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Abstract 

Partially manipulated images pose a growing threat to the reliability of online content. The rapid spread of diffusion-
based inpainting tools has made the creation of such manipulations increasingly easy to perform. As a result, the mul-
timedia forensics community is disadvantaged compared to the attackers, as developing effective localization tech-
niques often requires the creation of large datasets, a resource-intensive process due to the necessary human effort. 
In this paper, we present Beyond the Brush++ (BtB++), a fully automated pipeline for generating large-scale datasets 
of realistic inpainted images. Our experiments demonstrate that BtB++ is both flexible and easily integrates different 
models and configurations, offering the adaptability required to address evolving models and application scenarios. 
Moreover, an automatic filtering mechanism ensures quality control by discarding low-quality generated images. To 
provide an initial assessment of the proposed filtering strategy, we also conducted a small-scale human evaluation, 
studying the alignment between human perceptual judgments and the automatic metrics used for filtering.
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1  Introduction
The spread of manipulated visual media poses a major 
societal threat, as it has become exceptionally challeng-
ing for people to distinguish between real and fake con-
tent [1]. Modern advancements in image editing and the 
wide availability of intuitive software have simplified the 
creation of convincingly realistic fakes. In this context, 
techniques like image inpainting [2] have re-emerged in 
prominence. Originally created for restoration tasks like 
removing or inserting objects, these methods are now 
increasingly co-opted for malicious purposes [3]. They 
are used to introduce new elements or completely change 
the meaning of an image by erasing key subjects, a trend 

fueled by generative models that produce high-quality 
forgeries [4].

Nowadays, image inpainting techniques are classified 
in three major categories: GAN-based [5], Diffusion-
based [6], and Transformers-based [7] algorithms.

Developing effective automated detectors for fake 
visual content depends on the availability of large-scale 
training datasets containing manipulated images. A 
major bottleneck in this area is the scarcity of public 
datasets for forgeries created with image inpainting. The 
most widely used resources, DEFACTO [8] and IMD2020 
[9], offer some examples. DEFACTO utilizes an example-
based method for object removal, while IMD2020 applies 
a mix of three approaches, one of which is the built-in 
OpenCV inpainting function.

A central challenge in generating large-scale datasets 
of tampered images lies in the need for an automated 
inpainting procedure. An initial step toward this goal 
was proposed by Wang et al. [10], who introduced Ima-
genEditor, a system based on diffusion models fine-tuned 
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for text-guided image inpainting. However, this approach 
still requires user-provided masks and prompts. More 
recently, BtB [11] and SAGI [12] have introduced inven-
tive pipelines for fully automatic text-guided inpainting. 
Notably, BtB relies exclusively on open-source models for 
all its components, whereas SAGI employs commercial 
solutions for both prompt generation and the employed 
vision–language model for realism assessment.

This work extends [11] and introduces Beyond the 
Brush++ (BtB++), a novel, fully automated framework 
designed to generate extensive datasets of high-fidel-
ity inpainted images. The pipeline is composed of four 
sequential modules. The initial module performs seg-
mentation to derive three sets of free-form masks (rang-
ing from small to large) that correspond to semantically 
significant regions targeted for manipulation. Subse-
quently, a visual language model is employed to produce 
five textual prompts for each region, simulating a mali-
cious user’s intent to alter the content while maintain-
ing the overall semantic integrity of the image. The third 
module utilizes a diffusion-based model to execute the 
inpainting according to the generated prompts and 
masks. Finally, the last module employs an automated fil-
tering system that leverages CLIPScore [13] and Multi-
dimensional Preference Scoring (MPS) [14] to assess and 
regenerate, if needed, low-quality outputs. Overall, the 
architecture is inherently flexible and extensible, sup-
porting various models to suit different needs.

Our results prove that BtB++ is a versatile and exten-
sible pipeline, supporting a wide range of models and 
configurations. This flexibility makes it particularly suited 
to adapt it to the rapid evolution of models, allowing 
researchers to incorporate the most recent architectures 
and configurations, without the need to redesign the 
pipeline or alter its underlying principles.

With respect to BtB [11], there are several improve-
ments: for mask extraction, we introduced an all-in-
one approach generating masks directly from the input 
image; we adopted four different Visual Language Models 
for prompt generation; we used four different Diffusion 
Models for inpainting; we introduced the automatic fil-
tering strategy at the end of the generation process to dis-
card low-quality images and, when necessary, regenerate 
them to improve overall dataset quality.

The remainder of this paper is organized as follows. In 
Sect.  2, we introduce the BtB inpainting pipeline. Sec-
tion 3 describes the modules evaluated in our study and 
presents the corresponding results. Section 4 discuss the 
key factors influencing each component’s performance 
and how they relate. Finally, Sect. 5 summarizes our find-
ings and provides concluding remarks.

2 � Proposed method
In this section, we describe the proposed method 
(Beyond the Brush++ framework) to fully automate the 
generation of large datasets containing realistic inpainted 
images. As shown in Fig. 1, our approach consists of four 
main modules: mask extraction, prompt generation, 
inpainting, and image filtering.

2.1 � Mask extraction
The initial step of our approach involves extracting 
meaningful regions from an input image to be inpainted. 
To this end, we employed a segmentation workflow that, 
given an input image, generates various masks.

