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Figure 1. Left: Existing VLMs hallucinate and fail to localize distortions in AIGC-images, even with explicit region cues, whereas our
method accurately localizes distorted regions and provides reasonable diagnoses. Right: Each before-after pair shows the distorted image
and the result refined by our Agentic Retoucher, including diverse distortion artifacts across text, hand, face, and interaction.

Abstract

Text-to-image (T2I) diffusion models such as SDXL and
FLUX have achieved impressive photorealism, yet small-
scale distortions remain pervasive in limbs, face, text and
so on. Existing refinement approaches either perform costly
iterative re-generation or rely on vision-language models
(VLMs) with weak spatial grounding, leading to seman-
tic drift and unreliable local edits. To close this gap, we
propose Agentic Retoucher, a hierarchical decision-driven
framework that reformulates post-generation correction as
a human-like perception-reasoning-action loop. Specifi-
cally, we design (1) a perception agent that learns con-
textual saliency for fine-grained distortion localization un-
der text-image consistency cues, (2) a reasoning agent that
performs human-aligned inferential diagnosis via progres-
sive preference alignment, and (3) an action agent that
adaptively plans localized inpainting guided by user pref-
erence. This design integrates perceptual evidence, linguis-
tic reasoning, and controllable correction into a unified,
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self-corrective decision process. To enable fine-grained su-
pervision and quantitative evaluation, we further construct
GenBlemish-27K, a dataset of 6K T2I images with 27K an-
notated artifact regions across 12 categories. Extensive ex-
periments demonstrate that Agentic Retoucher consistently
outperforms state-of-the-art methods in perceptual quality,
distortion localization and human preference alignment, es-
tablishing a new paradigm for self-corrective and perceptu-
ally reliable T2I generation.

1. Introduction
Text-to-image (T2I) diffusion models [24, 25, 43] such as
Imagen [61], Stable Diffusion [55, 59], FLUX [40], and
Qwen-Image [1] have revolutionized image synthesis, en-
abling photorealistic and creative generation from natural
language prompts. They are now widely adopted in de-
sign, film, and entertainment pipelines, as well as in down-
stream tasks like editing [6, 20, 39, 49, 74] and video gener-
ation [14, 63, 75]. However, even the most advanced models
frequently produce small-scale distortions, including mis-
aligned limbs, asymmetric faces, unreadable text, and in-
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consistent object interactions. These flaws typically occur
locally within otherwise high-quality outputs, making them
difficult to detect and expensive to correct through full-
image regeneration. As a result, T2I systems still lack au-
tonomous perceptual reliability, a key barrier to real-world
creative and industrial use.

Recent research has explored three main directions to
improve generative fidelity: prompt enhancement [31, 67,
71], reinforcement learning-based optimization [5], and
fine-grained noise-space alignment [37, 70, 78]. Although
these approaches effectively enhance overall realism, they
lack explicit spatial reasoning and cannot interpret or cor-
rect localized failures. Post-hoc editing pipelines such as
Imagic [39], Bagel [20], and Step1x-Edit [49] enable local
refinement, but rely on manually crafted masks or heuris-
tic textual hints, preventing autonomous identification of re-
gions requiring correction.

Vision-language models (VLMs) [41, 54] show promise
as automated critics due to their semantic reasoning capa-
bilities. However, as shown in Fig. 1 (Left), even state-
of-the-art VLMs struggle to reliably localize distorted re-
gions. Explicit queries often yield inconsistent or incor-
rect assessments, with clearly abnormal regions being mis-
judged as normal. This stems from two key issues: VLMs
are optimized for high-level semantic alignment rather than
pixel-level verification, leading to weak spatial grounding
and missed fine-scale artifacts. Furthermore, their exten-
sive knowledge priors can override visual evidence, caus-
ing hallucinated judgments. For example, a portrait with
six fingers is deemed plausible despite explicit highlighting
of the defective hand, demonstrating that current VLMs are
unreliable for fine-grained artifact detection in AI-generated
images.

