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Abstract As artificial intelligence systems increasingly1

rely on multi-source perception and cross-modal learning2

for human-like visual understanding, their outputs should3

be both semantically valid and spatially grounded. How-4

ever, large-scale vision-language benchmarks with precise5

grounding remain costly to construct, while existing synthetic6

pipelines often suffer from distribution drift, error propa-7

gation, and weak spatial verification. We introduce VQA-G8

Annotator, a self-improving agentic framework that combines9

distribution-aware planning, multi-agent orchestration, and10

spatial reasoning verification in a closed-loop generation,11

evaluation, and refinement process. Experiments across four12

benchmark sources show that VQA-G Annotator achieves an13

average VQAScore of 0.88 for semantic alignment and an14

Acc@0.5 of 0.57 for spatial grounding, comparing favorably15

with strong automatic baselines. Downstream and human16

evaluations further support the utility of the synthesized data17

for scalable and trustworthy grounded visual understanding.18
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1 Introduction 22

Modern intelligent systems currently process visual informa- 23

tion from heterogeneous sources, including RGB imagery, 24

depth cameras, thermal detectors, and multi-spectral de- 25

vices [1, 2], reflecting a shift toward contextual reasoning 26

beyond basic pattern recognition. This evolution has catalyzed 27

transformative applications from medical diagnosis [3] to au- 28

tonomous driving [4]. Central to this are Vision–Language 29

Models (VLMs), which bridge visual perception and natural 30

language understanding, enabling systems to answer questions 31

about images and engage in multimodal reasoning [5–7]. 32

Nevertheless, VLMs often lack reliable spatial anchoring, 33

resulting in plausible but ungrounded answers. This halluci- 34

nation phenomenon poses significant risks in safety-critical 35

applications where trustworthiness is non-negotiable [8, 9]. 36

Bridging this gap requires models that actively ground their 37

reasoning in verifiable spatial regions, which represents a 38

capability at the intersection of perception, localization, and 39

cognitive inference. 40

A principled approach is training VLMs with grounded 41

supervision via Visual Question Answering with Grounding 42

(VQA-G), which couples question answering with region- 43

level grounding [10–12]. Grounded supervision makes rea- 44

soning verifiable by exposing visual evidence and provides 45

dense training signals that improve compositional reasoning 46

while reducing spurious correlations [13]. 47

Scaling VQA-G data, however, is bottlenecked by the high 48

cost and complexity of manual annotation, which demands 49

linguistically diverse QA pairs with precise spatial ground- 50

ing. Recent work has explored synthetic data generation 51

using Large Language Models (LLMs) and VLMs [5, 14], 52

and successes in this paradigm [15] demonstrate the po- 53

tential, yet multimodal grounding introduces unique chal- 54

lenges, simply combining generation and grounding tools 55

is insufficient. Three key obstacles persist: (1) Distribution 56

drift and mode collapse. Unconstrained VLMs over-produce 57

easy, high-frequency patterns while under-sampling cogni- 58

tively demanding queries, drifting from realistic statistics. 59
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2 Rongsheng Hu et al.

This hurts diversity and long-tail coverage critical for ro-60

bust training [16–18]. (2) Error propagation in open-loop61

pipelines. Linear pipelines are brittle, as incorrect grounding62

renders samples unusable, yet restarting discards partially63

correct results [19]. This wastes computation, particularly64

problematic given GPU resource constraints [20–23]. (3) Un-65

reliable spatial verification. “Foundation-model-as-a-judge”66

paradigms lack coordinate-aware spatial reasoning, often ac-67

cepting semantically plausible but geometrically inaccurate68

boxes [24, 25].69

To this end, we propose VQA-G Annotator, a self-70

improving agentic framework that synthesizes high-fidelity71

VQA-G annotations through closed-loop generate, evalu-72

ate, and refine. It consists of three components: (1) a data73

planner that uses KL-guided residuals to align synthetic74

data with reference distributions over question types, object75

frequencies, and question lengths; (2) a hub-and-spoke an-76

notate orchestrator coordinating specialized agents with77

constraint monitoring and targeted re-execution; and (3) a78

Spatial Reasoning Verifier (SR-Verifier), a distilled VLM79

with geometry-based negative augmentation that produces80

structured critiques for semantic and grounding verification.81

Experiments across Visual7W, VizWiz, GQA, and Ref-82

COCOg demonstrate consistent improvements over strong83

automatic annotation baselines in semantic alignment and84

spatial grounding. Ablation studies verify the effectiveness of85

each component, while downstream fine-tuning on synthe-86

sized data achieves competitive performance against same-87

scale human-annotated subsets, demonstrating the practical88

value of the generated supervision.89

Our contributions are as follows:90

• We introduce VQA-G Annotator, a closed-loop agentic91

framework for scalable VQA-G dataset synthesis with92

minimal human intervention.93

• We propose a distribution-aligned data planner that94

mitigates mode collapse by tracking KL-guided residuals95

over reference statistics.96

• We design a hub-and-spoke orchestrator with con-97

straint monitoring and targeted re-execution for robust98

and efficient annotation.99

• We develop a Spatial Reasoning Verifier trained via100

multi-stage distillation for coordinate-aware verification101

and structured refinement feedback.102

• We validate the framework through extensive experi-103

ments, ablations, human evaluation, and downstream104

fine-tuning, demonstrating improvements in semantic105

quality, spatial grounding, and downstream utility.106

The rest of the paper is organized as follows. Section 2107

reviews related work. Section 3 presents the proposed frame- 108

work. Section 4 describes the experimental setup. Section 5 109

reports the results, including ablations, human evaluation, and 110

downstream performance. Section 6 discusses limitations, 111

and Section 7 concludes the paper. 112

2 Related Work 113

2.1 Grounded VQA and Synthetic Data Generation 114

VQA-G extends image-level question answering by requir- 115

ing each answer to be supported by localized visual evi- 116

dence. Visual7W introduces object-level grounding through 117

“which” questions [12], while GQA uses scene-graph annota- 118

tions to emphasize compositional reasoning [13]. Referring- 119

expression resources such as RefCOCO, RefCOCOg and 120

Flickr30k Entities further connect natural language to image 121

regions [26–28]. Recent benchmarks broaden grounding to 122

long human-centric expressions, gigapixel scenes, and doc- 123

ument VQA [29–31]. Yet these resources still depend on 124

manual region annotations, motivating scalable automatic 125

annotation. 126

Synthetic supervision reduces this cost and has become cen- 127

tral to vision-language instruction tuning [5, 14]. LLaVA syn- 128

thesizes multimodal conversations from image captions [5], 129

InstructBLIP converts existing datasets into instruction for- 130

mats [32], and recent pipelines scale synthesis with synthetic 131

pointing or web-mined multimodal content [33, 34]. How- 132

ever, these pipelines mainly optimize linguistic diversity and 133

answer plausibility. Reliable VQA-G data additionally re- 134

quires region annotations that are semantically faithful to 135

the question and answer, which motivates our coordinated 136

generation and spatial verification framework. 137

2.2 Spatial Verification and Agentic Systems 138

Open-vocabulary grounding tools provide the basic interface 139

for attaching regions to language. GroundingDINO supports 140

text-conditioned open-set detection [35], while SAM pro- 141

vides promptable segmentation [36]. Although effective as 142

proposal generators, these tools are optimized for generic 143

detection or segmentation and do not directly capture the 144

query-specific semantics of VQA-G, so a plausible box may 145

still fail to support the answer, relation, or evidence required 146

by a generated QA pair. 147

Recent spatial verification studies therefore make local- 148

ized evidence explicit. Contrastive Region Guidance tests 149

whether visual prompts causally affect VLM responses [37], 150

while zero-shot REC via True or False verification evaluates 151

candidate boxes independently without enforcing a single 152

best match [38]. R-Bench further shows that LVLMs often 153
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VQA-G Annotator: A Self-Improving Agentic Framework for High-Fidelity Grounded Dataset Synthesis 3

