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Abstract001

The progress of visual–language models has002
made visual instruction tuning central to multi-003
modal alignment, yet its effectiveness depends004
heavily on the composition of training data.005
Visual instruction datasets are often heteroge-006
neous and redundant, necessitating principled007
data selection to ensure downstream perfor-008
mance. Despite growing interest, prior stud-009
ies remain fragmented, relying on disparate010
evaluation criteria and inconsistent terminol-011
ogy that obscure the underlying design space.012
To address this, we present the first comprehen-013
sive survey of visual instruction data selection,014
providing a unified perspective on both evalua-015
tion and selection mechanisms. We introduce016
a factor-based analytical framework that orga-017
nizes core data properties into a structured Data018
Evaluation Factor Library. Furthermore, we019
categorize existing methods into feature-based,020
prediction-based, gradient-based, and hybrid021
paradigms, analyzing how they operationalize022
scoring and filtering. By bridging evaluation023
factors with selection mechanisms, this survey024
consolidates fragmented insights and outlines025
future directions for data-efficient multimodal026
learning.027

1 Introduction028

Visual-Language Models (VLMs) (Liu et al.,029

2024a; Bai et al., 2023; Chen et al., 2024c; Li030

et al., 2025b) have established a central paradigm031

for multimodal intelligence, driven largely by Vi-032

sual Instruction Tuning (VIT). This process aligns033

pretrained models with human intent through large-034

scale image–instruction–response data. Tradition-035

ally, VIT has been treated as a data-scaling prob-036

lem, wherein performance improvements are pur-037

sued primarily by expanding the dataset size. How-038

ever, recent findings challenge this assumption, sup-039

porting the “Less Is More” philosophy (Liu et al.,040

2025b; Ye et al., 2025; Muennighoff et al., 2025).041

These studies demonstrate that reasoning ability042

is highly sensitive to data composition, and that 043

within redundant or heterogeneous datasets (Xu 044

et al., 2025a; Yu et al., 2025), indiscriminate scal- 045

ing can dilute critical learning signals. 046

Motivated by this paradigm shift, visual instruc- 047

tion data selection has emerged as an active re- 048

search direction. Various methods have been pro- 049

posed to identify high-value samples, leveraging 050

signals such as model predictions (Chen et al., 051

2024b; Lyu et al., 2025), representation similar- 052

ity (Bi et al., 2025; Lee et al., 2024), training 053

dynamics (Lee et al., 2025), and gradients (Wu 054

et al., 2025; Liu et al., 2025b). Although these ap- 055

proaches yield substantial gains in data efficiency, 056

the field remains fragmented. Existing studies of- 057

ten adopt ad-hoc evaluation criteria and focus on 058

isolated aspects of data quality, which impedes the 059

generalization of insights and the comparison of 060

effectiveness across different settings. 061

A core challenge underlying this fragmentation 062

is the lack of a unifying abstraction that separates 063

data evaluation from selection mechanisms. Prior 064

work frequently entangles the criteria used to assess 065

data value with the algorithms employed to exploit 066

them, thereby obscuring the broader design space 067

and limiting systematic analysis. Consequently, it 068

remains unclear how different methods interrelate, 069

what implicit assumptions they share, and where 070

their fundamental limitations lie. 071

To address these issues, this survey presents the 072

first comprehensive and systematic review of visual 073

instruction data selection. We adopt a factor-based 074

perspective that abstracts the common data proper- 075

ties implicitly considered across prior work, provid- 076

ing a principled lens for analyzing data quality and 077

utility independent of specific algorithms. Further- 078

more, we organize existing methods into feature- 079

based, prediction-based, gradient-based, and hy- 080

brid paradigms according to their selection mech- 081

anisms, and analyze how these paradigms opera- 082

tionalize data scoring, filtering, and distribution 083

1



balancing. By bridging data evaluation principles084

with selection strategies, this survey clarifies the085

design space of visual instruction data selection,086

consolidates fragmented insights, and highlights087

open challenges and future research directions to-088

ward more data-efficient multimodal learning.089

Our main contributions can be summarized as:090

• We present the first comprehensive review091

of visual instruction data selection, synthe-092

sizing fragmented literature to formalize the093

paradigm shift from traditional data scaling to094

data efficiency.095

• We propose a unified factor-based perspective096

for data evaluation that decouples evaluation097

criteria from selection mechanisms, providing098

a principled framework to analyze data quality099

independent of specific algorithms.100

• We establish a structured taxonomy and high-101

light future frontiers, categorizing methods102

into feature-based, prediction-based, gradient-103

based, and hybrid paradigms to clarify the de-104

sign space and identify key open challenges.105

The rest of this paper is structured as follows:106

§2 reviews preliminaries; §3 introduces our fac-107

tor library for data evaluation; and §4 presents a108

taxonomy of selection methods. We then outline109

a unified evaluation pipeline in §5, identify open110

challenges in §6, and conclude in §7. The structural111

organization is visualized in Fig. 1.112

Related Survey. Existing surveys (Albalak et al.,113

2024; Zhang et al., 2025a) predominantly address114

data selection within general machine learning115

or large language models, limiting their scope to116

unimodal text. Despite the rapid rise of Visual-117

Language Models, a dedicated systematic review118

of visual instruction data selection remains absent.119

Furthermore, prior surveys typically organize work120

solely by methodological categories, often over-121

looking the underlying mechanisms. We address122

these gaps by introducing a unified “from factors to123

methods” framework, providing fine-grained the-124

oretical insights and principled guidance beyond125

standard taxonomies.126

2 Preliminaries127

2.1 Visual Instruction Turning128

VIT aims to align VLMs with human intent by129

optimizing the conditional likelihood of target re-130

sponses given multimodal inputs. Formally, let fθ131
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Figure 1: Pipeline for coreset construction and evalu-
ation. Samples are selected from VIT datasets using
feature-, prediction-, gradient-based, or hybrid meth-
ods built upon the Factor Library, followed by domain-
specific benchmarking.

denote a VLM with parameters θ and a training 132

dataset D = {(xvi , xti, yi)}Ni=1, where xvi , xti, and 133

yi represent the visual input, textual instruction, 134

and target response, respectively. The objective of 135

VIT is to minimize the cross-entropy loss: 136

Ltrain(θ) = −
N∑
i=1

log pθ(yi | xv
i , x

t
i) (1) 137

This promotes coherent, instruction-following re- 138

sponses grounded in multimodal contexts. How- 139

ever, persistent challenges in instruction diversity, 140

alignment, and scalability motivate research on 141

principled data selection strategies. 142

2.2 VIT Data Selection 143

VIT dataset selection optimizes the trade-off be- 144

tween data quantity and performance by identify- 145

ing a high-quality subset S from corpus D that 146

maximizes generalization within a strict budget. 147

We formulate this as a bi-level optimization prob- 148

lem, where the outer loop maximizes the expected 149

metric M over target distribution P subject to the 150

inner loop’s training minimization: 151

max
S⊆D

E(x,y)∼P
[
M(fθ∗(S)(x), y)

]
s.t. |S| ≤ b, θ∗(S) = argmin

θ
Ltrain(S; θ)

(2) 152

where b ≪ |D| denotes the budget. As a direct solu- 153

tion is computationally intractable, effective strate- 154

gies approximate the gradient contribution of data 155

points using proxies such as difficulty and diversity. 156

This process targets a Pareto-optimal frontier where 157

the curated subset S∗ significantly reduces train- 158

ing costs while preserving multimodal reasoning 159

capabilities by filtering redundancy and noise. 160
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CLIP Score (Wei et al.), Clarity & Relevance (Xu et al.), ACE (Li et al.)

