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Abstract001

Evaluating the alignment between textual002
prompts and generated images is critical for003
ensuring the reliability and usability of text-004
to-image (T2I) models. However, most ex-005
isting evaluation methods rely on coarse-006
grained metrics or static Question Answer-007
ing (QA) pipelines, which lack fine-grained008
interpretability and struggle to reflect human009
preferences. To address this, we propose010
REVEALER, a reinforcement-guided visual011
reasoning framework for element-level text-012
to-image alignment evaluation. Adopting a013
structured “grounding–reasoning–conclusion”014
paradigm, our method enables Multimodal015
Large Language Models (MLLMs) to explic-016
itly localize semantic elements and derive inter-017
pretable alignment judgments. We optimize018
the model via Group Relative Policy Opti-019
mization (GRPO) using a multi-dimensional020
reward function that targets format compli-021
ance, localization precision, and alignment022
accuracy. Extensive experiments confirm023
that REVEALER achieves state-of-the-art re-024
sults across four benchmarks. Notably, on025
EvalMuse-40K, it surpasses the strong pro-026
prietary Gemini 3 Pro and Training-based027
baselines with absolute accuracy gains of028
+4.0% and +13.1%, respectively. Ablation029
studies further demonstrate the efficacy of030
our method, contributing a cumulative 19.4%031
improvement over the base model. Code:032
https://anonymous.4open.science/r/F698/033

1 Introduction034

Text-to-image (T2I) models (Podell et al., 2023)035

such as DALL·E (Ramesh et al., 2021), Stable Dif-036

fusion (Rombach et al., 2022; Esser et al., 2024),037

and Imagen (Saharia et al., 2022) have made signif-038

icant strides in generating visually appealing and039

semantically rich images from natural language040

prompts. With the widespread adoption of T2I041

models, ensuring that the generated image faith-042

fully aligns with the semantics of the input text043

Figure 1: REVEALER performs element-level text-to-
image alignment evaluation via structured visual rea-
soning, following a grounding–reasoning–conclusion
paradigm.

becomes increasingly critical, which is known as 044

the task of text-image alignment evaluation. 045

Early text-image alignment evaluation methods 046

(Heusel et al., 2018; Hessel et al., 2022; Salimans 047

et al., 2016) rely on coarse-grained metrics that 048

collapse rich semantic structures into single scalar 049

scores (e.g., CLIPScore (Hessel et al., 2022)), but 050

they lack interpretability and are often insensitive 051

to fine-grained mismatches, such as object count, 052

attributes, and spatial composition. To improve 053

the interpretability of CLIPScore, VIEScore (Ku 054

et al., 2024) proposes leveraging multimodal large 055

language models (MLLMs) (Liu et al., 2023; Bai 056

et al., 2023; Dai et al., 2023) to generate natural lan- 057

guage rationales alongside alignment scores. To fa- 058

cilitate fine-grained alignment evaluation, question- 059

answering (QA)-based approaches (Huang et al., 060

2025; Lu et al., 2023), such as TIFA (Hu et al., 061

2023) and VQ2 (Yarom et al., 2023), employ off- 062

the-shelf large language models (LLMs) to gen- 063

erate multiple verifiable questions from the input 064

prompts, with each question targeting a distinct 065

facet of alignment evaluation. However, due to 066
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their reliance on predefined question templates,067