hallucinate inter-object relations and rely on language priors154

instead of instance-level evidence [39]. Grounded Chain-of-155

Thought and ViGoRL anchor reasoning steps to coordinates,156

exposing inconsistencies between answers and supporting157

regions [40, 41]. Together, these works indicate that spatial158

verification should jointly assess target identity, geometric fit,159

and relation consistency, going beyond textual plausibility160

alone.161

Agentic frameworks complement this verification view162

by organizing generation, tool use, and refinement. ReAct163

interleaves reasoning with actions [42], while Reflexion and164

Self-Refine use feedback to revise previous outputs [43, 44].165

General “LLM-as-a-judge” evaluation enables scalable as-166

sessment [45], but text-centric judges are weak at coordinate-167

aware auditing. Our work combines agentic generation with a168

specialized SR-Verifier so that flawed samples can be repaired169

or rejected according to both semantic and spatial evidence.170

3 Methodology171

3.1 Overview172

As shown in Fig. 1, VQA-G Annotator converts an unlabeled173

image pool U into a growing grounded VQA set L through a174

closed plan, generate, verify, and refine loop. For each image,175

the data planner selects distribution-aware constraints for176

question type, target object, and question length; the annotate177

orchestrator instantiates these constraints with specialized178

captioning, VQA generation, and grounding agents; and SR-179

Verifier audits the resulting triplet for semantic validity and180

spatial alignment, accepting reliable samples while returning181

structured critiques for targeted re-execution. The following182

subsections detail the planner, orchestrator, and verifier.183

3.2 Data Planner184

During unsupervised generation, VLMs often exhibit strong185

preference bias [18], repeatedly producing a narrow set of186

easy, high-frequency patterns while under-sampling cogni-187

tively demanding or long-tail concepts. This behavior is a188

typical form of mode collapse in generative data synthesis,189

where the empirical dataset distribution drifts away from a190

realistic target distribution and becomes overly concentrated191

on a few modes, yielding reduced diversity and skewed long-192

tail statistics [16, 17]. To address this issue, we propose a193

distribution-alignment sampling strategy as the data planner.194

Instead of treating planning as “filling missing categories”,195

the planner uses KL divergence as a global alignment ob-196

jective and implements it through a feasible residual-weight197

heuristic.198

3.2.1 Global Target Distribution Learning 199

Given a reference dataset Dref, we extract three target dis- 200

tributions that characterize the global statistics of realistic 201

VQA-G data. (1) We categorize questions into seven root 202

types (What, Where, When, Who, Why, How, and Which), 203

denoted as Troot, and estimate the corresponding distribution 204

PT
ref(q) for each type q ∈ Troot. (2) We estimate the object 205

frequency distribution PO
ref(o) over a predefined vocabulary 206

O. (3) We model question complexity using the token-length 207

distribution PL
ref(ℓ), where ℓ denotes the number of tokens 208

in a question and provides a simple proxy for its structural 209

complexity. Together, these distributions define the desired 210

global statistics of the synthesized data. 211

3.2.2 Distribution-Alignment Objective 212

Let Lt denote the accepted labeled set at the beginning of 213

iteration t. We compute its empirical question-type, object- 214

frequency, and question-length distributions, denoted by P̂T
t , 215

P̂O
t , and P̂L

t , respectively. 216

For compactness, let 217

D = {T,O,L}, (1) 218

with the corresponding category spaces 219

XT = Troot, XO = O, XL = [ℓmin, ℓmax] ∩ Z. (2) 220

Here, ℓmin and ℓmax denote the minimum and maximum 221

token lengths retained in the length prior. Before computing 222

the divergence, we apply additive smoothing: 223

P̃ d
t (x) =

cdt (x) + ϵ∑
x′∈Xd

cdt (x
′) + ϵ|Xd|

, d ∈ D, x ∈ Xd, (3) 224

where cdt (x) is the count of category x in Lt and ϵ = 10−6. 225

This smoothing ensures that the KL divergence remains 226

well-defined when some categories have not yet appeared. 227

The planner seeks to align the current distributions with 228

the reference distributions by reducing 229

J (t) =
∑
d∈D

KL
(
P d

ref

∥∥∥ P̃ d
t

)
, (4) 230

where 231

KL(P∥Q) =
∑
x

P (x) log
P (x)

Q(x)
. (5) 232

To implement this objective with discrete sampling deci- 233

sions, we define the positive distribution deficit 234

rdx(t) =
[
P d

ref(x)− P̃ d
t (x)

]
+
, d ∈ D, x ∈ Xd, (6) 235

where [z]+ = max(z, 0). The residuals serve as sampling 236

importance scores: categories with larger deficits receive 237

higher generation priority. As newly accepted samples update 238
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Captioning

Data 
Planner

Spatial Reasoning Verifier in Detail

Q: What is the young boy in the 
green shirt doing?
A: The young boy in the green 
shirt is running toward a red net.
Bbox: the red net [0, 111, 187, 288]

A: The young boy in the 
green shirt is jumping to 
catch or throw a green 
frisbee.
Bbox: the green frisbee 
[236, 88, 261, 104]

Input Data

Output Data

Let’s verify 
step by step.

VQA-G
(round 2)

VQA 
Generation

Visual 
Grounding

Reference
Dataset

Distribution

KL
Labeled
Dataset

Distribution
residual
weights 

Distribution-Alignment Objective

Annotate 
Orchestrator

Annotation 
Plan

[I | q*, o*, ℓ*]

Question type:
q*=“What”

Object:
o*=“People”

Token length:
ℓ*=12 (tokens)

image I

Round 1
Plan: cap → vqa → grd; 
enforce (What, people, 
len≈12) …
Round 2
Retry: keep caption; 
refine meta-prompt of 
VQA to match visible 
action; rerun vqa+grd …

Round 1

Round 2

Semantic correctness: Action 
supported (mid-air jump)  … 0.9
Factual consistency: Matches 

gaze/pose … 0.9

···
Existence: Frisbee 
visible in box … 0.9

Attribute consistency: 
Green, disc shape … 0.8

···

Spatial 
Reasoning
Verifier

Cqa: Action misidentification (running ≠ 
supported) …
Cvg: Evidence mismatch (bbox targets 
net, not supporting action) …
Score: 𝑆𝑆𝑣𝑣𝑣𝑣𝑣𝑣 = 0.32 <  𝜏𝜏 → Reject

Cqa : Action consistent 
(jumping to catch/throw) …
Cvg : Tight box on green 
frisbee; attributes match …
Score: 𝑆𝑆𝑣𝑣𝑣𝑣𝑣𝑣 = 0.86 ≥  𝜏𝜏 →
Pass

Round 1

Round 2

𝑺𝑺𝒗𝒗𝒗𝒗𝒗𝒗

U

L t+1

t

Fig. 1 Overview of the VQA-G Annotator framework. Left: Given an image I sampled from the unlabeled pool U , the data planner uses
distribution-alignment residuals to produce an annotation plan (q∗, o∗, ℓ∗) specifying the target question type, object, and token length.
Center: The annotate orchestrator executes the plan with three sub-agents, including captioning, VQA generation, and visual grounding,
with constraint monitoring and targeted re-execution. Right: The Spatial Reasoning Verifier evaluates the generated VQA-G triplet, yielding
critiques (Cqa, Cvg) and a score Sver; its evaluation protocol is illustrated in the bottom-right inset, while training details are deferred to a
later section. Samples with Sver < τ are refined, and those with Sver⩾τ are added to L.