Difficulty Score Net (Chen et al.), Instruction Relevance (Safaei et al.), CDE (Li et al.), Outcome Variance (Zha et al.; Leng
et al.), Trajectory Diversity (Leng et al.), Importance Loss (Yan et al.), MCTS Sample Selection (Wang et al.)

Alignment GPT Score (Wei et al.), mm Rich Scores (Lyu et al.), Reward Score (Wei et al.)

Figure 2: Comprehensive VIT Data Evaluation Factor Library.

3 Data Evaluation Factor Library161

In this section, we introduce the Data Evaluation162

Factor Library, a taxonomy designed to assess the163

utility of VIT data through decoupled evaluation164

dimensions. In contrast to prior ad-hoc or task-165

specific metrics, this framework facilitates the fine-166

grained analysis and comparison of data selection167

methods. By standardizing these dimensions, the168

library establishes a unified foundation for diagnos-169

ing and enhancing multimodal data quality.170

3.1 Informativeness171

Informativeness quantifies the density of effective172

signals within a sample. It distinguishes data173

exhibiting rich structural and semantic patterns174

from trivial or redundant inputs, thereby ensuring175

that only samples with high intrinsic salience176

contribute to the learning process.177

In the visual domain, informativeness encom-178

passes structural and semantic complexity. Met-179

rics like Segmentation Complexity (SC) and Ob-180

ject Alignment (OA) (Liu et al., 2025a) employ181

SAM2 (Ravi et al., 2024) and DINO (Liu et al.,182

2023b) to measure object salience and visual den-183

sity. The Image Grounding (IG) Score (Maharana184

et al., 2025) isolates visual utility by comparing185

textual perplexity with and without image input.186

Textual informativeness pertains to signal187

quality and density. While Response Length (Wei188

et al., 2023) serves as a heuristic for balancing189

reasoning depth with conciseness, granular190

metrics such as Sentence Informativeness and191

Complexity (Xu et al., 2025b) filter trivial content192

to preserve syntactic and semantic diversity.193

Regarding multimodal integration, approaches194

such as Informative Value (Yu et al., 2025) quantify195

joint information density using the entropy of196

normalized singular values derived from fused rep-197

resentations. Complementing this static analysis 198

with a perturbation-based perspective, Attention- 199

Guided Masking (AGM) (Hu et al., 2025) evaluates 200

effective mutual information by quantifying the 201

loss divergence incurred when high-attention 202

hidden states are suppressed. Finally, in continuous 203

data streams, Online Relative Informativeness 204

Selection (ORIS) (Lee et al., 2025) dynamically 205

prioritizes samples exhibiting high Fisher Informa- 206

tion relative to the model’s current training state, 207

normalized against historical statistics. Similarly, 208

Relative Learning Progress (RLP) (Chandhok et al., 209

2025) serves as a dynamic proxy for learnability; it 210

tracks the velocity of accuracy improvement across 211

skill clusters to explicitly target samples within the 212

model’s zone of proximal development. 213

3.2 Representativeness 214

Representativeness ensures that selected samples 215

accurately reflect the global characteristics of the 216

dataset, thereby preventing the model from learning 217

biased or incomplete patterns. 218

Recent methods employ diverse strategies to 219

identify samples that best encapsulate the under- 220

lying data distribution. One prevalent strategy in- 221

volves cluster-based analysis. For instance, Neigh- 222

bor Centrality (Safaei et al., 2025) utilizes cluster 223

centrality to quantify sample representativeness, 224

determined via the mean cosine similarity between 225

a sample’s feature vector and those of its k nearest 226

neighbors in the feature space. Similarly, Rep- 227

resentative Value (Yu et al., 2025) computes an 228

inter-cluster association coefficient based on the co- 229

sine similarity between cluster centroids; a higher 230

coefficient indicates that the sample’s cluster is 231

central to the overall distribution, thus mitigating 232

the selection of noisy or outlier data. A distinct, 233

gradient-based approach is adopted by Instance In- 234

fluence Estimation (Liu et al., 2025b), which lever- 235
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ages influence functions to compute the effect of236