The resulting masks can be then categorized by their 
dimension to cover the range of editing sizes that users 
commonly apply to modify images. Specifically we con-
sidered small, medium, and large masks. The small 

Fig. 1  Overview of BtB++ pipeline. Starting from a real input image, the framework generates 15 different inpainted images. Finally, CLIPScore 
and MPS are computed for each output to filter out low-quality results



Page 3 of 15Bertazzini et al. Journal on Information Security         (2026) 2026:18 	

category includes masks covering up to 15% of the image 
area, the medium category encompasses masks covering 
15 to 30%, and the large category consists of masks cov-
ering 30 to 60% of the image.

Since the selected masks may contain noise that could 
compromise the quality of inpainting results, we applied 
to the masks two sequential morphological operations, 
an opening followed by a closing, to refine them.

2.2 � Prompt generation
The second step of our method involves generating 
prompts to inpaint the input image within the masked 
regions. This is achieved by processing the image with 
a Visual Language Model (VLM), where each identified 
region is first highlighted with a green bounding box and 
then input into the VLM. The model was queried on how 
it would replace the object within the green box while 
maintaining the image’s semantic coherence. Specifically, 
we queried the VLM to explain the chain of thought for 
the rationale used for the proposal, and the replacement 
in at most four words, following the template: ‘Ration-
ale: xxx. Replace with: yyy.’. We based our 
request on the findings presented by Wei et  al. [15], 
which demonstrate that generating a chain of thought 
can improve the performance of large language models in 
complex reasoning tasks. This approach allows the VLM 
to autonomously determine the replacement content for 
the area within the bounding box, thereby eliminating 
any kind of human intervention.

2.3 � Inpainting
The final step of the BtB++ approach focuses on generat-
ing inpainted images by combining the extracted masks 
with the prompts suggested by the VLM. For this pur-
pose, we employed diffusion-based inpainting models, 
which modify the masked regions of the original image 
while preserving the surrounding context, according to 
the given prompt.

Figure  2 shows some examples of the resulting 
inpainted images using the described method.

2.4 � Image filtering procedure
Despite the fact that diffusion-based inpainting tools 
generally perform well in image manipulation, the gen-
erated results do not always perfectly align with the 
intended prompt and may sometimes display inconsist-
encies between the edited and unedited regions. Typi-
cal issues include incomplete adherence to the textual 
description, as well as visible artifacts in the manipulated 
region or at the boundaries between edited and original 
areas. To mitigate these limitations, we introduced an 
image-filtering procedure based on CLIPScore [13] and 

Multi-dimensional Preference Scoring (MPS) [14]. These 
metrics are employed not as indicators of realism, but as 
complementary measures of prompt alignment and over-
all perceptual quality of the inpainted area, enabling us 
to automatically prioritize outputs that better fulfill the 
intended editing task.

CLIPScore  CLIPScore [13] measures image-text align-
ment by computing cosine similarity between CLIP [17] 
embeddings. For a text CLIP embedding t and an image 
with visual CLIP embedding v, CLIPScore is defined as

where w = 2.5 . Higher values of this score indicate a 
stronger semantic consistency between the text and the 
image. Building on these findings, we leveraged CLIP-
Score to filter out inpainted images that not faithfully 
reflect the intended prompt for the manipulation. Spe-
cifically, we computed CLIPScore between the manipu-
lated region of the image and the corresponding prompt 
used for the inpainting. Instead of simply cropping the 
manipulated region, we computed the visual embedding 
from a version of the image where all unedited pixels 
were replaced with black, ensuring that only the masked 
area contributed to the similarity measure. This approach 
prevents contributions from unedited regions when the 
mask spans non-contiguous parts of the the image, as 
show in Fig. 3. 

This procedure yields a single score per image, enabling 
us to discard results with low alignment and retain only 
those with a CLIPScore above a chosen threshold.

MPS score  Multi-dimensional Preference Scoring [14] 
(MPS) is a CLIP-based multi-dimensional preference 
scoring model for the evaluation of text-to-image mod-
els that provides a fine-grained assessment of generated 
images. It models human preferences across four distinct 
dimensions: aesthetics, semantic alignment, detail qual-
ity, and overall impression, with scores ranging from 

CLIP-S(t, v) = w ∗max(cos(t, v), 0)

Fig. 2  Examples of images inpainted using BtB++ framework. The 
first row shows original images from the Open Images v7 [16] dataset, 
while the second row shows the corresponding inpainted versions, 
obtained by using our approach
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negatives values (poor quality) to positive values (high 
quality). Given a prompt x, a generated image y and a 
preference condition c, MPS is defined as

where fv,t is the first dimension (i.e. the cls token) of the 
cross-attention between the image features of y and the 
text features of x, conditioned on the features of c, ft is 
the last dimension of the prompt feature embedding 
and α is a learned scalar. MPS is specifically designed for 
assessing full generated images. In our study, however, we 
computed it only on the inpainted region, following the 
same protocol adopted for CLIP-S, where non-manipu-
lated areas are set to black to ensure that only the manip-
ulated pixels contribute to the score. Similarly to CLIP-S, 
MPS outputs a single score per image.

3 � BtB++ modules evaluation
In this section, we present a detailed analysis of each 
component of the proposed pipeline. For every stage, we 
compare alternative models and evaluate their perfor-
mance with respect to attributes specifically relevant to 
that component. All evaluations were conducted starting 
from the source images of the BtB dataset [11], consider-
ing three subsets of 100 real source images each, respec-
tively selected from the Flickr30k [18], VISION [19], and 
FloreView [20] dataset partitions used to construct BtB-
Flickr30k, BtB-VISION, and BtB-FloreView.

