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Abstract

Evaluating the alignment between textual
prompts and generated images is critical for
ensuring the reliability and usability of text-
to-image (T2I) models. However, most ex-
isting evaluation methods rely on coarse-
grained metrics or static Question Answer-
ing (QA) pipelines, which lack fine-grained
interpretability and struggle to reflect human
preferences. To address this, we propose
REVEALER, a reinforcement-guided visual
reasoning framework for element-level text-
to-image alignment evaluation. Adopting a
structured “grounding—reasoning—conclusion”
paradigm, our method enables Multimodal
Large Language Models (MLLMs) to explic-
itly localize semantic elements and derive inter-
pretable alignment judgments. We optimize
the model via Group Relative Policy Opti-
mization (GRPO) using a multi-dimensional
reward function that targets format compli-
ance, localization precision, and alignment ac-
curacy. Extensive experiments confirm that RE-
VEALER achieves state-of-the-art results across
four benchmarks. Notably, on EvalMuse-40K,
it surpasses the strong proprietary Gemini 3
Pro and Training-based baselines with absolute
accuracy gains of +4.2% and +13.3%, respec-
tively. Ablation studies further demonstrate the
efficacy of our method, contributing a cumula-
tive 19.6% improvement over the base model.

1 Introduction

Text-to-image (T2I) models (Podell et al., 2024)
such as DALL-E (Ramesh et al., 2021), Stable Dif-
fusion (Rombach et al., 2022; Esser et al., 2024),
and Imagen (Saharia et al., 2022) have made signif-
icant strides in generating visually appealing and
semantically rich images from natural language
prompts. With the widespread adoption of T2I
models, ensuring that the generated image faith-
fully aligns with the semantics of the input text
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Text-to-Image Model | Prompt: A group of four white swans
[ swimming next fo two floating flowers. |
N = o -

REVEALER <—

= (=

"four(counting)":"
depicts three swans instead of the expected four, which violates the ‘four’ count specified in the
prompt. This is a clear mismatch in object quantity.</thinking><score>0.0¢/score>",

<thinking>The image

"white (color)": "<box>[[729,71,953,412], [863,310,1024,567), (521,472,815 866])/box><thinkingThe color
white is correctly represented by all three visible swans as described in their depiction within this scene.
</thinking><score>1.0¢/scores",

"swans  (animal)": " <thinking> The
depicted animals are accurately rendered as swans with realistic features and proportions consistent with
their natural appearance.</thinking><score>1.0¢/score>",

"two (counting)': "<box>[ J¢/box><thinkingsNo floating flowers are visible in the image to match the description
of two flowers specified in the prompt./thinking><scores0.0¢/score>",

"floating flowers (object)”: " <thinking>The pink objects on the left side of
the image resemble flowers but do not appear to be floating next to or near any swans as described in the

prompt.</thinking><score>0.0</score>"

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
the task of text-image alignment evaluation.

Early text-image alignment evaluation methods
(Heusel et al., 2017; Hessel et al., 2021; Salimans
et al., 2016) rely on coarse-grained metrics that
collapse rich semantic structures into single scalar
scores (e.g., CLIPScore (Hessel et al., 2021)), but
they lack interpretability and are often insensitive
to fine-grained mismatches, such as object count,
attributes, and spatial composition. To improve
the interpretability of CLIPScore, VIEScore (Ku
et al., 2024) proposes leveraging multimodal large
language models (MLLMs) (Liu et al., 2023; Bai
et al., 2023; Dai et al., 2023) to generate natural lan-
guage rationales alongside alignment scores. To fa-
cilitate fine-grained alignment evaluation, question-
answering (QA)-based approaches (Huang et al.,
2025a; Lu et al., 2023; Huang et al., 2025b), such
as TIFA (Hu et al., 2023) and VQ2 (Yarom et al.,
2023), employ off-the-shelf large language mod-
els (LLMs) to generate multiple verifiable ques-
tions from the input prompts, with each question
targeting a distinct facet of alignment evaluation.
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However, due to their reliance on predefined ques-
tion templates, these methods often fail to generate
questions that adequately assess the alignment of
all elements in the prompt, especially in complex
cases. Moreover, most MLLM-based QA align-
ment evaluation methods rely solely on prompt
engineering without dedicated supervision, result-
ing in suboptimal evaluation performance. To
address these issues, EvalMuse-40K (Han et al.,
2026) introduces a large-scale benchmark featur-
ing element-level binary annotations (e.g., objects,
attributes, locations), providing rich supervision
for fine-grained alignment training and evaluation.
However, its annotations are often treated as clas-
sification tasks, lacking interpretable reasoning
paths. Recently, UnifiedReward-R1 (Wang et al.,
2025a) has explored reinforcement learning to en-
able chain-of-thought-style text-image alignment
score prediction by incorporating rule-based re-
ward signals. However, UnifiedReward-R1 only
provides an overall alignment score for each eval-
uated dimension, and lacks the capability to ex-
plicitly determine whether specific objects or el-
ements are correctly generated according to the
input prompt.

To address the aforementioned limitations, we
propose REVEALER, a reinforcement-guided vi-
sual reasoning framework for element-level text-to-
image alignment evaluation. As illustrated in Fig-
ure 1, REVEALER operates through a three-stage
framework comprising grounding, reasoning, and
conclusion, which emulates human-like analysis
in text-image alignment evaluation. At the first
stage, the visual reasoning grounds each element
of the prompt to specific regions within the gen-
erated images, thereby providing essential contex-
tual information for alignment reasoning. Here,
the elements are derived by decomposing the in-
put prompt into fine-grained semantic units, which
follows the TIFA taxonomy categorization (e.g., ob-
ject, attribute, activity, etc.). At the second stage, a
free-form natural language explanation is produced
to evaluate the alignment between the grounded
visual content and the corresponding element in
the prompt. Finally, an element-level alignment
score is derived by comprehending the information
obtained from the grounding and reasoning stages.
This interleaved visual-textual reasoning process
significantly improves the interpretability of the
evaluation metric, while simultaneously offering
dense supervision signals for model training.

To equip the MLLM with the capability to fol-

low the three-stage visual reasoning paradigm, we
first fine-tune it on automatically curated visual rea-
soning trajectories. Subsequently, a reinforcement
learning (RL) phase—implemented via Group Rel-
ative Policy Optimization (GRPO) (Shao et al.,
2024)—is employed to bolster the model’s reason-
ing capabilities. Specifically, we design a compre-
hensive rule-based reward function to leverage the
rich supervision signals intrinsic to all three stages.
To facilitate this training recipe, we propose an
automated data curation pipeline that synthesizes
training trajectories by synergizing an expert vision
model with general-purpose LLMs.