one sample on others, thereby identifying highly in-237

fluential samples as representative. Extending this238

gradient-based paradigm, the Influence Matrix (Wu239

et al., 2025) redefines representativeness through240

downstream transfer. It computes gradient inner241

products with multiple external validation sets and242

selects samples that consistently exert positive in-243

fluence across tasks, yielding a subset with broadly244

reusable capabilities.245

3.3 Diversity246

Diversity quantifies the semantic and structural vari-247

ance of data across domains, styles, or concepts.248

Its primary objective is to ensure broad informa-249

tional coverage, thereby facilitating the learning of250

richer distributions and enhancing downstream per-251

formance. Existing diversity factors can be broadly252

classified into two categories: intrinsic data-centric253

evaluation and consensus-based evaluation.254

Intrinsic data-centric factors quantify redun-255

dancy based on feature space topology or explicit256

semantic content. In the context of static embed-257

dings, metrics such as Diversity-Aware Pruning258

(DAP) (Bi et al., 2025) utilize Pearson correlation259

coefficients to filter high-redundancy subsets.260

Similarly, the Diversity Score (Chen et al., 2024b)261

and Permanent Data Pruning (PDP) (Maharana262

et al., 2025) employ cosine similarity to penalize263

candidates that resemble the already-selected set or264

existing cluster members. To capture intra-cluster265

distinctiveness, Unique Value (Yu et al., 2025)266

measures the Euclidean distance between instruc-267

tion embeddings, prioritizing samples with high268

uniqueness. Beyond pairwise comparisons, Cluster269

Density (Lee et al., 2024) introduces a distribution-270

aware factor, which minimizes Maximum Mean271

Discrepancy by sampling inversely to density272

estimated via Gaussian kernels. Complementing273

these latent metrics, Task Rarity (Xu et al., 2025a)274

targets explicit semantic balance by prioritizing275

samples with rare predicted task labels to prevent276

distribution skew. Extending into the optimization277

landscape, gradient-based representation factors278

capture dynamic redundancy. Pseudo-Task Cluster-279

ing (Maharana et al., 2025) uses gradient vectors to280

define distinct pseudo-tasks for coverage sampling.281

Meanwhile, Similarity-aware Information Redun-282

dancy Elimination (SIREN) (Lee et al., 2025)283

introduces an iterative penalty factor, dynamically284

down-weighting candidates based on their gradient285

cosine similarity to selected samples to minimize286

informational overlap without full re-evaluation. 287

Finally, consensus-based factors derive robust- 288

ness from multiple evaluative sources. The Diver- 289

sity Perspective Score (Liu et al., 2025a) aggregates 290

assessments from diverse “visual agents”, applying 291

Shapley values (Lundberg and Lee, 2017) to com- 292

pute a reliability-weighted consensus. In a cross- 293

task context, Cross-task Influence Consensus (Wu 294

et al., 2025) evaluates utility by computing gradient 295

similarities against multiple validation sets, using 296

majority voting to identify samples with consistent 297

positive influence across diverse tasks. 298

3.4 Reliability 299

Reliability characterizes the stability and trustwor- 300

thiness of multimodal data, defined by two dimen- 301

sions: intrinsic quality and cross-modal alignment. 302

Intrinsic factors evaluate the purity of individual 303

modalities. In the textual domain, the Prior To- 304

ken Perplexity Score (Liu et al., 2025a) assesses 305

fluency and coherence by measuring the probabil- 306

ity of preceding tokens. For visual data, the Q-sit 307

Score (Xu et al., 2025a) identifies low-level dis- 308

tortions (e.g., blur, noise) using a fine-tuned VLM, 309

while the CLIP-IQA Score (Wang et al., 2022) eval- 310

uates image embeddings against positive and nega- 311

tive prompt anchors to derive a quality metric. 312

Cross-modal factors ensure semantic consistency 313

between visual and textual signals. The Image-Text 314

Mutual Information Score (Liu et al., 2025a) quanti- 315

fies this interdependence through entropy analysis, 316

whereas the CLIP Score (Wei et al., 2023) com- 317

putes the direct cosine similarity between image 318

and textual feature vectors. Alternatively, Clarity 319

and Relevance (Xu et al., 2025a) employs a gen- 320

erative approach, validating alignment by measur- 321

ing the comprehensibility and relevance of VLM- 322

generated textual descriptions relative to the source 323

image. Finally, the Attention Confidence Estimator 324

(ACE) (Li et al., 2025a) targets internal reasoning 325

stability, analyzing self-attention patterns to reject 326

samples driven by irrelevant tokens rather than se- 327

mantic context. 328

3.5 Difficulty 329

Difficulty quantifies the cognitive load imposed by 330

a data sample, reflecting the complexity required 331

to bridge the modality gap relative to the model’s 332

current capabilities. Estimation methods generally 333

fall into three categories: auxiliary estimation, op- 334

timization dynamics, and stochastic sampling. 335
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Auxiliary estimation relies on external scoring336

mechanisms. ScoreNet (Chen et al., 2024b) em-337

ploys a dedicated network trained alongside the338

VLM to predict instruction failure, prioritizing sam-339

ples that drive gradient updates.340

Optimization dynamics estimate difficulty341

based on internal loss signals. The Instruction342

Relevance Score (Safaei et al., 2025) measures the343

informational value of an instruction by computing344

the loss difference with and without it; a larger gap345

indicates a more challenging sample that requires346

strong prompt adherence. The Causal Discrepancy347

Estimator (CDE) (Li et al., 2025a) formalizes this348

using the Potential Outcome Model (Rubin, 2005),349

isolating “cognitive samples” by quantifying350

the causal gain in accuracy provided by visual351

information over text-only counterfactual.352

Stochastic sampling evaluates difficulty dynami-353

cally through uncertainty estimation. The Outcome354

Variance Score (Zha et al., 2025; Leng et al., 2025)355

utilizes multiple rollouts to estimate uncertainty,356

targeting samples with high entropy that are neither357

trivial nor excessively difficult. The Trajectory358

Diversity Score (Leng et al., 2025) prioritizes359

questions with diverse reasoning paths to ensure360

that the data promote robust problem-solving361

rather than rigid pattern matching. Complementing362

these, Monte Carlo Tree Search (MCTS)-based363

sample selection (Wang et al., 2025b) repurposes364

tree search to quantify difficulty via the iterations365

required to reach a solution, efficiently isolating366

samples at the model’s reasoning frontier.367

3.6 Alignment368

Alignment measures the extent to which multi-369

modal data accurately reflects human intent and370

preferences. Unlike objective reliability or statisti-371

cal informativeness, alignment captures the over-372

all quality and adherence to instructions through373

learned proxies of human judgment.374

Key factors include LLM-as-a-Judge frame-375

works (Wei et al., 2023; Lyu et al., 2025) and Re-376

ward Model-based evaluations (Wei et al., 2023).377

For instance, the GPT Score (Wei et al., 2023)378

employs VLMs such as GPT-4 to assess response379

quality from a comprehensive perspective. To cap-380

ture finer granularity, Multimodal Rich Scorers and381

Styler (Lyu et al., 2025) utilize GPT-4o to evaluate382

fourteen perception-based dimensions and interac-383

tion styles. Additionally, the Reward Score (Wei384

et al., 2023) quantifies the degree to which data385

align with human preferences, providing a model-386
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Figure 3: VIT data selection methods classified by inter-
vention points: Feature-based (§ 4.1), Prediction-based
(§ 4.2), Gradient-based (§ 4.3), and Hybrid (§ 4.4).

based proxy for user satisfaction. 387

3.7 Discussion: Interactions and Implications 388

While we define these factors in isolation, practical 389

data selection necessitates their joint optimization 390

and the management of their inevitable interactions. 391

A primary tension exists between Informativeness 392

and Diversity: maximizing information density of- 393

ten concentrates selection within high-complexity 394

clusters, thereby inducing redundancy, whereas pri- 395

oritizing diversity risks allocating the budget to 396

distinct yet low-utility outliers. Similarly, Rep- 397

resentativeness inherently favors high-frequency 398

modes, directly opposing Difficulty-based criteria 399

that target the long tail—a conflict that can skew the 400

data distribution if left unbalanced. Furthermore, 401

Reliability serves as a critical gating constraint, as 402

label noise frequently manifests as artificial dif- 403

ficulty (e.g., high loss), while Alignment proxies 404

instruction adherence but guarantees neither factual 405

correctness nor cross-modal consistency. Given the 406

complexity of these interactions, effective synthesis 407

is essential. We next review representative selec- 408

tion methods, detailing how they integrate these 409

factors through specific designs. 410

4 Data Selection Methods 411

In this section, we systematically categorize 412

existing VIT data selection methods, grounded 413

in the aforementioned factor library, into four 414

primary paradigms, distinguished by the stage 415

at which selection is performed (Fig. 3). We 416

provide an in-depth analysis of the characteristics, 417

advantages, and limitations of each paradigm. We 418

summarize these methods in Tab. 1, with further 419

details provided in Tab. 2. 420

4.1 Feature-based Methods 421

Feature-based methods quantify sample utility by 422

applying analytical heuristics to learned intrinsic 423

data representations, such as hidden states or em- 424
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beddings. These approaches are generally cate-425