MPS(x, y|c) = αfv,t · ft

The images in these subsets retain the original charac-
teristics of their source datasets: Flickr30k images range 
from 180×240 up to 500×500 pixels, mostly depicting 
people in everyday scenes; VISION images are natural 
images from smartphones with varied resolutions, gen-
erally between 960×720 and 5312×2988 pixels; FloreView 
images are high-resolution photographs (up to 8000×
6000 pixels) of 35 subjects in the city center of Florence. 
Both portrait and landscape orientations are included. 
The subsets were sampled randomly to ensure coverage 
of diverse visual content and different resolution ranges, 
providing a representative selection for evaluation.

All subsequent evaluations focus on these subsets, with 
the exception of image filtering evaluation described in 
Sect. 3.4, that has been performed on the entire BtB data-
set. As an additional experiment, we examine a scenario 
in which the mask extraction module is disabled while 
the prompt generation and inpainting modules remain 
active, demonstrating the framework’s flexibility and its 
ability to accommodate different configurations. Finally, 
a discussion on the image filtering module is proposed.

3.1 � Mask extraction
To evaluate the segmentation workflow, we considered 
two approaches: (i) the use of a segmentation model in 
combination with other foundation models and (ii) all-
in-one approaches that generate masks directly from an 
input image, thereby avoiding the need for chaining sev-
eral models.

Fig. 3  Examples of input images used to compute CLIPScore and MPS, where all unedited pixels are replaced with black to isolate the manipulated 
region
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The first strategy is illustrated in Fig.  4. In this context, 
we leveraged Segment Anything Model [21] (SAM) and its 
successor, Segment Anything Model 2 [22] (SAM 2), both 
preceded by Recognize Anything Model (RAM) [23] and 
Grounding DINO [24]. Initially, the input image is pro-
cessed by the RAM and Grounding DINO (RD), to identify 
a wide range of objects within an image and their corre-
sponding bounding boxes. Then, SAM or SAM 2 generates 
segmentation masks for each detected object using these 
bounding boxes as prompts. SAM 2 improves its predeces-
sor with a simple transformer architecture, achieving higher 
accuracy and inference speeds up to six times faster.

Alternatively, all-in-one approaches simplify the work-
flow by producing segmentation masks directly from an 
image, avoiding the complexity of chaining multiple mod-
els. To this end, we considered Florence-2 [25] and SEEM 
[26]. Florence-2 performs tasks such as captioning, detec-
tion, and segmentation from simple text prompts. In our 
BtB++ pipeline, we leveraged its dense region captioning 
to describe detected regions and its referring expression 
segmentation to generate the corresponding masks, with-
out relying on any additional foundation model. We also 
exploited SEEM, an all-in-one promptable and interac-
tive model capable of segmenting everything in an image 
using points, boxes, scribbles, or masks. SEEM supports 
open-set semantic, instance, and panoptic segmentation, 
offering semantic-aware outputs and greater flexibility 
than SAM, which lacks semantic labeling.

In order to compare the different segmentation work-
flows examined, we evaluate three different parameters: 
(i) the average computational time1 required for generat-
ing masks, (ii) the number of connected components per 

mask, and (iii) the distribution of masks across the three 
size categories (small, medium, and large). The results of 
this comparison are summarized in Table 1. The analyzed 
models exhibit substantial differences in the average time 
required for producing masks for a single image. Across 
all three source datasets (Flickr30k, VISION, and Flor-
eView), SEEM consistently emerges as the fastest model, 
requiring between 0.19 and 0.37 s per image. In contrast, 
Florence-2 and the sequential chaining of multiple mod-
els exhibit substantially higher computational times, with 
the gap becoming particularly pronounced on VISION 
and FloreView, where Florence-2 reaches up to 39.90 and 
86.7 s per image, respectively. This behavior is coherent 
with the dataset characteristics, since higher-resolution 
images (e.g., in FloreView) inherently increase computa-
tional cost.

In terms of connected components, Florence-2 con-
sistently produces masks with a single connected com-
ponent in the vast majority of cases (around 93–96% 
across datasets). SEEM also generates predominantly 
single-component masks, although with a non-negligible 
proportion of empty masks, especially on VISION (43%). 
Conversely, the segmentation workflow that uses SAM 
or SAM-2 tends to yield a higher fraction of fragmented 
masks (i.e., more than one connected component), par-
ticularly on Flickr30k and VISION, confirming a system-
atic tendency toward mask fragmentation when chaining 
multiple foundation models. This aspect is particularly 
relevant for inpainting applications, as diffusion-based 
generative models typically perform generally perform 
better on single, contiguous regions than on fragmented 
or disjoint areas.

Fig. 4  Mask extraction module when sequentially using three foundation models: Recognize Anything Model, Grounding DINO, and Segment 
Anything (or Segment Anything 2) Model

1  Computational times have been performed on a dedicated workstation 
with an AMD Ryzen 9 7950X processor, 128 GB of RAM, and an NVIDIA 
GeForce RTX 4090.
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Finally, with respect to mask size distribution, both 
SEEM and the sequential chaining of multiple models 
generally yield a more balanced distribution across small, 
medium, and large masks. Although small masks tend to 
be predominant, the proportions remain relatively well 
distributed and vary depending on the specific charac-
teristics of the source dataset. In contrast, Florence-2 
consistently produces predominantly small masks (above 
90% in all datasets), with negligible or null percentages 
of large masks, thus limiting its ability to cover broader 
regions when required.