Extensive experiments across four benchmarks
demonstrate that REVEALER achieves state-of-the-
art performance. Specifically, our method yields
substantial accuracy gains relative to the Training-
based baseline, achieving increases of +13.3%
on EvalMuse-40K, +9.8% on RichHF, +7.1% on
MHaluBench, and +7.1% on GenAl-Bench. No-
tably, it surpasses the strong proprietary model,
Gemini 3 Pro, by a margin of +4.2% on EvalMuse-
40K. Ablation studies further validate the efficacy
of our framework components, showing a cumula-
tive performance boost of +19.6% over the base
model, while subsequent analyses confirm that ex-
plicit visual reasoning enhances both fine-grained
alignment accuracy and interpretability.

2 Related Work

This section provides a brief review of related work.
Automated Methods and Metrics for Text-Image
Alignment Evaluation. Early metrics such as
(Hessel et al., 2021; Li et al., 2023; Kirstain et al.,
2023) evaluate text-image alignment via cosine
similarity in embedding space. While computation-
ally efficient, these approaches lack sensitivity to
fine-grained mismatches. To improve interpretabil-
ity, structured evaluation methods such as TIFA
(Hu et al., 2023) and VQ? (Yarom et al., 2023)
convert prompts into QA or NLI tasks, though
their performance depends heavily on hand-crafted
templates. More recent efforts introduce stronger
compositional reasoning: VIEScore (Ku et al.,
2024) uses instruction-following MLLMs to gen-
erate alignment scores with natural language ra-
tionales; DSG (Cho et al., 2024) leverages seman-
tic scene graphs for robustness; And VQAScore
(Lin et al., 2024) decomposes prompts into atomic
QA sub-tasks for modular evaluation. FGA-BLIP2
(Han et al., 2026) fine-tunes models for element-
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level alignment scoring, while PN-VQA (Han et al.,
2026) adopts a prompt-based querying strategy
without fine-tuning. A recent task-decomposed
framework (Tu et al., 2025) further enhances in-
terpretability and robustness by combining mod-
ular pipelines with multi-perspective metrics. In
parallel, MLLM-based methods (Tan et al., 2024;
Xiao et al., 2025a) directly predict alignment scores
through supervised finetuning on human-aligned
data.

Reinforcement Learning for Visual Reasoning
and Evaluation. Reinforcement learning (RL)
has been used to enhance alignment evaluation,
as in T2I-Eval-R1 (Ma et al., 2025), UM-CoT-
RM (Wang et al., 2025a), Unified Hallucination De-
tection (Chen et al., 2024), UnifiedReward (Wang
et al., 2025b) and Vision-R1 (Zhan et al., 2025),
which aim to enhance alignment consistency in vi-
sual content and improving interpretability through
reasoning chains. RL (Xiao et al., 2025b) also im-
proves visual reasoning: DeepEyes (Zheng et al.,
2025) and OpenThinkIMG (Su et al., 2025) train
agents for spatial reasoning, and Q-Insight (Li
et al., 2025) applies reinforcement learning to train
visual agents for interpretable image quality as-
sessment. ViLaSR (Wu et al., 2025) reinforces
geometric understanding, and works like Think-
ing with Generated Images (Chern et al., 2025),
Chain-of-Focus (Zhang et al., 2025), and UniVG-
R1 (Bai et al., 2025) explore internal reasoning via
sketching, zooming, or CoT-based image gener-
ation. These efforts demonstrate how sequential
visual reasoning enhances robustness and explain-
ability.

3 Methodology

In this section, we first introduce the visual rea-
soning process for element-level text-image align-
ment evaluation §3.1. We then describe the training
dataset curation procedure §3.2, followed by a de-
tailed illustration of the two-stage training method-
ology §3.3. The overall methodology is illustrated
in Figure 2.

3.1 Visual Reasoning for Element-Level
Text-Image Alignment Evaluation

Despite recent advances (Zheng et al., 2025; Su
et al., 2025; Li et al., 2025), existing approaches to
T2I alignment evaluation still struggle with accu-
rately assessing element-level alignment between
textual descriptions and generated images. In-

spired by the human-like alignment analysis pro-
cess, which follows a three-stage chain-of-thought
“grounding—reasoning—conclusion”, we propose
visual reasoning guided element-level text-image
alignment evaluation via reinforcement learning.

Specifically, the visual reasoning process un-
folds in three stages, each corresponding to a struc-
tured component in the reasoning trajectory. In
the grounding stage, the sequence begins with
a special token <box>, followed by a predicted
bounding box list that localizes a semantic element
from the input prompt within the generated image.
Next, in the reasoning stage, the <thinking> to-
ken precedes a free-form natural language explana-
tion that evaluates the semantic alignment between
the visual content in the localized region and the
corresponding element in the prompt. Finally, in
the conclusion stage, the sequence begins with
the <score> token followed by a scalar alignment
score s € [0, 1], where the scalar magnitude quanti-
fies the degree of visual-semantic consistency, with
higher values signifying superior alignment.

This three-stage visual reasoning alignment eval-

uation offers several notable advantages. First,
by explicitly localizing specific semantic elements
within the generated image, the grounding stage
facilitates more precise visual-textual alignment
and provides essential contextual information for
subsequent reasoning. Second, the intermediate
natural language rationales generated in the the
reasoning stage enhance the interpretability of the
final alignment score. Lastly, this staged visual
reasoning yields rich supervision signals for both
training and evaluation, as will be further detailed
in the following sections.
Visual Reasoning Trajectory Curation. To sup-
port the aforementioned visual reasoning training,
we propose an automated method for curating such
visual reasoning trajectory, which combines the vi-
sual grounding capability of an expert model and
the reasoning ability of proprietary LLMs. The
overall curation process is shown in Figure 2 (a).

The visual reasoning dataset is derived from the
training split of EvalMuse-40K. EvalMuse-40K is a
large-scale benchmark for text-to-image alignment
evaluation, which contains 40K image—prompt
pairs with element-level binary annotations.

Specifically, let (Z,P, {{e;,a;)}Y ;) denote a
data point in EvalMuse-40K, where Z is the gener-
ated image and P is the input prompt. {(e;, a;)} Y,
corresponds to the set of the element-level anno-
tations (e.g., objects, attributes, locations), where
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EvalMuse-40K

Prompt: A puffin stting in baoth while eating a pastry at a diner. Etching

‘ Train Data
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‘ Images  Prompts
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[439,497,1006,988]]

[[441,775,714,972]]

Stage 1. Cold Start: Learning the Text-Image
Alignment Evaluation Task Format

%@ | © Sampling
Cold Start
—_— ——> Answers
?

