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Abstract

Recent advancements in generative Al have made text-
guided image inpainting—adding, removing, or altering
image regions using textual prompts—widely accessible.
However, generating semantically correct photorealistic
imagery, typically requires carefully-crafted prompts and
iterative refinement by evaluating the realism of the gen-
erated content - tasks commonly performed by humans.
To automate the generative process, we propose Semanti-
cally Aligned and Uncertainty Guided Al Image Inpaint-
ing (SAGI), a model-agnostic pipeline, to sample prompts
from a distribution that closely aligns with human percep-
tion and to evaluate the generated content and discard in-
stances that deviate from such a distribution, which we
approximate using pretrained large language models and
vision-language models. By applying this pipeline on mul-
tiple state-of-the-art inpainting models, we create the SAGI
Dataset (SAGI-D), currently the largest and most diverse
dataset of Al-generated inpaintings, comprising over 95k
inpainted images and a human-evaluated subset. Our ex-
periments show that semantic alignment significantly im-
proves image quality and aesthetics, while uncertainty guid-
ance effectively identifies realistic manipulations — human
ability to distinguish inpainted images from real ones drops
from 74% to 35% in terms of accuracy, after applying our
pipeline. Moreover, using SAGI-D for training several im-
age forensic approaches increases in-domain detection per-
formance on average by 37.4% and out-of-domain gener-
alization by 26.1% in terms of loU, also demonstrating its
utility in countering malicious exploitation of generative Al
Code and dataset are available at https : //mever—
team.github.io/SAGI/

1. Introduction

Image inpainting—reconstructing image regions—became
highly accessible with powerful generative Al tools,

enabling non-experts to create photorealistic edits [84].
Text-guided inpainting, that adds, removes, or alters regions
using textual prompts, has advanced significantly through
models like Stable Diffusion [57], DALL-E [55], and
Imagen [60]. Achieving high-quality results often requires
several attempts and iterative refinement [41], as advanced
models struggle with complex prompts [11]. However,
successful generations can be so realistic that humans
struggle to distinguish them from real photographs [11].

Automated inpainting generation faces two key chal-
lenges. First, while state-of-the-art models excel at ma-
nipulation, they require detailed prompts for realistic re-
sults—basic object labels often lack sufficient context [40].
Second, automating realism assessment is difficult, as stan-
dard quality metrics may not reflect perceived realism. To
address these, we propose SAGI (Semantically Aligned and
Uncertainty Guided Al Image Inpainting), a unified frame-
work integrating Semantically Aligned Object Replacement
(SAOR) and Uncertainty Guided Deceptiveness Assess-
ment (UGDA). SAOR leverages image semantics and large
language models (LLMs) to create context-aware prompts,
producing higher aesthetic quality than simple object la-
bels and captions. UGDA is a realism assessment method
that uses vision-language models (VLMs) to compare in-
painted images with originals, identifying convincing ma-
nipulations. We validate this approach through a user study,
showing it aligns with human perception of image realism.
An overview of the approach is presented in Fig. 1.

Using this framework along with multiple state-of-the-
art inpainting models, we create the SAGI-D dataset, the
largest and most diverse collection of Al-generated inpaint-
ings to date, establishing a new benchmark for inpainting
detection research. The dataset contains 95,839 inpainted
images from 78,684 originals across three datasets: MS-
COCO [37], RAISE [19], and Openlmages [32]. We pro-
vide each inpainted image with its original version, inpaint-
ing mask, and text prompt. For evaluation, we create both
in-domain and out-of-domain testing splits. The in-domain
split uses the same LLM and source images as the train-
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Figure 1. The first row illustrates SAOR: an input image is processed to identify objects (via labels or segmentation) and generate a
caption. The language model selects an object and generates a prompt, which, along with the image and mask, guides the inpainting
model to produce the result. The second row depicts UGDA: if the inpainted image passes an initial realism check, it undergoes a second
evaluation. The VLM compares the inpainted and original images twice, in reverse order. If the VLM’s responses differ (indicating
uncertainty) or both favor the inpainted image, it is labeled as deceiving; otherwise, non-deceiving.

ing set, for familiar data assessment. The out-of-domain
split uses different source images and a different LLM, test-
ing generalization to new data. Beyond advancing inpaint-
ing generation, the resulting dataset provides a valuable re-
source for training and evaluating forensic detection meth-
ods that can address challenges regarding potential mali-
cious misuse [73, 78].