Leveraging pre‑existing masks  Computing segmen-
tation masks from images is often computationally 
demanding. When a dataset already provides masks, 
an efficient alternative is to leverage these annotations 
rather than generating masks from scratch. The drawback 
of this approach is the lack of control over mask size, 
since they are already provided; however, it still allows us 
to leverage the prompt generation and inpainting com-
ponent of our pipeline. As a representative example, we 
used Open Images v7 dataset [16], which is a very recent 
dataset containing approximately 9 million of real images 
annotated with image-level labels, object bounding 
boxes, instance segmentation masks, visual relationships, 
and localized narratives. In particular, it provides around 
2.8 million object instances spanning 350 categories. In 
our experiments, we sampled 100 images from this data-
set and we applied the BtB pipeline [11] just skipping the 
mask extraction step. Figure  5 shows some examples of 
the results obtained on this dataset. We refer to this data-
set as OpenImages-100. 

3.2 � Prompt generation
For a more comprehensive analysis, we evaluated multi-
ple VLMs using the same input prompt. For each image, 
we generated five distinct outputs per VLM to miti-
gate occasional nonsensical or inconsistent responses. 
We compared four distinct VLMs of different scales 
to evaluate their performance and computational 
cost. InternVL3-8B [27] is an advanced multimodal 
large language model that preserves the architecture 
of InternVL2.5 [28] and earlier versions while reach-
ing state-of-the-art performance, with enhanced mul-
timodal perception and reasoning capabilities. Mini 
InternVL Chat 4B V1-5 [29, 30] is lightweight member of 
the InternVL family, designed to reduce computational 
cost while maintaining high-quality multimodal under-
standing and reasoning capabilities. We also included 
Qwen2.5-VL-3B-Instruct [31] from the Qwen vision–
language series that outperform comparable competitors, 
reaching strong capabilities even in resource-constrained 
environments. Finally, SmolVLM [32] is a small, fast, 

Table 1  Evaluation of the mask extraction component

Reported metrics include the computational time required per image (in seconds), the percentage of masks with zero, one, or multiple connected components, as 
well as the percentage of small, medium, and large masks. Computational time is averaged over 100 images for each source dataset. All other metrics are computed 
over all masks produced by the model. RD denotes the sequential pipeline RAM + Grounding DINO images

Segmentation 
workflow

Time per image 
(s)

Connected components Mask sizes

0 1 >1 Small Medium Large

Flickr30k RD-SAM 4.80 0.00 0.55 0.45 0.66 0.21 0.13

RD-SAM 2 2.87 0.26 0.55 0.18 0.66 0.21 0.13

Florence-2 5.50 0.00 0.96 0.04 0.91 0.08 0.00

SEEM 0.19 0.16 0.78 0.06 0.46 0.26 0.16

VISION RD-SAM 12.06 0.01 0.56 0.44 0.36 0.32 0.32

RD-SAM 2 10.70 0.02 0.53 0.44 0.48 0.28 0.24

Florence-2 39.90 0.00 0.95 0.05 0.97 0.02 0.00

SEEM 0.29 0.43 0.44 0.13 0.69 0.17 0.15

FloreView RD-SAM 28.78 0.00 0.75 0.25 0.46 0.28 0.25

RD-SAM 2 29.87 0.00 0.61 0.38 0.50 0.25 0.25

Florence-2 86.7 0.00 0.93 0.07 0.99 0.01 0.00

SEEM 0.37 0.20 0.68 0.11 0.51 0.23 0.27

Fig. 5  Examples of inpainted images sourced from Open Images v7 
dataset. The top row shows the original images, while the bottom 
row represents the inpainted versions obtained through the prompt 
generation and inpainting component of our pipeline
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memory-efficient, and fully open-source model that sup-
ports commercial use and can be deployed to smaller 
local setups, with completely open training pipelines.

Table 2 shows the evaluation of the selected VLMs in 
terms of: (i) number of parameters, (ii) average compu-
tational time1 required to generate a single prompt, (iii) 
number of answers that not follow the required template 
(omitting ‘Replace with:’ in the output), and (iv) 
number of too long answers (i.e., cases when the sug-
gested replacement exceeded the four-word limit speci-
fied in the query).

Typically, larger models require more time to gen-
erate responses. However, exceptions are observed 

depending on the dataset characteristics. For instance, 
Mini InternVL Chat 4B V1-5, despite not being the larg-
est model, is among the slowest across datasets, requir-
ing 4.33 s per prompt on Flickr30k, but only 1.66 and 2.08 
on VISION and FloreView, respectively. On the contrary, 
SmolVLM consistently achieves the fastest runtime, 
ranging from 0.20 s on VISION to 0.60 s on Flickr30k, 
although it often fails to follow the required output for-
mat, with 42–93% of responses being incorrectly format-
ted depending on the dataset. Qwen2.5-VL-3B-Instruct 
provides a moderate trade-off, with runtimes between 
1.95 and 3.40 s, and very few format errors. Overall, 
InternVL3-8B remains the most reliable model in terms 

Table 2  Evaluation of visual language models on 1500 prompts

The table reports the model size (number of parameters) along with the evaluation metrics: the average computational time per prompt (in seconds), the percentage 
of bad format answers (i.e., that not follow the indicated template, omitting ‘Replace with:’ field) and the percentage of too long answers (i.e., replacements 
exceeding four words)