Stage 2. GRPO: Text-Image Alignment Evaluation via
Reinforcement-Guided Visual Reasoning

Rejection

6rouding

Streit Grouding Strategy

Confidence Threshold

" (15.11,1012.1015]]

"puffin (animal)": <box>[[548,517,921,914]J</box> <thinking> The puffin is accura-

=

l o tely depicted in terms of its appearance and is sitting at a table.</thinking> @ Location @ Empty
<scores1.0¢/score>
T - Format Reward Rzasonmg
«t < gt
@ Reference g@b Region-Based Global Context
Thisaligns wel with the prompr. 3 Model S - Reasoning reasoning
«— -« @ Toox = ———— 3 ToU(bby) =
' ‘L max(|B], |B) h%;ﬂ @ @ =
i Group Relative Element Reward L4 (s}
@ Train Data [ Policy Optimization 1
' l Totmn =1~ > (8 — 8i)?
“puffin (animal) . N &
~= 0 \ Conclusion

"booth (object)”

" "booth (object)" : <box>[[439,497,1006,988]] </box> <thinking> A booth-like structure is
present in the image where the puffin is seated. his aligns well with the description regie | wasen.n? rosert.
provided in the prompt.</thinking> <score>1.0¢/score> cotor) object) (bject)

(ocation):

(a) Train Data

(b) Reinforcement-Guided Visual Reasoning

(c) Evaluation

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.

e; denotes an element, and a; denotes the binary
answer. The visual reasoning trajectory for each
data point is constructed as follows. First, for
each e; in the set (e;, a;) fV: 1» we utilize Grounding
DINO (Liu et al., 2025), a state-of-the-art object
grounding model, to associate the element with
a corresponding region in the generated image 7.
This grounding step produces a list of bounding
boxes {b; ; = [z1,y1, x2, yg]};.(:il that spatially lo-
calize the element e; within the image, where K;
denotes the number of detected regions associated
with e;. We employ a strict grounding strategy by
raising the detection confidence threshold, which
yields an empty list for low-confidence regions, ef-
fectively preventing error propagation caused by
incorrect localization (see Sec. 4.4 for details). A
detailed analysis of the bounding box annotation
quality is presented in Sec. 4.4.

Subsequently, for each element e;, GPT-4o0 is
conditioned on the input tuple (Z, P, e;, b;) to gen-
erate a natural language explanation r; and a pre-
dicted alignment label ;. If the associated bound-
ing box set b; is an empty list ([]), the model is
explicitly prompted to perform reasoning based on
the global visual context of the image Z. Otherwise,
the reasoning focuses on the specific localized re-
gions. To ensure the high quality of the generated
reasoning rationales r;, we employ a two-stage
quality assurance strategy to strictly filter out low-
quality samples (see Appendix A.1 for details). By
following the above procedures, we finally curate a

dataset comprising 25K high-quality samples, each
annotated with a three-stage visual reasoning tra-
jectory, denoted as DyjisyalReason-

3.2 Cold-Start Training with Automatically
Constructed Visual Reasoning Trajectory.

To enable the MLLM to follow the proposed three-
stage visual reasoning format, we first introduce a
cold start training phase, in which the MLLM is
fine-tuned on the automatically constructed visual
reasoning trajectory DyisyalReason-

Specifically, we sample a subset of 5,000
annotated instances from DyisyalReason, COMPrising
2,500 real and 2,500 synthetic image—prompt
pairs, denoted as Dspr. The selected samples
are curated to ensure diversity across a wide
range of element types, such as objects, at-
tributes, and spatial. The cold start training
uses supervised fine-tuning (SFT) to minimize
the negative log-likelihood (NLL) of the token
sequence. Formally, given Dgpr, the model is
trained on it to output a structured sequence of
the form: <box>[[x1, y1, X2, y2I, ...]</box>
<thinking>reasoning process</thinking>
<score>s € [0,1]</score>, where
<box> denotes the predicted bounding box,
<thinking> is a free-form explanation, and
<score> reflects the degree of alignment, with
lower scores indicating stronger misalignment.
The objective is to minimize the standard negative
log-likelihood (NLL) loss of the structured
reasoning sequence conditioned on the input
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image and prompt. The detailed mathematical
formulation is provided in Appendix B.

This cold start training phase equips the model
with the ability to follow the visual reasoning for-
mat, establishing a baseline for subsequent RL-
based optimization.

3.3 Visual Reasoning for Element-Level
Text-Image Alignment Evaluation via
Reinforcement Learning

While cold start training provides a baseline for
element-level text-image alignment, its ability to
incentivize deep reasoning capabilities in founda-
tion models has been shown to be inferior to that
of reinforcement learning (Ma et al., 2025; Wang
et al., 2025a; Zhan et al., 2025). To further enhance
the model’s visual reasoning performance, we in-
troduce an RL stage based on GRPO (Shao et al.,
2024), equipped with a task-specific reward func-
tion and a challenging-sample selection strategy.
Challenging-sample Selection. To improve train-
ing quality, we retain only challenging samples for
the reinforcement learning stage. Specifically, we
use the cold-start model to generate alignment pre-
dictions on Dyjsualreason, and filter out data where
the model accurately judges the alignment status
of all elements. Only examples with at least one
incorrectly predicted element are retained for the
GRPO training. This results in a curated subset of
20K hard cases from the EvalMuse-40K dataset,
denoted as Dcpallenging-Sample> Used to optimize the
model’s alignment policy.

Reward Shaping. Given the rich supervision sig-
nals in Dchallenging-Samples WE CONStruct a compos-
ite reward function to guide the model’s behavior
along multiple dimensions:

(1) Format Reward evaluates whether the

generated output adheres to the required
structured  format, including  grounding
stage (<boxr></box>), reasoning stage

(<thinking></thinking>), and conclusion
stage (<score></score>). Specifically, we
assign a binary reward Tforma € {0, 1}, where
rformat = 1 if the output format is correct and
Tformat = 0 otherwise.

(2) Box Reward quantifies the localization accu-
racy of predicted bounding boxes by comparing
them with ground-truth annotations. It adopts a
commonly used matching-based strategy to com-
pute the Intersection over Union (IoU) between
predicted and ground-truth boxes. Specifically, let
B and B be the predicted and ground-truth bound-

ing box sets for each element. We first compute the
pairwise IoU matrix M, then apply the Hungarian
Algorithm to find the optimal one-to-one match,
denoted as IoU(B, B):

1

oU(B,B) = ——————
max(|B|. |B])

> ToU(b, by)

1,J)EH
ey

where H is the set of matched pairs returned by
the Hungarian algorithm, and unmatched elements
are assigned zero IoU. Furthermore, to actively
suppress the noise of over-grounding for abstract
elements, we implement a category-aware penalty
mechanism. We refine the reward function to penal-
ize unnecessary localization for abstract concepts:

IoU(B, B)

Thox —0-1(B #0) if element is Abstract
2

Here, J is a penalty coefficient (we set 6 = 0.1).
This formulation effectively forces the model to
output empty boxes ‘[] and switch to global rea-
soning for abstract elements.
(3) Element Reward evaluates the fine-grained
accuracy of the predicted alignment scores. Instead
of using a simple absolute difference, we adopt a
squared-error based formulation to impose heavier
penalties on large deviations. Specifically, for each
element, the predicted scalar score $; is compared
against the reference score s; as follows:

if element is Concrete

N

1
Telement = 1 — — Z(gz - 51’)2 (3)

i=1

This formulation yields a continuous reward in the
range [0,1]. By utilizing the squared term, the
reward provides sharper gradients for significant
errors, encouraging the model to converge more
strictly toward the ground truth compared to linear
feedback.