Our main contributions are summarized as follows:
We propose semantically aligned and uncertainty guided
image inpainting, a model-agnostic framework, to auto-
mate the generation of realistic inpainted images.
We introduce semantically aligned object replacement to
generate semantically coherent prompts.
‘We propose uncertainty guided deceptiveness assessment,
to estimate the realism of an image at test time.
We experimentally show that the proposed framework in-
creases quality and aesthetics across several generative
models. Through human studies we show that human
ability to distinguish inpainted images from real ones
drops from 74% to 35% after applying our framework.
We present the SAGI-D dataset, the largest and most di-
verse dataset of Al-generated inpainted images to date
We demonstrate the efficacy of our approach on retrain-
ing image forensic methods, enhancing their average in-
domain localization performance by 37.4% and out-of-
domain generalization by 26.1% in terms of IoU.

2. Related Work
2.1. Image Inpainting

Early image inpainting methods used diffusion for image
restoration [8—10, 12] and exemplar-based approaches for
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object removal [18, 22, 25, 29]. Recent methods are deep
learning-based, using CNNs [7], Fourier Convolutions [64],
Transformers [72], or Diffusion Models [14]. GAN-based
methods are also widely used, to generate coherent images,
with techniques such as Context Encoders [53] and dilated
convolutions improving results [81]. Diffusion models have
emerged as a powerful approach, reconstructing missing re-
gions via noise removal, with models like GLIDE, DALL-E
[56] [49] and Stable Diffusion [58] incorporating additional
guidance, such as text, for improved control.

2.2. Inpainting Detection

Inpainting detection became crucial with inpainting ad-
vancements. Early approaches used patch comparison and
connectivity analysis to identify inconsistencies [13, 36,
79, 85]. Deep learning, particularly CNNs, improved de-
tection via filtering, segmentation networks, and encoder-
decoder architectures [31, 34, 38, 39, 62, 90]. Transformer-
CNN hybrids enhanced long-range dependency and texture
analysis [76, 88, 91]. Recent methods integrate frequency-
domain, compression artifacts, noise, and semantic features
[21, 28, 33, 71]. While effective for traditional inpainting
and forgeries like copy-move and splicing, few have been
tested on Al-based inpainting, except for evaluations on
GLIDE-generated forgeries [21, 28, 71], leaving a gap in
assessing performance on modern generative techniques.

2.3. Datasets for Image Inpainting Detection

The development and evaluation of inpainting detection
models rely on datasets that capture diverse inpainting tech-
niques and scenarios. Early inpainting datasets used out-
dated inpainting techniques that produced very poor results



[2, 16, 20, 42, 70, 76]. Several recent datasets [6, 15, 89]
employ state-of-the-art generative AI models, but they fo-
cus on fully synthetic images rather than inpaintings. This
creates a significant gap in the available resources for in-
painting research. Among these, CocoGlide [21] and TGIF
[44] stand out as the most relevant, utilizing text-to-image
inpainting models such as GLIDE, Stable Diffusion, and
Adobe Firefly. However, these datasets have notable lim-
itations: CocoGlide is limited in scale, while TGIF, though
larger, does not account for more recent and complex in-
painting pipelines that produce higher-quality results.

2.4. Image Quality and Aesthetic Assessment

Image quality assessment (IQA) evaluates how distortions
affect human perception, evolving from handcrafted fea-
tures [47, 75] to deep learning methods like NIMA [66] and
HyperIQA [63]. Recent approaches utilize CLIP [54, 74,
87], leverage multi-scale inputs and vision-language cor-
respondence but often underperform purely visual meth-
ods due to reliance on visual-text similarity, which prior-
itizes semantic alignment over visual fidelity. Image aes-
thetic assessment (IAA) is more complex, focusing on at-
tributes like composition and emotional impact [48]. Deep
learning dominates IAA, with methods like NIMA [66] and
VILA [30] achieving state-of-the-art results. QALIGN [77]
advances both IQA and TAA by leveraging VLMs to im-
prove generalization without extensive fine-tuning. How-
ever, most approaches are task-specific and struggle with
generalization, and none of them focus on realism assess-
ment.

3. Semantically Aligned and Uncertainty
Guided AI Image Inpainting

Recent studies have shown that detailed prompts in Al im-
age generation lead to better inpainting results [46, 59], with
users employing complex, carefully crafted prompts [41],
evaluating image semantics [52] and using multiple models
and attempts [67] until achieving desired results. Inspired
by these observations, we argue that automatically generat-
ing high-quality inpainted images, deceiving to the human
eye, requires addressing two key challenges: ensuring se-
mantic coherence in manipulations and assessing the real-
ism of generated images. To this end, we propose SAGI,
a model-agnostic pipeline for a) sampling prompts from a
distribution that aligns with human perception of reality and
b) assessing and discarding generated samples that deviate
from such distribution—techniques notably absent in pre-
vious works. We consider pre-trained LLMs and VLMs to
be the best available approximations for such distribution,
due to their training data scale. We employ them in our
automated pipeline with two main components: 1) Seman-
tically Aligned Object Replacement for contextually appro-

priate manipulations and 2) Uncertainty-Guided Deceptive-
ness Assessment for evaluating realism.