these methods often fail to generate questions that068

adequately assess the alignment of all elements in069

the prompt, especially in complex cases. More-070

over, most MLLM-based QA alignment evalua-071

tion methods rely solely on prompt engineering072

without dedicated supervision, resulting in subop-073

timal evaluation performance. To address these is-074

sues, EvalMuse-40K (Han et al., 2024) introduces075

a large-scale benchmark featuring element-level076

binary annotations (e.g., objects, attributes, loca-077

tions), providing rich supervision for fine-grained078

alignment training and evaluation. However, its079

annotations are often treated as classification tasks,080

lacking interpretable reasoning paths. Recently,081

UnifiedReward-R1 (Wang et al., 2025a) has ex-082

plored reinforcement learning to enable chain-of-083

thought-style text-image alignment score predic-084

tion by incorporating rule-based reward signals.085

However, UnifiedReward-R1 only provides an over-086

all alignment score for each evaluated dimension,087

and lacks the capability to explicitly determine088

whether specific objects or elements are correctly089

generated according to the input prompt.090

To address the aforementioned limitations, we091

propose REVEALER, a reinforcement-guided vi-092

sual reasoning framework for element-level text-to-093

image alignment evaluation. As illustrated in Fig-094

ure 1, REVEALER operates through a three-stage095

framework comprising grounding, reasoning, and096

conclusion, which emulates human-like analysis097

in text-image alignment evaluation. At the first098

stage, the visual reasoning grounds each element099

of the prompt to specific regions within the gen-100

erated images, thereby providing essential contex-101

tual information for alignment reasoning. Here,102

the elements are derived by decomposing the in-103

put prompt into fine-grained semantic units, which104

follows the TIFA taxonomy categorization (e.g., ob-105

ject, attribute, activity, etc.). At the second stage, a106

free-form natural language explanation is produced107

to evaluate the alignment between the grounded108

visual content and the corresponding element in109

the prompt. Finally, an element-level alignment110

score is derived by comprehending the information111

obtained from the grounding and reasoning stages.112

This interleaved visual-textual reasoning process113

significantly improves the interpretability of the114

evaluation metric, while simultaneously offering115

dense supervision signals for model training.116

To equip the MLLM with the capability to fol-117

low the three-stage visual reasoning paradigm, we118

first fine-tune it on automatically curated visual rea- 119

soning trajectories. Subsequently, a reinforcement 120

learning (RL) phase—implemented via Group Rel- 121

ative Policy Optimization (GRPO) (Shao et al., 122

2024)—is employed to bolster the model’s reason- 123

ing capabilities. Specifically, we design a compre- 124

hensive rule-based reward function to leverage the 125

rich supervision signals intrinsic to all three stages. 126

To facilitate this training recipe, we propose an 127

automated data curation pipeline that synthesizes 128

training trajectories by synergizing an expert vision 129

model with general-purpose LLMs. 130

Extensive experiments across four benchmarks 131

demonstrate that REVEALER achieves state-of-the- 132

art performance. Specifically, our method yields 133

substantial accuracy gains relative to the Training- 134

based baseline, achieving increases of +13.1% 135

on EvalMuse-40K, +9.4% on RichHF, +6.3% on 136

MHaluBench, and +6.5% on GenAI-Bench. No- 137

tably, it surpasses the strong proprietary model, 138

Gemini 3 Pro, by a margin of +4.0% on EvalMuse- 139

40K. Ablation studies further validate the efficacy 140

of our framework components, showing a cumula- 141

tive performance boost of +19.4% over the base 142

model, while subsequent analyses confirm that ex- 143

plicit visual reasoning enhances both fine-grained 144

alignment accuracy and interpretability. 145

2 Related Work 146

This section provides a brief review of related work. 147

Automated Methods and Metrics for Text-Image 148

Alignment Evaluation. Early metrics such as 149

(Hessel et al., 2022; Li et al., 2023; Kirstain et al., 150

2023) evaluate text-image alignment via cosine 151

similarity in embedding space. While computation- 152

ally efficient, these approaches lack sensitivity to 153

fine-grained mismatches. To improve interpretabil- 154

ity, structured evaluation methods such as TIFA 155

(Hu et al., 2023) and VQ2 (Yarom et al., 2023) 156

convert prompts into QA or NLI tasks, though 157

their performance depends heavily on hand-crafted 158

templates. More recent efforts introduce stronger 159

compositional reasoning: VIEScore (Ku et al., 160

2024) uses instruction-following MLLMs to gen- 161

erate alignment scores with natural language ra- 162

tionales; DSG (Cho et al., 2024) leverages seman- 163

tic scene graphs for robustness; And VQAScore 164

(Lin et al., 2024) decomposes prompts into atomic 165

QA sub-tasks for modular evaluation. FGA-BLIP2 166

(Han et al., 2024) fine-tunes models for element- 167

level alignment scoring, while PN-VQA (Han et al., 168
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2024) adopts a prompt-based querying strategy169

without fine-tuning. A recent task-decomposed170

framework (Tu et al., 2024) further enhances inter-171

pretability and robustness by combining modular172

pipelines with multi-perspective metrics. In par-173

allel, MLLM-based methods (Tan et al., 2024) di-174

rectly predict alignment scores through supervised175

finetuning on human-aligned data.176

Reinforcement Learning for Visual Reasoning177

and Evaluation. Reinforcement learning (RL)178

has been used to enhance alignment evaluation,179

as in T2I-Eval-R1 (Ma et al., 2025), UM-CoT-180

RM (Wang et al., 2025a), Unified Hallucination De-181

tection (Chen et al., 2024), UnifiedReward (Wang182

et al., 2025b) and Vision-R1 (Zhan et al., 2025),183

which aim to enhance alignment consistency in vi-184

sual content and improving interpretability through185

reasoning chains. RL also improves visual rea-186

soning: DeepEyes (Zheng et al., 2025) and Open-187

ThinkIMG (Su et al., 2025) train agents for spa-188

tial reasoning, and Q-Insight (Li et al., 2025) ap-189

plies reinforcement learning to train visual agents190

for interpretable image quality assessment. Vi-191

LaSR (Wu et al., 2025) reinforces geometric un-192

derstanding, and works like Thinking with Gen-193

erated Images (Chern et al., 2025), Chain-of-194

Focus (Zhang et al., 2025), and UniVG-R1 (Bai195

et al., 2025) explore internal reasoning via sketch-196

ing, zooming, or CoT-based image generation.197

These efforts demonstrate how sequential visual198

reasoning enhances robustness and explainability.199

3 Methodology200

In this section, we first introduce the visual rea-201

soning process for element-level text-image align-202

ment evaluation §3.1. We then describe the training203

dataset curation procedure §3.2, followed by a de-204

tailed illustration of the two-stage training method-205

ology §3.3. The overall methodology is illustrated206

in Figure 2.207

3.1 Visual Reasoning for Element-Level208

Text-Image Alignment Evaluation209

Despite recent advances (Zheng et al., 2025; Su210

et al., 2025; Li et al., 2025), existing approaches to211

T2I alignment evaluation still struggle with accu-212

rately assessing element-level alignment between213

textual descriptions and generated images. In-214

spired by the human-like alignment analysis pro-215

cess, which follows a three-stage chain-of-thought216

“grounding—reasoning—conclusion”, we propose217

visual reasoning guided element-level text-image 218

alignment evaluation via reinforcement learning. 219

Specifically, the visual reasoning process un- 220

folds in three stages, each corresponding to a struc- 221

tured component in the reasoning trajectory. In 222

the grounding stage, the sequence begins with 223

a special token <box>, followed by a predicted 224

bounding box list that localizes a semantic element 225

from the input prompt within the generated image. 226

Next, in the reasoning stage, the <thinking> to- 227

ken precedes a free-form natural language explana- 228

tion that evaluates the semantic alignment between 229

the visual content in the localized region and the 230

corresponding element in the prompt. Finally, in 231

the conclusion stage, the sequence begins with 232

the <score> token followed by a scalar alignment 233

score s ∈ [0, 1], where the scalar magnitude quanti- 234

fies the degree of visual-semantic consistency, with 235

higher values signifying superior alignment. 236

This three-stage visual reasoning alignment eval- 237

uation offers several notable advantages. First, 238

by explicitly localizing specific semantic elements 239

within the generated image, the grounding stage 240

facilitates more precise visual-textual alignment 241

and provides essential contextual information for 242

subsequent reasoning. Second, the intermediate 243

natural language rationales generated in the the 244

reasoning stage enhance the interpretability of the 245

final alignment score. Lastly, this staged visual 246

reasoning yields rich supervision signals for both 247

training and evaluation, as will be further detailed 248

in the following sections. 249

Visual Reasoning Trajectory Curation. To sup- 250

port the aforementioned visual reasoning training, 251

we propose an automated method for curating such 252

visual reasoning trajectory, which combines the vi- 253

sual grounding capability of an expert model and 254

the reasoning ability of proprietary LLMs. The 255

overall curation process is shown in Figure 2 (a). 256

The visual reasoning dataset is derived from the 257

training split of EvalMuse-40K. EvalMuse-40K is a 258

large-scale benchmark for text-to-image alignment 259

evaluation, which contains 40K image–prompt 260

pairs with element-level binary annotations. 261

Specifically, let (I,P, {⟨ei, ai⟩}Ni=1) denote a 262

data point in EvalMuse-40K, where I is the gener- 263

ated image and P is the input prompt. {⟨ei, ai⟩}Ni=1 264

corresponds to the set of the element-level anno- 265

tations (e.g., objects, attributes, locations), where 266

ei denotes an element, and ai denotes the binary 267

answer. The visual reasoning trajectory for each 268

data point is constructed as follows. First, for 269
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Figure 2: Our work consists of three components: (a) Training data is constructed using Grounding DINO and GPT-
4o to generate structured alignment annotations; (b) A two-stage training pipeline performs reinforcement-guided
visual reasoning via GRPO; (c) The model is evaluated on four fine-grained alignment benchmarks.