gorized into two distinct paradigms: sample-level426

scoring, which evaluates instances in isolation, and427

dataset-level analysis, which leverages the global428

topology of the feature space.429

Sample-level methods derive quality metrics for430

individual instances by analyzing their intrinsic431

feature properties. For instance, DataTailor (Yu432

et al., 2025) aggregates multiple dimensions of433

data quality, measuring Diversity via Euclidean434

distances and estimating Informativeness through435

Singular Value Decomposition. Complementing436

this geometric perspective, PRISM (Bi et al., 2025)437

addresses the fundamental pathology of representa-438

tion anisotropy in pre-trained features. It employs439

an implicit re-centering strategy to rectify global440

semantic drift, utilizing Diversity-Aware Pruning441

to filter out high-redundancy samples.442

Dataset-level methods leverage global structure,443

typically through clustering. COINCIDE (Lee444

et al., 2024) extracts features using a lightweight445

VLM and clusters them to analyze transferability446

and density, jointly optimizing for Diversity and447

Representativeness.448

Discussion. The primary advantage of feature-449

based methods lies in their computational effi-450

ciency. By operating on pre-computed represen-451

tations, often without the need for auxiliary train-452

ing, they provide a scalable evaluation framework.453

However, their reliance on hand-crafted heuristics454

poses a significant limitation; designing effective455

scoring functions demands substantial domain ex-456

pertise, and heuristics optimized for specific distri-457

butions often generalize poorly to novel tasks.458

4.2 Prediction-based Methods459

In contrast to Feature-based methods, which an-460

alyze internal representations, Prediction-based461

methods leverage the outputs of auxiliary or tar-462

get models to assess sample utility. This paradigm463

replaces manual heuristic design with learned eval-464

uation functions, shifting the dependency from do-465

main expertise to proxy model capability. Broadly,466

these approaches employ proxy models in two pri-467

mary capacities: as direct zero-shot judges or as468

supervisors for training bespoke scoring networks.469

The first strategy utilizes large-scale, pre-trained470

models as direct evaluators. SCALE (Xu et al.,471

2025a) employs specialized models such as Q-472

sit (Zhang et al., 2025b) and Qwen (Yang et al.,473

2025) to independently assess image and text com-474

ponents for Informativeness and Reliability, while 475

gauging Diversity by comparing generated descrip- 476

tions against the ground truth. Similarly, SoTA 477

with Less (Wang et al., 2025b) integrates Qwen- 478

VL (Bai et al., 2025) within a Monte Carlo Tree 479

Search (Browne et al., 2012) framework. It identi- 480

fies samples that are either structurally complex (re- 481

quiring >5 reasoning steps) or inherently challeng- 482

ing (remaining unsolved after 50 steps), thereby 483

effectively selecting for Difficulty. 484

The second strategy trains dedicated scoring 485

modules, supervised either by empirical per- 486

formance feedback or stronger teacher models. 487

InstructionGPT-4 (Wei et al., 2023) pioneered this 488

direction by introducing a learnable data selector. 489

Rather than relying on static heuristics, it trains a 490

self-attention network to predict “genuine quality 491

labels” derived from the validation performance of 492

selected data subsets, thereby automating the dis- 493

covery of high-value samples. Building upon this 494

concept of learned quality mapping, mmSSR (Lyu 495

et al., 2025) bootstraps the process by employing 496

GPT-4o to annotate a subset across 14 multimodal 497

capabilities; this data fine-tunes the target VLM 498

into a specialized reward model capable of scor- 499

ing the entire dataset. Similarly, Self-Filter (Chen 500

et al., 2024b) trains a scoring network to predict 501

the Difficulty of instructions. 502

Discussion. While prediction-based methods 503

reduce the reliance on manual feature engineering, 504

they introduce distinct challenges. First, selection 505

efficacy is bounded by the capabilities of the proxy 506

model; biases or reasoning flaws in the judge can 507

propagate into the selected subset, a phenomenon 508

known as proxy model bias. Second, methods 509

necessitating bespoke scoring networks incur 510

substantial computational overhead, including 511

training and inference costs that may prove 512

prohibitive for large-scale datasets compared to 513

lightweight feature-based heuristics. 514

4.3 Gradient-based Methods 515

Gradient-based methods estimate sample utility 516

by analyzing backpropagation derivatives to cap- 517

ture the dynamic interaction between data and the 518

model. Unlike static features, these approaches 519

leverage gradient properties like magnitude, direc- 520

tion, and inner products to quantify the influence 521

of samples on optimization and generalization. 522

Recent approaches often employ hierarchical 523

strategies. TIVE (Liu et al., 2025b) introduces a 524
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Table 1: Summary of representative data selection methods. Tr-Free: Training-free status (✓: Yes, ✗: No).
Cost: / / denote Low/Medium/High selection costs. Key Factors: Selection Factors. Eval. Dim.: Evaluation
dimensions (3-letter abbr.).

Cat. Method Venue Tr-Free Cost Key Factors Eval. Dim.

Fe
at

ur
e DataTailor (2025) ICCV ✓ Informative, Representative, Unique Value Inf, Rep, Div

PRISM (2025) ArXiv ✓ Diversity-Aware Pruning Div
COINCIDE (2024) EMNLP ✓ Cluster Density Ref, Div

Pr
ed

ic
tio

n InstructionGPT-4 (2023) ArXiv ✗ Length, CLIP, GPT-4, Reward Score Inf, Rel, Ali
Self-Filter (2024b) ACL ✗ ScoreNet, Diversity Score Dif, Div
mmSSR (2025) ArXiv ✓ mm Rich Scorers Ali
SCALE (2025b) EMNLP ✓ Sentence Informativeness, Task Rarity, Clarity & Relevance Inf, Div, Rel
SOTA with Less (2025b) NeurIPS ✓ MTCS Sample Selection Dif

G
ra

di
en

t TIVE (2025b) MM ✗ Instance Influence Estimation Rep
ICONS (2025) ArXiv ✗ Influence Matrix, Cross-task Influence Consensus Rep, Div
OASIS (2025) ArXiv ✗ ORIS, SIREN Inf, Div