To address these limitations, we present Agentic Re-
toucher, a hierarchical decision-driven framework that
reformulates post-generation correction as a structured
perception-reasoning-action loop. Agentic Retoucher com-
prises three collaborative agents that execute a unified self-
refinement cycle. The perception agent predicts context-
aware distortion saliency by integrating visual evidence
with prompt semantics, generating reliable region propos-
als for fine-scale anomalies. The reasoning agent per-
forms human-aligned diagnostic inference, including iden-
tifying distortion types, detailing the appearance of dis-
tortions and assessing their inconsistency with global im-
ages through progressive preference alignment. The ac-
tion agent then adaptively selects and executes targeted re-
touching operations from a modular tool library, supporting
both mask-guided and instruction-driven editing under user
or environment constraints. Through iterative verification,
these components fuse perceptual cues, semantic reason-
ing, and controllable tool-based correction into a coherent
self-corrective process, enabling the proposed Agentic Re-

toucher automatically refine distortion artifacts across text,
hand, face, and interaction. (Fig. 1, Right)

To enable fine-grained and region-aware supervision,
we construct GenBlemish-27K, a dataset of 6K T2I im-
ages with 27K pixel-level annotated distortion regions span-
ning 12 representative artifact categories. This dataset
provides both spatial grounding and semantic diagnostic
cues, allowing our system to reliably map localized dis-
tortions to interpretable region-level feedback and con-
vert them into targeted retouching actions. Beyond sup-
porting our framework, GenBlemish-27K also improves
VLM robustness for evaluating AIGC imagery, enhancing
region-grounded assessment and steering adaptation toward
human-aligned distortion reasoning. Extensive experiments
show that Agentic Retoucher significantly boosts local per-
ceptual fidelity across diverse diffusion backbones while
preserving global coherence, outperforming state-of-the-art
post-editing methods on both objective metrics (plausibility
score increasing from 44.21 to 47.10) and human preference
studies (83.2% preferred over unretouched outputs).

Our main contributions are summarized as follows:
• We propose Agentic Retoucher, a novel paradigm that

reformulates post-generation editing as a perception-
reasoning-action loop, enabling diffusion models to au-
tonomously diagnose and refine their artifacts.

• We design a collaborative three-agent system, where a
perception agent performs context-aware distortion local-
ization, a reasoning agent conducts human-aligned fine-
grained diagnosis, and an action agent performs adaptive
local retouching with user-guided tools.

• We construct the GenBlemish-27K with pixel-level
masks and textual annotations across 12 artifact types,
providing a dataset for fine-grained artifact perception
and correction.

• Extensive experiments demonstrate that our framework
achieves state-of-the-art performance in perceptual qual-
ity enhancement, artifact localization and textual descrip-
tion accuracy across diverse diffusion backbones.

2. Related Works
Visual Quality Assessment. Visual Quality Assessment
(VQA) [9, 11, 22, 44, 48, 56] is an important and rapidly
evolving field that has made significant contributions to
evaluating a wide range of image and video tasks with
closer alignment to human subjective perception. For AIGC
content assessment, most existing work [65, 73] is lim-
ited to applying quantitative metrics at global scales, with-
out explicit localization and assessment of local flaws.
RichHF [44] introduces predictors for local structural dis-
tortions along with a corresponding scoring procedure.
However, these methods focus solely on assessment and
have not been integrated into an automated, closed-loop
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Figure 2. Overview of GenBlemish-27K. The figure illustrates (a) the dual-layer distortion taxonomy with six high-level dimensions and
twelve fine-grained categories, (b) the distribution of localized distortion types, (c) the human-AI collaborative annotation pipeline, and (d)
representative formatted samples with pixel-level masks and textual descriptions, highlighting how GenBlemish-27K enables fine-grained
localization and reasoning over diverse text-to-image distortions.

pipeline for evaluation and refinement.
Vision-Language Model (VLMs). VLMs [51, 62, 72]

have become leading drivers of general artificial intelli-
gence, exhibiting remarkable problem-solving and reason-
ing ability through training on large-scale multimodal data
(e.g., GPT-4o [54] and the Qwen [72] family in real-world
multimodal interaction). Several works [30, 38, 57] further
advance VLMs on image understanding tasks. However,
heavy reliance on high-fidelity pretraining data and learned
priors often biases VLMs toward prior-based, ungrounded
hallucinated responses in the context of text-to-image eval-
uation.