3.1. Semantically Aligned Object Replacement

Generating realistic inpainted imagery requires selecting
appropriate objects for replacement and creating contextu-
ally relevant prompts that maintain semantic consistency.
To address this challenge, we propose Semantically Aligned
Object Replacement (SAOR), a method that automates ob-
ject selection and prompt generation. Formally, let I be an
image and S(I) represent its semantic content. We aim
to sample a prompt p and object o under the distribution
P(p,o | S(I)) that characterizes how humans would se-
lect regions and generate prompts given image semantics.
We approximate S (/) through two components: the image
caption C(I) and the set of displayed objects O(I). This
decomposition captures both local semantics (through ob-
jects) and global relationships (through captions), providing
a descriptive representation of image semantics.

S(I) ~{C(1),0(D)} (1)

Object masks M (I) = {m1,ma,...,m,} and their re-
spective labels O(I) = {01,029, ...,0,} are obtained from
labeled data if available; otherwise, a panoptic segmenta-
tion model @y, : I — (O(I), M(I)) is used. Similarly,
captions C'(I) are taken directly from labeled data or gen-
erated by a captioning model W,,. To approximate P, we
leverage LLMs, which have been extensively trained on hu-
man text, making them ideal candidates to model human
reasoning about visual semantics. Specifically:

P(p,o| S(I)) = Oum(p,0 | OI),C(I)) 2

where Oy, represents the LLM’s conditional probability
distribution over generated text. The language model,
leveraging the caption to understand the image content,
is instructed to produce complex, contextually appropriate
prompts, maintaining semantic consistency with the sur-
rounding content. The generated prompt p, the mask m
corresponding to the object selected by the LLM, and the
original image I are then provided to an inpainting model I'
to generate the inpainted image I = I'(I, m, p). The SAOR
pipeline is presented at the top of Fig. |

3.2. Uncertainty-Guided Deceptiveness Assessment

Assessing the realism of inpainted images at test-time is
crucial for discarding unrealistic samples and refining the
generation process. However, quantifying realism is chal-
lenging due to its subjective nature [69]. To approximate
this subjective judgment, we propose Uncertainty-Guided
Deceptiveness Assessment (UGDA), which leverages pre-
trained VLMs, which have proven successful in synthetic
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(a) “a delicious apple to add a pop of color to the (b) “lush green vines and foliage, intertwining
scene” around ancient stone pillars”

— .

(e) No prompt

S

(f) “a curious otter exploring the grassy field”

Figure 2. Original (with semi-transparent red inpainting mask) and inpainted images from three datasets, with prompts shown below each
pair for text-guided models. The first row shows images classified as deceiving by UGDA 3.2, and the second row shows non-deceiving
images. Each column corresponds to a different dataset: MS-COCO [37] (first), RAISE [19] (second), and Openlmages [32] (third).

image detection [80], to compare inpainted images with
their originals.

Let I denote the original image and I the inpainted ver-
sion of I. Using a VLM Q,1,, we perform a two-stage as-
sessment. Based on empirical observations, unrealistic ma-
nipulations are often easily identifiable, while realistic ones
require a more thorough evaluation. In the first stage, Iis
assessed for realism. Images passing this check undergo a
second, more rigorous evaluation. The second stage lever-
ages this key idea: realistic inpainted images align closer
with the distribution of semantically coherent images that
a pretrained VLM represents. Therefore, aleatoric uncer-
tainty should increase in a proxy task of ranking the original
and its corresponding inpainted image according to their se-
mantic alignment with the learned distribution of the VLM:
the bigger the aleatoric uncertainty in this proxy task is, the
closer the inpainted image is expected to align with the dis-
tribution of semantically correct images. To capture this
uncertainty increase, we assume that a confident assess-
ment (i.e.low uncertainty), generated by the VLM, should
remain stable under semantically invariant perturbations. If
the VLM’s assessment varies under such perturbations, it
indicates uncertainty about the inpainted image’s realism.
We argue that a suitable perturbation is input reordering.
Specifically, we perform two assessments with reversed im-
age order:

51=Qun(I,I) and sy = Qum(, 1), 3)

where s1, $9 € {cl, Ci, cboth} represents the image assessed
as more realistic, with ¢y indicating the original, c; the
inpainted image, and cpo, €qual realism. Variation in re-
sponses or consistently choosing the inpainted image indi-
cates uncertainty. The classification rule: Iis deceiving if
(s1 =¢j V82 =cj) V(51 = S2 = Cpom). Otherwise, it is
non-deceiving. This approach enhances reliability in distin-
guishing between deceiving and easily identifiable synthetic

images through uncertainty-aware, order-based evaluations.
Fig. 2 shows representative examples from UGDA across
different sources. The first row depicts high-quality inpaint-
ing examples classified as deceiving by UGDA, where the
manipulations are seamlessly integrated with the original
content (see suppl. for detailed classification process). The
UGDA pipeline is shown in Fig. |

3.3. SAGI-D

Using the proposed pipeline, we introduce SAGI-D , the
first semantically aligned deceptive dataset for Al-generated
inpainting detection, designed to evaluate the effectiveness
of our components. The dataset leverages Semantically
Aligned Object Replacement (SAOR) for context-aware
prompt generation and Uncertainty-Guided Deceptiveness
Assessment (UGDA) for realism evaluation, ensuring high-
quality and diverse inpainted images.

Sources of authentic images. To ensure diversity and ro-
bustness, we leverage datasets spanning multiple domains:
general object detection, high-resolution photography, and
large-scale segmentation. Specifically, we utilize three pub-
licly available datasets for authentic image sources: (1) MS-
COCO [37], which provides images with captions and ob-
ject masks across 80 categories, (2) RAISE [19], a high-
resolution dataset of 8,156 uncompressed RAW images de-
signed for forgery detection evaluation and (3) Openlm-
ages [32], which offers extensive object segmentation data
with over 2.7 million segmentations across 350 categories.

SAOR configuration. We use dataset-provided masks
and captions for MS-COCO and Openlmages, while for
RAISE, we use OneFormer [24] as the segmentation model
e, and BLIP-2 [35] as the captioning model W,,. To gen-
erate prompts, we employ as the language model Oy, Chat-
GPT 3.5 [50] for MS-COCO and RAISE as well as Claude
Sonnet 3.5 [3] for Openlmages. The prompt engineering
methodology is detailed in the supplementary material.
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UGDA configuration. We use GPT-40 [51] as the VLM
Qum, chosen for its effectiveness in synthetic image de-
tection [80] and for achieving the best performance in our
respective ablation studies presented in Tab. 3. Empiri-
cally, we observed that QAlign effectively filters out low-
quality images, so we applied UGDA to approximately half
of the test inpainted images, selecting those with the highest
QAlign scores. The complete prompt engineering method-
ology is detailed in the supplementary material.
Inpainting Models. Diverse inpainting models are cru-
cial for creating robust detection datasets and high-quality
images, capturing varied artifacts, styles, and visual traits.
We use five pipelines: HD-Painter [43], BrushNet [26],
PowerPaint [92], ControlNet [86], and Inpaint-Anything
[83], including its Remove-Anything variant for object re-
moval, with their original padding and normalization strate-
gies maintained. These pipelines support eight models,
primarily based on Stable Diffusion [58], except Remove-
Anything, which uses LaMa [64]. One-sixth of the images
underwent a second inpainting round with different masks
and prompts, simulating real-life multi-edit scenarios. Also,
due to memory limits, images were resized to a maximum
dimension of 2048 pixels, except for Inpaint-Anything, that
preserves original dimensions via cropping and resizing.
Preservation of unmasked area. We categorize in-
painted images based on how models handle unmasked
regions: if the unmasked region is preserved, we refer
to them as Spliced (SP) images; if regenerated, as Fully
Regenerated (FR) images. Inpaint-Anything preserves un-
masked regions through copy-paste (SP), while ControlNet
regenerates the full image (FR). BrushNet, PowerPaint, and
HD-Painter can produce both SP and FR images depending
on post-processing settings (e.g., blending or upscaling).
Remove-Anything inherently preserves unmasked regions,
thus producing SP images. This diversity in processing
approaches contributes to a more comprehensive dataset,
as FR images are typically more challenging to detect than
SP images [65].

Dataset splits. Our dataset considers both in-domain per-
formance as well as generalization to new data. Regarding
in-domain evaluation, we use MS-COCO (60,000 training
and nearly all 5,000 validation images) and RAISE (7,735
images processed with ®, yielding 25,674 image-mask-
model combinations). To test generalization across differ-
ent image sources and LLMs, we create an out-of-domain
split from Openlmages (6k test images), by also using a
different language model Oy, i.e. Claude versus ChatGPT
for COCO and RAISE. Detailed statistics are provided in
the supplementary material.

