAS 44.89 47.14 46.60 72.78 1117.63 52.92 61.51 58.52 10.92 24.02 15.06 35.76 32.50 90.24
COINCIDE 45.11 50.12 45.29 73.61 1235.28 52.69 60.36 57.93 10.84 25.39 15.55 34.35 31.80 91.14
D2Prune 44.18 44.52 45.83 73.07 1126.04 51.75 60.28 57.78 10.00 22.45 14.86 35.90 32.20 88.22
EL2N 45.83 50.83 45.16 71.73 1213.79 51.91 60.45 57.64 10.72 23.35 14.77 33.73 30.90 89.56
SemDeDup 44.34 42.59 44.98 72.08 1164.76 52.34 60.62 56.93 11.08 23.33 15.04 35.80 31.70 88.85
CLIP Score 45.31 39.77 45.85 71.38 1235.07 52.77 61.39 60.52 10.56 22.86 15.09 35.68 32.30 89.38
CVS (Ours) 44.92 50.73 45.14 71.36 1095.65 49.89 59.97 59.11 10.64 23.48 15.78 35.41 32.70 89.72

(d) Detailed results of different methods on The Cauldron using a 50% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 46.76 58.16 49.13 78.33 1333.04 57.73 65.72 64.57 12.80 27.52 15.88 40.38 35.10 100.00

Random 45.38 49.75 46.60 73.97 1136.19 53.47 61.40 60.50 11.32 24.69 15.06 36.25 32.70 91.75
XMAS 45.44 44.92 46.72 75.11 1223.29 54.12 61.94 59.23 11.56 25.24 15.33 35.20 33.10 92.07
COINCIDE 46.55 51.45 46.60 75.25 1236.37 55.09 62.51 60.33 11.32 24.14 14.92 35.91 33.60 93.11
D2Prune 45.16 54.69 45.96 73.57 1258.27 53.63 62.16 59.26 12.04 24.70 15.10 35.99 33.70 93.52
EL2N 45.21 47.63 46.30 74.41 1222.04 53.46 61.65 59.16 10.52 24.69 15.19 35.10 33.70 91.39
SemDeDup 45.39 47.50 46.68 75.26 1281.12 54.92 62.25 59.36 11.32 24.67 15.47 36.47 32.50 92.78
CLIP Score 45.98 45.73 46.46 73.07 1215.97 53.20 63.11 60.81 11.96 24.27 14.83 37.22 32.10 92.07
CVS (Ours) 44.99 45.33 45.86 75.22 1181.08 54.10 62.89 61.69 10.72 24.88 14.95 38.25 34.40 92.16
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Table 11: Detailed results on Vision-Flan for the effect of CVS score ranges. We evaluate different
CVS score selection strategies (Low / High / No) on the Vision-Flan using data subsets of 5%, 10%,
and 15%. The best result in each column is highlighted in bold.

(a) Detailed results of different CVS score selection strategies on Vision-Flan using a 5% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

Random 42.93 55.79 36.54 60.34 1098.02 36.40 26.19 37.82 15.96 16.46 19.99 34.77 27.80 92.96
No 24.31 53.87 29.59 53.20 564.60 31.70 38.66 27.14 14.80 13.43 15.22 35.02 27.90 79.16
High 35.07 51.09 30.75 62.27 488.55 39.69 44.16 45.95 15.12 14.55 19.77 31.38 23.80 87.16
Low 38.42 57.46 37.98 63.41 800.81 45.88 52.66 39.44 15.12 18.48 20.74 35.59 27.80 97.82

(b) Detailed results of different CVS score selection strategies on Vision-Flan using a 10% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

Random 43.31 56.02 36.13 60.92 1152.77 39.61 31.88 44.50 16.52 17.27 18.08 34.36 27.90 95.30
No 34.72 54.65 36.96 48.88 870.97 32.90 40.89 22.63 15.52 17.80 20.56 37.18 28.60 89.48
High 38.09 55.15 33.52 59.79 533.81 45.79 36.00 44.66 15.44 15.81 18.22 32.50 25.20 89.05
Low 39.49 57.66 38.99 66.78 930.81 46.13 54.30 43.98 16.24 21.18 21.72 37.70 28.70 103.45

(c) Detailed results of different CVS score selection strategies on Vision-Flan using a 15% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