Agentic System in Vision. Agentic System [13, 18,
36, 42, 60, 64, 77] adopts active, closed-loop perception-
decision-action framework, with VLMs increasingly acting
as planners due to their strong reasoning. In the 3D do-
main, VADAR [52] proposes an agentic program synthe-
sis approach, achieving superior performance in 3D spatial
reasoning. In image and video restoration, AgenticIR [76]
and MoA-VR [47] independently propose VLM-integrated
multi-agent repair paradigms. In the realm of artistic cre-
ation, JarvisArt [46] enables fine-grained photo retouching
via tool invocation based on user instructions.

3. Dataset: GenBlemish-27K

We construct GenBlemish-27K, a large-scale dataset de-
signed for granular distortion diagnosis and reasoning in
text-to-image generation. It provides pixel-level annota-
tions and natural-language descriptions for over 27K dis-
torted regions across 12 artifact types, offering comprehen-
sive supervision for perception, reasoning, and localized
correction tasks.

3.1. Distortion Taxonomy

Existing T2I evaluation datasets suffer from limited cov-
erage (e.g., HADM [66], Wang et al. [69]), coarse an-
notation (e.g., RichHF [44]), and insufficient scale (e.g.,
SynArtifacts-1K [9] with only 1K samples). To address
these issues, GenBlemish-27K establishes a hierarchical
taxonomy of distortions derived from large-scale inspec-
tion of outputs from mainstream T2I models. We define six
high-level distortion dimensions including human anatom-
ical distortion, attribute inconsistency, spatial errors, object
deformation or redundancy, action and interaction distor-
tion, and miscellaneous cases. These dimensions are further
refined into 12 fine-grained categories such as limb defor-
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Figure 3. Overview of the proposed Agentic Retoucher. The framework operates as a perception-reasoning-action loop for post-generation
correction in AIGC. The Perception Agent localizes context-dependent distortions via cross-modal saliency prediction, the Reasoning
Agent performs human-aligned diagnosis through iterative reasoning, and the Action Agent executes adaptive localized inpainting guided
by reasoning outputs, forming a closed-loop self-corrective process.

mities, face distortion, and text anomalies. This taxonomy
captures typical artifacts observed in state-of-the-art diffu-
sion models and enables interpretable reasoning about both
what and where fails (see Fig. 2).

3.2. Data Annotation
We curate 6,025 images from EvalMuse-Structure [28],
covering outputs from over 20 T2I models such as Dream-
ina, Midjourney, Kandinsky [2], and SDXL [55]. A four-
stage human-in-the-loop process ensures both semantic
richness and annotation consistency. (1) Annotators are
first calibrated through a pre-annotation stage. (2) For each
distortion region, multiple annotators independently pro-
vide the center, category, and a brief textual description;
the region radius is 1/20 of the image height. (3) The tex-
tual descriptions are expanded and refined using QwenVL-
Max [3]. (4) Final annotations are reconciled through ma-
jority voting and expert validation. Each sample includes
the generated image, input prompt, distortion mask, cat-
egory label, and natural-language description, supporting
tasks such as saliency prediction, defect classification, and
language grounding.

3.3. Dataset Statistics
GenBlemish-27K consists of 6,025 images, 27,507 anno-
tated distortion regions. The agreement rate between ma-
jority voting and expert validation exceeds 95%, confirm-
ing annotation reliability. Each image contains an average

of 4.6 annotated regions, each paired with an 11.8-word
description. As shown in Fig. 2, hand distortions account
for 46.8% of all annotations, followed by facial defects at
15.7%. These statistics indicate that fine-grained human
generation remains a persistent challenge even for advanced
diffusion models. More details will be included in supple-
mentary material.