4. Experimental Evaluation

Our experimental evaluation focuses on two main direc-
tions: (1) assessing the quality, aesthetics, and realism of

images inpainted with SAGI, and (2) evaluating the effec-
tiveness of SAGI-D as a benchmark for inpainting detec-
tion.

4.1. Image Quality and Realism Evaluation

We conduct two ablations to validate our design choices.
First, we evaluate SAOR’s use of language models by com-
paring three prompting approaches: (1) using just object la-
bels, (2) combining object labels with image captions, and
(3) feeding both labels and captions to an LLM to generate
enhanced prompts. Second, we assess UGDA’s effective-
ness through a human study with 42 participants on 1,000
images, comparing human perception against model perfor-
mance on images classified as deceiving or non-deceiving.
We also ablate the VLM employed in UGDA, by evaluating
the ability of several popular VLMs to align with human
perception of image realism.

Mdl Ob; SCI:I([:RLLM AS CS Ae QA Ae CS QIt QA Qit
BN | v 555 -001 263 0.68 390
(27] v v 569 0.14 268 0.69 394
v v o v |579 038 275 0.69 3.95
CN | v 535 -007 265 0.69 3.88
(36] v v 540 0.01 268 0.70 392
v v v |546 014 271 0.70 3.92
HDP| v 574 051 28 071 412
(43] v v 5.80 049 28 071 412
YooV v |59 07 283 071 411
1A v 549 -0.12 244 0.66 3.76
(82] v v 5.60 -0.08 250 0.67 3.83
v v v |568 017 251 0.67 3.81
PPt | v 568 046 275 071 4.06
(92] v v 576 044 278 0.70 4.05
v v v |589 061 283 070 4.02
v 556 0.15 266 0.69 3.96
Avg | v V 565 020 269 0.69 3.98
v v o v |574 040 273 0.70 396

Table 1. Comparison of metrics across inpainting models with dif-
ferent prompt types. The SAOR columns indicate the employed
prompting method: object labels (Obj), image captions (Cap),
and LLM-generated prompts (LLM). Bold values indicate better
performance per model-metric pair. Pipelines: BN (BrushNet),
CN (ControlNet), HDP (HD-Painter), IA (Inpaint-Anything), PPt
(PowerPaint). Metrics: AS (Aesthetics Score), CS Ae (Clip Aes-
thetics), QA Ae (QAlign Aesthetics), CS Qlt (Clip Quality), QA
QIt (QAlign Quality). LLM prompts notably enhance aesthetics,
while maintaining performance even in quality metrics like CS
QIt, that are typically less sensitive to semantic variations.

SAOR evaluation. To compare LLM-generated prompts
with object labels or labels and captions, we evaluated 900
original images across five inpainting models, generating
4,500 images per prompt type. We compared aesthetics and
quality metrics, including CLIP Similarity [54] for aesthet-
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Accuracy Mean IoU
Metric Top Bottom Diff Top Bottom Diff

AS 54.7 55.1 +0.4 266 263 +0.2
QAQIt 562 535 +2.9 28.1 24.8 +3.3
CSQIt 612 485 +12.7 30.6 223 +8.3
CSAe 589 509 +8.0 28.0 24.39 +3.1
QA Ae 613 484 +12.9 304 224 +8.0

Dec Non-Dec Diff Dec Non-Dec Diff
UGDA 352 73.7 +38.5 12.7 39.9 +26.8

Table 2. Comparison of human accuracy and mean IoU on 500
inpainted images, separated into two groups for each metric. For
AS, QA QIt, CS, and QA Ae, groups are formed by ranking images
and splitting them into the top 50% and bottom 50% based on
their metric scores; for UGDA, groups are based on its assessment
(deceiving/non-deceiving). UGDA can clearly separate deceiving
from non-deceiving images.

VLM / Human Eval. Acc | IoU |

w/o UGDA 54.9 26.4

Gemma-3-27b [68] 45.4195  90.0764
Mistral-S-3.1-24B [1] 452797 20.4%60
Qwen2.5-VL-7B [5] 452197 21,0754
Claude-3-7-sonnet [4] 43.4T115  17.818:6
Gemini-2.5-flash [17] 38.61163  16.579:9
GPT-4o [51] 35207 127"

Table 3. VLM ablation for UGDA. Human accuracy and mean
IoU for distinguishing inpainted from real images after filtering
with different VLMs. Lower values indicate more deceiving in-
paintings. All VLMs improve over the unfiltered baseline, with
GPT-40 achieving the strongest alignment with human perception.

ics (CS Ae) [23] and quality (CS QIt) [74] , QAlign [77]
for quality (QA QIt) and aesthetics (QA Ae), and Aesthetic
Score (AS) [61]. Tab. 1 shows that LLM prompts consis-
tently outperform object labels and caption prompts across
most metrics and models, enhancing both image quality and
aesthetics. All models achieve higher aesthetic metrics with
LLM prompts. BrushNet and ControlNet excelled across
all metrics, while other models showed slight variations in
quality metrics. Quality improvements were marginal com-
pared to aesthetic gains, as quality metrics primarily focus
on technical aspects of the image which are less influenced
by prompt’s content. Overall, these results highlight the
richer semantic guidance of LLM prompts, significantly en-
hancing inpainting aesthetics, while also improving some
technical aspects of the generated visual content.