Lt, their residuals decrease, causing the planner to reallo-239

cate sampling effort toward the remaining under-represented240

categories.241

3.2.3 Image-Level Feasibility Analysis242

Not every question type or object is compatible with every243

image. Imposing incompatible constraints, such as generating244

a Who question for an image without people, may produce245

unanswerable questions. Therefore, for each candidate image I246

sampled from the unlabeled pool U , the planner first identifies247

its salient objects and normalizes open-vocabulary object248

mentions to the predefined vocabulary O:249

Obj(I) = {o1, o2, . . . , om} ⊆ O, (7)250

and determines the applicable question types:251

F(I) = {q ∈ Troot : IsApplicable(q, I)} . (8)252

Together, Obj(I) and F(I) define the image-specific feasible253

space for distribution-aligned planning.254

3.2.4 Greedy Residual-Guided Planning255

Given the residual weights and the feasible space of image I ,256

the planner uses the residual deficits as a discrete proxy for257

the distribution-alignment objective. When positive feasible258

residuals exist, it selects259

q∗ ∈ arg max
q∈F(I)

rTq (t), (9)260

o∗ ∈ arg max
o∈Obj(I)

rOo (t). (10)261

If multiple candidates attain the same maximum, one is sam- 262

pled uniformly using a fixed random seed. If all feasible 263

residuals are zero, the planner instead samples from the cor- 264

responding reference distribution restricted and renormalized 265

over the feasible candidates. 266

The target question length is sampled according to 267

ℓ∗ ∼ PL
res(ℓ | t), (11) 268

where 269

PL
res(ℓ | t) =


rLℓ (t)∑

ℓ′∈XL
rLℓ′(t)

,
∑

ℓ′∈XL

rLℓ′(t) > 0,

PL
ref(ℓ), otherwise.

(12) 270

Because image-level feasibility may exclude globally de- 271

ficient categories, each step prioritizes the largest feasible 272

residual but does not guarantee a strict decrease in J (t). If 273

either F(I) or Obj(I) is empty, the image is skipped and 274

another candidate is sampled. If a restricted reference distri- 275

bution has zero total mass, a uniform distribution over the 276

feasible candidates is used. 277

The resulting plan 278

P(I, t) = (q∗, o∗, ℓ∗) (13) 279

is passed to the downstream annotation orchestrator as gener- 280

ation constraints. Repeatedly prioritizing under-represented 281

feasible categories reallocates generation effort toward defi- 282

cient modes, thereby mitigating mode collapse and encour- 283
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aging alignment with the reference statistics.284

3.3 Annotate Orchestrator285

Traditional linear pipelines suffer from error propagation286

without localized recovery, forcing complete restarts even287

when earlier stages produced valid outputs [19]. To address288

this, we design the annotate orchestrator as a centralized289

executive in a hub-and-spoke topology. It coordinates three290

specialized sub-agents, namely captioning (Acap), VQA gen-291

eration (Avqa), and visual grounding (Agrd), and supports292

constraint monitoring with granular rollback, so that only the293

failing sub-agent is re-executed while valid upstream results294

are preserved.295

3.3.1 Dynamic Execution Workflow296

The orchestrator performs Chain-of-Thought (CoT) reason-297

ing [46] to decompose the plan into three sequential stages,298

each followed by inter-stage constraint verification.299

Captioning. Given plan P = (q∗, o∗, ℓ∗), the orchestrator300

constructs meta-prompt πcap for Acap to generate:301

Cimg = Acap(I;πcap). (14)302

The orchestrator validates the caption via a constraint verifi-303

cation function:304

vcap = Vcap(Cimg, o
∗) ∈ {True,False}, (15)305

which checks whether o∗ is mentioned with sufficient de-306

scriptive detail. If vcap = False, the orchestrator constructs an307

augmented prompt:308

π′
cap = πcap ⊕Faug(Cimg, o

∗, vcap), (16)309

where Faug(·) is a feedback synthesis function that generates310

constraint-aware refinement instructions, and re-invokes Acap311

to obtain C ′
img.312

VQA Generation. Using the validated caption C̃img and313

constraints (q∗, ℓ∗), the orchestrator promptsAvqa to generate:314

(q, a) = Avqa(I, C̃img;πvqa). (17)315

The generated QA pair undergoes multi-constraint verifica-316

tion:317

vvqa = Vvqa(q, a, q
∗, o∗, ℓ∗) ∈ {True,False}, (18)318

which jointly checks question type alignment, token length,319

and object reference. If vvqa = False, the orchestrator deter-320

mines whether to refine Avqa directly or cascade back to Acap321

based on error analysis, constructing appropriate augmented322

prompts via Faug(·).323

Visual Grounding. The orchestrator feeds the validated324

QA pair (q̃, ã) to Agrd, which can invoke external expert325

models as tools. Depending on the task requirement, the326

grounding tool can be either bounding box detectors [35] or327

segmentation models [36]. In this work, we focus on bounding 328

box outputs: 329

b = Agrd(I, q̃, ã;πgrd), (19) 330

where b = [x1, y1, x2, y2] denotes the predicted bounding 331

box coordinates. A preliminary sanity check is performed: 332

vgrd = Vgrd(b, I) ∈ {True,False}, (20) 333

verifying coordinate validity and minimum box area. This 334

tool-augmented design enhances spatial localization precision 335

while maintaining framework extensibility. 336

The final output is a complete VQA-G triplet: T = 337

(I, q̃, ã, b̃), where tilde notation indicates validated com- 338

ponents. 339

3.4 Spatial Reasoning Verifier 340

To ensure the reliability of synthesized data, we introduce 341

the SR-Verifier, a specialized VLM trained to audit both the 342

semantic correctness of question-answer pairs and the spatial 343

alignment of grounding annotations. While general-purpose 344

VLMs excel at semantic understanding, they often struggle 345

with precise coordinate reasoning and are prone to spatial 346

hallucinations [24, 25]. Our SR-Verifier addresses this through 347

a three-stage training pipeline that distills coordinate-aware 348

reasoning from a teacher model. 349

3.4.1 Training Pipeline 350

Stage 1: Geometry-Based Augmentation. Given a 351

seed dataset Dseed with human-annotated VQA-G triplets 352

(I, q, a, bGT), we construct an augmented verification dataset 353

by generating negative samples via controlled spatial distor- 354

tions. For each positive sample, we synthesize λneg negative 355

samples using four geometric operators: (1) Box Jitter adds 356

Gaussian noise ϵ ∼ N (0, σ2) to simulate annotation errors; 357

(2) Box Scaling uniformly expands or shrinks the box by factor 358

s ∼ U(smin, smax) to model incomplete coverage; (3) Aspect 359

Ratio Distortion alters width-height ratio r ∼ U(rmin, rmax) 360

to capture shape mismatches; (4) Boundary Shift translates 361

the box toward image edges to model localization bias. The 362

augmented dataset is: 363

Daug = {(I, q, a, bGT, y)} ∪ {(I, q, a, bneg, y)}, (21) 364

where bneg ∈ Ngeo denote geometry-perturbed negative boxes, 365

and y ∈ {0, 1} indicates correctness. 366

Stage 2: Spatial Reasoning Distillation. We employ a 367

large VLM as the teacher to generate process-supervised 368

annotations for both positive and negative samples. A key 369

insight is that directly prompting models to output a scalar 370

verification score often leads to score distribution collapse, 371
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6 Rongsheng Hu et al.