H
yb

ri
d

PreSel (2025) CVPR ✓ Neighbor Centrality, Instruction Relevance Inf, Dif
ViSA (2025a) ArXiv ✓ Image-Text MI, Prior Token PPL, Diversity Perspective, SA, OA Score Inf, Div, Rel
∆-AttnMask (2025) ArXiv ✓ Attn-Guided Masking Inf
RAP (2025a) ArXiv ✓ Causal Discrepancy Estimator, Attention Confidence Estimator Dif, Rel
PROGRESS (2025) ArXiv ✗ Relative Learning Progress Inf, Div
CoIDO (2025) NeurIPS ✗ Diversity, Importance Loss Div, Dif

two-level framework. At the task level, it quantifies525

Difficulty via average gradient magnitudes to adjust526

data ratios. At the sample level, it ensures Repre-527

sentativeness by computing gradient inner products528

between intra- and inter-task samples to calibrate529

sampling probabilities. Similarly, ICONS (Wu530

et al., 2025) utilizes a two-stage consensus mech-531

anism to ensure robustness. In the specialist stage,532

it derives per-task influence scores, which are then533

aggregated in the generalist stage via an Influence534

Consensus algorithm. Final selection relies on ma-535

jority voting to retain samples that exhibit consis-536

tent positive influence across diverse tasks.537

Addressing the computational bottlenecks of538

continuous data streams, OASIS (Lee et al., 2025)539

approximates sample utility via last-layer gradients.540

It combines Online Relative Informativeness Selec-541

tion (ORIS), which evaluates importance against542

global historical statistics, with Similarity-aware543

Information Redundancy Elimination (SIREN), an544

iterative mechanism that minimizes informational545

overlap based on gradient similarity.546

Discussion. Gradient-based methods offer547

superior fidelity by directly quantifying the548

model’s learning dynamics, thereby eliminating549

the reliance on proxy models. However, this550

precision typically entails significant computa-551

tional overhead for large-scale models. While552

efficient approximations like OASIS alleviate this553

burden by restricting computation to the last layer,554

standard full-gradient approaches remain resource-555

intensive compared to feature-based alternatives.556

Furthermore, the sensitivity of gradients to the557

specific loss landscape risks selecting subsets that558

are overly specialized to target tasks, potentially 559

compromising transferability. 560

4.4 Hybrid Methods 561

Hybrid methods integrate signals from feature- 562

based, prediction-based, and gradient-based 563

paradigms to identify high-value samples. This 564

synergy is particularly vital in complex multimodal 565

settings, where accurately assessing sample quality 566

necessitates capturing both intrinsic data structure 567

and rigorous model-specific dynamics. 568

Early approaches often employ robust heuristic 569

aggregation. PreSel (Safaei et al., 2025) combines 570

prediction-based relevance, derived by contrasting 571

model outputs with and without visual inputs, with 572

DINOv2 (Liu et al., 2023b) feature clustering to 573

select central samples. ViSA (Liu et al., 2025a) 574

adopts a broader strategy, aggregating diverse 575

indicators such as SAM2-based (Ravi et al., 576

2024) segmentation complexity, TF-IDF features, 577

and token perplexity. Moving away from such 578

external dependencies, ∆-AttnMask (Hu et al., 579

2025) proposes a self-contained hybrid framework. 580

It integrates attention-based feature analysis 581

with prediction dynamics by measuring the loss 582

discrepancy between original states and those 583

masked at high-attention regions, thereby directly 584

quantifying visual-textual alignment without 585

reliance on auxiliary models. Similarly, RAP (Li 586

et al., 2025a) targets complex reasoning capabil- 587

ities by combining causal inference with internal 588

feature analysis; it employs a Causal Discrepancy 589

Estimator to filter language-prior shortcuts via 590

counterfactual predictions, coupled with an 591

7



Attention Confidence Estimator that validates the592

semantic reliability of the reasoning process.593

However, these methods typically exhibit a594

loose coupling between importance and diversity595

and entail substantial computational costs due to596

the necessity of exhaustive dataset processing. To597

address these inefficiencies, CoIDO (Yan et al.,598

2025) reformulates data selection as a unified599

optimization problem. By leveraging training600

loss to proxy difficulty and spectral clustering601

on multimodal features to ensure diversity, it602

introduces a cohesive framework governed by a603

lightweight scorer trained on a minimal subset.604

This facilitates efficient joint optimization without605

requiring exhaustive dataset traversal. Similarly606

targeting efficiency, PROGRESS (Chandhok et al.,607

2025) circumvents the need for auxiliary scoring608

networks or heavy gradient computations. It609

employs unsupervised multimodal clustering to610

partition skills and dynamically prioritizes samples611

based on relative learning progress , thereby612

constructing a self-paced curriculum that targets613

the model’s zone of proximal development.614

Extending these principles to the domain of615

lifelong learning, Adapt-∞ (Maharana et al., 2025)616

introduces a strategy tailored for evolving data617

streams. It integrates gradient-based clustering for618

skill identification with dynamic prediction-based619

scoring, thereby enabling robust adaptation to620

continuous distributional shifts.621

Discussion. Hybrid methods effectively mitigate622

the limitations of individual paradigms by cross-623

referencing semantic features with model-derived624

feedback. Nevertheless, the complexity inherent in625

aggregating disparate signals often results in sig-626

nificant computational overhead. While CoIDO627

alleviates this burden through unified optimization,628

the transition to continuous data streams presents629

distinct challenges. Approaches such as Adapt-∞630

represent a critical advancement toward scalable,631

autonomous tuning; by applying hybrid principles632

to real-time environments, they dynamically man-633

age redundancy and skill acquisition without re-634

liance on static reference datasets.635

5 Evaluation636

To evaluate the efficacy of data selection strategies,637

prevalent methods (Yan et al., 2025; Bi et al., 2025;638

Yu et al., 2025) typically adopt large-scale instruc-639

tion tuning datasets, such as LLaVA-1.5 (Liu et al.,640

2024a), SVIT-Mix (Zhao et al., 2023), Cambrian-641

7M (Tong et al., 2024), and Vision-Flan (Xu et al., 642

2024), as the candidate pool. The standard eval- 643

uation protocol involves curating a 10–20% sub- 644

set of these datasets to fine-tune a model, aiming 645

to achieve performance comparable to full-dataset 646

training on downstream benchmarks. These bench- 647

marks typically include Visual Question Answer- 648

ing (e.g., VQAv2, GQA, TextVQA), hallucination 649

evaluation (e.g., POPE), and comprehensive multi- 650

modal assessments (e.g., MMBench, MME). More 651

details of visual instruction datasets and bench- 652

marks can be found in our Appendix. 653

6 Future Prospects 654

Existing data selection relies heavily on static, iso- 655

lated heuristics, often neglecting factor dependen- 656

cies and the non-stationarity of training. Future 657

research should develop unified frameworks that ex- 658

plicitly model these interactions while dynamically 659

adapting strategies as model capabilities evolve. 660

This adaptability is particularly critical for the Rein- 661

forcement Learning stage, where metrics effective 662

for SFT often degrade or fail during preference op- 663

timization. Furthermore, selection paradigms must 664

expand beyond image–text data to encompass pure 665

vision, video, and audio tasks. Ultimately, estab- 666

lishing stage-aware criteria backed by theoretical 667

guarantees will be essential for robust and scalable 668

multimodal alignment. 669

7 Conclusion 670

In this survey, we provided a comprehensive re- 671

view of data selection for Visual Instruction Tuning, 672

underscoring the paradigm shift from data quan- 673

tity to data quality. To structure this fragmented 674

field, we introduced a unified “Factors to Meth- 675

ods” framework. First, we established the Data 676

Evaluation Factor Library, delineating six dimen- 677

sions of data utility: Informativeness, Represen- 678

tativeness, Diversity, Reliability, Difficulty, and 679

Alignment. Second, we systematically categorized 680

selection strategies into Feature-based, Prediction- 681

based, Gradient-based, and Hybrid paradigms, ana- 682

lyzing how each operationalizes these factors for 683

scoring and filtering. By bridging theoretical evalu- 684

ation criteria with practical selection mechanisms, 685

this survey clarifies the design space of VIT data 686

selection and establishes a foundation for future re- 687

search into more robust, unified, and theoretically 688

grounded optimization frameworks. 689
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8 Limitations690