By combining the aforementioned rewards, the
total reward for RL training is defined as:

T(T) = AMTformat + A27box + A3Tclement  (4)

where A1, A2, and A3 are weighting hyperparam-
eters tuned via grid search (see Appendix B for
details).

Reinforcement Optimization. For policy op-
timization, GRPO samples a group of outputs
{0;}§, for each query q and utilizes group-based
advantage normalization. The policy 7y is updated
by maximizing the following surrogate objective:
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i=1 =1
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where p; denotes the policy ratio :"(ﬂ, Ay rep-
0o1d (Ot | q)

resents the advantage normalized within the group,

and Dk is the unbiased KL-divergence estimator.

clip(-) refers to applying a clipping function to p;

that bounds it within [1 — €, 1+ €], where € is hyper-

parameter. Full mathematical derivations and im-

plementation details are provided in Appendix B.

4 Experiments

4.1 Experimental Setup

Evaluation Benchmarks. We conduct experi-
ments on four fine-grained benchmarks: EvalMuse-
40K, RichHF, MHaluBench, and GenAI-Bench.
Details are included in C.1.

Evaluation Metrics. To comprehensively as-
sess model performance, we employ three metrics
across all benchmarks: Spearman’s Rank Correla-
tion Coefficient (SRCC) and Pearson Linear Cor-
relation Coefficient (PLCC) to measure the corre-
lation between predicted scores and human judg-
ments, alongside Accuracy (ACC) for binary clas-
sification evaluation.

Baselines. We compare our method with a se-
ries of strong baselines from two categories: (1)
Prompting-based Methods. We include four rep-
resentative approaches for text-to-image alignment
evaluation: TIFA (Hu et al., 2023), VQ? (Yarom
et al., 2023), VIEScore (Ku et al., 2024), T2I-
FineEval (Hosseini et al., 2025), AMS (Hua et al.,
2025), DSG (Cho et al., 2024) and VQAScore (Lin
et al., 2024). Additionally, we introduce a training-
free variant of REVEALER, where Grounding
DINO is utilized to extract object regions, which
are subsequently passed to Gemini 3 Pro for rea-
soning and scalar alignment scoring. (2) Training-
based Methods. We include FGA-BLIP2 (Han
et al., 2026), a specialized end-to-end scoring
model fine-tuned on the EvalMuse-40K training
set to directly predict element-level alignment
scores. Additionally, we establish strong super-
vised baselines using general MLLMs: Qwen3-VL-
8B-Instruct, InternVL3-8B-hf, and LLaVA-v1.6-
Mistral-7B-hf. These models are fully fine-tuned

on DyjisualReason 10 generate the complete visual rea-
soning trajectory (grounding, reasoning, and con-
clusion).

Implementation Details. All models are trained
using 8 xNVIDIA H200 GPUs. Our framework
demonstrates exceptional training efficiency with
low resource consumption: the SFT stage (5
epochs) requires approximately 16 GPU hours,
while the RL stage (3 epochs) consumes around
120 GPU hours.

4.2 Main results

Based on the results presented in Table 1, we make
the following observations.

First, the zero-shot adaptation of REVEALER
(combining Grounding DINO with Gemini 3 Pro)
demonstrates superior performance compared to
existing prompting-based baselines. It achieves
comprehensive improvements over the strong
TIFA (Gemini 3 Pro) baseline, with gains of
+1.6% SRCC, +2.2% PLCC, and +2.1% ACC
on EvalMuse-40K, validating the effectiveness of
the structured visual reasoning format itself. Sec-
ond, integrating GRPO training into REVEALER
yields substantial improvements over Training-
based Methods. Specifically, on EvalMuse-40K,
our InternVL3-8B-hf and Qwen3-VL-8B-Instruct
models outperform their respective SFT counter-
parts by +13.3% and +14.8% in SRCC, +12.8%
and +15.3% in PLCC, and +11.2% and +13.3%
in ACC. This indicates that RL effectively aligns
the model’s reasoning process with human pref-
erence beyond simple imitation learning. Third,
our best-performing model, REVEALER (Qwen3-
VL-8B-Instruct), achieves state-of-the-art perfor-
mance across all metrics on all benchmarks. Com-
pared to the strongest external proprietary baseline
(TIFA with Gemini 3 Pro), our method establishes a
clear margin, surpassing it by approximately 5.3%
SRCC, 6.6% PLCC, and 4.2% ACC on EvalMuse-
40K, and by 7.8% SRCC, 8.0% PLCC, and 5.7%
ACC on RichHF. Finally, notably, our REVEALER
models trained solely on the EvalMuse-40K dataset
maintain stable high performance when evaluated
on unseen benchmarks (RichHF, MHaluBench, and
GenAl-Bench), demonstrating strong generaliza-
tion capabilities beyond the training distribution.

4.3 Ablations

We conduct ablation studies to assess the contribu-
tion of each component in our framework. Qwen3-
VL-8B-Instruct serves as the base model. “+ Cold
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Method Model EvalMuse-40K RichHF MHaluBench GenAl-Bench
srcc plec  acc srcc plee acc srce plec ace srce plee acc
Prompting-based Methods
Gemini 3 Pro 68.1 658 81.3 66.1 65.4 80.8 68.5 67.2 81.0 714 72.3 839
TIFA 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
GPT-40 67.9 66.4 81.7 639 648 779  65.8 67.4 80.7 702 714 84.1
VQ? 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 51.2 655 63.9 65.7 772  64.1 657 788  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
T2I-FineEval YOLOV9 + BLIP 63.5 61.2 742 62.7 64.5 76.3 66.8 67.4 804 674 68.1 80.5
AMS Qwen2.5-VL-72B 659 64.4 78.7 64.1 66.4 78.3 659 67.4 809  67.7 66.5 81.4
DSG GPT-40 65.1 63.8 80.3 65.6 66.7 80.8 67.2 65.2 814  70.7 68.8 83.1
Training-based Methods
FGA-BLIP2 BLIP2 62.1 64.6 76.8 56.6 579 714  63.2 65.1 77.7 653 66.9 79.0
Qwen3-VL-8B-Instruct 58.6 57.1 722 63.4 63.9 76.7 65.2 66.7 79.3 67.1 65.7 80.3
SFT InternVL3-8B-hf 574 568 72.5 60.2 61.4 75.8 65.9 65.2 782  67.8 68.1 78.1
LLaVA-v1.6-7B-hf 54.7 552 73.1 557 57.4 709  61.7 62.5 743 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 68.6 822 727 74.0 845
vs. Gemini 3 Pro (+1.6) (+22) (+2.1) (+1.4) (423) (42.5)  (+1.3) (+1.4) (+1.2)  (+1.3) (+1.7) (+0.6)
InternVL3-2B-hf 649 65.1 784 639 64.1 77.7  65.1 643782 665 663 79.8
InternVL3-8B-hf 70.7 69.6 83.7 714 69.5 84.7 71.2 69.5 84.0 73.1 72.1 85.6