each ei in the set ⟨ei, ai⟩Ni=1, we utilize Grounding270

DINO (Liu et al., 2024), a state-of-the-art object271

grounding model, to associate the element with272

a corresponding region in the generated image I.273

This grounding step produces a list of bounding274

boxes {bi,j = [x1, y1, x2, y2]}Ki
j=1 that spatially lo-275

calize the element ei within the image, where Ki276

denotes the number of detected regions associated277

with ei. We employ a strict grounding strategy by278

raising the detection confidence threshold, which279

yields an empty list for low-confidence regions, ef-280

fectively preventing error propagation caused by281

incorrect localization (see Sec. 4.4 for details). A282

detailed analysis of the bounding box annotation283

quality is presented in Sec. 4.4.284

Subsequently, for each element ei, GPT-4o is285

conditioned on the input tuple (I,P, ei, bi) to gen-286

erate a natural language explanation ri and a pre-287

dicted alignment label âi. If the associated bound-288

ing box set bi is an empty list ([]), the model is289

explicitly prompted to perform reasoning based on290

the global visual context of the image I . Otherwise,291

the reasoning focuses on the specific localized re-292

gions. To ensure the high quality of the generated293

reasoning rationales ri, we employ a two-stage294

quality assurance strategy to strictly filter out low-295

quality samples (see Appendix A.1 for details). By296

following the above procedures, we finally curate a297

dataset comprising 25K high-quality samples, each298

annotated with a three-stage visual reasoning tra-299

jectory, denoted as DVisualReason.300

3.2 Cold-Start Training with Automatically 301

Constructed Visual Reasoning Trajectory. 302

To enable the MLLM to follow the proposed three- 303

stage visual reasoning format, we first introduce a 304

cold start training phase, in which the MLLM is 305

fine-tuned on the automatically constructed visual 306

reasoning trajectory DVisualReason. 307

Specifically, we sample a subset of 5,000 308

annotated instances from DVisualReason, comprising 309

2,500 real and 2,500 synthetic image–prompt 310

pairs, denoted as DSFT. The selected samples 311

are curated to ensure diversity across a wide 312

range of element types, such as objects, at- 313

tributes, and spatial. The cold start training 314

uses supervised fine-tuning (SFT) to minimize 315

the negative log-likelihood (NLL) of the token 316

sequence. Formally, given DSFT, the model is 317

trained on it to output a structured sequence of 318

the form: <box>[[x1, y1, x2, y2], ...]</box> 319

<thinking>reasoning process</thinking> 320

<score>s ∈ [0, 1]</score>, where 321

<box> denotes the predicted bounding box, 322

<thinking> is a free-form explanation, and 323

<score> reflects the degree of alignment, with 324

lower scores indicating stronger misalignment. 325

The objective is to minimize the standard negative 326

log-likelihood (NLL) loss of the structured 327

reasoning sequence conditioned on the input 328

image and prompt. The detailed mathematical 329

formulation is provided in Appendix B. 330

This cold start training phase equips the model 331
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with the ability to follow the visual reasoning for-332

mat, establishing a baseline for subsequent RL-333

based optimization.334

3.3 Visual Reasoning for Element-Level335

Text-Image Alignment Evaluation via336

Reinforcement Learning337

While cold start training provides a baseline for338

element-level text-image alignment, its ability to339

incentivize deep reasoning capabilities in founda-340

tion models has been shown to be inferior to that341

of reinforcement learning (Ma et al., 2025; Wang342

et al., 2025a; Zhan et al., 2025). To further enhance343

the model’s visual reasoning performance, we in-344

troduce an RL stage based on GRPO (Shao et al.,345

2024), equipped with a task-specific reward func-346

tion and a challenging-sample selection strategy.347

Challenging-sample Selection. To improve train-348

ing quality, we retain only challenging samples for349

the reinforcement learning stage. Specifically, we350

use the cold-start model to generate alignment pre-351

dictions on DVisualReason, and filter out data where352

the model accurately judges the alignment status353

of all elements. Only examples with at least one354

incorrectly predicted element are retained for the355

GRPO training. This results in a curated subset of356

20K hard cases from the EvalMuse-40K dataset,357

denoted as DChallenging-Sample, used to optimize the358

model’s alignment policy.359

Reward Shaping. Given the rich supervision sig-360

nals in DChallenging-Sample, we construct a compos-361

ite reward function to guide the model’s behavior362

along multiple dimensions:363

(1) Format Reward evaluates whether the364

generated output adheres to the required365

structured format, including grounding366

stage (<box></box>), reasoning stage367

(<thinking></thinking>), and conclusion368

stage (<score></score>). Specifically, we369

assign a binary reward rformat ∈ {0, 1}, where370

rformat = 1 if the output format is correct and371

rformat = 0 otherwise.372

(2) Box Reward quantifies the localization accu-373

racy of predicted bounding boxes by comparing374

them with ground-truth annotations. It adopts a375

commonly used matching-based strategy to com-376

pute the Intersection over Union (IoU) between377

predicted and ground-truth boxes. Specifically, let378

B̂ and B be the predicted and ground-truth bound-379

ing box sets for each element. We first compute the380

pairwise IoU matrix M, then apply the Hungarian381

Algorithm to find the optimal one-to-one match as382

follows: 383

rbox =
1

max(|B̂|, |B|)

∑
(i,j)∈H

IoU(b̂i, bj) (1) 384

where H is the set of matched pairs returned by the 385

Hungarian algorithm, and unmatched elements are 386

assigned zero IoU. 387

(3) Element Reward evaluates the fine-grained 388

accuracy of the predicted alignment scores. Instead 389

of using a simple absolute difference, we adopt a 390

squared-error based formulation to impose heavier 391

penalties on large deviations. Specifically, for each 392

element, the predicted scalar score ŝi is compared 393

against the reference score si as follows: 394

relement = 1− 1

N

N∑
i=1

(ŝi − si)
2 (2) 395

This formulation yields a continuous reward in the 396

range [0, 1]. By utilizing the squared term, the 397

reward provides sharper gradients for significant 398

errors, encouraging the model to converge more 399

strictly toward the ground truth compared to linear 400

feedback. 401

By combining the aforementioned rewards, the 402

total reward for RL training is defined as: 403

r(τ) = λ1rformat + λ2rbox + λ3relement (3) 404

where λ1, λ2, and λ3 are weighting hyperparam- 405

eters tuned via grid search (see Appendix B for 406

details). 407

Reinforcement Optimization. For policy op- 408

timization, GRPO samples a group of outputs 409

{oi}Gi=1 for each query q and utilizes group-based 410

advantage normalization. The policy πθ is updated 411

by maximizing the following surrogate objective: 412

JGRPO(θ) = E[q ∼ DChallenging-Sample, {oi}Gi=1 ∼ πθold(O|q)]

1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

{min [ρtAt, clip(·) ·At]

−βDKL [πθ||πref]} ,
(4)

413

where ρt denotes the policy ratio πθ(ot|q)
πθold (ot|q)

, At rep- 414

resents the advantage normalized within the group, 415

and DKL is the unbiased KL-divergence estima- 416

tor (Schulman, 2020). clip(·) refers to applying 417

a clipping function to ρt that bounds it within 418

[1−ϵ, 1+ϵ], where ϵ is hyperparameter. Full math- 419

ematical derivations and implementation details are 420

provided in Appendix B. 421
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4 Experiments422