VLM Number of parameters Time per prompt (s) % Bad format 
answers

% Too 
long 
answers

Flickr30k InternVL3-8B 8B 3.73 0.00 0.02

Mini InternVL Chat 4B V1-5 4B 4.33 0.02 0.15

Qwen2.5-VL-3B-Instruct 3B 1.95 0.00 0.45

SmolVLM 2B 0.60 0.93 0.00

VISION InternVL3-8B 8B 1.36 0.00 0.01

Mini InternVL Chat 4B V1-5 4B 1.66 0.02 0.21

Qwen2.5-VL-3B-Instruct 3B 2.36 0.00 0.31

SmolVLM 2B 0.20 0.77 0.00

FloreView InternVL3-8B 8B 1.36 0.00 0.02

Mini InternVL Chat 4B V1-5 4B 2.08 0.01 0.26

Qwen2.5-VL-3B-Instruct 3B 3.40 0.00 0.38

SmolVLM 2B 0.30 0.42 0.04

Fig. 6  Output examples from the evaluated VLMs for the same input image. In this example, InternVL3 and Mini InternVL strictly follow 
the indicated template, Qwen2.5 produces an answer that only partially adheres to it, while SmolVLM neither follows the template nor provides 
a clear rationale
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of balancing computational cost and output quality, 
showing 0% of bad format answers and negligible propor-
tions of overly long responses across all datasets. Figure 6 
compares the outputs produced by the evaluated models 
for a common input image.

3.3 � Inpainting
The final step of the BtB++ approach generates inpainted 
images using the extracted masks and generated 
prompts. For a deeper evaluation, we applied several dif-
fusion models for inpainting to the same input images, 
masks, and prompts for direct comparison. We con-
sidered the open-source software Fooocus [33], which 
builds on Stable Diffusion and Midjourney designs. A key 
advantage of Fooocus is its ability to operate offline, thus 
eliminating the need for manual parameter settings and 
allowing users to focus on creating prompts and select-
ing images. Furthermore, by leveraging the Fooocus API 
[34], we automated the inpainting process, reducing 
human intervention. We also tested Stable Diffusion v2 

Inpainting [35], a model fine-tuned from the Stable Dif-
fusion v2 base with an additional 200k training steps. It 
follows the mask-generation strategy introduced in LaMa 
[36], combining these masks with latent VAE representa-
tions of the masked image as extra conditioning. Addi-
tionally, we included BrushNet [37], a plug-and-play 
dual-branch architecture that injects pixel-level masked-
image features into any pre-trained diffusion model to 
achieve more coherent, high-quality inpainting. Its core 
innovation lies in separating masked-image features and 
noisy latents into distinct processing branches. Finally, 
we considered DreamShaper v82, which is fine-tuned 
from Stable Diffusion 1.5 [35] and is capable of generat-
ing portraits of real people and anime-style content.

To evaluate the quality of the different inpainting 
methods, we employ both CLIPScore and MPS metrics 
on the inpainted regions, as described in Sect. 2.4. The 
average scores obtained for each method are summa-
rized in Table 3. Overall, all methods achieve compara-
ble CLIP-S values, whereas the MPS scores show more 
pronounced differences, with BrushNet achieving the 
highest average score across all subsets. In addition to 
these quantitative results, qualitative comparisons are 
presented in Fig.  7. The first example (top row), gen-
erated with the prompt “Chinese historical structure”, 
reflects the average performance trends observed in our 
evaluation. Conversely, the second example (bottom 
row), corresponding to the prompt “Friendly dog”, high-
lights a better result for the Fooocus method. These 
results suggest that the relative performance of inpaint-
ing models can be highly image-dependent and strongly 
influenced by mask size, location, and specific prompt 

Table 3  Average CLIP-S and MPS scores for different inpainted 
methods on the BtB-Flickr30k, BtB-VISION, BtB-FloreView subsets

Fooocus SDv2 BrushNet DreamShaper 
v8

Flick. Avg CLIP-S 0.57 0.59 0.61 0.61

Avg MPS 0.83 0.20 1.07 0.54

VIS. Avg CLIP-S 0.61 0.60 0.61 0.60

Avg MPS 1.65 0.87 1.69 0.89

Flore. Avg CLIP-S 0.59 0.58 0.60 0.58

Avg MPS 0.51 − 0.11 0.80 0.00

Fig. 7  Example of images generated by using different inpainting tools given the same source image, prompt, and mask. The first row corresponds 
to the prompt “Chinese historical structure”, while the second row corresponds to the prompt “Friendly dog”

2  https://​civit​ai.​com/​models/​4384/​dream​shaper

https://civitai.com/models/4384/dreamshaper
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used. Additionally, we remark that metrics do not cap-
ture the overall perceived quality of the resulting image, 
as their evaluation is restricted to the inpainted region.

3.4 � Image filtering
To evaluate the effectiveness of CLIPScore and MPS in 
filtering low-quality images, we computed both metrics 
on the entire BtB dataset and analyzed their relationship. 
Despite a moderate positive correlation (SROCC = 0.33 , 
KROCC = 0.22 ; p-value < 0.5 for both indices), the 
results indicate that the metrics capture complementary 
aspects of image quality. To further illustrate this behav-
ior, based on the observed score distributions (Figs. 8 and 

9), we identify four quadrants using the 70th percentile of 
each metric as an empirically determined threshold. We 
emphasize that this threshold has been chosen experi-
mentally but can be freely adjusted by users, depend-
ing on how strict they wish to be regarding the quality 
requirements of the generated images.