4. Methodology

4.1. Overview of the Agentic Retoucher
We propose an Agentic Retoucher that redefines post-
generation image correction as a closed perception-
reasoning-action loop. Unlike conventional feed-forward
editing pipelines that apply static refinement, our frame-
work introduces autonomy, interpretability, and self-
correction into the editing process. By framing retouch-
ing as a sequential decision process, the model can reason
about what and where distortions occur before performing
targeted correction, bridging perceptual evidence, semantic
inference and controllable within a unified architecture.

As shown in Fig. 3, the framework consists of three col-
laborative agents. The Perception Agent detects context-
dependent distortions from visual-textual cues and gener-
ates a distortion-saliency map. The Reasoning Agent ana-
lyzes the detected regions, identifies distortion categories,
and produces human-aligned textual descriptions. The Ac-
tion Agent executes localized retouch guided by reason-
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ing outputs, closing the perception-reasoning-action cycle
through iterative refinement.

Formally, let It denote the image to be retouched. At it-
eration t, the perception agent produces a saliency map St

highlighting anomalous regions. If the saliency St exceeds
a threshold τs, the reasoning agent infers distortion types
and generates region-level descriptions {Di} and masks
{Mi}. The action agent then applies localized refinement
to obtain an updated image:

It+1 = Φact(It, {Mi ∨Di}), t← t+ 1. (1)

This process repeats until all salient distortions are elimi-
nated, producing a perceptually faithful result. Through this
iterative loop, the framework transitions post-generation
editing from reactive correction to proactive reasoning, in-
tegrating perceptual analysis, contextual understanding, and
controllable retouching in a single interpretable pipeline.

4.2. Context-Aware Perceptual Distortion Analysis

Text-to-image generations frequently exhibit subtle and
context-dependent distortions such as implausible limb, ob-
ject and text. These artifacts often lack explicit object
boundaries, making conventional pixel-wise detection un-
reliable. To emulate human perceptual sensitivity, inspired
by [44], we design a context-aware saliency predictor that
estimates a distortion-saliency map S ∈ [0, 1]H×W con-
ditioned on both the generated image I and its prompt P .
A dual-encoder ViT [21]-T5 [58] backbone encodes im-
age and text representations, which are subsequently con-
catenated and fused via a self-attention mechanism to cap-
ture inherent correspondences between visual structures and
textual semantics. A lightweight attention refinement mod-
ule further aggregates multi-scale contextual cues, improv-
ing the detection of distortions whose visibility depends on
global images.

The model is optimized using a hybrid loss that balances
pixel accuracy and distributional consistency:

Lsal = αLMSE(S, Ŝ) + (1− α)LKLD(S, Ŝ), (2)

where Ŝ is the ground-truth saliency and α controls the bal-
ance between reconstruction precision and perceptual align-
ment. The KLD term encourages alignment with human fix-
ation distributions, preserving discriminability in ambigu-
ous regions and preventing over-smoothing. The resulting
saliency map is binarized and morphologically dilated to
form mask candidates {Mi} for subsequent reasoning.

Beyond localization, the predicted saliency reflects con-
textual anomalies, serving as an explicit spatial prior that
helps the reasoning agent focus on regions requiring further
analysis, ensuring that higher-level diagnosis emerges from
low-level visual awareness.

4.3. Human-Aligned Reasoning and Adaptive Ac-
tion

Given localized regions {Mi}, the reasoning agent per-
forms inferential diagnosis to generate textual descriptions
{Di} that capture distortion types, local characteristics and
contextual relationships. This task requires structured rea-
soning aligned with human perceptual judgment rather than
simple classification or captioning. We adopt a progres-
sive preference alignment paradigm consisting of two com-
plementary stages: supervised fine-tuning (SFT) for struc-
tural initialization and Group Relative Policy Optimization
(GRPO) for human-aligned reinforcement.