4.1 Experimental Setup423

Evaluation Benchmarks. We conduct experi-424

ments on four fine-grained benchmarks: EvalMuse-425

40K, RichHF, MHaluBench, and GenAI-Bench.426

Details are included in C.1.427

Evaluation Metrics. To comprehensively as-428

sess model performance, we employ three metrics429

across all benchmarks: Spearman’s Rank Correla-430

tion Coefficient (SRCC) and Pearson Linear Cor-431

relation Coefficient (PLCC) to measure the corre-432

lation between predicted scores and human judg-433

ments, alongside Accuracy (ACC) for binary clas-434

sification evaluation.435

Baselines. We compare our method with a se-436

ries of strong baselines from two categories: (1)437

Prompting-based Methods. We include four rep-438

resentative approaches for text-to-image alignment439

evaluation: TIFA (Hu et al., 2023), VQ2 (Yarom440

et al., 2023), VIEScore (Ku et al., 2024), and441

VQAScore (Lin et al., 2024). Additionally, we442

introduce a training-free variant of REVEALER,443

where Grounding DINO is utilized to extract object444

regions, which are subsequently passed to Gemini445

3 Pro for reasoning and scalar alignment scoring.446

(2) Training-based Methods. We include FGA-447

BLIP2 (Han et al., 2024), a specialized end-to-end448

scoring model fine-tuned on the EvalMuse-40K449

training set to directly predict element-level align-450

ment scores. Additionally, we establish strong su-451

pervised baselines using general MLLMs: Qwen3-452

VL-8B-Instruct, InternVL3-8B-hf, and LLaVA-453

v1.6-Mistral-7B-hf. These models are fully fine-454

tuned on DVisualReason to generate the complete vi-455

sual reasoning trajectory (grounding, reasoning,456

and conclusion).457

Implementation Details. All models are trained458

using 8×NVIDIA H200 GPUs. Our framework459

demonstrates exceptional training efficiency with460

low resource consumption: the SFT stage (5461

epochs) requires approximately 16 GPU hours,462

while the RL stage (3 epochs) consumes around463

120 GPU hours.464

4.2 Main results465

Based on the results presented in Table 1, we make466

the following observations.467

First, the zero-shot adaptation of REVEALER468

(combining Grounding DINO with Gemini 3 Pro)469

demonstrates superior performance compared to470

existing prompting-based baselines. It achieves471

comprehensive improvements over the strong 472

TIFA (Gemini 3 Pro) baseline, with gains of 473

+1.6% SRCC, +2.2% PLCC, and +2.1% ACC 474

on EvalMuse-40K, validating the effectiveness of 475

the structured visual reasoning format itself. Sec- 476

ond, integrating GRPO training into REVEALER 477

yields substantial improvements over Training- 478

based Methods. Specifically, on EvalMuse-40K, 479

our InternVL3-8B-hf and Qwen3-VL-8B-Instruct 480

models outperform their respective SFT counter- 481

parts by +13.0% and +13.7% in SRCC, +12.7% 482

and +14.7% in PLCC, and +11.4% and +13.1% 483

in ACC. This indicates that RL effectively aligns 484

the model’s reasoning process with human pref- 485

erence beyond simple imitation learning. Third, 486

our best-performing model, REVEALER (Qwen3- 487

VL-8B-Instruct), achieves state-of-the-art perfor- 488

mance across all metrics on all benchmarks. Com- 489

pared to the strongest external proprietary baseline 490

(TIFA with Gemini 3 Pro), our method establishes a 491

clear margin, surpassing it by approximately 4.2% 492

SRCC, 6.0% PLCC, and 4.0% ACC on EvalMuse- 493

40K, and by 7.2% SRCC, 7.1% PLCC, and 5.3% 494

ACC on RichHF. Finally, notably, our REVEALER 495

models trained solely on the EvalMuse-40K dataset 496

maintain stable high performance when evaluated 497

on unseen benchmarks (RichHF, MHaluBench, and 498

GenAI-Bench), demonstrating strong generaliza- 499

tion capabilities beyond the training distribution. 500

4.3 Ablations 501

We conduct ablation studies to assess the contribu- 502

tion of each component in our framework. Qwen3- 503

VL-8B-Instruct serves as the base model. “+ Cold 504

Start” refers to supervised fine-tuning with for- 505

matted alignment data. “+ Reasoning” adds natu- 506

ral language explanation generation (<thinking>). 507

“+ Grounding” introduces bounding box predic- 508

tion (<box>) to ground observations before reason- 509

ing. “+ GRPO” (REVEALER) applies reinforce- 510

ment learning to align the model with human pref- 511

erences. The subtractive settings “w/o Visual Rea- 512

soning” and “w/o Challenging Sample” denote the 513

removal of the grouding step and the Challenging- 514

sample Selection strategy during GRPO training, 515

respectively. 516

As shown in Table 2, performance generally im- 517

proves with added components. Cold start and 518

structured reasoning yield steady gains. GRPO 519

brings the most significant improvement, with 520

+13.2% and +7.9% accuracy gains on EvalMuse- 521

40K and RichHF, respectively. Interestingly, visual 522
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Method Model EvalMuse-40K RichHF MHaluBench GenAI-Bench

srcc plcc acc srcc plcc acc srcc plcc acc srcc plcc acc
Prompting-based Methods

TIFA
Gemini 3 Pro 68.1 65.8 81.3 66.1 65.4 80.8 68.5 67.2 81.0 71.4 72.3 83.9
Qwen3-VL-235B-A22B-Instruct 66.3 65.1 80.4 64.6 63.9 80.5 67.8 66.8 81.7 68.4 71.5 83.2

VQ2
GPT-4o 67.9 66.4 81.7 63.9 64.8 77.9 65.8 67.4 80.7 70.2 71.4 84.1
Qwen3-VL-235B-A22B-Instruct 68.1 66.9 80.9 64.4 63.1 80.3 67.2 65.6 81.5 70.7 71.8 83.0

VQAScore CLIP-FlanT5-XXL 51.8 51.2 65.5 63.9 65.7 77.2 64.1 65.7 78.8 70.8 69.3 84.1
VIEScore GPT-4o 65.3 66.5 80.2 65.8 66.2 79.1 67.8 66.2 81.7 69.2 68.6 82.9

Training-based Methods
FGA-BLIP2 BLIP2 62.1 64.6 76.8 56.6 57.9 71.4 63.2 65.1 77.7 65.3 66.9 79.0

SFT
Qwen3-VL-8B-Instruct 58.6 57.1 72.2 63.4 63.9 76.7 65.2 66.7 79.3 67.1 65.7 80.3
InternVL3-8B-hf 57.4 56.8 72.5 60.2 61.4 75.8 65.9 65.2 78.2 67.8 68.1 78.1
LLaVA-v1.6-7B-hf 54.7 55.2 73.1 55.7 57.4 70.9 61.7 62.5 74.3 62.9 63.5 76.5