Question:
Who has the blue necklace?
Answer:
The white cat.
Boxes:
white cat [213,81,462,374]

Step1: Grounding Augmentation Step2: Spatial Reasoning Distillation

Step3: Student Fine-tuning

C_qa: ①Semantic✓(1.0) ②Factual✓(1.0) ③Complete✓(1.0) 
      ④Relevant✓(1.0) → S_qa=1.0

C_vg: ①Existence: Object present, shifted right (0.8)
      ②Attributes: White fur, blue necklace visible (0.8)  
      ③Coverage: Misses left head, excess right background (0.5)
      ④Boundary: Left edge cuts face, right overextends (0.5)
      → S_vg=0.65

S_teacher = 0.5×1.0 + 0.5×0.65 = 0.825

Teacher VLM
(Qwen3-VL)

Student VLM
(MiniCPM-o)

C_qa: ①(1.0) ②(1.0) ③(1.0) ④(1.0) → S_qa=1.0

C_vg: ①Existence: Cat present, off-center (0.75)
      ②Attributes: Key features captured (0.85)
      ③Coverage: Left portion missing, right excess (0.55)  
      ④Boundary: Imprecise edges (0.55) → S_vg=0.68

S_pred = 0.84

Geometry-Based Augmentation

Ground Truth

Boundary shift
[263, 81, 500, 374]

[Meta-Info] 
1. Ground Truth Box: [213, 81, 462, 374]; 2. Proposed Box: [263, 81, 500, 374];
3. Error Type: Boundary Shift; 4. 𝑆𝑆𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝐼𝐼𝐼𝐼𝐼𝐼 𝑏𝑏𝐺𝐺𝐺𝐺 , 𝑏𝑏𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 : 0.693

[Meta-Info]

Loss
Box Jitter
[225, 73, 477, 364]

Box Scaling
[244, 118, 431, 338]

Aspect Ratio distortion
[138, 81, 500, 374]

Fig. 2 Three-Stage Training Pipeline of Spatial Reasoning Verifier. Stage 1: Geometry-based augmentation generates positive/negative
samples via four spatial distortion operators. Stage 2: Teacher model (Qwen3-VL) performs dual verification with privileged meta-
information M, producing structured CoT critiques and fine-grained scores for VQA and visual grounding dimensions. Stage 3: Student
model (MiniCPM-o) is trained to replicate teacher’s reasoning and scoring without access to M, learning to generate dual critiques {Cqa, Cvg}
and predict aggregated score Steacher via supervised fine-tuning.

where models tend to produce a few fixed values instead of372

calibrated assessments. To address this, we adopt a multi-step373

scoring paradigm in which the teacher first performs explicit374

spatial reasoning via CoT [46], then provides fine-grained375

scores for each reasoning step, which are aggregated into the376

final score. This design enhances both interpretability and377

scoring accuracy by decomposing verification into verifiable378

sub-criteria.379

To ensure accurate teacher reasoning, we provide priv-380

ileged meta-information M = {bGT,ErrorType, Starget} as381

calibration signal, where Starget = IoU(bGT, bproposed). Here,382

bproposed ∈ {bGT} ∪ Ngeo denotes the box under evaluation.383

Critically, M is used only to guide the teacher’s internal384

reasoning and does not appear in the generated outputs, en-385

suring the distilled reasoning chains rely purely on observable386

visual-textual evidence.387

The teacher performs dual verification through structured388

CoT. For VQA verification, it generates a four-step critique389

Cqa = {cqa
1 , . . . , c

qa
4 }, where each step cqa

k contains: (1) natural390

language reasoning about one dimension (semantic correct-391

ness, factual consistency, answer completeness, or question-392

answer relevance), and (2) a corresponding score sqa
k ∈ [0, 1].393

The VQA score is computed as:394

Sqa =
1

4

4∑
k=1

sqa
k . (22)395

Similarly, for visual grounding verification, the teacher396

produces Cvg = {cvg
1 , . . . , cvg

4 } through four spatial reasoning 397

steps: (1) existence check, which reasons whether the answer- 398

described object exists in the proposed region bproposed and 399

produces score svg
1 ; (2) attribute consistency, which analyzes 400

the alignment of visual attributes (color, shape, material, state) 401

between the answer and the boxed region, yielding score svg
2 ; 402

(3) spatial coverage, which evaluates whether the box tightly 403

encloses the target object without excessive background, 404

producing svg
3 ; (4) boundary alignment, which assesses edge 405

precision and completeness, resulting in svg
4 . The grounding 406

score aggregates these sub-scores: 407

Svg =
1

4

4∑
k=1

svg
k . (23) 408

The final teacher score combines both aspects via a bal- 409

ancing hyperparameter β ∈ [0, 1]: 410

Steacher = β · Sqa + (1− β) · Svg. (24) 411

The resulting distillation dataset comprises input triplets, 412

dual critiques with step-wise reasoning and scores, and final 413

aggregated scores: 414

Ddistill = {I, q, a, bproposed, C, Steacher}, (25) 415

where C = {Cqa, Cvg}. 416

Stage 3: Student Fine-Tuning. The student SR-Verifier 417

is fine-tuned on Ddistill via supervised learning. Given input 418

(I, q, a, bproposed), the model is trained to generate dual cri- 419

tiques Cqa and Cvg and predict the final score. The training 420
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objective combines two losses:421