In the first stage, SFT establishes structured response
formats and distortion taxonomy under limited supervision.
To reduce computational overhead, we employ Low-Rank
Adaptation (LoRA) [34], where the weight update ∆W for
a layer W ∈ Rn×m is decomposed as ∆W = AB, with
A ∈ Rn×r and B ∈ Rr×m. This low-rank decomposi-
tion enables efficient specialization of the reasoning model
without full-parameter fine-tuning.

In the second stage, GRPO [19] aligns reasoning behav-
ior with human preferences through reinforcement signals:

LGRPO = E(q,o)[min(rtÂt, clip(rt, 1− ε, 1 + ε)Ât)

− βDKL[πθ||πref]], (3)

where Ât denotes the normalized advantage that captures
preference consistency. Policy optimization is guided by re-
wards capturing distortion-type classification accuracy and
alignment between textual descriptions and human labels.
This stage reduces hallucination, enabling the agent to pro-
duce consistent, human-aligned reasoning across diverse
distortion patterns.

Building on the reasoning outputs, the Action Agent
transforms {Mi, Di} into controllable local editing opera-
tions. It determines the spatial extent, tool selection, and in-
painting instruction for each region. Depending on compu-
tational constraints or user preferences, the agent dynami-
cally chooses between VLM-based or mask-guided inpaint-
ing from a modular tool library. The updated image is re-
evaluated by the perception agent to close the perception-
reasoning-action loop. Through iterative perception and
reasoning, the framework converges toward high-quality
outputs with plausible details.

The proposed framework transitions post-generation
editing from reactive correction to proactive reasoning.
By integrating perception-driven diagnosis, human-aligned
reasoning, and adaptive retouching into a unified loop, the
system achieves interpretable and autonomous refinement
of generative outputs.
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Table 1. Quantitative comparison of Agentic Retoucher with VLM-based and mask-based inpainting baselines on the GenBlemish-27K
and SynArtifacts-1K datasets.

Condition Type Model GenBlemish-27K SynArtifacts-1K
plausibility↑ aesthetics↑ alignment↑ overall↑ plausibility↑ aesthetics↑ alignment↑ overall↑

Original 44.21 53.69 57.89 47.15 61.53 61.63 60.65 55.35

VLM-based

Qwen-Edit 44.44 53.71 57.69 47.15 61.45 61.64 60.70 55.33
Ours w Qwen-Edit 47.10 55.75 59.54 49.27 65.43 64.88 62.61 58.04

Gemini 2.5 Flash Image 44.41 53.80 57.93 47.27 62.63 63.07 61.21 56.15
Ours w Gemini 2.5 Flash Image 46.81 55.47 59.22 48.97 65.96 65.27 62.94 58.43

Mask-based

Flux-fill 44.12 53.68 57.91 47.07 61.92 61.78 61.17 55.71
Ours w Flux-fill 46.18 55.17 59.26 48.66 65.25 64.07 62.74 57.86

SD-inpainting 45.18 53.85 57.70 47.50 63.60 62.49 60.88 56.26
Ours w SD-inpainting 46.71 54.71 58.07 48.31 66.66 64.67 62.33 58.27

Table 2. Human evaluation results: preference distribution com-
paring Agentic Retoucher outputs to original images. Percentages
of test cases rated as ≫ (significantly better), > (slightly better), ≈
(about the same), < (slightly worse), or ≪ (significantly worse).
Data from 5 participants in a randomized, blind survey.

Preference ≫ > ≈ < ≪
Baseline 4.2% 22.8% 60.8% 9.2% 3.0%
Ours 48.8% 34.4% 10.2% 5.8% 0.8%

5. Experiments
5.1. Experimental setup
Datasets and Implementation Details. We evaluate our
framework on the proposed GenBlemish-27K dataset to as-
sess optimization efficacy and module functionality, and
further verify its generalization on SynArtifacts-1K [9]. For
the Context-Aware Perception Agent, the learning rate is
set to 2 × 10−5. For the Human-Alignment Reasoning
Agent, Stage 1 employs LoRA fine-tuning with rank 64 and
α = 32. Inference is fully automatic and converges within
2-3 reasoning iterations per image.