REVEALER
vs. SFT (+13.3) (+12.8) (+11.2) (+11.2) (+8.1) (+8.9) (+5.3) (+4.3) (+5.8) (+5.3) (+4.0) (+7.5)
Qwen3-VL-4B-Instruct 66.4 667 815  69.0 68.6 80.9 66.8 67.2 80.5 703 69.4 832
Qwen3-VL-8B-Instruct 734 724 85.5 739 73.4 86.5 73.0 72.6 86.4  75.5 76.6 87.4
vs. SFT (+14.8) (+15.3) (+13.3)  (+10.5) (+9.5) (+9.8)  (+7.8) (+5.9) (+7.1)  (+8.4) (+10.9) (+7.1)

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 58.1 712 626 758
+ Reasoning 60.4 71.9 70.8  80.7
+ Grouding 59.8 72.1 67.5 782
+ GRPO (REVEALER) 734 855 739 86.5
REVEALER 734 855 739 865
w/o Visual Reasoning 70.1 80.1 712 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%).

Start” refers to supervised fine-tuning with for-
matted alignment data. “+ Reasoning” adds natu-
ral language explanation generation (<thinking>).
“+ Grounding” introduces bounding box predic-
tion (<box>) to ground observations before reason-
ing. “4+ GRPO” (REVEALER) applies reinforce-
ment learning to align the model with human pref-
erences. The subtractive settings “w/o Visual Rea-

soning” and “w/o Challenging Sample” denote the
removal of the grouding step and the Challenging-
sample Selection strategy during GRPO training,
respectively.

As shown in Table 2, performance generally im-
proves with added components. Cold start and
structured reasoning yield steady gains. GRPO
brings the most significant improvement, with
+13.4% and +8.3% accuracy gains on EvalMuse-
40K and RichHEF, respectively. Interestingly, visual
reasoning without GRPO hurts performance, likely
due to incorrect visual grounding leading to flawed
reasoning. This is validated by the “w/o Visual Rea-
soning” setting, which results in drops of 5.4% and
6.9% on the two benchmarks. Finally, disabling
challenging sampling leads to performance drops
of 3.5% and 2.4%, confirming its positive effect on
training quality.
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Figure 3: Accuracy across different element categories
on the EvalMuse-40K benchmark.

Empty Box Rate (%) Alignment Accuracy (%)

Method Threshold Group A GroupB GroupA  Group B
(0] (Concrete) (Abstract) (Concrete)  (Abstract)

Baseline (Forced Grounding) 0.35 2.1 124 86.3 80.5

REVEALER (strict Grounding)  0.55 4.5 53.0 87.2 84.7

A - +2.4 +40.6 +0.9 +4.2

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

4.4 Analyses

Performance Across Different Element Cate-
gories. We evaluate alignment performance across
different categories in EvalMuse-40K. As shown
in Figure 3, our model (Qwen3-VL-8B-instruct)
achieves superior performance, particularly in con-
crete categories like counting and location, vali-
dating the effectiveness of the structured ground-
ing-reasoning—conclusion paradigm.

Effect of Strict Grounding Strategy. To further
address the challenge of localizing abstract con-
cepts, we propose a Strict Grounding Strategy by
elevating the confidence threshold of Grounding
DINO (v = 0.35 — 0.55). This encourages the
output of empty box lists ([]) when visual evi-
dence is ambiguous, which prevents grounding
error propagation and encourages the model to
switch to global reasoning for abstract concepts.
As detailed in Table 3, this strategy increases the
Empty Box Rate for abstract elements (Group B)
from 12.4% to 53.0% while preserving precision
for concrete ones (Group A). This strict Grounding
mechanism yields a substantial +4.2% accuracy
gain on abstract attributes.

Quality Validation of Visual Grounding Anno-
tations. To validate the reliability of the bound-
ing box annotations used in our automated data
curation pipeline, and to provide a benchmark for
evaluating visual grounding improvements, we con-
structed a high-quality, box-annotated evaluation

o077 Pearson's r: 0.8873

) Before GRPO [ After GRPO

Quen3vL-88] 0,61 072
Qwen3vL-48 0.52 0,67 | H

Grounding DINO 0.76

mou on

0475 0300 0525 0550 0575 0600 0625 0650
box_reward

(a) (b)

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

set. Specifically, we constructed the evaluation set,
denoted as Dpoxgval, by randomly sampling a total
of 2,000 image-prompt pairs from the EvalMuse-
40K and RichHF benchmarks. We manually anno-
tated the bounding boxes for the target elements
within these pairs; notably, for abstract elements or
elements absent from the image, we explicitly an-
notated the bounding box list as empty. To ensure
precision, all annotations underwent a secondary
review and correction process. As illustrated in Fig-
ure 4(a), we evaluated the performance of Ground-
ing DINO on this human-verified set. The model
achieved a mloU of 0.76, indicating a high degree
of overlap with human annotations. This result con-
firms the reliability of using Grounding DINO for
large-scale training data synthesis.

Visual Grounding Capability Before and After
Training. We evaluate the visual grounding per-
formance of our models on Dgoxgyal. ASs shown
in Figure 4(a), we find that GRPO training signif-
icantly enhances localization capabilities, boost-
ing mloU by +0.11 and +0.15 for the 4B and 8B
models, respectively. Furthermore, we analyze the
relationship between grounding precision and eval-
uation accuracy. The results reveal a strong positive
correlation (Pearson r = 0.8773) between ground-
ing accuracy and alignment scores (Figure 4(b)),
confirming that precise visual reasoning directly
contributes to more accurate alignment evaluation.
Visual Grounding Error Propagation Analy-
sis.To investigate error propagation from visual
grounding to downstream reasoning, we conducted
a detailed analysis using Dgoxeval- Specifically, to
ensure metric reliability, we manually verified the
reasoning traces to identify hallucinations. As de-
tailed in Table 4, Misleading Grounding (MIoU <
0.5) triggers severe error propagation, spiking the
reasoning hallucination rate to 46.2% and drasti-
cally dropping alignment accuracy to 76.3%. This
confirms that incorrect visual cues actively mis-
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Condition Reasoning Hal. Alignment

Grounding Status Distribution

(Filter Criteria) Rate| Acct
Accurate Grounding MiIoU > 0.5 80.5% 8.4% 89.6%
Misleading Grounding MlIoU < 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).

lead the reasoning process. In contrast, our Strict
Grounding Strategy acts as a safety mechanism
by suppressing low-confidence predictions, effec-
tively shifting high-risk samples to Global Reason-
ing. This fallback mechanism significantly reduces
hallucinations to 14.7% and recovers alignment
accuracy to 81.2%, demonstrating that relying on
global context is far superior to reasoning based on
erroneous visual evidence.