Ltotal = LCoT + λ · Lscore, (26)422

where LCoT is the autoregressive loss for generating reasoning423

chains, Lscore = (Spred−Steacher)
2 is the score regression loss,424

and λ balances the two objectives.425

3.4.2 Inference and Feedback Loop426

During inference, the SR-Verifier evaluates each candidate427

triplet (I, q, a, b) by producing dual critiques and a verification428

score. The final score Sver is computed in the same way as429

Equation 24, using the same β weighting, and the sample is430

accepted when Sver ⩾ τ and otherwise rejected. For accepted431

samples, the triplet is added to the labeled dataset L. For432

rejected samples, the structured feedback C together with Sver433

is returned to the annotation orchestrator, which analyzes434

the critiques, identifies the failure source, and refines the435

meta-prompts for re-invoking the relevant sub-agents.436

Fig. 1 provides a concrete example of this self-improving437

loop. In round 1, the orchestrator runs the captioning, VQA438

generation, and visual grounding pipeline to produce a can-439

didate triplet. The SR-Verifier assigns Sver = 0.32 < τ and440

returns structured critiques, where Cqa identifies an action441

misidentification and Cvg flags a mismatch between the answer442

and the bounding box evidence. In round 2, the orchestrator443

retains the validated caption, synthesizes constraint-aware444

meta-prompts from the critiques, and selectively re-runs Avqa445

and Agrd. The corrected annotation reaches Sver = 0.86 ⩾ τ ,446

showing that closed-loop re-execution can recover from lo-447

calized errors without discarding valid upstream outputs.448

4 Experimental Setup449

4.1 Datasets and Data Usage450

We use four public vision-language datasets that cover com-451

plementary image domains and grounding formats. Vi-452

sual7W [12] provides COCO-based images with human QA453

pairs and object-level grounding annotations. GQA (Bal-454

anced) [13] provides Visual Genome-based images with455

scene-graph-derived compositional questions and object an-456

notations. VizWiz [47] contributes images captured by visu-457

ally impaired users under challenging real-world conditions458

such as blur, occlusion, and poor lighting. RefCOCOg [27]459

provides referring-expression localization examples. For spa-460

tial evaluation on VizWiz and RefCOCOg, available region461

masks or boundary annotations are converted to enclosing462

axis-aligned boxes when needed.463

These datasets are assigned to distribution estimation, ver-464

ifier training, and benchmark evaluation according to their465

splits and annotation types. The data planner estimates lin- 466

guistic priors from Visual7W training questions and object 467

priors from the GQA training scene graphs associated with 468

images referenced by the GQA balanced training questions. 469

Since these statistics are aggregate priors, they do not expose 470

image-level QA or box annotations from the evaluation pool 471

to the generator. For benchmark evaluation, we construct a 472

shared image pool U from Visual7W, GQA, VizWiz, and 473

RefCOCOg, using 5,000 unique images from each source 474

subset. Each automatic method, including all baselines and 475

VQA-G Annotator, generates annotations on this same fixed 476

pool under identical conditions. Original annotations are ex- 477

cluded from generation and used only post-hoc for scoring or 478

reference rows. The Visual7W and GQA image IDs used in U 479

are not used as SR-Verifier training, validation, or test exam- 480

ples, nor as downstream fine-tuning examples. Exact image 481

IDs, including COCO-derived overlaps between Visual7W 482

and RefCOCOg, are deduplicated at the image level. 483

4.2 Baseline Methods 484

We compare four configurations, all following the same three- 485

stage generation protocol, namely caption generation, QA 486

generation, and bounding box generation: 487

(1) GPT-4o [7]: API-based generation with in-house bbox 488

prediction (gpt-4o-2024-08-06, T = 0.7); malformed or 489

out-of-bound boxes are discarded. 490

(2) GPT-4o (w/ G-DINO): GPT-4o for caption or QA 491

generation, with Grounding-DINO [35] for bbox prediction. 492

(3) InternVL3 [48]: Open-source 8B VLM with dynamic 493

high-resolution encoding, zero-shot (T = 0.7, p = 0.9). 494

(4) InternVL3 (w/ G-DINO): InternVL3 for caption or 495

QA generation, with Grounding-DINO for bbox prediction. 496

These four baselines and VQA-G Annotator differ only in 497

annotation strategy, namely single-pass plain VLMs, single- 498

pass with Grounding-DINO grounding, and iterative gener- 499

ation with distribution planning and SR-Verifier feedback. 500

This system-level comparison isolates the contribution of 501

the proposed iterative framework to end-to-end annotation 502

quality. Human annotations from the original datasets serve as 503

reference, but are unavailable for RefCOCOg VQA metrics, 504

since that benchmark provides referring expressions and box 505

annotations, not human-annotated question-answer pairs. 506

4.3 Implementation Details 507

Data planner. We assemble the reference distribution Pref 508

from two benchmarks across three dimensions. We use the 509

Visual7W training split [12] for linguistic priors, estimating 510

the question-type prior PT
ref from 163,630 training QA pairs 511
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8 Rongsheng Hu et al.

whose root types Troot are What, Where, When, Who, Why,512

How, and Which. We estimate the token-length prior PL
ref(ℓ)513

from the 149,913 Visual7W training questions whose token514

lengths fall in the experimental range ℓ ∈ [5, 25]. For object515

ontology priors, we define the predefined vocabulary O as516

the 1,702 object categories appearing in the GQA training517

scene graphs of the 72,140 training images referenced by the518

GQA balanced training questions. Counting their 1,213,534519

object instances over O yields PO
ref. The planner is instantiated520

using Qwen3-VL-8B-Instruct① with temperature T = 0.7 for521

extracting image-level feasible sets F(I) and object candi-522

dates Obj(I) ⊆ O via zero-shot prompting and vocabulary523

normalization.524

Annotate Orchestrator. The orchestrator and three sub-525

agents (Acap, Avqa, Agrd) are all based on Qwen3-VL-8B-526

Instruct. For Agrd, we integrate Grounding-DINO (SwinT-527

OGC) [35] as the external tool, producing bounding boxes528

b = [x1, y1, x2, y2] in absolute coordinates. The orchestrator529

employs CoT prompting [46] with max context length 2048530

tokens, enabling inter-stage feedback synthesis via Faug(·).531

SR-Verifier. The SR-Verifier is built on MiniCPM-o 2.6①
532

and trained via the three-stage pipeline. Stage 1: We construct533

Daug from 50,000 human-annotated triplets sampled from534

Visual7W and GQA training images by generating λneg = 3535

negative samples per positive via geometric operators (box536

jitter with σ = 0.05, scaling factor s ∼ U(0.6, 1.4), aspect537

ratio r ∼ U(0.5, 2.0), boundary shift δ = 0.1), yielding538

200,000 augmented samples with a 1:3 positive-to-negative539

ratio. Stage 2: We use Qwen3-VL-235B-A22B-Instruct②540

(accessed via API calls) as the teacher model to process Daug541

and generate dual critiques C = {Cqa, Cvg} and scores Steacher542

using privileged ground-truth IoU as calibration signal, with543

balancing hyperparameter β = 0.5 (Equation 24). Stage 3:544

Student fine-tuning for 3 epochs with batch size 32, learning545

rate 2× 10−5, AdamW optimizer, and loss weight λ = 1.0.546

System Configuration. We set global verification threshold547

τ = 0.85 and maximum refinement iterations Tmax = 5. τ548

is listed here as a system-level deployment parameter; it is549

tuned on a validation set (see Section 5.2).550

4.4 Evaluation Metrics551

Automatic Semantic Proxies. We report three automatic552

semantic-alignment proxies, specifically VQAScore [49],553

TIFA [9], and CLIPScore [50]. These metrics provide a con-554

sistent basis for comparing generated annotations under a555

① https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct
① https://huggingface.co/openbmb/MiniCPM-o-2 6
② https://huggingface.co/Qwen/Qwen3-VL-235B-A22B-Instruct

shared evaluation protocol, and we use them as complemen- 556

tary indicators of semantic alignment, particularly for datasets 557

whose original annotations are not human-written QA pairs. 558

Visual Grounding. Since ground-truth boxes are unavail- 559

able for synthetic data, we conduct human evaluation by 560

having 10 expert annotators independently re-annotate 7,200 561

stratified samples (1,800 per dataset) following standard- 562

ized protocols. We report the mean IoU (mIoU), averaging 563

IoU(bpred, bhuman) across all samples, and Acc@0.5, the frac- 564

tion with IoU⩾ 0.5, a standard localization threshold. VG 565

metrics are reported as mean±95% confidence interval, esti- 566

mated over the stratified human-reference evaluation set. 567

Distributional Alignment. To validate the data planner’s 568

mitigation of mode collapse, we estimate the final smoothed 569

empirical distributions P̃ d from the generated dataset L 570

and compute the aggregate KL objective J (t) (Equation 4) 571

against the reference statistics Pref. Since J (t) is the sum of 572

the question-type, object, and length KL terms, we report 573

both the total divergence and its three components. We also 574

report Coverage@100, defined as the fraction of the 100 rarest 575

object categories in PO
ref that are covered at least once in the 576

generated set. 577

Composite Score. The primary ranking metric is defined 578

as: 579

VQA-G Score = 2 · VQAScore · Acc@0.5
VQAScore + Acc@0.5

, (27) 580

which harmonically balances semantic and spatial quality. 581

We propagate the Acc@0.5 confidence interval through this 582

harmonic-mean function to estimate the VQA-G Score confi- 583

dence interval, and combine dataset-level intervals in quadra- 584

ture for the average rows. 585

5 Results and Analysis 586

In this section, we evaluate VQA-G Annotator from comple- 587

mentary perspectives. We first compare automatic annotation 588

systems across the four benchmark sources (§5.1), followed by 589

ablations to assess each component (§5.2). We then evaluate 590

SR-Verifier as a standalone quality classifier (§5.3), examine 591

downstream transfer through VLM fine-tuning (§5.4), and 592

conclude with human evaluation (§5.5). 593

5.1 Main Results: Comparative Analysis 594

All automatic methods are evaluated under the same genera- 595

tion and scoring protocol. Source-specific rows in the follow- 596

ing tables are computed using the corresponding benchmark 597

source. 598

5.1.1 Performance Analysis 599

Table 1 reports a system-level comparison, with results broken 600

down by source subset. VQA-G Annotator obtains consis- 601
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Table 1 Performance by benchmark source. We report three semantic-alignment proxies (CLIPScore, TIFA, and VQAScore), two visual
grounding metrics (mIoU and Acc@0.5), and the VQA-G Score, defined as the harmonic mean of VQAScore and Acc@0.5. VG metrics
and VQA-G Scores are reported as mean±95% confidence interval, with VQA-G intervals propagated from Acc@0.5. Bold values indicate
the best automatic method. Grounding variants sharing the same VLM backbone have identical semantic scores, shown using merged cells.