Evaluation Metrics. For retouch evaluation, we use
the four perceptual metrics from RichHF [44]: plausibility,
aesthetics, alignment, and overall, to assess both structural
plausibility and perceptual quality, as standard T2I met-
rics (e.g., FID [32]) fail to capture localized improvements.
For perception, following [8], we adopt CC, SIM, KLD,
AUC-Judd, and NSS to evaluate distributional and fixation-
level consistency. For reasoning, we report distortion-
type classification accuracy and semantic alignment using
ROUGE [45], METEOR [4], Word2Vec [53], and Sim-
CSE [26]. More setup details are provided in the supple-
mentary material.

5.2. Comparison
Quantitative comparisons. We evaluate Agentic Re-
toucher using two categories of inpainting tools within
our Adaptive Action Toolkit: VLM-based models (Qwen-
Edit and Gemini 2.5 Flash Image) and mask-based models

Table 3. Quantitative evaluation of the Context-Aware Perception
Agent on distortion-aware saliency prediction. Higher AUC-Judd,
NSS, CC, SIM and lower KLD indicate better context perception.

Method/Metric AUC-Judd ↑ NSS↑ CC ↑ SIM↑ KLD↓

AIM [7] 0.7822 1.1479 0.1667 0.0759 3.0185
GBVS [29] 0.6580 0.5811 0.0080 0.0010 8.5547
SR [33] 0.5336 0.0135 0.0002 0.0524 3.4162
SMVJ [10] 0.8167 0.7121 0.0778 0.0623 3.3722
SWD [23] 0.8170 0.5307 0.0712 0.0761 3.5233
CA [27] 0.4516 0.7633 0.1000 0.0693 3.3286
SALICON [35] 0.9230 1.0774 0.5039 0.2734 1.7171
TranSalNet [50] 0.9029 1.1494 0.4616 0.0989 2.8716
Sal-CFS-GAN [12] 0.7747 0.7810 0.2124 0.1018 2.8589
SAM-VGG [17] 0.8773 1.2072 0.3410 0.1791 2.4094
SAM-ResNet [17] 0.9162 1.0552 0.4040 0.2475 2.0740
MLNet [16] 0.8539 1.0455 0.3535 0.2381 2.2359
InternVL3.5-8B [68] 0.8049 0.7689 0.5104 0.4095 3.9325
Qwen2.5-VL-7B [3] 0.6145 0.4190 0.1710 0.1481 7.4353
GLM-4.1V-9B [62] 0.5461 0.2191 0.0604 0.0902 8.0118
RichHF [44] 0.9211 0.8954 0.4748 0.3309 1.6697
Ours 0.9336 1.2087 0.5568 0.3822 1.4313

(Flux-Fill and SD-inpainting). As shown in Tab. 1, Agen-
tic Retoucher consistently surpasses all baselines across the
four perceptual metrics of plausibility, aesthetics, align-
ment, and overall. On the GenBlemish-27K, the plausi-
bility score improves from 44.21 to 47.10 and the overall
score from 47.15 to 49.27, indicating that our system effec-
tively handles localized distortion while preserving global
structure and style. Similar improvements are observed on
SynArtifacts-1K (overall score reaching 58.43), confirming
the generalization capability of the proposed framework. In
human evaluations, as shown in Tab. 2, the Agentic Re-
toucher substantially outperforms the baseline model, with
83.2% of results judged superior to the pre-retouching im-
ages, further demonstrating the visual expressiveness of our
method.

Qualitative comparisons. Fig. 4 presents qualitative
comparisons across various scenes and prompt conditions.
Agentic Retoucher autonomously identifies distortion re-
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Original Input VLM- based Ours w VLM- based Mask- based Ours w Mask- based

Prompt: A close-up view of hands folded in prayer in a church, shot by Polaraid.

Prompt: A young dancer in a leotard, practicing ballet in a dance studio, with graceful movements.

Prompt: A male and a female are talking face to face , in a film style.