REVEALER (Ours)
DINO + Gemini 3 Pro 69.7 68.0 83.4 67.5 67.7 83.3 69.8 68.6 82.2 72.7 74.0 84.5

vs. Gemini 3 Pro (+1.6) (+2.2) (+2.1) (+1.4) (+2.3) (+2.5) (+1.3) (+1.4) (+1.2) (+1.4) (+1.7) (+0.6)
InternVL3-2B-hf 64.7 65.3 77.8 63.5 64.2 78.6 64.7 63.4 77.9 66.8 66.3 79.4
InternVL3-8B-hf 70.4 69.5 83.9 70.8 69.2 84.7 70.6 69.3 83.4 73.4 71.9 85.0

vs. SFT (+13.0) (+12.7) (+11.4) (+10.6) (+7.8) (+8.9) (+4.7) (+4.1) (+5.2) (+5.6) (+3.8) (+6.9)
Qwen3-VL-4B-Instruct 66.1 65.8 80.3 68.9 67.2 81.4 66.7 67.4 80.8 69.6 68.9 82.6

REVEALER

Qwen3-VL-8B-Instruct 72.3 71.8 85.3 73.3 72.5 86.1 72.7 71.4 85.6 74.9 75.6 86.8
vs. SFT (+13.7) (+14.7) (+13.1) (+9.9) (+8.6) (+9.4) (+7.5) (+4.7) (+6.3) (+7.8) (+9.9) (+6.5)

Table 1: Main results on element-level text-to-image alignment evaluation. We compare REVEALER against
representative Prompting-based and Training-based baselines. Bold and underlined denote the best and second-best
results, respectively. The rows labeled vs.Gemini 3 Pro/SFT highlight the absolute performance gains achieved by
our method, demonstrating consistent and statistically significant improvements (p = 0.016 < 0.05) over standard
paradigms.

Model EvalMuse-40K RichHF

SRCC ACC SRCC ACC

Qwen3-VL-8B-Instruct 55.7 65.9 56.2 70.7
+ Cold Start 58.1 71.2 62.6 75.8

+ Reasoning 60.4 77.9 70.8 80.7
+ Grouding 59.8 72.1 67.5 78.2

+ GRPO (REVEALER) 72.3 85.3 73.3 86.1

REVEALER 72.3 85.3 73.3 86.1
w/o Visual Reasoning 70.1 80.1 71.2 79.6
w/o Challenging Sample 71.5 82.0 72.8 84.1

Table 2: Ablation studies on EvalMuse-40K and
RichHF benchmarks (SRCC% and Acc%).

reasoning without GRPO hurts performance, likely523

due to incorrect visual grounding leading to flawed524

reasoning. This is validated by the “w/o Visual Rea-525

soning” setting, which results in drops of 5.2% and526

6.5% on the two benchmarks. Finally, disabling527

challenging sampling leads to performance drops528

of 3.3% and 2.0%, confirming its positive effect on529

training quality.530

4.4 Analyses531

Performance Across Different Element Cate-532

gories. We evaluate alignment performance across533

different categories in EvalMuse-40K. As shown534

Figure 3: Accuracy across different element categories
on the EvalMuse-40K benchmark.

in Figure 3, our model (Qwen3-VL-8B-instruct) 535

achieves superior performance, particularly in con- 536

crete categories like counting and location, vali- 537

dating the effectiveness of the structured ground- 538

ing–reasoning–conclusion paradigm. 539

Effect of Strict Grounding Strategy. To further 540

address the challenge of localizing abstract con- 541

cepts, we propose a Strict Grounding Strategy by 542

elevating the confidence threshold of Grounding 543

DINO (γ = 0.35 → 0.55). This encourages the 544

output of empty box lists ([]) when visual evi- 545

dence is ambiguous, which prevents grounding 546

error propagation and encourages the model to 547

7



Empty Box Rate (%) Alignment Accuracy (%)

Method Threshold Group A Group B Group A Group B
(γ) (Concrete) (Abstract) (Concrete) (Abstract)

Baseline (Forced Grounding) 0.35 2.1 12.4 86.3 80.5
REVEALER (strict Grounding) 0.55 4.5 53.0 87.2 84.7
∆ - +2.4 +40.6 +0.9 +4.2

Table 3: Impact of Strict Grounding Strategy (γ =
0.35 → 0.55). Group A and B denote concrete and
abstract elements, respectively.

Figure 4: (a) Visual grounding capability before and
after GRPO training. (b) Pearson correlation between
box and element rewards.

switch to global reasoning for abstract concepts.548

As detailed in Table 3, this strategy increases the549

Empty Box Rate for abstract elements (Group B)550

from 12.4% to 53.0% while preserving precision551

for concrete ones (Group A). This strict Grounding552

mechanism yields a substantial +4.2% accuracy553

gain on abstract attributes.554

Quality Validation of Visual Grounding Anno-555

tations. To validate the reliability of the bound-556

ing box annotations used in our automated data557

curation pipeline, and to provide a benchmark for558

evaluating visual grounding improvements, we con-559

structed a high-quality, box-annotated evaluation560

set. Specifically, we constructed the evaluation set,561

denoted as DBoxEval, by randomly sampling a total562

of 2,000 image-prompt pairs from the EvalMuse-563

40K and RichHF benchmarks. We manually anno-564

tated the bounding boxes for the target elements565

within these pairs; notably, for abstract elements or566

elements absent from the image, we explicitly an-567

notated the bounding box list as empty. To ensure568

precision, all annotations underwent a secondary569

review and correction process. As illustrated in Fig-570

ure 4(a), we evaluated the performance of Ground-571

ing DINO on this human-verified set. The model572

achieved a mIoU of 0.76, indicating a high degree573

of overlap with human annotations. This result con-574

firms the reliability of using Grounding DINO for575

large-scale training data synthesis.576

Visual Grounding Capability Before and After577

Training. We evaluate the visual grounding per-578

Grounding Status
Condition

Distribution
Reasoning Hal. Alignment

(Filter Criteria) Rate↓ Acc↑

Accurate Grounding MIoU ≥ 0.5 80.5% 8.4% 89.6%
Misleading Grounding MIoU < 0.5 8.1% 46.2% 76.3%
Strict Grounding Strategy Empty Box ([]) 12.4% 14.7% 81.2%

Table 4: Visual Grounding Error Propagation Analysis
(Qwen3-VL-8B).

formance of our models on DBoxEval. As shown 579

in Figure 4(a), we find that GRPO training signif- 580

icantly enhances localization capabilities, boost- 581

ing mIoU by +0.11 and +0.15 for the 4B and 8B 582

models, respectively. Furthermore, we analyze the 583

relationship between grounding precision and eval- 584

uation accuracy. The results reveal a strong positive 585

correlation (Pearson r = 0.8773) between ground- 586

ing accuracy and alignment scores (Figure 4(b)), 587

confirming that precise visual reasoning directly 588

contributes to more accurate alignment evaluation. 589

Visual Grounding Error Propagation Analy- 590

sis.To investigate error propagation from visual 591

grounding to downstream reasoning, we conducted 592

a detailed analysis using DBoxEval. Specifically, to 593

ensure metric reliability, we manually verified the 594

reasoning traces to identify hallucinations. As de- 595

tailed in Table 4, Misleading Grounding (MIoU < 596

0.5) triggers severe error propagation, spiking the 597

reasoning hallucination rate to 46.2% and drasti- 598

cally dropping alignment accuracy to 76.3%. This 599

confirms that incorrect visual cues actively mis- 600

lead the reasoning process. In contrast, our Strict 601

Grounding Strategy acts as a safety mechanism 602

by suppressing low-confidence predictions, effec- 603

tively shifting high-risk samples to Global Reason- 604

ing. This fallback mechanism significantly reduces 605

hallucinations to 14.7% and recovers alignment 606

accuracy to 81.2%, demonstrating that relying on 607

global context is far superior to reasoning based on 608

erroneous visual evidence. 609

5 Conclusion 610

We introduced REVEALER, a reinforcement- 611

guided visual reasoning framework for 612

element-level text-to-image alignment eval- 613

uation. By enforcing a structured “ground- 614

ing–reasoning–conclusion” paradigm and 615

optimizing via GRPO, our approach effectively 616

bridges the gap between visual localization and 617

semantic judgment. Experiments across four 618

benchmarks show that REVEALER achieves state- 619

of-the-art performance, surpassing proprietary 620

models like Gemini 3 Pro. 621
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Limitations622