Dataset Method Semantic Proxies VG Metrics Avg VQA-G
CLIPScore(↑) TIFA(↑) VQAScore(↑) mIoU(↑) Acc@0.5(↑) Score(↑)

Visual7W

Human Annotation 0.651 0.865 0.890 0.507±0.036 0.581±0.057 0.703±0.043

GPT-4o 0.777 0.919 0.920 0.354±0.034 0.282±0.051 0.432±0.062
GPT-4o (w/ G-DINO) 0.491±0.036 0.500±0.057 0.648±0.050
InternVL3 0.718 0.889 0.909 0.318±0.033 0.228±0.047 0.365±0.063
InternVL3 (w/ G-DINO) 0.438±0.035 0.492±0.057 0.638±0.050
VQA-G Annotator (Ours) 0.742 0.912 0.928 0.573±0.037 0.629±0.055 0.750±0.041

VizWiz

Human Annotation 0.724 0.794 0.762 0.698±0.035 0.765±0.049 0.763±0.025

GPT-4o 0.749 0.845 0.952 0.358±0.033 0.365±0.054 0.528±0.059
GPT-4o (w/ G-DINO) 0.427±0.034 0.516±0.057 0.669±0.050
InternVL3 0.739 0.831 0.892 0.338±0.032 0.325±0.053 0.476±0.060
InternVL3 (w/ G-DINO) 0.456±0.035 0.508±0.057 0.647±0.048
VQA-G Annotator (Ours) 0.758 0.855 0.912 0.488±0.036 0.542±0.056 0.680±0.046

GQA

Human Annotation 0.695 0.883 0.912 0.550±0.032 0.620±0.056 0.738±0.041

GPT-4o 0.724 0.898 0.908 0.395±0.031 0.310±0.052 0.462±0.060
GPT-4o (w/ G-DINO) 0.502±0.032 0.548±0.056 0.683±0.045
InternVL3 0.710 0.884 0.899 0.378±0.030 0.295±0.052 0.444±0.062
InternVL3 (w/ G-DINO) 0.485±0.032 0.532±0.056 0.668±0.046
VQA-G Annotator (Ours) 0.730 0.906 0.916 0.518±0.033 0.565±0.056 0.699±0.045

RefCOCOg

Human Annotation – – – 0.816±0.017 0.962±0.023 –
GPT-4o 0.684 0.784 0.769 0.348±0.027 0.285±0.051 0.416±0.057
GPT-4o (w/ G-DINO) 0.468±0.030 0.512±0.057 0.615±0.043
InternVL3 0.672 0.770 0.757 0.332±0.026 0.270±0.050 0.398±0.057
InternVL3 (w/ G-DINO) 0.452±0.029 0.495±0.057 0.599±0.044
VQA-G Annotator (Ours) 0.692 0.795 0.780 0.485±0.030 0.528±0.056 0.630±0.042

Average (All Datasets)
GPT-4o 0.733 0.861 0.887 0.364±0.016 0.311±0.026 0.460±0.030
GPT-4o (w/ G-DINO) 0.472±0.017 0.519±0.028 0.655±0.024
InternVL3 0.709 0.843 0.864 0.342±0.015 0.280±0.025 0.422±0.030
InternVL3 (w/ G-DINO) 0.458±0.017 0.507±0.028 0.639±0.024
VQA-G Annotator (Ours) 0.731 0.867 0.884 0.516±0.017 0.566±0.028 0.690±0.022

tently higher VQA-G Scores than the automatic annotation602

baselines. For semantic alignment, GPT-4o achieves the best603

average CLIPScore and VQAScore, while our method attains604

the best average TIFA and remains competitive across all605

three semantic proxies.606

The main difference comes from the semantic–spatial trade-607

off. Plain VLM baselines produce plausible questions and608

answers, but their boxes are less reliable. Adding Grounding-609

DINO improves localization for both GPT-4o and InternVL3,610

indicating the value of an explicit grounding component. The611

remaining gap, however, suggests that grounding quality also612

depends on how generation, box selection, and verification613

are coordinated. The closed-loop pipeline therefore appears to614

improve annotation quality not by increasing semantic-proxy615

scores alone, but by reducing inconsistencies between the616

generated QA pair and the localized region.617

5.1.2 Distributional Alignment 618

Table 2 evaluates distributional alignment on the GQA im- 619

age pool as an independent diagnostic of planner behavior. 620

Relative to unguided generation, VQA-G Annotator yields 621

lower divergence across question type, object frequency, and 622

question length, together with broader rare-object coverage. 623

This pattern suggests that the planner is not only matching a 624

single marginal statistic, but also helping maintain coverage 625

over less frequent objects. 626

Fig. 3 shows how this effect develops during generation. 627

Early outputs are biased toward frequent question types, 628

and the planner gradually reduces these deviations as more 629

samples are synthesized. By the final stage, the generated 630

distribution moves closer to the reference distribution, with 631

most remaining discrepancies concentrated in low-frequency 632

categories. 633
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10 Rongsheng Hu et al.

Table 2 Distribution alignment on the GQA image pool. Let KLd = KL(P d
ref ∥ P̃ d) for d ∈ {T,O,L}, where T , O, and L denote

question type, object, and length. KLsum = KLT +KLO +KLL matches the objective in Equation 4. Coverage@100 is the fraction of the
100 rarest object categories in PO

ref covered at least once.
Method KLsum(↓) KLT (↓) KLO(↓) KLL(↓) Coverage@100(↑)
InternVL3 9.4705 3.1255 5.1362 1.2088 0.442
GPT-4o 9.1349 2.9595 5.0460 1.1294 0.469
VQA-G Annotator 3.0969 0.7212 1.3021 1.0736 0.667

Table 3 Ablation study on the GQA image pool. Each row removes or replaces one design choice while keeping the remaining generation
pipeline unchanged. Acc@0.5 and VQA-G Score are reported as mean±95% confidence interval.

Variant VQAScore(↑) Acc@0.5(↑) VQA-G Score(↑) Tokens/Sample
Full System 0.916 0.565±0.056 0.699±0.045 2,850
w/o KL Planner (Uniform) 0.842 0.521±0.057 0.644±0.045 2,820
w/o SR-Verifier (Qwen3-VL-8B Judge) 0.878 0.384±0.055 0.534±0.056 2,780
w/o Targeted Re-exec 0.897 0.542±0.056 0.676±0.046 4,200
w/o Orchestrator 0.795 0.438±0.056 0.565±0.049 1,650
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Fig. 3 Evolution of question-type distribution run on the GQA
image pool. The reference distribution is compared against interme-
diate generations at 25%, 50%, and 100% completion. The planner
progressively reduces the early over-representation of “Which” and
improves tail categories such as “When”, “Why”, and “How”, yield-
ing a closer match to PT

ref by the final stage.

5.2 Ablation Studies634

To examine the role of each component, we conduct ablations635

on the GQA image pool, generating 10,000 samples for each636

variant under the same evaluation protocol.637

5.2.1 Component-Wise Ablation638

Table 3 shows a consistent decline when a core design choice639

is removed or replaced. For the planner ablation, we keep the640

same image-level feasible space but replace KL-guided resid-641

ual selection with uniform sampling over feasible question642

types and objects. The uniform variant mainly affects seman-643

tic quality and question diversity, with manual inspection644

showing a concentration of generated questions in frequent645

templates such as “What-color” and “What-is”.646

For the verifier ablation, we replace the distilled SR-647

Verifier with generic Qwen3-VL-8B self-evaluation. This648

variant produces the clearest localization loss, especially in649

Acc@0.5, suggesting that generic VLM judgment is less 650

reliable for coordinate-level spatial errors. Removing targeted 651

re-execution has a smaller effect on final quality but increases 652

token usage, since the system must rerun complete samples 653

instead of repairing failed stages. The orchestrator ablation 654

also reduces the VQA-G Score, suggesting that inter-stage co- 655

ordination and selective rollback are important for converting 656

partial intermediate outputs into reliable final annotations. 657

Overall, the ablation results support that the gains come 658

not from a single module but from the combined planning, 659

verification, and refinement design. 660

5.2.2 Impact of Verification Threshold 661

Fig. 4 shows the expected quality–throughput trade-off as 662

the acceptance threshold varies. A high threshold improves 663

the retained-sample score but rejects many candidates, while 664

a low threshold increases acceptance at the cost of noisier 665

annotations. We use τ = 0.85 as a practical operating point 666

because it preserves most of the quality gain while keeping 667

the acceptance rate suitable for large-scale generation. 668

5.2.3 Iterative Refinement Analysis 669

Fig. 5 summarizes how many refinement rounds are needed 670

before acceptance. Most accepted samples pass within one 671

refinement, and only a small fraction reaches the later iter- 672

ations. The final scores of refined samples remain close to 673

those accepted on the first attempt, suggesting that targeted re- 674

finement can recover many initially flawed candidates without 675

simply admitting lower-quality outputs. 676

5.3 Standalone Evaluation of SR-Verifier 677

We evaluate SR-Verifier as a standalone binary classifier 678

on controlled geometric corruptions and two non-geometric 679
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Fig. 4 Trade-off between data quality (VQA-G Score) and accep-
tance rate as verification threshold τ varies. The red dashed line
indicates our selected operating point τ = 0.85.
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Fig. 5 Distribution of refinement iterations among accepted sam-
ples. Bars show per-iteration percentages, and the dashed line shows
the cumulative distribution. Overall, 81.9% of samples are accepted
within one refinement and 94.4% within two, indicating rapid con-
vergence.