Figure 4. Qualitative comparison of retouching results across diverse prompts. White bounding boxes indicate zoomed-in fine-grained
regions. Agentic Retoucher retouches local distortions and implausibilities while maintaining global visual harmony, outperforming both
VLM-based and mask-based baselines. More qualitative results are included in the supplementary material.

gions and performs targeted refinement while preserving
global composition. Zoomed-in crops reveal that our
method excels at retouching fine-grained geometric details
(e.g.,faces, fingers, feet), with coherent shading and natu-
ral boundaries. In contrast, VLM-based methods fail to lo-
calize distortions, and their retouch performance degrades
without fine-grained instruction guidance, whereas mask-
based models revert to stochastic refinement once explicit
masks are removed. These results highlight the effec-
tiveness of our agentic perception-reasoning-action loop in
achieving both localized precision and holistic consistency.

5.3. Perception and Reasoning Analysis

Context-Aware Perception. Tab. 3 compares the pro-
posed Context-Aware Perception Agent with conventional
saliency detectors, deep saliency networks, and vision-
language models. Hand-crafted methods (e.g., AIM [7],
GBVS [29]) rely on low-level contrast, while deep saliency
networks (e.g., SAM-ResNet [17], TranSalNet [50]) yield
only moderate gains; both fail to capture context-aware
distortion regions. General-purpose VLMs (e.g., In-

Image GT Ours RichH F GLM4.1V

Figure 5. Qualitative visualization of saliency prediction. Our
method yields sharper, context-aware localization than RichHF
and GLM4.1V.

ternVL3.5 [68], Qwen2.5-VL [3], GLM-4.1V [62]) also
perform poorly, lacking task-specific grounding for distor-
tion awareness. In contrast, our perception agent achieves
state-of-the-art results across all metrics (AUC-Judd =
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Table 4. Quantitative evaluation and ablation of the Human-
Alignment Reasoning Agent

Method/Metric Accuracy ↑ SimCSE↑ Word2Vec↑ Meteor ↑ ROUGE ↑

GPT 5 Zero-Shot 61.31% 0.6928 0.6214 0.1699 0.1131

Gemini-2.5 Pro Zero-Shot [15] 60.28% 0.6856 0.6245 0.1702 0.1121

Qwen2.5-VL-7B [3] 57.76% 0.6658 0.6110 0.1678 0.0733

Qwen2.5-VL-7B + GRPO 58.97% 0.7020 0.6592 0.1741 0.1003

Qwen2.5-VL-7B + SFT 78.34% 0.8405 0.7768 0.4011 0.3515

Ours 80.10% 0.8426 0.7785 0.4037 0.3530
GLM-4.1V-9B [62] 58.25% 0.6723 0.6189 0.1701 0.0966

GLM-4.1V-9B + GRPO 60.15% 0.7182 0.6235 0.1833 0.1226

GLM-4.1V-9B + SFT 77.13% 0.8357 0.7734 0.3970 0.3592

Ours 79.26% 0.8416 0.7811 0.4172 0.3757
Ovis2.5-9B [51] 56.94% 0.6801 0.6056 0.1678 0.1035

Ovis2.5-9B + GRPO 69.67% 0.7264 0.6650 0.1901 0.1563

Ovis2.5-9B + SFT 78.85% 0.8287 0.7616 0.3589 0.3286

Ours 80.62% 0.8392 0.7730 0.3865 0.3521

0.9336, NSS = 1.2087, KLD = 1.4313), demonstrating ro-
bust localization of artifact-prone regions.

Fig. 5 shows that, unlike RichHF (overemphasizing fa-
cial and limb regions) and GLM4.1V (dispersing atten-
tion to irrelevant areas), our saliency maps deliver sharper
spatial focus and stronger agreement with ground-truth la-
bels.This precise localization provides a reliable foundation
for subsequent reasoning and retouching within the loop.