5 Conclusion

We introduced REVEALER, a reinforcement-

guided visual reasoning framework for
element-level text-to-image alignment eval-
uation. By enforcing a structured “ground-

ing-reasoning—conclusion”  paradigm and
optimizing via GRPO, our approach effectively
bridges the gap between visual localization and
semantic judgment. Experiments across four
benchmarks show that REVEALER achieves state-
of-the-art performance, surpassing proprietary
models like Gemini 3 Pro.

Limitations

Despite the superior performance of REVEALER,
several limitations remain. First, the explicit box-
based grounding paradigm is optimized for con-
crete semantic elements and may be less naturally
suited for evaluating holistic qualities, such as artis-
tic style, complex lighting atmospheres, or emo-
tional tone, where discrete localization is ambigu-
ous. Furthermore, our current work focuses exclu-
sively on static image-text alignment; consequently,
the applicability of our framework to text-to-video
alignment evaluation is limited, as it does not ac-
count for temporal dynamics or motion consistency.
Future work will aim to extend the visual reason-
ing framework to address these non-localized and
temporal challenges.
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A Dataset Details

A.1 Quality Assurance for Visual Reasoning
Trajectory

To ensure the high quality of the generated reason-
ing rationales r;, we employ a two-stage quality
assurance strategy to strictly filter out low-quality
samples. First, in the self-correction stage, if the
predicted label a; is inconsistent with the ground-
truth label a;, we re-prompt the model to generate
a revised explanation and prediction. Data points
that fail to reach consistency after three attempts are
discarded, and for the retained samples, we adopt
the human-annotated label a; from EvalMuse-40K
as the final ground truth. Second, in the logical
verification stage, we employ Gemini 3 pro to fur-
ther guarantee logical coherence by verifying the
consistency between the generated r; and the label
a;. Specifically, the model assesses whether 7; log-
ically supports a;, and any data points exhibiting
logical inconsistencies are strictly filtered out.

B Training Details

Hyperparameter Sensitivity and Configuration
To balance the multi-objective nature of our reward
function, we conducted a grid search to determine
the optimal scalar coefficients A1, A2, and A3. We
observed that the model quickly learns to adhere to
the structural format; therefore, we fixed the format
reward weight at a low value of A\; = 0.1 to prevent
it from dominating the optimization landscape. We
then performed a grid search for the visual ground-
ing weight (\2) and element alignment weight (\3)
over the range {0.4,0.45,0.5,0.55}. We evalu-
ated the model’s performance on a hold-out vali-
dation set from EvalMuse-40K. As illustrated in
Figure 5, the results indicate a performance peak
where slightly higher emphasis is placed on the
final element alignment score. The optimal con-
figuration was identified as A\; = 0.1, Ao = 0.45,
and A3 = 0.55. This setting ensures that while
visual grounding provides necessary evidence, the
ultimate fidelity of the alignment judgment remains
the primary optimization target.

SFT Objective. In the cold-start stage, we fine-
tune the model to generate the structured reason-
ing trajectory. Let ¢ denote the concatenation of
the input inputs (Z, P, {e;},), and g denote the
target output sequence formed by concatenating
{{b;, ri,a;)}N,. The training objective is to mini-

0.4 83.8

0.45 84.2

A, (Box Reward Weight)

0.55 83.5 83.9 84.1 83.7

0.4 0.45 0.5 0.55
A3 (Element Reward Weight)

Figure 5: Grid search results for reward weights A, and
A3 with fixed A; = 0.1. The heatmap shows validation
accuracy on EvalMuse-40K. The red box indicates the
optimal configuration (Ay = 0.45, A3 = 0.55).

mize the negative log-likelihood:

T

Loold = —Eyngpr Y 108 Po(g1 | g<t,9) (6)
t=1

where g, is the ¢-th token in the output sequence
and 6 denotes the model parameters.

GRPO Optimization. Given the defined total
reward r(7), we optimize the policy model using
GRPO, a lightweight and stable variant of Proximal
Policy Optimization (PPO). Specifically, for each
(I, P, {(ei, bi,ri, az>}£1) in DChallenging-Samples a
reasoning trajectory sequence 7 generated by the
policy model, the rule-based reward function 7(-)
computes its reward as (7). GRPO normalizes
this scalar into an advantage A; = @ for each
decoding step ¢t € {1,...,T}, where p and o are
the batch-wise mean and standard deviation of re-
wards. GRPO samples a group of generated output
set {01,092, ,0q} for each ¢ from the policy
model g, and let the policy ratio at step ¢ be

T (0t |04
pr = Tolotloictd) - where o represents the out-
7r90]d(0t|0i,<t7Q)

puts sampled from the policy model. The trained
policy 7y is then updated by maximizing the fol-
lowing objective:

JarPO (9) = E[q ~ DChallenging-Sa\mple7 {Oi}iG:I ~ T4 (O|q)}
lo;

G \

1 1 . .

I Z Z {min [p¢ A¢, clip(+) - A¢]
i=1 t=1

— |oi]

_BDKL [779||7Tref}} >
@)

Here, 7t denotes the frozen reference policy ob-
tained from the SFT stage. clip(-) refers to apply-
ing a clipping function to p; that bounds it within
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[1 —€,1+ €], where € is hyperparameter. This clip
function helps prevent excessively large policy up-
dates. Unlike the KL penalty term used in (Ouyang
et al., 2022), we estimate the KL divergence with
the unbiased estimator, which is guaranteed to be
positive. We set € = 0.2 and § = le — 2 during
training. The hyperparameter /3 controls the KL
divergence penalty, which encourages the new pol-
icy to stay close to the reference policy, thereby
stabilizing training.

C Evaluation Details

C.1 Benchmark Details

We evaluate alignment accuracy across four fine-
grained benchmarks: EvalMuse-40K, RichHF,
MHaluBench, and GenAI-Bench. (1) EvalMuse-
40K provides element-level alignment annotations
across categories such as object, attribute, and loca-
tion. Each element is labeled as aligned (1) or
unaligned (0) by multiple annotators, and final
labels are averaged; elements with scores > 0.5
are considered aligned. (2) RichHF (Liang et al.,
2024) offers keyword-level annotations over di-
verse prompt styles. We evaluate on the annotated
subset using accuracy. (3) MHaluBench (Chen
et al., 2024) provides claim-level annotations. To
enable fine-grained evaluation, we extract elements
via GPT-4 (the OpenAl Team, 2024), generate bi-
nary questions, and collect human annotations fol-
lowing the EvalMuse-40K protocol. (4) GenAl-
Bench (Li et al., 2024) targets complex composi-
tional prompts. As it lacks element-level labels, we
apply the same procedure as in MHaluBench.