consistency errors. The former measures sensitivity to lo-680

calization perturbations, while Entity Error and Evidence681

Conflict test whether the verifier can reject geometrically682

plausible regions that identify the wrong target or fail to683

support the question-answer pair.684

5.3.1 Experimental Setup685

Given a VQA-G sample (I, q, a, b), SR-Verifier predicts686

whether b correctly grounds the question-answer pair, where687

y = 1 denotes a valid grounding and y = 0 an inconsistent688

one. Its output Sver ∈ [0, 1] serves as the classification confi-689

dence. All evaluation samples are drawn from the validation690

and test splits of Visual7W, GQA, and VizWiz and are disjoint691

from the verifier training set Daug.692

For geometric evaluation, we apply the four corruption693

operations defined in Section 3.4: box jitter, box scaling,694

aspect-ratio distortion, and boundary shift. The validation set695

contains 2,000 positive and 2,000 negative samples, with 500696

negatives from each corruption type. We select τcls = 0.72 by697

maximizing F1 over τcls ∈ [0.5, 0.9]. The mixed geometric698

Table 4 Standalone performance of SR-Verifier on geometric and
non-geometric consistency tests.

Test Set Acc (↑) F1 (↑) AUC (↑)
Mixed Geometric Corruptions 0.892 0.885 0.934
Box Jitter 0.812 0.825 0.833
Box Scaling 0.815 0.838 0.947
Aspect-Ratio Distortion 0.852 0.865 0.882
Boundary Shift 0.945 0.941 0.966
Entity Error 0.884 0.885 0.913
Evidence Conflict 0.841 0.857 0.869

test set contains 10,000 positives and 10,000 negatives, with 699

the negatives sampled equally across the four types. Each 700

corruption-specific test is constructed independently using 701

the same 10,000 positives and 10,000 negatives of the cor- 702

responding type, ensuring balanced and directly comparable 703

evaluation. 704

We further construct two non-geometric test sets. An Entity 705

Error replaces the target box with a plausible distractor 706

object or another instance of the same category. An Evidence 707

Conflict uses a visually related region that does not provide 708

the relational, causal, or contextual evidence required by 709

the fixed question-answer pair. Each test set contains 1,000 710

original positives and 1,000 synthesized negatives. Samples 711

without a suitable replacement region are skipped to avoid 712

ambiguous labels. We report Accuracy, F1, and ROC-AUC 713

for all settings. 714

5.3.2 Results Analysis 715

As shown in Table 4, SR-Verifier reliably distinguishes valid 716

groundings from geometric corruptions. Box jitter is the most 717

difficult case because a perturbed box may retain substantial 718

target content, whereas boundary shifts are more readily 719

detected. The consistently strong AUC values indicate that 720

the verifier also ranks valid and corrupted samples effectively 721

across different perturbations. 722

SR-Verifier remains effective on Entity Error and Evidence 723

Conflict, although both retain geometrically plausible regions. 724

Evidence Conflict is more challenging because verification 725

requires judging whether the selected region sufficiently 726

supports the relation or context expressed by the question- 727

answer pair. These results show that SR-Verifier captures 728

semantic-spatial consistency in addition to geometric local- 729

ization quality. 730

5.4 Downstream Task Evaluation 731

To assess the practical utility of the synthesized data, we 732

fine-tune VLMs on VQA-G Annotator outputs and evaluate 733

them on downstream VQA and grounding benchmarks. The 734
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goal is to test whether the generated samples provide useful735

supervision under a controlled same-size fine-tuning setting.736

5.4.1 Experimental Setup737

We select two representative VLMs as fine-tuning back-738

bones: (1) LLaVA-1.5-7B①, a widely adopted open-source739

baseline; and (2) Qwen2-VL-7B-Instruct②, which provides740

visual encoding and instruction-following capability. For741

each model, we perform LoRA fine-tuning [51] with rank742

r = 64 and α = 128, targeting the attention projection layers.743

We compare three training configurations, namely, Base-744

line: the pre-trained model without additional fine-tuning;745

Human-Annotated: LoRA fine-tuned on 10,000 human-746

labeled VQA-G samples drawn from the Visual7W and GQA747

training sets; and Synthetic (Ours): LoRA fine-tuned on748

10,000 samples generated by VQA-G Annotator.749

All models are trained for 3 epochs with batch size 128,750

learning rate 2× 10−4, and AdamW optimizer. Evaluation751

is conducted on the test splits of Visual7W, GQA, and Ref-752

COCOg using accuracy (Acc) for VQA and mean Intersection753

over Union (mIoU) for visual grounding. Given the broad754

coverage of public VLM pre-training data, we view this ex-755

periment primarily as a controlled comparison of fine-tuning756

data quality under the same model initialization.757

5.4.2 Results Analysis758

Table 5 shows that fine-tuning on VQA-G Annotator data is759

competitive with fine-tuning on same-size human-annotated760

subsets for both backbones. The gains are modest but consis-761

tent across the evaluated VQA and grounding metrics. These762

findings, obtained under a controlled 10,000-sample setting763

with fixed model, training budget, and evaluation protocol, in-764

dicate that distribution-aligned, spatially verified samples can765

serve as effective supervision as opposed to merely boosting766

annotation scores.767

5.5 Qualitative Analysis and Human Evaluation768

Automatic metrics quantify semantic proxies and localization769

overlap, but they do not fully capture question naturalness,770

perceived usefulness, or ambiguous cases that require human771

judgment. We therefore conduct a blinded human evaluation772

of generated VQA-G triplets.773

5.5.1 Human Evaluation Protocol774

We recruit 15 expert annotators with backgrounds in com-775

puter vision and NLP. The study covers 1,200 anonymized776

VQA-G triplets, with 300 stratified samples from each of777

Visual7W, VizWiz, GQA, and RefCOCOg. Each triplet is778

① https://huggingface.co/liuhaotian/llava-v1.5-7b
② https://huggingface.co/Qwen/Qwen2-VL-7B-Instruct