While this survey provides a comprehensive tax-691

onomy and conceptual framework for visual in-692

struction data selection, it acknowledges several693

limitations. First, we do not re-evaluate the re-694

viewed methods under a unified experimental proto-695

col. Given that prior studies employ disparate back-696

bones, data mixtures, training budgets, and evalu-697

ation suites, their reported results are not directly698

comparable, thereby precluding head-to-head com-699

parisons. Second, our scope is confined to visual700

instruction tuning; we do not extend our analysis701

to the broader data curation and selection strategies702

for multimodal pre-training, which constitutes a703

complementary yet distinct avenue of research.704
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A VIT Selection Methods 1072

Table 2 presents a systematic comparison of repre- 1073

sentative data selection methodologies. We catego- 1074

rize existing works into four paradigms: Feature- 1075

based, Prediction-based, Gradient-based, and Hy- 1076

brid. To quantify computational overhead and 1077

assist researchers in balancing selection efficacy 1078

against training costs, the Cost column categorizes 1079

efficiency relative to TIVE. Given that TIVE rep- 1080

resents a typical high-cost baseline in current lit- 1081

erature, we use it to establish a relative scale. We 1082

reference efficiency metrics reported in original 1083

papers or provide estimates based on our empir- 1084

ical experience. Methods are classified as Low 1085

(0 ∼ 50% of TIVE, suitable for rapid iteration), 1086

Medium (50 ∼ 75%), or High (others). 1087

Several key trends emerge from this comparative 1088

analysis: 1089

Overall landscape. Table 2 summarizes 17 repre- 1090

sentative visual instruction data selection methods 1091

spanning four paradigms. Feature-based methods 1092

(3/17) rely on embedding-space structure and are 1093

uniformly training-free with low cost. Prediction- 1094

based methods (5/17) introduce learned or model- 1095

driven scorers, yielding a wider cost range and 1096

mixed reliance on auxiliary training. Gradient- 1097

based methods (3/17) consistently require training 1098

and incur high computational overhead due to influ- 1099

ence or gradient estimation. Hybrid methods (6/17) 1100

are the most diverse in design, typically combin- 1101

ing lightweight heuristics with model-dependent 1102

signals to balance efficiency and selectivity. 1103

Training-free and cost trade-offs. A majority 1104

of methods are training-free (10/17), concentrated 1105

in feature-based and hybrid categories, suggesting 1106

a strong community preference for selectors that 1107

can be plugged into existing pipelines without ad- 1108

ditional optimization loops. Cost is dominated by 1109

medium-compute approaches (9/17), while low- 1110

cost methods remain fewer (4/17) and high-cost 1111

methods (4/17) are primarily those that require ex- 1112

plicit scorer training or gradient-based influence es- 1113

timation. Empirically, training-free does not imply 1114

weaker performance. Several training-free selec- 1115

tors match or exceed the full-data baseline at ag- 1116

gressive retention ratios, such as SOTA with Less 1117

(101.7% at 10%), DataTailor (101.3% at 15%), and 1118

hybrid approaches including ∆-AttnMask (104.4% 1119

at 20%) and RAP (103.2% at 9.3%). 1120
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Subset efficiency and relative performance.1121