Random 43.19 56.33 35.41 59.59 1230.04 42.44 38.06 41.06 15.52 16.26 16.26 32.27 27.60 93.82
No 36.61 55.70 37.60 62.42 668.22 40.21 39.69 39.25 16.88 16.41 18.21 36.19 29.30 92.76
High 40.32 54.78 33.47 63.26 830.61 45.70 53.01 53.69 15.44 16.26 17.12 35.81 26.40 96.00
Low 43.46 57.93 40.57 63.46 1123.40 47.17 51.03 42.23 16.00 21.36 21.98 37.64 29.00 104.85

Table 12: Detailed results on Vision-Flan under different evaluator architectures. We compare
different evaluator architectures on Vision-Flan using data subsets of 5%, 10%, and 15%. Qwen,
InternVL, and LLaVA-OV correspond to Qwen2.5-VL-7B-Instruct, InternVL3-8B, and LLaVA-
OneVision-1.5-4B-Instruct, respectively. The best result among subset-selection methods in each
column is highlighted in bold.

(a) Detailed results of different evaluator architectures on Vision-Flan using a 5% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

Random 42.93 55.79 36.54 60.34 1098.02 36.40 26.19 37.82 15.96 16.46 19.99 34.77 27.80 92.96
CVS(Qwen) 38.42 57.46 37.98 63.41 800.81 45.88 52.66 39.44 15.12 18.48 20.74 35.59 27.80 97.82
CVS(InternVL) 36.93 57.97 34.42 60.09 839.81 46.48 43.73 39.67 14.56 16.34 18.24 38.27 28.70 93.89
CVS(LLaVA-OV) 39.01 54.20 34.99 64.51 1084.98 35.05 45.27 47.96 14.76 17.50 20.58 31.17 27.20 95.39

(b) Detailed results of different evaluator architectures on Vision-Flan using a 10% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

Random 43.31 56.02 36.13 60.92 1152.77 39.61 31.88 44.50 16.52 17.27 18.08 34.36 27.90 95.30
CVS(Qwen) 39.49 57.66 38.99 66.78 930.81 46.13 54.30 43.98 16.24 21.18 21.72 37.70 28.70 103.45
CVS(InternVL) 36.71 54.36 39.91 61.82 631.84 48.72 43.38 40.16 16.56 18.75 19.06 39.08 29.00 96.68
CVS(LLaVA-OV) 37.02 54.21 39.65 60.34 871.82 40.71 34.02 39.12 15.36 21.52 21.11 35.31 30.30 96.59

(c) Detailed results of different evaluator architectures on Vision-Flan using a 15% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

Random 43.19 56.33 35.41 59.59 1230.04 42.44 38.06 41.06 15.52 16.26 16.26 32.27 27.60 93.82
CVS(Qwen) 43.46 57.93 40.57 63.46 1123.40 47.17 51.03 42.23 16.00 21.36 21.98 37.64 29.00 104.85
CVS(InternVL) 35.20 57.04 39.61 61.58 550.58 49.91 50.00 41.48 17.00 20.44 19.65 37.32 29.10 98.49
CVS(LLaVA-OV) 39.05 57.20 40.87 60.78 524.28 45.36 44.50 41.22 15.60 21.73 21.52 36.30 30.00 98.56
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Table 13: Detailed results under different evaluator scales on Vision-Flan. We compare evaluators
of different scales within the Qwen2.5-VL family, where CVS (7B) and CVS (3B) denote using
Qwen2.5-VL-7B-Instruct and Qwen2.5-VL-3B-Instruct as evaluators, respectively. Experiments are
conducted using 5%, 10%, and 15% data subsets. The best result in each column is highlighted in
bold.

(a) Detailed results under different evaluator scales on Vision-Flan using a 5% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

CVS (7B) 38.42 57.46 37.98 63.41 800.81 45.88 52.66 39.44 15.12 18.48 20.74 35.59 27.80 97.82
CVS (3B) 39.17 53.22 34.89 62.33 500.00 46.22 43.56 39.18 15.20 15.48 17.74 37.50 28.60 91.24

(b) Detailed results under different evaluator scales on Vision-Flan using a 10% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

CVS (7B) 39.49 57.66 38.99 66.78 930.81 46.13 54.30 43.98 16.24 21.18 21.72 37.70 28.70 103.45
CVS (3B) 40.13 53.27 39.65 63.16 513.92 43.47 50.43 41.39 16.84 18.15 18.28 39.60 28.40 96.24

(c) Detailed results under different evaluator scales on Vision-Flan using a 15% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

CVS (7B) 43.46 57.93 40.57 63.46 1123.40 47.17 51.03 42.23 16.00 21.36 21.98 37.64 29.00 104.85
CVS (3B) 42.61 55.96 38.41 62.77 1104.09 41.93 49.31 41.00 16.36 17.68 17.88 36.35 28.60 98.51

Table 14: Detailed results on Vision-Flan for robustness to the target model (Qwen2-VL-2B). With
the evaluator fixed to Qwen2-VL-7B-Instruct, we replace the target model from LLaVA-1.5-7B to
Qwen2-VL-2B to evaluate the robustness of CVS under target model changes. Experiments are
conducted using data subsets of 5%, 10%, and 15%. The best result in each column is highlighted in
bold.