UGDA evaluation. We validated UGDA through a user
study with 42 participants on 1,000 images: 250 in-
painted ones classified by UGDA as deceiving, 250 as non-
deceiving and 500 authentic. Images were selected to avoid
redundancy, i.e. no authentic-inpainted overlap and no mul-
tiple inpainted versions per authentic source image. Partic-

ipants evaluated batches of 20 images, with each image re-
ceiving 3-5 independent assessments. Detailed participant
statistics are provided in the supplementary material.

Tab. 2 compares human accuracy and mean IoU on 500
inpainted images, split into two groups per metric. For AS,
QA QIt, CS, and QA Ae, splits are based on top/bottom 50%
rankings; for UGDA, on its deceiving/non-deceiving assess-
ment. Existing quality and aesthetic metrics (AS, QA QIt,
CS, QA Ae) show minimal differences among groups (ac-
curacy: 0.4—-12.9; IoU: 0.2-8.3), indicating limited correla-
tion with human perception of realism. In contrast, UGDA
yields much larger gaps (accuracy: 38.5; IoU: 26.8), effec-
tively identifying realistic inpaintings. This underscores the
need for uncertainty guidance to capture realism.

To further validate the efficacy and model-agnostic na-
ture of UGDA, we compare the performance of several
VLMs. Tab. 3 compares human ability to distinguish in-
painted from real images, both in terms of accuracy and
mean IoU, after non-deceiving samples have been filtered
out using our methodology. Results demonstrate that our
method enables all tested VLMs to better align with hu-
man preference and discard non-realistic inpaintings, as ev-
idenced by the positive differences over a baseline with-
out UGDA-based filtering. As GPT-40 shows the strongest
alignment with human perception, we employ it as the pri-
mary model in our benchmark creation.

Quantitative comparison with state-of-the-art. To the
best of our knowledge, SAGI-D is the largest collection of
Al-generated inpainted images. Tab. 4 compares SAGI-D
with existing datasets. With 95,839 inpainted images from
77,900 originals, it surpasses TGIF (74,976 from 3,124) and
CocoGlide (512 from 512) in scale. Unlike single-source
datasets, SAGI-D integrates COCO, RAISE, and Openlm-
ages, enhancing diversity. It employs eight inpainting mod-
els across five pipelines, considers advanced manipulations
such as double inpainting, Al generated content, and object
removal, and allows resolutions up to 2048p—exceeding
TGIF’s 1024p and CocoGlide’s 256p. SAGI-D uniquely in-
cludes human benchmark and out-of-domain test subsets,
making it valuable for evaluating detection under diverse
conditions. It outperforms existing datasets in aesthetic and
quality metrics, demonstrating superior perceptual align-
ment and visual fidelity. This positions SAGI-D as a su-
perior resource for advancing detection models and sets a
new standard for benchmarking in the field.

Failure Cases While our framework demonstrates strong
overall performance, certain limitations remain. A repre-
sentative failure case for SAOR occurs when, despite the
context provided, the LLM generates semantically incoher-
ent prompts. For example, in the first row of Fig. 3, a hot
air balloon is suggested as a replacement for a train object.
For UGDA, the VLM can exhibit inconsistent behavior by
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Orig. Orig. Inp. Inp. Inp. Double

Model Datasets Tmgs Tmgs Mdls Pipes Inp. Type Resolution QA QltT QA Ae T CSQItT CS Ae 1 AS 1
CocoGlide[21] 1 512 512 1 X X Al 256 x 256 2.88 1.79 0.68 -1.27 5.40
TGIF[45] 1 3,124 74976 3 X X Al upto1024p 3.94 2.53 0.63 -0.69 5.65
SAGI-D (ours) 3 77,900 95,839 8 5 V' AI/OR up to 2048p*  4.06 2.84 0.68 0.27 5.69

Table 4. Comparison of inpainting datasets characteristics. Our

dataset surpasses existing ones in scale (number of images), diversity

(source datasets, models, pipelines). Resolution varies based on source dataset. Al: AI-Generated Content, OR: Object Removal.

fixating on specific details while ignoring obvious artifacts.
As shown in the second row of Fig. 3, in the first permu-
tation, the VLM insists on “couch duplication” and fails to
recognize clear blurring artifacts, whereas in the second per-
mutation, it correctly identifies the same blur. These cases
highlight the dependency of our approach on the underlying
capabilities and biases of foundation models. More exam-
ples are discussed in the supplementary material.