Despite the superior performance of REVEALER,623

several limitations remain. First, the explicit box-624

based grounding paradigm is optimized for con-625

crete semantic elements and may be less naturally626

suited for evaluating holistic qualities, such as artis-627

tic style, complex lighting atmospheres, or emo-628

tional tone, where discrete localization is ambigu-629

ous. Furthermore, our current work focuses exclu-630

sively on static image-text alignment; consequently,631

the applicability of our framework to text-to-video632

alignment evaluation is limited, as it does not ac-633

count for temporal dynamics or motion consistency.634

Future work will aim to extend the visual reason-635

ing framework to address these non-localized and636

temporal challenges.637
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A Dataset Details845

A.1 Quality Assurance for Visual Reasoning846

Trajectory847

To ensure the high quality of the generated reason-848

ing rationales ri, we employ a two-stage quality849

assurance strategy to strictly filter out low-quality850

samples. First, in the self-correction stage, if the851

predicted label âi is inconsistent with the ground-852

truth label ai, we re-prompt the model to generate853

a revised explanation and prediction. Data points854

that fail to reach consistency after three attempts are855

discarded, and for the retained samples, we adopt856

the human-annotated label ai from EvalMuse-40K857

as the final ground truth. Second, in the logical858

verification stage, we employ Gemini 3 pro to fur-859

ther guarantee logical coherence by verifying the860

consistency between the generated ri and the label861

ai. Specifically, the model assesses whether ri log-862

ically supports ai, and any data points exhibiting863

logical inconsistencies are strictly filtered out.864

B Training Details865

Hyperparameter Sensitivity and Configuration866

To balance the multi-objective nature of our reward867

function, we conducted a grid search to determine868

the optimal scalar coefficients λ1, λ2, and λ3. We869

observed that the model quickly learns to adhere to870

the structural format; therefore, we fixed the format871

reward weight at a low value of λ1 = 0.1 to prevent872

it from dominating the optimization landscape. We873

then performed a grid search for the visual ground-874

ing weight (λ2) and element alignment weight (λ3)875

over the range {0.4, 0.45, 0.5, 0.55}. We evalu-876

ated the model’s performance on a hold-out vali-877

dation set from EvalMuse-40K. As illustrated in878

Figure 5, the results indicate a performance peak879

where slightly higher emphasis is placed on the880

final element alignment score. The optimal con-881

figuration was identified as λ1 = 0.1, λ2 = 0.45,882

and λ3 = 0.55. This setting ensures that while883

visual grounding provides necessary evidence, the884

ultimate fidelity of the alignment judgment remains885

the primary optimization target.886

SFT Objective. In the cold-start stage, we fine-887

tune the model to generate the structured reason-888

ing trajectory. Let q denote the concatenation of889

the input inputs (I,P, {ei}Ni=1), and g denote the890

target output sequence formed by concatenating891

{⟨bi, ri, ai⟩}Ni=1. The training objective is to mini-892

Figure 5: Grid search results for reward weights λ2 and
λ3 with fixed λ1 = 0.1. The heatmap shows validation
accuracy on EvalMuse-40K. The red box indicates the
optimal configuration (λ2 = 0.45, λ3 = 0.55).

mize the negative log-likelihood: 893

Lcold = −Eq∼DSFT

T∑
t=1

logPθ(gt | g<t, q) (5) 894

where gt is the t-th token in the output sequence 895

and θ denotes the model parameters. 896

GRPO Optimization. Given the defined total 897

reward r(τ), we optimize the policy model using 898

GRPO, a lightweight and stable variant of Proximal 899

Policy Optimization (PPO). Specifically, for each 900

(I,P, {⟨ei, bi, ri, ai⟩}Ni=1) in DChallenging-Sample, a 901

reasoning trajectory sequence τ generated by the 902

policy model, the rule-based reward function r(·) 903

computes its reward as r(τ). GRPO normalizes 904

this scalar into an advantage At =
r(τ)−µ

σ for each 905

decoding step t ∈ {1, . . . , T}, where µ and σ are 906

the batch-wise mean and standard deviation of re- 907

wards. GRPO samples a group of generated output 908

set {o1, o2, · · · , oG} for each q from the policy 909

model πθold and let the policy ratio at step t be 910

ρt =
πθ(ot|oi,<t,q)
πθold (ot|oi,<t,q)

, where oi represents the out- 911

puts sampled from the policy model. The trained 912

policy πθ is then updated by maximizing the fol- 913

lowing objective: 914

JGRPO(θ) = E[q ∼ DChallenging-Sample, {oi}Gi=1 ∼ πθold(O|q)]

1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

{min [ρtAt, clip(·) ·At]

−βDKL [πθ||πref]} ,
(6)

915

Here, πref denotes the frozen reference policy ob- 916

tained from the SFT stage. clip(·) refers to apply- 917

ing a clipping function to ρt that bounds it within 918
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[1− ϵ, 1 + ϵ], where ϵ is hyperparameter. This clip919