(a) Detailed results of CVS robustness to target model (Qwen2-VL-2B) changes using a 5% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 51.84 34.21 72.03 74.96 1294.90 61.68 68.99 68.94 52.00 81.86 50.67 42.58 74.80 100.00

Random 52.40 40.72 71.88 75.75 1430.27 53.35 58.85 67.13 48.20 76.36 49.41 40.58 74.10 98.34
CVS 48.86 49.06 71.50 74.96 1269.53 55.33 61.25 67.10 49.12 79.16 51.58 39.20 74.50 99.65

(b) Detailed results of CVS robustness to target model (Qwen2-VL-2B) changes using a 10% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 51.84 34.21 72.03 74.96 1294.90 61.68 68.99 68.94 52.00 81.86 50.67 42.58 74.80 100.00

Random 52.09 35.91 72.60 75.16 1398.61 55.58 62.03 67.88 50.96 78.10 51.61 40.36 74.30 98.64
CVS 48.37 44.26 73.57 75.36 1241.04 57.47 62.89 68.07 50.48 80.85 53.02 40.91 75.10 100.09

(c) Detailed results of CVS robustness to target model (Qwen2-VL-2B) changes using a 15% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 51.84 34.21 72.03 74.96 1294.90 61.68 68.99 68.94 52.00 81.86 50.67 42.58 74.80 100.00

Random 49.86 39.80 71.77 74.71 1194.15 60.30 66.15 68.55 44.44 77.15 51.18 40.06 74.40 97.80
CVS 52.08 36.21 74.27 75.16 1343.07 57.22 62.72 68.30 53.04 80.69 51.51 41.30 74.90 99.65
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Table 15: Detailed results on Vision-Flan for robustness to the target model (LLaVA-1.5-13B). With
the evaluator fixed to Qwen2-VL-7B-Instruct, we replace the target model from LLaVA-1.5-7B to
LLaVA-1.5-13B to evaluate the robustness of CVS under target model changes. Experiments are
conducted using data subsets of 5%, 10%, and 15%. The best result in each column is highlighted in
bold.

(a) Detailed results of CVS robustness to target model (LLaVA-1.5-13B) changes using a 5% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 49.02 55.92 35.82 70.60 1318.89 56.44 60.74 57.67 19.44 20.03 19.87 35.65 29.50 100.00

Random 43.02 56.82 34.35 63.46 1178.91 36.25 41.23 45.66 14.88 14.87 18.17 32.17 29.00 85.12
CVS 39.54 56.80 36.64 63.21 920.15 39.35 45.37 43.65 18.12 18.24 21.95 33.50 28.40 88.34

(b) Detailed results of CVS robustness to target model (LLaVA-1.5-13B) changes using a 10% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 49.02 55.92 35.82 70.60 1318.89 56.44 60.74 57.67 19.44 20.03 19.87 35.65 29.50 100.00

Random 44.98 58.13 36.43 68.26 1176.93 47.60 55.56 49.63 16.56 16.97 19.08 31.35 29.60 92.26
CVS 41.27 57.48 37.49 66.58 1038.90 43.04 48.45 47.80 17.60 19.03 21.73 35.66 29.80 92.28

(c) Detailed results of CVS robustness to target model (LLaVA-1.5-13B) changes using a 15% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 49.02 55.92 35.82 70.60 1318.89 56.44 60.74 57.67 19.44 20.03 19.87 35.65 29.50 100.00

Random 45.25 56.96 38.03 65.05 1176.15 42.70 46.99 48.32 16.60 18.38 18.23 34.86 29.40 91.14
CVS 42.54 56.55 37.02 67.18 1150.28 44.07 51.63 46.11 15.80 19.07 21.24 32.30 30.50 91.85

Table 16: Detailed results on Vision-Flan for visual anchoring. To evaluate the necessity of the
visual anchoring term in CVS, we remove the image information I from the conditional probability
P (Y | I, A) in the denominator and compare the resulting variant with random sampling using data
subsets of 5%, 10%, and 15%. The best result in each column is highlighted in bold.