4.2. Inpainting Detection Benchmark

To establish a comprehensive benchmark for the presented
SAGI-D dataset, we evaluate the performance of several
state-of-the-art image forgery detection models.

Problem definition. Given an RGB image 29 &
R XWX3) " the inpainting detection model aims to pre-
dict a pixel-level inpainting localization mask ¢'°¢ €
(0, 1)HXWx1) and/or an image-level inpainting detection
probability %t € (0, 1). The former will be referred to as
the localization task, and the latter as the detection task.
Forensics models. We evaluated four inpainting detec-
tors: PSCC-Net [38], CAT-Net [33], TruFor [21], and MM-
Fusion [71]. CAT-Net provides only pixel-level masks, so
we used the maximum probability from these masks for
image-level detection. The other models output both pixel
localization and image-level detection probabilities.
Training protocol. We evaluated the pretrained models,
the versions retrained on the SAGI-D and on TGIF [45] fol-
lowing the training protocol on the original papers.

Implementation Details. We retrained all models from
scratch, following the training protocol outlined in their
original papers. CAT-Net was trained on an NVIDIA
A100 GPU, while PSCC-Net, TruFor, and MMFusion were
trained on an NVIDIA RTX 4090.

Evaluation metrics. We evaluated model performance at
image and pixel levels using distinct metrics. With the pos-
itive class representing inpainted regions, for image-level
detection, we use accuracy, and for pixel level we mea-
sure Intersection over Union (IoU), with a threshold of 0.5.
To compare models across datasets, we used the threshold-
agnostic Area Under the Curve (AUC) metric. For localiza-
tion AUC, we resized and flattened localization maps and
ground truths into vectors for ROC computation (see sup-
plementary for additional results, qualitative comparisons,
and human performance analysis).

4.3. Localization and Detection Results

Figure 3. Failure cases for SAOR and UGDA. Top row shows
SAOR generating semantically inappropriate content (a colorful

hot air balloon floating in the sky). Bottom row demonstrates
UGDA’s failure: 1st assessment gets fixated on “unnatural duplica-
tion of couch” without recognizing the blur, while 2nd assessment
correctly identifies “couch appears altered with blurry texture”.

We evaluate SAGI-D using four state-of-the-art inpaint-
ing detection models: PSCC-Net, CAT-Net, TruFor, and
MMFusion. We assess both pre-trained models and ver-
sions retrained on our dataset. Table 5 presents both the
localization (IoU) and detection (accuracy) results for in-
domain and out-of-domain testing sets and SP and FR im-
ages. Retraining on SAGI-D leads to significant perfor-
mance improvements across all models. TruFor shows the
largest gains, with IoU increasing by +52.5% (in-domain)
and +46.4% (out-of-domain), while CAT-Net achieves the
highest in-domain IoU (69.2%, +29.9% improvement). FR
regions remain challenging for original models (IoUs be-
tween 5.9% and 19.6%), but retrained models show sub-
stantial improvements, with TruFor reaching 72.4% IoU
(+52.8%). SP detection is easier, with retrained Tru-
For achieving 86.8% IoU. TruFor and PSCC-Net main-
tain consistent cross-domain performance, while CAT-Net
and MMFusion exhibit variability due to their designs
(e.g., JPEG-specific artifacts and added input complexities).
Overall, SAGI-D proves highly effective for improving im-
age forgery detection and localization models.

To further assess SAGI-D as a benchmark, we compare
models trained on their original data, TGIF and SAGI-D,
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Mean IoU Accuracy
Data Model D 00D SP FR D 00D SP FR
= CAT-Net[33] 39.3 20.9 41.4 5.9 59.8 42.4 84.5 39.9
£ PSCC-Net[38] 35.1 24.0 20.1 9.2 59.9 53.0 40.4 334
E” MMFusion[71] 19.6 19.1 46.3 16.9 61.7 634 62.9 25.5
C TruFor[21] 12.2 19.1 40.0 19.6 58.2 60.1 41.0 12.5
a CAT-Net[33] 69.2 +299 23.0 +2.1 46.5 +5.1 36.2 +303 98.8 +39.0 53.0 +10.6 99.9 +154 99.9 +60.0
= PSCC-Net[38] 58.1 +23.0 57.6 +33.6 43.2 +23.1 19.6 +104 63.4 +35 71.8 +188 50.1 +9.8 35.6 +22
% MMFusion[71] 63.7 +44.1 41.4 +223 73.1 +26.8 50.3 +33.4 92.8 +31.1 80.9 +17.5 85.9 +23.0 81.5 +56.0
2 TruFor[21] 64.7 +525 65.5 +464 86.8 +46.8 72.4 +52.8 96.2 +380 92.8 +32.7 95.5 +545 94.4 4819