function helps prevent excessively large policy up-920

dates. Unlike the KL penalty term used in (Ouyang921

et al., 2022), we estimate the KL divergence with922

the unbiased estimator (Schulman, 2020), which923

is guaranteed to be positive. We set ϵ = 0.2 and924

β = 1e− 2 during training. The hyperparameter β925

controls the KL divergence penalty, which encour-926

ages the new policy to stay close to the reference927

policy, thereby stabilizing training.928

C Evaluation Details929

C.1 Benchmark Details930

We evaluate alignment accuracy across four fine-931

grained benchmarks: EvalMuse-40K, RichHF,932

MHaluBench, and GenAI-Bench. (1) EvalMuse-933

40K provides element-level alignment annotations934

across categories such as object, attribute, and loca-935

tion. Each element is labeled as aligned (1) or936

unaligned (0) by multiple annotators, and final937

labels are averaged; elements with scores ≥ 0.5938

are considered aligned. (2) RichHF (Liang et al.,939

2024) offers keyword-level annotations over di-940

verse prompt styles. We evaluate on the annotated941

subset using accuracy. (3) MHaluBench (Chen942

et al., 2024) provides claim-level annotations. To943

enable fine-grained evaluation, we extract elements944

via GPT-4 (the OpenAI Team, 2024), generate bi-945

nary questions, and collect human annotations fol-946

lowing the EvalMuse-40K protocol. (4) GenAI-947

Bench (Li et al., 2024) targets complex composi-948

tional prompts. As it lacks element-level labels, we949

apply the same procedure as in MHaluBench.950

C.2 Adaptation of Benchmarks for951

Fine-Grained Evaluation952

To support element-level multimodal hallucination953

detection, we adapted two existing benchmarks—954

MHaluBench and GenAI-Bench—by applying a955

unified annotation protocol inspired by EvalMuse-956

40K (Han et al., 2024). While MHaluBench (specif-957

ically its text-to-image subset) and GenAI-Bench958

provide diverse prompting schemes, they originally959

lack granular semantic annotations. To address this,960

we decompose each natural language prompt into961

discrete semantic elements using GPT-4, catego-962

rizing them according to the TIFA taxonomy (e.g.,963

object, attribute, spatial). For each element, we964

generate a corresponding binary verification ques-965

tion (e.g., “Is there a red car in the image?”) to966

assess visual fidelity. These element-question pairs967

Method RichHF MHaluBench GenAI-Bench

srcc↑ time↓ srcc↑ time↓ srcc↑ time↓

Chain-of-Focus 65.1 5.9 67.3 7.3 69.1 6.6
ViLaSR 64.2 6.5 65.4 5.7 68.9 6.2

Vision-R1 64.7 5.9 66.2 6.8 68.0 4.8
Q-Insight 67.4 4.5 67.9 4.1 70.3 4.4

REVEALER 70.8 1.3 70.6 1.6 74.4 1.2

Table 5: Comparison with RL-based visual reasoning
methods. Time denotes the average inference latency
per sample measured on a single A800 GPU.

undergo rigorous human verification to determine 968

semantic alignment (labeled as 1 for aligned, 0 969

for misaligned), thereby enabling consistent, inter- 970

pretable, and fine-grained evaluation across both 971

compositional and general scenarios. 972

C.3 Adaptation of Zero-Shot Baselines for 973

Element-Level Evaluation 974

To ensure a rigorous comparison, we adapt repre- 975

sentative zero-shot methods—TIFA, VQ2, VQAS- 976

core, and VIEScore—to our fine-grained evaluation 977

task through a unified pipeline. For each baseline, 978

we first employ a large language model (GPT-4) 979

to decompose the input prompt into discrete, vi- 980

sually verifiable semantic units according to the 981

TIFA taxonomy, such as objects, attributes, and spa- 982

tial. These units are subsequently converted into 983

method-specific query formats, ranging from bi- 984

nary VQA questions to structured semantic triples. 985

Finally, pre-trained multimodal models are utilized 986

to verify the visual grounding of each query against 987

the generated image. This process standardizes 988

the output into binary alignment labels for indi- 989

vidual semantic elements, facilitating a consistent 990

and interpretable performance assessment across 991

all methods. 992

D Additional Analyses 993

D.1 Comparison with RL-based Visual 994

Reasoning Methods. 995

We compare REVEALER against representative RL- 996

based MLLMs, including Chain-of-Focus (Zhang 997

et al., 2025), ViLaSR (Wu et al., 2025), Vision- 998

R1 (Zhan et al., 2025), and Q-Insight (Li et al., 999

2025). As shown in Table 5, our method establishes 1000

a superior trade-off between alignment accuracy 1001

and computational efficiency. Accuracy. Exist- 1002

ing iterative methods (Chain-of-Focus, ViLaSR) 1003

suffer from error propagation during multi-turn in- 1004
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teractions, while Q-Insight focuses more on the1005

global image quality score. By anchoring reason-1006

ing to specific elements via a structured paradigm,1007

REVEALER mitigates these issues, surpassing the1008

strongest baseline (Q-Insight) by significant mar-1009

gins of +3.4% and +4.1% SRCC on RichHF and1010

GenAI-Bench, respectively. Efficiency. Unlike1011

baselines that require multiple forward passes for1012

visual resampling or unconstrained reasoning gen-1013

eration, REVEALER integrates localization and rea-1014

soning into a single cohesive pass. This streamlined1015

architecture reduces inference time to 1.2s–1.6s per1016

sample, representing a significant efficiency gain1017

over preceding RL-based methods.1018

D.2 Impact of Continuous vs. Binary1019

Rewards on GRPO Training.1020

To investigate the impact of reward formulation1021

on GRPO training, we compare two designs of1022

element-level reward for Qwen2.5-VL-3B-Instruct.1023

The first is a binary reward, where each element1024

is assigned 1 if the alignment prediction is correct1025

and 0 otherwise. The second is a continuous re-1026

ward, calculated as the absolute difference between1027

the model’s predicted alignment score, bounded1028

within [0, 1], and the corresponding ground-truth1029

label. As shown in Figure 6, training with con-1030

tinuous rewards yields a more stable optimization1031

process and outperforms binary rewards by 2.2%1032

in accuracy on the EvalMuse-40K benchmark. We1033

attribute this improvement to the finer-grained feed-1034

back provided by continuous rewards. In particular,1035

continuous rewards lead to smoother reward land-1036

scapes and more reliable policy updates, especially1037

during early training when binary signals are often1038

sparse or uninformative.1039

D.3 Statistical Significance Analysis1040

To rigorously validate that the performance gains1041

of our proposed method over strong baselines1042

(DINO, Gemini 3 Pro) stem from the effective1043

reinforcement-guided reasoning framework rather1044

than random variance, we conducted a statistical1045

significance test using a stratified bucketing ap-1046

proach. Specifically, we randomly partitioned the1047

EvalMuse-40K test set into K = 10 disjoint folds1048

and computed the element-level alignment accu-1049

racy for both our GRPO-optimized model (Qwen3-1050

VL-8B-Instruct) and the Gemini 3 Pro baseline1051

on each fold. We then performed a one-sided1052

Wilcoxon Signed-Rank Test on the resulting paired1053

accuracy distributions to assess the consistency of1054

Figure 6: Comparison of training stability and final
accuracy between binary and continuous reward de-
signs. Continuous rewards result in more stable training
and better alignment performance on EvalMuse-40K,
achieving an ACC of 0.7964 compared to 0.7746 with
binary rewards.

the improvement. The analysis yielded a p-value 1055

of 0.016 (p < 0.05). This result statistically rejects 1056

the null hypothesis, confirming that our method’s 1057

improvement is statistically significant and robust 1058

across different data distributions. 1059

E Prompt Templates 1060
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Prompt for Visual Reasoning Trajectory Generation

System Instruction:
You are an expert evaluator for text-to-image alignment. Your task is to perform visual reasoning

to determine if a specific element (ei) from the input prompt (P) is accurately represented
in the generated image (I). You are provided with bounding boxes (bi) detected by a grounding
model.