(a) Detailed results of the visual anchoring ablation study using a 5% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

Random 42.93 55.79 36.54 60.34 1098.02 36.40 26.19 37.82 15.96 16.46 19.99 34.77 27.80 92.96
CVS 36.12 56.29 33.08 57.56 493.39 31.19 14.69 37.89 14.92 15.99 17.29 33.08 28.10 82.44

(b) Detailed results of the visual anchoring ablation study using a 10% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

Random 43.31 56.02 36.13 60.92 1152.77 39.61 31.88 44.50 16.52 17.27 18.08 34.36 27.90 95.30
CVS 35.03 52.96 33.35 64.06 501.64 36.17 41.75 41.22 14.48 18.15 19.80 30.84 28.70 89.48

(c) Detailed results of the visual anchoring ablation study using a 15% data subset.

Method GQA VizWiz TextVQA SQA-I MME MMB-CN MMB-EN AI2D ChartQA DocVQA InfoVQA MMStar OCRBench ARP
Full Data 47.30 55.88 35.83 61.43 1270.40 50.26 55.67 52.14 15.68 15.80 15.53 35.32 26.20 100.00

Random 43.19 56.33 35.41 59.59 1230.04 42.44 38.06 41.06 15.52 16.26 16.26 32.27 27.60 93.82
CVS 35.02 53.42 30.81 63.31 499.41 41.15 46.82 41.97 14.28 17.58 17.04 31.42 27.30 88.44
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Figure 6: Representative examples selected by the Low strategy.

Figure 7: Representative examples selected by the High strategy.
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Figure 8: Representative examples selected by the No strategy.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We provide the claims and contributions at the end of the introduction, which
have experimental support.

Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: Please see Section 5.

Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]

Justification: This paper does not include theoretical analysis.

Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Please see Section 2.2, Section 3.1, Appendix C, Appendix I, and Appendix L
for the algorithmic workflow, experimental setup, specific prompts, baseline hyperparameter
settings, and detailed benchmark results.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
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(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: Please see the anonymous GitHub link provided in the abstract, which includes
the code and reproduction guidance for the main experiments.

Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Please see Section 2.2, Section 3.1, Appendix C, Appendix I for the algorithmic
workflow, experimental setup, specific prompts, and baseline hyperparameter settings.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
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Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: The paper does not report error bars, confidence intervals, or repeated-run
statistical significance tests. First, CVS only relies on model inference, so its selection
results are very stable and are largely unaffected by random seeds. Second, the results of
CVS are based on two visual instruction tuning datasets, multiple data budgets, and 12
benchmarks, where its performance is clearly superior; therefore, it is unlikely that the
conclusions are caused by random seed variation, and running multiple random seeds would
be computationally prohibitive.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Section 3.1 states that the experiments are conducted on 4 NVIDIA RTX
A6000 GPUs, and Table 3 reports the time required by CVS for data selection.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
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Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have carefully read the NeurIPS Code of Ethics and verified that our paper
aligns with the requirements.

Guidelines:

• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], they should explain the special circumstances that require a
deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A]

Justification: This work is foundational in nature and proposes a data selection method. It
does not introduce a new deployed model, application, or decision-making system. Any
potential societal effects are indirect and depend on how downstream models trained with
the selected data are used. Thus, we do not anticipate direct societal impacts.

Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]
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Justification: The paper does not release a new high-risk pretrained model, image generator,
or scraped dataset. It releases a data selection method and experimental code, while relying
on existing public datasets and VLLMs.

Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• This work proposes a data selection method and does not release a new high-risk

model, image generator, or scraped dataset. Therefore, the safeguard requirements for
controlled release are not applicable.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We use publicly released datasets, models, and software packages, including
Vision-Flan[48], The Cauldron[17], LLaVA[23], Qwen[4, 43], LLaVA-OneVision [3], In-
ternVL3 [54], and vLLM[16], all of which are cited appropriately in the paper and used in
accordance with their licenses or terms of use. Please see Section 3.1, Appendix H, and the
anonymous GitHub repository for asset sources and usage details.

Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The paper introduces the CVS implementation and associated experimental
scripts as new assets. These assets are documented in the anonymous GitHub repository
linked in the abstract, including usage instructions, reproduction guidance, and configuration
details.

Guidelines:
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• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]

Justification: This paper does not involve crowdsourcing experiments or research with
human subjects.

Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]

Justification: This paper does not involve crowdsourcing experiments or research with
human subjects, so IRB approval or equivalent review is not applicable.

Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
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Answer: [Yes]

Justification: The use of vision-language large models is an essential component of the
research, as they serve as scoring models, target models trained on the selected subsets, and
the models evaluated in downstream benchmarks.

Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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