Figure  10 illustrates the identified quadrants, along 
with representative example images for each of them. 
Images in the bottom-left quadrant (low CLIP-S, low 
MPS) exhibit both poor quality in the edited region and 
weak semantic alignment with the requested prompt. 
Conversely, images in the top-right quadrant (high CLIP-
S, high MPS) display high-quality inpainting and strong 

Fig. 8  Examples from the BtB-Flickr30k subset with corresponding CLIPScores. The top row shows successful manipulations with high CLIPScores 
(above 0.6), where the requested prompt is clearly integrated into the original scene. The bottom row shows unsuccessful cases with low 
CLIPScores (below 0.6), where the prompt was not incorporated. Manipulated regions are highlighted in red

Fig. 9  Examples from the OpenImages-100 dataset with corresponding MPS scores. The top row shows high-quality manipulations (with MPS 
above 2.86), while the bottom row shows low-quality results (with MPS below 2.86). Manipulated regions are highlighted in red
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adherence to the prompt. Images in the remaining quad-
rants reveal more nuanced characteristics. Specfically, 
in the top-left quadrant (low CLIP-S, high MPS), images 
may feature well-executed inpainting but low semantic 
alignment with the prompt. Interestingly, low CLIP-S 
in this quadrant appears to be influenced by large mask 
sizes relative to the requested content, as illustrated by 
examples such as “Small flower” and “A black cat rest-
ing on the sidewalk”. Finally, images in the bottom-right 
quadrant (high CLIP-S, low MPS) correspond to cases 
where the inpainted region aligns with the target prompt 
but exhibits visually unpleasant results.

These observations underscores the complexity of 
evaluating inpainting performance in our setting, which 
depends not only on the quality of the inpainted region 
but also on the interaction between mask size and 
prompt content. After filtering, the pipeline can option-
ally regenerate discarded samples up to a predefined 
maximum number of attempts, thereby increasing the 
probability of obtaining valid instances and improving 
the overall reliability of the resulting dataset.

Regeneration can be performed by re-running the 
inpainting process with the same diffusion model, 
prompt, mask, and hyper-parameters, varying only the 
random seed at the inpainting stage, ensuring distribu-
tional consistency under a fixed data-generating con-
figuration. To quantify the additional computational cost 
introduced by this process, we can model the number of 
attempts required to obtain a valid sample using a simple 
probabilistic estimation.

Let p denote the probability of success, i.e., the prob-
ability that a single generation is correct (with both CLIP-
S and MPS exceeding their respective thresholds). Let X 
be the random variable representing the number of gen-
erations required to obtain the first successful sample. 
Assuming independent generations, X follows a geomet-
ric distribution with probability mass function:

This expression indicates that the first k − 1 attempts 
are failures, each occurring with probability 1− p , 

P(X = k) = (1− p)k−1p, k = 1, 2, 3, ...

Fig. 10  MPS vs CLIPScores on BtB dataset. Teal dashed lines refers to 70th percentile of MPS (horizontal line) and CLIP (vertical line) scores
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whereas the k-th attempt is the first successful one, 
with probability p. The expected number of generation 
required to obtain the first success is therefore:

This means that, on average, 1/p generations are 
needed to obtain a correct sample.

Therefore, Table 4 reports the expected number of gen-
erations required for obtaining an image with both CLIP-
S and MPS over thresholds, for each dataset–model 
configuration. Unsurprisingly, the expected number of 
generations 1p depends both on the source dataset and the 
inpaiting model. Configurations producing higher-qual-
ity outputs, such as VISION with Fooocus or VISION 
with BrushNet (see Table 3), generally exhibit larger val-
ues of p, and therefore lower expected numbers of gener-
ations. For instance, for VISION with BrushNet, 
1/p = 3.75 indicates that about 3.75 generations are 
required on average to obtain one valid sample, implying 
a computational cost roughly three times higher than the 
baseline without regeneration.

Although the regeneration strategy increases the com-
putational cost, the overall pipeline remains fully auto-
matic and does not require additional human effort.

While this filtering strategy cannot guarantee that the 
remaining images achieve the best global appearance 
and semantic coherence with the original scene, it pro-
vides a practical tool for discarding images in which the 
inpainted region is both misaligned with the prompt and 
poor in quality, according to the MPS definition. These 
observations suggest that there is significant room for 
improvement in semantic quality assessment of inpaint-
ing models.

Analysis of alignment with human perception  To obtain 
an initial indication of the relationship between human 
perception and the behavior of the automatic filtering 
metrics, we conducted a human evaluation. Specifically, 
we designed a small-scale pairwise perceptual quality 
test, in which participants were shown pairs of inpainted 