C.2 Adaptation of Benchmarks for
Fine-Grained Evaluation

To support element-level multimodal hallucination
detection, we adapted two existing benchmarks—
MHaluBench and GenAI-Bench—by applying a
unified annotation protocol inspired by EvalMuse-
40K (Han et al., 2026). While MHaluBench (specif-
ically its text-to-image subset) and GenAl-Bench
provide diverse prompting schemes, they originally
lack granular semantic annotations. To address this,
we decompose each natural language prompt into
discrete semantic elements using GPT-4, catego-
rizing them according to the TIFA taxonomy (e.g.,
object, attribute, spatial). For each element, we
generate a corresponding binary verification ques-
tion (e.g., “Is there a red car in the image?”) to
assess visual fidelity. These element-question pairs

undergo rigorous human verification to determine
semantic alignment (labeled as 1 for aligned, O
for misaligned), thereby enabling consistent, inter-
pretable, and fine-grained evaluation across both
compositional and general scenarios.

C.3 Adaptation of Zero-Shot Baselines for
Element-Level Evaluation

To ensure a rigorous comparison, we adapt repre-
sentative zero-shot methods—TIFA, VQ?, VQAS-
core, and VIEScore—to our fine-grained evaluation
task through a unified pipeline. For each baseline,
we first employ a large language model (GPT-4)
to decompose the input prompt into discrete, vi-
sually verifiable semantic units according to the
TIFA taxonomy, such as objects, attributes, and spa-
tial. These units are subsequently converted into
method-specific query formats, ranging from bi-
nary VQA questions to structured semantic triples.
Finally, pre-trained multimodal models are utilized
to verify the visual grounding of each query against
the generated image. This process standardizes
the output into binary alignment labels for indi-
vidual semantic elements, facilitating a consistent
and interpretable performance assessment across
all methods.

D Additional Analyses

D.1 Error Propagation Breakdown by
Element Category

To provide a more fine-grained understanding of
error propagation, we extend the analysis in Ta-
ble 4 with a per-category breakdown across 11 se-
mantic categories, as shown in Table 5. For con-
crete categories (e.g., Object, Counting, Location),
the Accurate Grounding rate consistently exceeds
85%, confirming that box-based visual reasoning
provides near-saturated localization precision for
unambiguous semantics. In contrast, abstract cat-
egories (Attribute, Spatial, Material, Activity) ex-
hibit significantly lower Accurate Grounding rates,
often below 41%, with roughly half of the sam-
ples handled via the Strict Grounding mode. This
validates that forcing localization on abstract con-
cepts often leads to Misleading Grounding, which
triggers severe error propagation—spiking halluci-
nation rates to over 45% and degrading alignment
accuracy. By reverting to global context analysis,
the Strict Grounding Strategy reduces the halluci-
nation rate for abstract categories to below 16%,
serving as an effective safety net when precise vi-
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Category

Accurate Grounding Misleading Grounding

Strict Grounding

Dist. Hal.l Align.t Dist.

Hal.] Align.? Dist. Hal.] Align.t

Concrete Elements

Object 88.4 7.7 92.2 7.2 434  80.6 4.4 150 89.1
Counting 86.4 8.3 89.8 8.6 34.3 81.0 5.0 159 90.3
Location 88.6 7.7 91.4 8.0 470 794 34 13.3  91.6
Color 86.4 7.5 88.5 8.8 473  78.5 4.5 142 858
Human 90.1 9.3 87.6 6.9 447  80.3 3.1 129  84.7
Food 87.5 7.7 90.5 8.8 39.0 81.8 3.7 14.5 86.7
Animal 89.2 8.1 89.4 7.5 456 83.2 3.3 14.8  88.5
Abstract Elements

Attribute  40.2 9.1 86.0 10.1 50.2 737 49.7 150 784
Spatial 35.6 8.1 83.6 11.7 453 72.1 52.7 15.1 75.7
Activity  39.1 8.4 89.4 102 465 765 50.2 14.3 80.8
Material  36.8 9.3 87.0 11.2 476 767 520 14.5 81.8

Table 5: Error propagation analysis broken down by element category (%). Dist. denotes the proportion of samples
falling into each grounding status. Hal. is the reasoning hallucination rate. Align. is the final alignment accuracy.

RichHF MHaluBench GenAlI-Bench

Method
srcct timel srcct timel srccf timel
Chain-of-Focus 65.1 59 673 73 69.1 6.6
ViLaSR 642 65 654 57 689 62
Vision-Rl 647 59 662 6.8 680 438
Q-Insight 674 45 679 4.1 703 44
REVEALER 708 13 706 16 744 1.2

Table 6: Comparison with RL-based visual reasoning
methods. Time denotes the average inference latency
per sample measured on a single A800 GPU.

sual grounding is unattainable.

D.2 Comparison with RL-based Visual
Reasoning Methods.

We compare REVEALER against representative RL-
based MLLMs, including Chain-of-Focus (Zhang
et al., 2025), ViLaSR (Wu et al., 2025), Vision-
R1 (Zhan et al., 2025), and Q-Insight (Li et al.,
2025). As shown in Table 6, our method establishes
a superior trade-off between alignment accuracy
and computational efficiency. Accuracy. Exist-
ing iterative methods (Chain-of-Focus, ViLaSR)
suffer from error propagation during multi-turn in-
teractions, while Q-Insight focuses more on the

global image quality score. By anchoring reason-
ing to specific elements via a structured paradigm,
REVEALER mitigates these issues, surpassing the
strongest baseline (Q-Insight) by significant mar-
gins of +3.4% and +4.1% SRCC on RichHF and
GenAl-Bench, respectively. Efficiency. Unlike
baselines that require multiple forward passes for
visual resampling or unconstrained reasoning gen-
eration, REVEALER integrates localization and rea-
soning into a single cohesive pass. This streamlined
architecture reduces inference time to 1.2s—1.6s per
sample, representing a significant efficiency gain
over preceding RL-based methods.

D.3 Impact of Continuous vs. Binary
Rewards on GRPO Training.

To investigate the impact of reward formulation
on GRPO training, we compare two designs of
element-level reward for Qwen2.5-VL-3B-Instruct.
The first is a binary reward, where each element
is assigned 1 if the alignment prediction is correct
and O otherwise. The second is a continuous re-
ward, calculated as the absolute difference between
the model’s predicted alignment score, bounded
within [0, 1], and the corresponding ground-truth
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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.

label. As shown in Figure 6, training with con-
tinuous rewards yields a more stable optimization
process and outperforms binary rewards by 2.2%
in accuracy on the EvalMuse-40K benchmark. We
attribute this improvement to the finer-grained feed-
back provided by continuous rewards. In particular,
continuous rewards lead to smoother reward land-
scapes and more reliable policy updates, especially
during early training when binary signals are often
sparse or uninformative.