rated by three annotators, and assignments are balanced across 779

methods and datasets. Method names, dataset source labels, 780

generation order, and SR-Verifier scores are hidden; sam- 781

ples are presented in randomized order. Annotators score 782

semantic correctness, spatial precision, question naturalness, 783

and overall usefulness on a 5-point Likert scale. We average 784

continuous ratings for the reported scores and estimate 95% 785

confidence intervals over the balanced method-level triplet 786

assignments. We use majority vote for binary quality-control 787

decisions and expert adjudication for ties when needed. The 788

study includes 60 gold-check samples with known severe 789

grounding or QA errors; no annotator was excluded under 790

the 80% gold-check accuracy rule. Fleiss’ κ = 0.68 indicates 791

reasonably consistent inter-annotator agreement. 792

5.5.2 Comparative Human Evaluation Results 793

Table 6 reports the mean human scores. VQA-G Annotator 794

receives the largest average score, with the clearest difference 795

in spatial precision. This agrees with the automatic grounding 796

metrics and suggests that SR-Verifier helps enforce region- 797

level alignment that annotators can perceive. GPT-4o obtains 798

a slightly higher semantic score, which is consistent with its 799

language and visual reasoning capability, but its spatial score 800

is much lower without dedicated grounding. 801

For naturalness and usefulness, the differences are smaller 802

but still favor the proposed pipeline in this evaluation. We 803

interpret these results as complementary to the automatic 804

metrics: human ratings capture perceived annotation quality 805

and ambiguity, while mIoU and Acc@0.5 measure overlap 806

under a fixed box-matching criterion. 807

5.5.3 Case Study 808

Fig. 6 illustrates how VQA-G Annotator associates each 809

QA pair with question-dependent visual evidence. For direct 810

spatial and recognition questions, the retained boxes identify 811

targets at an appropriate level of granularity. Case 1 localizes 812

the batter within the batter’s box, Case 4 isolates the pedestrian 813

walking on the sidewalk while holding an umbrella, and Case 7 814

focuses on the small Toshiba logo instead of the entire laptop. 815

For action and causal questions, the grounding preserves the 816

evidence needed to support the answer. In Case 2, the box 817

covers both the cat and the contacting hand, while Case 3 818

highlights the disc involved in the attempted block. Case 5 819

further shows that the system can associate a temporal answer 820

with the visually relevant scene content. 821

The figure also demonstrates instance disambiguation in 822

crowded or cluttered scenes. In Case 6, the selected region 823

corresponds to the person on the far right raising a paddle 824

while excluding the other occupants of the raft. Similarly, 825
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Table 5 Downstream task performance after fine-tuning on different data sources. We report accuracy (Acc) for VQA on Visual7W and
GQA test sets and mean IoU (mIoU) for visual grounding. Bold entries mark the largest values among fine-tuned settings for each model.

FT Model Training Data Visual7W GQA RefCOCOg Average
Acc(↑) mIoU(↑) Acc(↑) mIoU(↑) Acc(↑) mIoU(↑) Acc(↑) mIoU(↑)

LLaVA-1.5-7B
Baseline (zero-shot) 0.542 0.398 0.587 0.421 - 0.365 0.565 0.395
Human-Annotated 0.628 0.512 0.665 0.538 - 0.485 0.647 0.512
Synthetic (Ours) 0.643 0.530 0.681 0.558 - 0.505 0.662 0.531

Qwen2-VL-7B
Baseline (zero-shot) 0.598 0.445 0.624 0.468 - 0.412 0.611 0.442
Human-Annotated 0.672 0.548 0.708 0.575 - 0.521 0.690 0.548
Synthetic (Ours) 0.689 0.568 0.723 0.595 - 0.544 0.706 0.569

Table 6 Human evaluation scores (1-5 scale) on 1,200 stratified triplets across four datasets. Annotators rate samples on semantic
correctness, spatial precision, question naturalness, and overall usefulness. Scores are reported as mean±95% confidence interval. Bold
entries mark the largest mean score in each column.

Method Semantic Spatial Naturalness Usefulness Avg.
GPT-4o 4.52±0.16 2.65±0.25 4.15±0.21 4.22±0.20 3.89±0.23
GPT-4o (w/ G-DINO) 4.28±0.19 3.31±0.25 4.38±0.18 4.45±0.17 4.11±0.21
InternVL3 3.45±0.25 2.22±0.23 3.58±0.24 3.48±0.25 3.18±0.25
InternVL3 (w/ G-DINO) 3.71±0.24 3.76±0.23 3.85±0.23 3.78±0.23 3.78±0.23
VQA-G Annotator (Ours) 4.48±0.17 4.56±0.16 4.42±0.18 4.50±0.17 4.49±0.17

Q: Where is the batter standing?
A: The batter is standing in the
batter's box.

Q: When was this photo
likely taken?
A: Golden hour.

Q: Which person in the raft is holding
their paddle up high?
A: The man on the far right, wearing a
black t-shirt with yellow accents, is holding
his paddle up high.

Q: What is the person on the
sidewalk doing?
A: The person on the sidewalk is
walking while holding a purple
umbrella.

Q: Why is the player in red trying to block the
player in white?
A: The player in red is trying to block him because
he is on the opposing team and his goal is to
prevent the thrower from making a successful
pass, thereby gaining possession of the disc.

Q: Who is standing on the small
platform next to the traffic light?
A: A uniformed soldier is standing
on the platform.

Q: How is the cat being petted?
A: The cat is being gently stroked
along its back by a person's hand.

Q: What brand is the laptop?
A: The laptop is a Toshiba.

0.898 0.976 0.885 0.924

0.960

0.995 0.943 0.937

① ② ③ ④

⑤ ⑥ ⑦ ⑧

Fig. 6 Representative VQA-G annotations produced by VQA-G Annotator, with accepted grounding boxes and SR-Verifier quality
scores. The examples cover spatial localization, action and causal reasoning, temporal inference, fine-grained recognition, and instance
disambiguation under multi-object or cluttered scenes.

Case 8 identifies the uniformed soldier standing on the small826

platform despite nearby traffic infrastructure and background827

distractors. Across the eight cases, the accepted boxes range828

from compact diagnostic regions to larger interaction regions,829

suggesting that SR-Verifier evaluates whether the grounding is830

answer-relevant regardless of box size. These examples com-831

plement the quantitative and human evaluations by showing 832

how the closed-loop generate–evaluate–refine process sup- 833

ports fine-grained localization, relation-sensitive grounding, 834

and target disambiguation across diverse scenes. 835
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6 Discussion and Limitations836

VQA-G Annotator is also cost-effective for large-scale gen-837

eration. The online cost is approximately $0.003 to $0.004838

per accepted sample, excluding one-time verifier distilla-839

tion, benchmark construction, and human evaluation. This840

is about 12× lower than our GPT-4o-based setup and 125 to841

300× lower than typical manual annotation costs. Iterative842

refinement increases latency by approximately 1.5 to 2×, but843

provides a favorable trade-off when annotation quality is the844

primary concern.845

The comparison is conducted at the annotation-pipeline846

level because each method places different amounts of struc-847

ture around its backbone VLM. The observed gains therefore848

reflect the joint contribution of residual planning, iterative849

feedback, targeted re-execution, and specialized verification.850

Future work may evaluate additional iterative pipelines under851

matched compute budgets.852

The main failures arise from complex background separa-853

tion, accounting for 62% of rejected samples, and mirror or854

reflective scenes, accounting for 23%. These cases introduce855

visual ambiguity for both grounding and verification. The SR-856

Verifier is also limited to bounding-box supervision and does857

not support pixel-level segmentation or multi-object relational858

grounding. Moreover, downstream evaluation uses same-size859

fine-tuning subsets, leaving larger mixtures of human and860

synthetic data for future study.861

Future work will extend the framework to specialized862

domains such as medical imaging and autonomous driving,863

as well as temporal and 3D data including video and point864

clouds. Its modular design allows individual agents to be865

replaced or extended while retaining closed-loop verification.866

7 Conclusion867

In this paper, we presented VQA-G Annotator, a self-868

improving agentic framework for high-fidelity grounded VQA869

data synthesis. It integrates a KL-guided data planner, a870

constraint-aware multi-agent orchestrator, and an SR-Verifier871

that provides structured semantic and spatial feedback within872

a closed-loop refinement process. Experiments across four873

benchmark sources show consistent improvements over strong874

automatic baselines, while standalone evaluation, downstream875

fine-tuning, and human assessment further support the effec-876

tiveness and utility of the generated annotations. Although877

the current framework is limited to bounding-box grounding878

and remains sensitive to visual ambiguity, its modular design879

can be extended to richer supervision, specialized domains,880

and temporal or 3D multimodal scenarios. By linking seman-881

tic interpretation with explicit spatial evidence and iterative882

verification, this work supports the transition from visual 883

perception toward trustworthy cognitive-level understanding. 884
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