E[X] =
1

p

images side by side and asked to select the one with 
higher perceived visual quality. The test was intention-
ally designed to be simple and lightweight. In particular, 
the prompts used to generate the images were not shown 
to participants in order to reduce task complexity, avoid 
distracting users from the visual assessment, and keep 
the evaluation time short. For this evaluation, we focused 
exclusively on images with medium mask size and gener-
ated using Fooocus (F) and BrushNet (B), as these mod-
els achieved the highest MPS scores (see Table 3). Each 
pair consisted of one “kept” image (i.e., an image whose 
MPS and CLIP-S scores exceeded the predefined thresh-
olds) and one “discarded” image (i.e., an image whose 
MPS or CLIP-S scores fell below the thresholds). We con-
sidered two types of image pairs: (1) same-content pairs, 
where both images originate from the same source image 
but differ in the applied prompt and/or inpainting model, 
(2) different-content pairs, where images originate from 
different source images and also differ in the applied 
manipulation and/or inpainting model. We specify that 
in same-content pairs, images share same mask but dif-
ferent prompt, while in different-content pairs they differ 
in both mask and prompt. In total, we selected 52 kept–
discarded pairs, uniformly distributed across the source 
datasets Flickr30k, VISION, and FloreView. The pairs 
were organized as: 9 different-content pairs (B vs. F), 
9 different-content pairs (F vs. B), 3 same-content pairs 
(B vs. B), 3 same-content pairs (F vs. B), 3 same-content 
pairs (B vs. B), 9 different-content pairs (B vs. B), 9 differ-
ent-content pairs (F vs. F), 9 same-content pairs (F vs. F). 
The test involved 121 users which accessed a dedicated 
web application with a unique token. Before starting the 
evaluation, participants were presented with an intro-
ductory explanation of the task, along with two exam-
ple pairs that were not part of the actual test set. These 
examples were included to ensure a clear understanding 
of the evaluation procedure. Each pair was displayed for 
10 s, resulting in a total session duration of approximately 
10 min. To evaluate the alignment between the proposed 
automatic filtering stage and human perception, we com-
pute the agreement rate, as as a binary variable equal to 1 
when the participant’s choice matched the ground truth 
and 0 otherwise.

Overall, we observe a mean agreement of 0.48 between 
human preference and the automatic filtering decision. 
When restricting the analysis to same-content pairs, the 
agreement slightly increases to 0.51. In contrast, for dif-
ferent-content pairs, the agreement is 0.47. This difference 
can be explained by the nature of the two evaluation con-
ditions. In the same-content setting, participants are natu-
rally encouraged to focus on the manipulated region, which 
more closely reflects the behavior of the automatic metrics, 

Table 4  Expected number of generations required to obtain a 
successful sample for each dataset–model configuration

Values report 1/p, where p denotes the probability that a single generation 
satisfies both CLIP-S and MPS thresholds. Lower values indicate higher per-
generation success probability and thus fewer attempts needed on average to 
obtain a valid sample

Fooocus SDv2 BrushNet DreamShaper 
v8

Flickr30k 7.96 6.02 4.22 5.20

VISION 3.86 4.78 3.75 5.23

FloreView 6.00 8.16 4.86 7.55
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as these are computed specifically on the inpainted area 
while ignoring the surrounding context. In the different-
content condition, however, the evaluation becomes more 
subjective: participants tend to assess the image as a whole, 
and their judgment may also be influenced by properties of 
the original image, such as resolution or other visual arti-
facts. As a result, human preferences become less aligned 
with the metric-based evaluation.

Although these results may not appear entirely satisfac-
tory, they were somewhat expected given the intended 
simplicity of our experimental setting, and highlight 
important differences between human and automatic 
evaluation criteria. In particular, automatic metrics eval-
uate only the inpainted region by design and explicitly 
account for prompt alignment, while human participants 
observe the entire image and do not have access to the 
prompt. Consequently, humans tend to prioritize the 
semantic coherence of the overall scene, while prompt 
adherence does not influence their judgment. This effect 
is illustrated in Fig. 11, where the automatic filter selects 
the image with higher CLIP-S as high quality (HQ), 
whereas users often prefer the alternative because it does 
not introduce elements that alter the scene. Furthermore, 
artifacts near the boundaries of the inpainted region may 
affect the perceived quality of the whole image and influ-
ence human judgments, while remaining unaccounted 
for by metrics that evaluate only the inpainted area (see 
Fig. 12). Examples of pairs with high agreement rate are 
represented in Fig. 13.

In conclusion, although this human evaluation is 
not sufficient to provide statistically significant quan-
titative results, it offers useful insights into potential 

directions for improvement. These include both 
refinements to the evaluation design and the devel-
opment of automatic metrics that better account for 
semantic coherence, thereby improving their align-
ment with human judgments.

4 � Discussion and implications
In this section, we summarize the key aspects of the pro-
posed framework, emphasizing the elements that con-
tribute most to its performance and usability.

Fig. 11  Examples of pairs with low agreement, where the high 
quality (HQ) image is primarily selected based on high CLIP-S

Fig. 12  Examples of pairs with low agreement, where high quality 
(HQ) images contain artifacts at the inpainted region boundaries

Fig. 13  Examples of pairs with high agreement rates
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The overall quality of the final outputs is largely influ-
enced by the performance of each pipeline’s compo-
nent: the selection of the source dataset, the adopted 
segmentation workflow, the prompt generation mecha-
nism, and the inpainting model. To better illustrate this 
characteristic, we considered the BtB dataset, including 
its Flickr30k, VISION, and FloreView subsets, as well 
as the OpenImages-100 dataset, obtained by using the 
same configuration for prompt generation and inpaint-
ing modules. Table  5 shows the percentage of remain-
ing images for BtB and OpenImages-100 datasets after 
applying the filtering criterion defined in Sect. 3.4, while 
Table  6 reports the corresponding average CLIP-S and 
MPS scores. As we can observe, OpenImages-100 is the 
dataset with the fewest filtered-out images and the high-
est average scores for both CLIP-S and MPS. This result 
strongly depends of the nature of the source dataset, as 
the prompt generation and the inpainting processes are 
the same across all datasets compared. Specifically, the 
authors of Open Images v7 dataset applied strict selec-
tion criteria to the images for segmentation annotation, 

retaining only the ones having well-defined label catego-
ries and excluding objects with complex shapes that are 
more challenging for neural networks to segment. They 
further discarded images with boxes smaller than 40× 80 
or 80× 40 pixels, as well as those with blurry, dark bound-
aries or containing multiple objects. Consequently, the 
images equipped with segmentation masks belonging to 
Open Images v7, differs substantially from those originat-
ing BtB dataset, with a prevalence of simpler scenes with 
fewer subjects and refined masks, typically composed of 
a unique connected component, as shown in Fig. 14. In 
particular, restricting to OpenImages-100, the 84% of the 
images include only one connected component.