Human-Alignment Reasoning. Tab. 4 reports quan-
titative results for the proposed Human-Alignment Rea-
soning Agent under different training strategies. Within
each model family (Qwen2.5-VL, GLM-4.1V, Ovis2.5), our
method consistently achieves the highest scores across all
metrics, confirming that progressive alignment improves
reasoning accuracy and adaptation to human preferences,
effectively bridges distortion perception and linguistic rea-
soning within the perception-reasoning-action loop.

Beyond validating the reasoning agent itself, these re-
sults also highlight the diagnostic value of our GenBlemish-
27K dataset. Across three large-scale backbones, per-
formance consistently improves when trained or evalu-
ated on our dataset, indicating its strong capability to re-
veal distortion-related reasoning gaps and to guide human-
aligned adaptation. Conversely, Zero-Shot settings, in-
cluding advanced closed-source models such as GPT-5 and
Gemini 2.5 Pro, exhibit limited generalization, underscor-
ing the intrinsic difficulty of distortion-type reasoning and
further validating the dataset’s discriminative and instruc-
tional effectiveness.

5.4. Ablation Studies

We conduct three ablation analyses across the Perception,
Reasoning, and Action Agents to evaluate the contribution
of each component within our framework. Specifically,
we isolate (i) the lightweight attention mechanism and the
KLD loss in the Perception Agent, (ii) progressive align-
ment strategies in the Reasoning Agent, and (iii) adaptive

Table 5. Ablation study of the Context-Aware Perception Agent
on attention and KLD loss components.

Method/Metric AUC-Judd ↑ NSS↑ CC ↑ SIM↑ KLD↓

Ours w/o attn&KLD loss 0.9335 1.1957 0.5518 0.3766 1.4436
Ours w/o attn 0.9335 1.2153 0.5544 0.3731 1.4412
Ours w/o KLD loss 0.9313 1.1892 0.5546 0.3525 1.5008
Ours 0.9336 1.2087 0.5568 0.3822 1.4313

conditioning schemes in the Action Agent.
Perception Agent Ablation. Tab. 5 analyzes the effect

of the lightweight attention mechanism and the KLD loss in
the Perception Agent. Removing attention (“w/o attn”) re-
sults in lower SIM and CC, indicating reduced global struc-
tural consistency. Eliminating the KLD loss (“w/o KLD
loss”) decreases NSS and AUC-Judd, suggesting less accu-
rate fixation-level localization. These two components are
complementary: the attention module maintains coherent
contextual structure, while the KLD term sharpens focus
on human-attended regions. Their joint optimization yields
the best overall balance between local precision and global
awareness, validating the perception agent’s contribution to
context-aware saliency modeling.

Reasoning Agent Ablation. Tab. 4 provides an abla-
tion on reasoning alignment strategies. Progressive training
consistently outperforms single-stage SFT or GRPO-only
configurations across all metrics. Notably, applying GRPO
at early stages destabilizes response formatting and causes
factual drift, whereas progressive alignment enhances both
reasoning stability and human-aligned semantic grounding.

Action Agent Ablation. Tab. 1 compares different con-
ditioning schemes for the Action Agent under both VLM-
based and mask-based refinement settings. Across all
datasets, every tool in our tool library consistently achieves
higher scores on all metrics, confirming robustness to di-
verse distortion types. By dynamically selecting among
multiple refinement backbones, the Action Agent ensures
locally correction and global coherence, effectively closing
the perception-reasoning-action loop.

6. Conclusions

We propose Agentic Retoucher, a hierarchical, decision-
driven framework that reformulates post-generation edit-
ing for T2I diffusion as a human-like perception-reasoning-
action loop. The perception agent localizes small-scale dis-
tortions, the reasoning agent performs human-aligned diag-
nosis, and the action agent plans localized inpainting guided
by user intent. In addition, we introduce GenBlemish-27K
for fine-grained supervision and evaluation. Extensive ex-
periments demonstrate consistent improvements over state-
of-the-art methods in perceptual quality, distortion localiza-
tion, and human preference alignment, establishing a self-
corrective and perceptually reliable T2I paradigm.
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