Table 5. Evaluation of SAGI on training image forgery detection and localization models. The first column indicates training data, while
Mean IoU is reported for localization and Accuracy for detection. Results include in-domain (ID) and out-of-domain (OOD) performance
for spliced (SP) and fully-regenerated (FR) images. ID and OOD performance is computed across inpainted and authentic images, while
SP and FR highlight the performance on the corresponding type of inpaintings. Green numbers show improvements over original models.
Retraining on SAGI-D significantly enhances performance, underscoring the value of semantic alignment for high-quality synthetic data.

AUC (det) AUC (loc)
Data Model  rop " GAGLD  TGIF  SAGLD
= CN [33] 75.1 53.2 74.9 56.3
S MM[71] 86.5 75.3 67.4 67.3
'E‘J PS [38] 73.8 62.7 39.0 66.0
© TF[21] 894 79.5 70.5 67.0
Average 81.2 67.7 63.0 64.2
CNI[33] 69.5 56 68.1 +149 81.0 +61 62.6 +63
B MM[71] 959 94 822 169 93.7 4263 82.1 +148
2 PS[38] 735 02 69.6 +0 60.9 «219 49.6 -i64
TF[21] 584 310 744 51 950 +245 89.7 4227
Average 743 69 73.6 590 82.7 +197 710 63
a CN [33] 84.6 +95 92.7 +394 732 -17 849 4286
— MMI[71] 719 -146 97.1 4218 54.6 -128 959 286
S PS[38] 655 s3 829 02 835 w6 759 00
N TF[21] 91.0 +16 99.5 +200 91.0 +205 98.8 4318
Average 783 29 93.1 1254 75.6 +126 88.9 1247

Table 6. Performance comparison of image forensics methods
CAT-Net (CN), MMFusion (MM), PSCC-Net (PS), and TruFor
(TF) across TGIF and SAGI-D datasets. Metrics include detection
and localization AUC. Data indicates training source. Green and
red numbers show performance improvements and decreases over
original models. Retraining on SAGI-D yields more consistent im-
provements, even across datasets, compared to training on TGIF.

and evaluate them on both TGIF and SAGI-D test sets.
Tab. 6 shows localization and detection AUC results. Train-
ing on SAGI-D consistently improves performance, outper-
forming TGIF-trained models. Notably, SAGI-D-trained
models sometimes surpass TGIF-trained ones even on TGIF
(78.3 vs 74.3 detection AUC average). CAT-Net trained on
SAGI-D achieves +28.6 and +21.8 improvements on SAGI-
D and TGIF respectively, while TGIF-trained CAT-Net
drops -5.6 on TGIF. PSCC-Net shows +44.6 and +20.2 lo-
calization AUC gains, and SAGI-D-trained TruFor reaches
AUCs above 90 on both datasets. Original models perform
better on TGIF than SAGI-D, highlighting its greater com-

plexity and benchmark value. These results affirm the supe-
riority of SAGI-D for training detection models.

5. Conclusions

In this work we proposed a model-agnostic framework for
generating and evaluating high-quality inpaintings, based
on the key ideas of semantic alignment and uncertainty
guidance. Looking ahead, our framework can benefit from
advances in foundation models to further refine prompt
generation and realism assessment and extend uncertainty
mechanisms to enhance LLM/VLM performance in tasks
involving reference samples, such as image-to-image trans-
lation, audio/video editing, and quality assessment of gen-
erated content. We aim for this framework to advance both
generative quality and forensic detection, supporting safer
applications of generative Al.

Limitations: The limited capacity and finite training data
of any pre-trained LLM and VLM impose inherent con-
straints on tasks like semantic alignment and realism assess-
ment. Despite these limitations, we consider them the best
approximations available for bridging the gap between the
real world and computer-generated visual representations.

Ethical Concerns: While advances in generative Al pro-
vide significant societal benefits by automating previously
labor-intensive tasks, they also enable potential malicious
exploitation, such as spreading misinformation, or manip-
ulating visual evidence. Yet, the fact that our proposed
framework can significantly enhance the robustness of im-
age forensic tools, allows mitigating such misuse risks.
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