Input Data:
- Full Prompt (P): {full_prompt}
- Target Element (ei): {element}
- Bounding Boxes (bi): {box_list} (Format: [[x1, y1, x2, y2]...])

Reasoning Rules:
1. Localized Reasoning (If bi is NOT empty):

- Focus strict attention on the visual content within the provided coordinates.
- Verify if the visual element inside the boxes match the description of ei.
- Ignore background details outside the boxes unless they directly affect the element’s state.

2. Global Reasoning (If bi is empty []):
- Switch to Global Context Analysis. The grounding model failed to localize the element.
- Scenario A (Concrete Object): If ei is a tangible object (e.g., "cat", "car"), its absence
usually implies misalignment. Verify if it is truly missing.

- Scenario B (Abstract Attribute/Style): If ei is global (e.g., "foggy", "oil painting", "
lighting"), evaluate the entire image atmosphere. Empty boxes are expected here.

Output Format:
Return a JSON object containing:
- "reasoning" (ri): A step-by-step rationale based on the rules above.
- "label" (âi): 1 for Aligned, 0 for Misaligned.

Response:

Figure 7: The system prompt template used for visual reasoning trajectory curation. The prompt explicitly instructs
the model to handle both grounded (localized) and ungrounded (global) scenarios.
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Prompt for Visual Reasoning Self-Correction

System Instruction:
You are an expert evaluator for text-to-image alignment. You are provided with a Reference

Alignment Label (ai) derived from human annotation for a specific element (ei). Your task is
to re-examine the image and bounding boxes (bi) to construct a visual reasoning path that
logically supports this reference label.

Input Data:
- Full Prompt (P): {full_prompt}
- Target Element (ei): {element}
- Bounding Boxes (bi): {box_list}
- Reference Label (ai): {ground_truth_label} (1 = Aligned, 0 = Misaligned)

Reasoning Rules:
1. Localized Reasoning (If bi is NOT empty):

- Focus strict attention on the visual content within the provided coordinates.
- Verify if the visual element inside the boxes match the description of ei.
- Ignore background details outside the boxes unless they directly affect the element’s state.

2. Global Reasoning (If bi is empty []):
- Switch to Global Context Analysis. The grounding model failed to localize the element.
- Scenario A (Concrete Object): If ei is a tangible object (e.g., "cat", "car"), its absence
usually implies misalignment. Verify if it is truly missing.

- Scenario B (Abstract Attribute/Style): If ei is global (e.g., "foggy", "oil painting", "
lighting"), evaluate the entire image atmosphere. Empty boxes are expected here.

Correction Rules:
1. Evidence Re-Discovery:

- If Reference (ai) is 1 (Aligned): Look closely at the region/image to identify the specific
visual features (color, shape, count) that confirm the element’s presence.

- If Reference (ai) is 0 (Misaligned): Look for the specific visual discrepancy (e.g., wrong
color, missing object, distorted shape) that contradicts the prompt.

2. Strict Formatting Constraint (Crucial):
- Your reasoning must be self-contained and based solely on visual observation.
- DO NOT mention the "Reference Label," "Human Annotation," or "Ground Truth" in your reasoning

text.
- DO NOT write phrases like "As indicated by the reference..." or "Since the label is 1..."
- Simply state the visual facts that lead to the conclusion.

Output Format:
Return a JSON object containing:
- "reasoning" (ri): A factual visual analysis describing *why* the image conforms to the Reference

Label.
- "label" (âi): The final label (should match ai).

Response:

Figure 8: The self-correction prompt template. When the initial prediction disagrees with the ground truth, the model
is guided to re-evaluate the visual evidence to align with the human annotation (ai) without explicitly referencing
the hint in the rationale.
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Prompt for Logical Consistency Verification

System Instruction:
You are a Quality Assurance Auditor for an automated evaluation system. Your task is to verify the

logical consistency between a generated reasoning rationale (ri) and its assigned binary
label (ai) for a target element (ei). You must detect contradictions between the textual
explanation and the numerical score.

Input Data:
- Target Element (ei): {element}
- Generated Reasoning (ri): {reasoning_text}
- Assigned Label (ai): {label} (1 = Aligned, 0 = Misaligned)

Verification Rules:
1. Logical Entailment Check:

- Does the text in ri explicitly state that the element is correctly depicted or aligned? If yes
, ai must be 1.

- Does the text in ri describe missing objects, wrong attributes, or hallucinations? If yes, ai

must be 0.

2. Identify Contradictions:
- Flag as "Inconsistent" if ri describes a failure (e.g., "The car is blue instead of red") but
ai is 1.

- Flag as "Inconsistent" if ri describes a success (e.g., "The car is correctly rendered in red
") but ai is 0.

Output Format:
Return a JSON object containing:
- "is_consistent": boolean (true/false)
- "analysis": "Brief explanation of the consistency check."

Response:

Figure 9: The logical verification prompt used by Gemini 3 Pro. This step filters out low-quality samples where the
generated reasoning text (ri) logically contradicts the final classification label (ai).
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Prompt for End-to-End Element Alignment Inference

<image>
System Instruction:
You are an expert in fine-grained text-to-image alignment evaluation. Your task is to perform

Element-level Hallucination Detection on the provided image based on the input prompt.

Input Data:
- Prompt (P): {original_prompt}
- Target Elements (E): {element_keys_str}

Evaluation Protocol:
For each element in the target list, perform the following steps sequentially:
1. Localization (<box>):

- Identify the element’s location in the image.
- Output bounding boxes in the format [[x1, y1, x2, y2]...] .
- If the element is missing or abstract (unable to be grounded), output an empty list [].

2. Visual Reasoning (<thinking>):
- Analyze whether the visual depiction matches the textual description (appearance, action,
relation).

- Explicitly state any discrepancies (e.g., "present but wrong color", "missing entirely").

3. Scoring (<score>):
- Assign a fidelity score between 0.0 and 1.0.
- 1.0 = Perfectly present and accurate.
- 0.0 = Entirely missing or hallucinated.

Output Format:
Output a single Python dictionary string wrapped in <element> tags.
- Keys: Element names (Categories).
- Values: A concatenated string containing the tags <box>...</box><thinking>...</thinking><score

>...</score>.

Example Output:
<element>
{

"Eating (activity)": "<box>[[221, 162, 893, 675]]</box><thinking>The subject has food but is not
performing the action of eating.</thinking><score>0.4</score>",

"Puffin (animal)": "<box>[[1, 10, 486, 365]]</box><thinking>The puffin is rendered clearly but
is in the wrong spatial location.</thinking><score>0.3</score>",

"Pink tree (object)": "<box>[[122, 95, 900, 883]]</box><thinking>The tree matches the color and
style description perfectly.</thinking><score>1.0</score>"

}
</element>

Constraint:
Do not include any conversational text outside the <element> tags. Ensure the JSON syntax is valid.

Response:

Figure 10: The inference prompt used for evaluating text-to-image models. It enforces a strict "Grounding-
Reasoning-Scoring" format output within a structured dictionary for automated parsing.
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