By contrast, BtB datasets are obtained starting from 
RD-SAM segmentation workflow, which exhibits a high 
proportion of masks with multiple connected compo-
nents, as shown in Table 1. This indicates a higher degree 
of fragmented masks, which are inherently more chal-
lenging to replace or represent with a single, well defined 
prompt compared to a single coherent object. Indeed, if 
we analyze the distribution of images with masks having 
a number of connected components greater than one in 
the BtB dataset, we find that only the 16% of those images 
fall within the top-right quadrant of Fig. 10, correspond-
ing to high-quality outputs according to our filtering 
criterion.

For this reason, it is preferable to choose a mask extrac-
tion workflow that yields a high rate of segmentation 
masks with a single connected component, such as SEEM 
and Florence-2, as this increases the likelihood of achiev-
ing higher-quality results in the final image generation 
process.

Regarding the prompt generation component, the 
choice of the VLM should be guided by its ability to 
produce responses that satisfy the defined constraints. 
Since prompt retrieval is an automated process, it is 
crucial to select a model that consistently adheres to 
the required template. As previously shown in Table  2, 
a suitable option might be InternVL3, which never pro-
duces responses in an incorrect format and generates 
excessively long outputs in only 2% of cases. Naturally, 
the selection also depends on the available hardware 

Table 5  Percentage of remaining images for BtB subsets and 
OpenImages-100 dataset after applying the filtering criterion on 
CLIP-S and MPS

BtB-
Flickr30k

BtB-
VISION

BtB-
FloreView

OpenImages-100

CLIP-S ≥ 
0.61
 & MPS ≥ 
2.86

0.13 0.22 0.17 0.37

Table 6  Average CLIP-S and MPS scores for images inpainted 
following the BtB pipeline [11]

BtB-
Flickr30k

BtB-
VISION

BtB-
FloreView

OpenImage-100

Avg 
CLIP-S

0.57 0.58 0.58 0.64

Avg MPS 0.05 0.75 0.15 2.10

Fig. 14  Real images and corresponding masks from Open Images v7 (top row) and Flickr30k (bottom row) datasets
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resources, as larger models typically require greater com-
putational capacity.

Finally, among all components, inpainting represents 
the most challenging step to evaluate. The quality of the 
final output depends not only on the chosen inpainting 
model but also on the region targeted for manipulation 
and the corresponding prompt. Although choosing a 
strong inpainting tool, such as BrushNet or Fooocus (see 
Table  3), is essential, this is not sufficient on its own to 
guarantee high-quality results.

5 � Conclusions
In this paper, we presented Beyond the Brush++, a fully 
automated and extensible pipeline designed to gener-
ate large-scale collections of realistic inpainted images. 
BtB++ improves the original BtB [11] by experiment-
ing with different models across the various components 
of the pipeline (mask extraction, prompt generation, and 
inpainting) and by introducing an additional automatic 
filtering module to discard and, if necessary, regener-
ate low-quality images. Specifically, for mask extraction, 
we implemented a segmentation workflow that can be 
replaced by a segmentation model in combination with 
other foundation models, or with all-in-one approach 
that generates masks directly from the input image. For 
prompt generation, we employed four different Visual 
Language Models to produce diverse and semantically 
coherent textual descriptions for each masked area. In the 
inpainting stage, we leveraged four distinct diffusion mod-
els to create high-quality manipulations. Finally, the auto-
matic filtering module evaluates each generated image 
using CLIPScore and Multi-dimensional Preference Scor-
ing (MPS), discarding or regenerating low-quality outputs 
to ensure the overall quality of the resulting dataset.

We demonstrated BtB++’s flexibility and modularity 
through comparisons of different models for each com-
ponent and showed that the pipeline can operate effec-
tively even when individual modules are disabled, such 
as when masks are already available.

The image-quality filter provides an effective tool 
to discard outputs where the inpainted region poorly 
aligns with the prompt or exhibits low overall quality. 
However, it focuses only on the inpainted area and thus 
it does not guarantee that the remaining images are the 
most realistic, as the consistency between the inpainted 
object and the surrounding scene is not explicitly con-
sidered. The human quality test revealed a partial 
alignment between participants’ judgments and the 
automatic filter, providing valuable insights into the dif-
ferences between human perception and current met-
ric-based evaluation, particularly regarding semantic 
coherence between the inpainted region and the sur-
rounding scene.

Future work could enhance this filtering strategy by 
incorporating measures of semantic and visual coher-
ence, ensuring that the generated regions integrate 
seamlessly with the rest of the scene. Additionally, 
extending the BtB++ pipeline to handle video inpaint-
ing would open new opportunities for creating large-
scale, high-quality datasets of temporally consistent 
manipulated content, which could be highly valuable 
for research in video forensics.
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