D.4 Statistical Significance Analysis

To rigorously validate that the performance gains
of our proposed method over strong baselines
(DINO, Gemini 3 Pro) stem from the effective
reinforcement-guided reasoning framework rather
than random variance, we conducted a statistical
significance test using a stratified bucketing ap-
proach. Specifically, we randomly partitioned the
EvalMuse-40K test set into K = 10 disjoint folds
and computed the element-level alignment accu-
racy for both our GRPO-optimized model (Qwen3-
VL-8B-Instruct) and the Gemini 3 Pro baseline
on each fold. We then performed a one-sided
Wilcoxon Signed-Rank Test on the resulting paired
accuracy distributions to assess the consistency of
the improvement. The analysis yielded a p-value
of 0.016 (p < 0.05). This result statistically rejects
the null hypothesis, confirming that our method’s
improvement is statistically significant and robust
across different data distributions.

D.5 Qualitative Failure Case Analysis

To gain deeper insight into the limitations of RE-
VEALER, we conduct a manual analysis of 100 fail-

ure cases and categorize them into three primary
types. (1) Over-grounding of Abstract Elements
(39% of failures): The model erroneously attempts
to localize non-tangible or holistic attributes (e.g.,
“award-winning”’) within a specific bounding box,
resulting in literal misinterpretation of abstract se-
mantics. (2) Correct Grounding, Flawed Reason-
ing (27%): The model successfully localizes the
target region yet produces incorrect judgments by
relying on superficial co-occurrence patterns rather
than precise visual evidence, leading to false pos-
itives. (3) Flawed Grounding, Locally Correct
Reasoning (34%): The model grounds to an incor-
rect visual region; although the subsequent reason-
ing is internally consistent with the selected area,
the upstream mis-localization propagates into an
erroneous overall judgment. Representative cases
for each failure type are presented in Table 7.

E Prompt Templates

47644



Image Prompt Element Grounding Reasoning <thinking> Score
(Category) <box>

Type 1: Over-grounding of Abstract Elements

. The grounded region highlights the central

“close up shot of a award winnin [450.303 yellow lemon. Upon close inspection, there

lemon tr;e, ) (attribute) & 751 %1 0]’ are no visible medals, ribbons, trophies, or

award—wmm’r}g ’ certificates in this area to indicate that this is

photography an award. Therefore, the award element is
missing from the image.

0.33

The puffin is located right next to the plate

“A puffin sitting in a
bocf)th while ea%ing ,  cating (activity) [153,153, of pastry on the table. The spatial proximity 0.87
pastry.” 900,947] between the animal and the food indicates

that the puffin is having a meal.

The grounded region highlights a curved,
[57,551 yellowish structure with holes. This object
’ , closely resembles a crescent-shaped slice of
Swiss cheese rather than an actual celestial
moon or lunar surface. Therefore, the moon
is not depicted in this specific area.

“The man on the moon 051 (location) 0.0

is made of cheese.” 302,848]

Table 7: Representative failure cases of REVEALER. Type 1: the model over-grounds an abstract attribute by
seeking literal physical evidence. Type 2: the model correctly localizes the region but relies on spatial co-occurrence
rather than actional evidence. Type 3: the model mis-localizes the target element; while the reasoning is locally
consistent, the upstream grounding error leads to a false negative.
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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 (e;) from the input prompt (P) is accurately represented
in the generated image (Z). You are provided with bounding boxes (b;) detected by a grounding
model.

Input Data:

- Full Prompt (P): {full_prompt}

- Target Element (e;): {element}

- Bounding Boxes (b;): {box_list} (Format: [[x1, y1, x2, y21...1)

Reasoning Rules:
1. Localized Reasoning (If b; 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 e;.
- Ignore background details outside the boxes unless they directly affect the element’s state.

2. Global Reasoning (If b; is empty [1):
- Switch to Global Context Analysis. The grounding model failed to localize the element.
- Scenario A (Concrete Object): If e; 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 e; is global (e.g., "foggy"”, "oil painting”,
lighting"”), evaluate the entire image atmosphere. Empty boxes are expected here.

n

Output Format:

Return a JSON object containing:

- "reasoning” (r;): A step-by-step rationale based on the rules above.
- "label” (a;): 1 for Aligned, @ for Misaligned.

Response:
. J

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

Input Data:

- Full Prompt (P): {full_prompt}

- Target Element (e;): {element}

- Bounding Boxes (b;): {box_list}

- Reference Label (a;): {ground_truth_label} (1 = Aligned, @ = Misaligned)

Reasoning Rules:
1. Localized Reasoning (If b; 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 e¢;.
- Ignore background details outside the boxes unless they directly affect the element’s state.

2. Global Reasoning (If b; is empty [1):
- Switch to Global Context Analysis. The grounding model failed to localize the element.
- Scenario A (Concrete Object): If e; 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 e; 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 (a;) 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 (a;) is @ (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” (r;): A factual visual analysis describing *whyx the image conforms to the Reference
Label.

- "label” (a;): The final label (should match a;).

Response:
N J

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 (a;) 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 (r;) and its assigned binary
label (a;) for a target element (e;). You must detect contradictions between the textual
explanation and the numerical score.

Input Data:

- Target Element (e;): {element}

- Generated Reasoning (r;): {reasoning_text}

- Assigned Label (a;): {label} (1 = Aligned, @ = Misaligned)

Verification Rules:
1. Logical Entailment Check:
- Does the text in r; explicitly state that the element is correctly depicted or aligned? If yes
, a; must be 1.
- Does the text in r; describe missing objects, wrong attributes, or hallucinations? If yes, a;
must be 0.

2. Identify Contradictions:

- Flag as "Inconsistent” if r; describes a failure (e.g., "The car is blue instead of red”) but
a; is 1.
- Flag as "Inconsistent” if r; describes a success (e.g., "The car is correctly rendered in red

") but a; is 0.

Output Format:

Return a JSON object containing:

- "is_consistent”: boolean (true/false)

- "analysis”: "Brief explanation of the consistency check."”

Response:
. J

Figure 9: The logical verification prompt used by Gemini 3 Pro. This step filters out low-quality samples where the
generated reasoning text (r;) logically contradicts the final classification label (a;).
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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 (FE): {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]...]1 .
- 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]1</box><thinking>The subject has food but is not
performing the action of eating.</thinking><score>@.4</score>",
"Puffin (animal)"”: "<box>[[1, 10, 486, 365]1</box><thinking>The puffin is rendered clearly but
is in the wrong spatial location.</thinking><score>@.3</score>",
"Pink tree (object)": "<box>[[122, 95, 900, 883]1]</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:
\ J

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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