The retention ratios in parentheses reveal a broad1122

operating regime from 5% to 37.6%. The strongest1123

efficiency-per-sample signals come from hybrid1124

selectors: RAP improves performance while keep-1125

ing less than one-tenth of the data (9.3%), and ∆-1126

ATTNMASK delivers the highest reported relative1127

gain (104.4%) at 20%. In contrast, several meth-1128

ods underperform despite moderate retention, in-1129

cluding SELF-FILTER (90.9% at 20%) and OASIS1130

(95.6% at 25%). This pattern suggests that selec-1131

tion quality is highly sensitive to the fidelity of the1132

scoring proxy and its robustness across heteroge-1133

neous instruction distributions, rather than being1134

determined by retention ratio alone.1135

Factor coverage by paradigm. Across meth-1136

ods, Diversity and Informativeness are the most1137

frequently operationalized dimensions, appearing1138

in nearly all paradigms, while Alignment appears1139

mainly in prediction-based approaches that use1140

LLM-as-a-judge style signals (e.g., InstructionGPT-1141

4, mmSSR). Difficulty is often targeted by selec-1142

tors that explicitly pursue long-tail training bene-1143

fits (Self-Filter, SOTA with Less, RAP, CoIDO),1144

whereas Representativeness is emphasized by1145

feature clustering or influence-based estimators1146

(DataTailor, TIVE, ICONS). Overall, the table in-1147

dicates a shift from single-factor heuristics (e.g.,1148

diversity-aware pruning) toward multi-signal de-1149

signs that combine complementary proxies, espe-1150

cially in hybrid methods.1151

Evaluation concentration and generalization1152

concerns. Most studies benchmark on a shared1153

core suite (frequent use of MME, MMMU, POPE,1154

MMBench, MMVet, SEEDBench), enabling par-1155

tial comparability but also concentrating conclu-1156

sions around a narrow evaluation distribution.1157

Moreover, the dominant target model is LLaVA-1158

1.5-7B, with fewer results on newer families1159

such as Qwen2.5/Qwen3-VL. This skew suggests1160

that cross-backbone transferability remains under-1161

explored, and reported gains may partially reflect1162

selector-model compatibility rather than univer-1163

sally improved data utility.1164

Takeaways. Feature-based methods offer the1165

best simplicity-cost profile but can be sensitive1166

to embedding quality and may miss task-specific1167

utility. Gradient-based methods provide princi-1168

pled attribution signals yet are expensive and do1169

not consistently outperform cheaper alternatives.1170

Hybrid approaches currently appear most promis- 1171

ing, achieving strong relative improvements un- 1172

der tight budgets by mixing lightweight structural 1173

cues with model-aware signals. Future benchmarks 1174

would benefit from unified protocols that (i) con- 1175

trol for retention ratio and training compute, (ii) 1176

evaluate across multiple backbones and scales, and 1177

(iii) report stability across diverse benchmark clus- 1178

ters (reasoning, OCR, hallucination, and domain- 1179

specific tasks). 1180

B VIT Datasets 1181

The datasets listed in Table 3 constitute the pri- 1182

mary candidate pools for modern visual instruction 1183

tuning. As the volume of available data explodes, 1184

ranging from the curated LLaVA-158k to the mas- 1185

sive PlotQA (28.9M), identifying the most effective 1186

samples from these pools has become a central re- 1187

search challenge. 1188

We categorize these candidate pools by domain 1189

to highlight the diverse sources available for data 1190

mixture construction. This structured taxonomy 1191

benefits researchers by providing a clear roadmap 1192

for data curation: it enables the systematic selec- 1193

tion of domain-specific sources (e.g., prioritizing 1194

Math or OCR capabilities) to construct balanced 1195

training mixtures. Furthermore, by contrasting data 1196

scales across domains, this overview aids in de- 1197

termining where aggressive filtering strategies are 1198

most needed, thereby transforming raw, uneven 1199

candidate pools into efficient, high-performing in- 1200

struction tuning datasets. For a more comprehen- 1201

sive collection of open datasets, we refer readers to 1202

FineVision 1. 1203

C Evaluation Benchmarks 1204

In the landscape of visual instruction tuning, the 1205

efficacy of a data selection algorithm is typically 1206

validated across a hierarchy of benchmarks, as out- 1207

lined in Table 4. 1208

Current research largely bifurcates evaluation 1209

into two streams. The first focuses on special- 1210

ized capability enhancement, where researchers 1211

select math or document-centric data to drive per- 1212

formance on specific leaderboards like MathVista 1213

(Math & Science) or DocVQA (Infographic). The 1214

second stream addresses generalist data efficiency, 1215

aiming to reduce training costs while maintaining 1216

1https://huggingface.co/datasets/
HuggingFaceM4/FineVision
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competitive performance on comprehensive bench-1217

marks like MMMU and MMBench.1218

Crucially, recent studies also incorporate safety-1219

oriented benchmarks like POPE and Hallusion-1220

Bench into the selection loop. This trend reflects1221

a growing recognition that high-quality data selec-1222

tion must not only maximize positive knowledge1223

transfer but also actively filter out samples that con-1224

tribute to visual hallucinations.1225
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Table 2: Summary of representative data selection methods. Tr-Free indicates training-free status (✓: Yes, ✗: No).
Cost represents selection expense ( : Low, : Medium, : High). Key Factors lists the primary selection criteria,
while Eval. Dim. refers to evaluation dimensions (abbreviated). Full Data identifies the source dataset used for
filtering. Target Model specifies the model trained on the coreset. Rel. Perf. (Ratio) shows the performance relative
to full-data training at the indicated data retention ratio.

Method Venue Tr-Free Cost Key Factors Eval. Dim. Full Data Benchmarks Target Model Rel. Perf. (Ratio)

Feature-based Methods

DataTailor (2025) ICCV ✓ Informative,
Representative,
Unique Value

Inf, Rep, Div LLaVA-665K MME, POPE, MMMU, MM-Vet,
LLaVA-Wild, SEED, VizWiz, SciQA,
GQA, VQA, TextVQA

LLaVA-1.5-7B 101.3%(15%)

PRISM (2025) ArXiv ✓ Diversity-Aware
Pruning

Div LLaVA-665K SQA, VizWiz, MMVet, POPE, MME,
MMMU

LLaVA-1.5-7B 101.7% (37.6%)

COINCIDE (2024) EMNLP ✓ Cluster Density Ref, Div LLaVA-665K VQA, GQA, VizWiz, SQA, Tex-
tQA, POPE, MME, MMBench,
LLaVABench

LLaVA-1.5-7B 97.4% (20%)

Prediction-based Methods

InstructionGPT-4 (2023) ArXiv ✗ Length, CLIP,
GPT-4, Reward
Score

Inf, Rel, Ali MiniGPT4-
Instruction

GQA, IconQA, ScienceQA, OKVQA,
DocVQA, TextVQA, STVQA, VizWiz,
MMBench, MME, LLaVA-Bench

MiniGPT-4-7B 93.3%(5.8%)

Self-Filter (2024b) ACL ✗ ScoreNet, Diver-
sity Score

Dif, Div LLaVA Instruction
158K

MMBench, MME, SEEDBench, Hal-
lusionBench, MathVista, ScienceQA,
OK-VQA, TextVQA, VisDial, VCR,
MSCOCO, Pope

LLaVA-1.0-7B 90.9% (20%)

mmSSR (2025) ArXiv ✓ mm Rich Scorers Ali LLaVA-OV MMStar, MMMU, MMVet, BLINK,
MMT-Bench, MME, AI2D, Sci-
enceQA, MathVista(MINI)

LLaVA-OneVision-7B 99.11% (30%)

SCALE (2025b) EMNLP ✓ Sentence Informa-
tiveness, Task Rar-
ity

Inf, Div, Rel LLaVA-665K,
ShareGPT-4V,
Geometry-3K,
ChartQA

A-OKVQA, CRPE, Exist, CRPE, Re-
lation, LLaVA, Wild, MMBench EN,
MME, ScienceQA, SeedBench

Qwen2.5-VL-7B 100.3% (10%)

SOTA with Less (2025b) NeurIPS ✓ MTCS Sample Se-
lection

Dif Open-Source 70k MME, MMMU, MathVista Qwen2.5-VL-7B 101.7% (10%)

Gradient-based Methods

TIVE (2025b) MM ✗ Instance Influence
Estimation

Rep MC-VQA, OE-
VQA, REC, VC,
Caption, TC

MME, SEED, MMB, SQA, SQA-I,
POPE

LLaVA-1.5-7B 101.2%(15%)

ICONS (2025) ArXiv ✗ Influence Matrix Rep, Div LLaVA-665K MME, SQA-I, POPE, VQAv2, LLaVA-
Bench, TextVQA, MMBench, GQA,
VizWiz

LLaVA-1.5-7B 98.6%(20%)

OASIS (2025) ArXiv ✗ ORIS, SIREN Inf, Div LLaVA-665K Long Sequence, TRACE, COAST LLaVA-1.5-7B 95.6%(25%)

Hybrid Methods

PreSel (2025) CVPR ✓ Neighbor Central-
ity, Instruction
Relevance

Inf, Dif LLaVA-665K VQAv2, SQA, TextVQA, MME, MM-
Bench, SEED-Bench, MM-Vet, POPE

LLaVA-1.5-7B 97.9%(15%)

ViSA (2025a) ArXiv ✓ Image-Text MI,
Prior Token PPL

Inf, Div, Rel LLaVA-OneVision VQAv2, OKVQA, TextVQA, MM-
Bench, MME-RealWorld, SEED-
Bench, MMMU

Qwen2-VL-7B 99.3%(5%)

∆-AttnMask (2025) ArXiv ✓ Attn-Guided
Masking

Inf LLaVA Instruction
158K

HallusionBench, MMBench, MME,
POPE, ScienceQA, SEEDBench

Qwen2-VL-2B 104.4%(20%)

RAP (2025a) ArXiv ✓ Causal Discrep-
ancy Estimator

Dif, Rel MM-Eureka MathVista, MMStar, MathVerse, We-
math, MMVet, LogicVista

Qwen2.5-VL-7B 103.2%(9.3%)

PROGRESS (2025) ArXiv ✗ Relative Learning
Progress

Inf, Div LLaVA-665K MME, MMBench LLaVA-v1.5-7B 98.8%(20%)

CoIDO (2025) NeurIPS ✗ Diversity, Impor-
tance Loss

Div, Dif LLaVA-665K VQAv2, GQA, VizWiz, SQA, Tex-
tQA, POPE, MME, MMBench,
LLaVABench

LLaVA-1.5-7B 98.2%(20%)
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Table 3: Overview of public visual instruction / VQA datasets classified by domain.

Dataset Year Modality #Samples

Math & Science Datasets

MATH-V / MATH-Vision 2024 Visual Math Problems 3K
MathVista 2024 Multi (Geo, Func, Puzzles) 6K
Geometry3K 2021 Geometry Diagrams 3K
CASIA-PGPS9K 2023 Geometry Diagrams 9K
MathV360K 2024 Multi (Geo, Plots, Word Prob) 360K
MM-MathInstruct 2024 Mixed (Geo, Charts, Synthetic) 3M
GeoQA+ 2022 Geometry Diagrams 6,027
Geo170K 2025 Geometry Diagrams 177K
GeomVerse 2024 Synthetic Geometric Patterns 9K
MMK12 2025 K-12 Subject Images 17K
We-Math2.0-SFT 2025 Visual Math Problems 1,516
We-Math2.0-Standard 2025 Visual Math Problems 5,843
We-Math2.0-Pro 2025 Visual Math Problems 4,552
ScienceQA 2022 Multi (Natural, Charts, Algo) 21K
AI2D / AI2D-RST 2016 Science Diagrams 4.9K
PaperQA 2024 Scientific Paper Figures 0.1K
CoSyn-400K 2025 Synthetic Science/Reasoning 400K
ViRL39K 2025 Abstract/Reasoning Images 39K

Infograph / Data Visualization Datasets

ChartQA 2022 Charts (Real & Synthetic) 2.5K
PlotQA 2019 Scientific Plots 28.9M
DVQA 2018 Synthetic Bar Charts 300K
FigureQA 2017 Synthetic Plots 100K
DocVQA 2021 Document Images (Scanned) 16K
MMTab 2024 Tables 82K
TabMWP 2023 Tables + Text 38K
PixmoDoc 2024 Document Screenshots 255K
ECD-10k-Images 2025 Charts / Plots 10K
MMC-Instruction 2024 Charts + Text 662K

General / Broad Visual Instruction Datasets

TextVQA 2019 Natural Images (Scene Text) 45K
VQA v2 2017 Natural Images 265K
VizWiz 2018 User-Taken Images (Blind) 31K
VisualGenome 2017 Natural Images (Dense Cap) 1.7M
ChineseMeme 2024 Internet Memes 39K
MMEvol 2024 Mixed (Natural, Math, Web) 163K
LNQA 2024 Natural Images (Long Context) 302K
VizWiz-VQA 2024 Natural Images 12K
VQAv2 (Train) 2017 Natural Images 769K
VSR 2023 Natural Images (Spatial) 10K
WebSight 2024 Webpage Screenshots 2.7M
WildVision 2024 Natural Images (In-the-wild) 154K

Mixed / Multi-domain Datasets

IconQA 2021 Abstract Icons / Diagrams 107K
LLaVA-CoT-100k 2025 Mixed (with CoT reasoning) 100K
LLaVA-158k 2023 Mixed 158K
LLaVA-665k 2023 Mixed 665K
LLaVA-OneVision 2024 Mixed 4.8M
VisionFlan 2024 Mixed 186K
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Table 4: Multimodal benchmarks for evaluating Vision-Language Models (VLMs).

Benchmark Venue Main Contribution

Math & Science

MathVista (2024) ICLR’24 Tests mathematical reasoning under diverse visual contexts (charts, plots, geometry).
MathVision (2025a) NeurIPS’24 Evaluates reasoning with mathematical formulas and image assistance.
ScienceQA (2022) NeurIPS’22 Multi-modal science questions with annotated lectures and chain-of-thought expla-

nations.
MathVerse (2024) ECCV’24 Tests reasoning in combined mathematical formula and image problems.
DynaMath (2024) ICLR’25 Dynamic visual mathematical benchmarks to test generalization.
WeMath (2024) ACL’25 Multi-step reasoning benchmark for visual mathematics.
OlympiadBench (2024) ACL’24 High-difficulty benchmark featuring Olympiad-level math and physics problems.

Infographic & Document

ChartQA (2022) ACL’22 Evaluates visual reasoning and data extraction from charts.
OCRBench (2024c) SCIS’24 Comprehensive evaluation for OCR capabilities and text-centric VQA.
InfoVQA (2021a) WACV’22 Information extraction from complex infographics.
DocVQA (2021b) WACV’21 Visual question answering on scanned document images.
TextVQA (2019) CVPR’19 VQA requiring reading and reasoning about text in natural scenes.
CharXiv (2024) NeurIPS’24 Comprehensive benchmark for descriptive and reasoning tasks on charts.

General Perception & Understanding

MMMU (2024) CVPR’24 Expert-level benchmark covering 183 subfields, requiring college-level subject
knowledge.

MMBench (2024b) ECCV’24 Robust multi-choice evaluation using CircularEval to mitigate guessing.
MME (2025) CVPR’24 Comprehensive suite evaluating 14 perception and cognition subtasks.
VQA v2 (2017) CVPR’17 The standard benchmark for open-ended questions on natural images.
GQA (2019) CVPR’19 Focuses on compositional reasoning and scene graph understanding.
VizWiz (2018) CVPR’18 VQA on images taken by blind users; specifically tests unanswerable questions.
SEED-Bench (2023a) CVPR’24 Large-scale benchmark evaluating both generation and comprehension across im-

age/video.
MMStar (2024a) CVPR’24 A curated “vision-essential” benchmark filtered to avoid blind guessing.
HallusionBench (2024) CVPR’24 Tests visual illusions and hallucination consistency.
POPE (2023b) EMNLP’23 Evaluates object hallucination using Yes/No questions.
RealWorldQA - Tests spatial understanding and object recognition in real-world driving/egocentric

views.

Knowledge, Reasoning & Dialogue

OK-VQA (2019) CVPR’19 VQA requiring outside knowledge beyond the image content.
A-OKVQA (2022) ECCV’22 Augmented outside knowledge VQA requiring reasoning rationales.
VCR (2019) CVPR’19 Visual Commonsense Reasoning (Answer + Rationale selection).
MM-Vet (2023) ICML’24 Evaluates integrated capabilities (recognition, OCR, math) using GPT-4 based scor-

ing.
VisDial (2017) CVPR’17 Evaluates multi-turn visual dialogue capabilities.
LLaVA-Bench (2023a) NeurIPS’23 Small but high-quality set for checking conversational alignment.
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