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Abstract

Consumer devices now ship with generative
image editing tools that can remove objects,
move subjects, and create new visual content
directly on phones, tablets, and laptops. Yet
current benchmarks largely miss this setting:
real on-device edits produced by black-box
consumer generative Al editing tools, with
variation across platforms, devices, edit op-
erations, and post-edit compression. We in-
troduce CONSUMERGENEDIT, a large-scale
multilingual benchmark for language-guided
localization of on-device generative image ed-
its. The dataset contains 4,000 royalty-free
source images and 48,000 manually edited im-
ages created on Apple, Google, and Samsung
devices, covering object removal, object move-
ment, and sketch-based object generation. To
study robustness under realistic sharing con-
ditions, we add 144,000 learned-compression
variants at three quality levels. Each example
includes platform, device, editing operation,
compression metadata, bounding-box annota-
tions, and edit descriptions in English, Bangla,
and Persian/Farsi generated with five vision-
language models (VLMs). We evaluate five sep-
arate benchmark VLMs on edit detection and
edit-operation classification. By focusing on
where and how consumer Al edits occur, rather
than only whether an image is synthetic, CON-
SUMERGENEDIT provides a practical testbed
for multilingual VLM grounding, image prove-
nance, and robust interpretation of Al-edited
media.

1 Introduction

Generative Al is rapidly becoming part of everyday
visual communication, as consumer devices now
allow users to create, modify, and reinterpret im-
ages through built-in Al editing tools (Bansal et al.,
2024). Systems such as Apple Intelligence (Li
et al., 2025a), Google Magic Editor (Alzayer et al.,
2025), and Samsung Galaxy Al (Choi et al., 2024)
enable users to remove objects, move subjects, and
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Figure 1: Examples of on-device generative image edit-
ing on iPhone 16 Pro and Samsung Galaxy S25 Ultra.
Each row shows an original image (left) and edited out-
puts for object removal, object movement, and sketch-
guided generation in standalone and cross-device set-
tings. The figure illustrates the benchmark setup for
VLM-based edit detection, edited-region localization,
and multilingual captioning. Bounding boxes are illus-
trative and not model outputs.

generate visual content directly from sketches on
personal devices (Figure 1). While these capabil-
ities expand creative expression and accessibility,
they also make image provenance harder to ver-
ify and create new challenges for visual misinfor-
mation analysis and trustworthy interpretation of

edited media (Li et al., 2025b).
This brings new challenges for vision-language

models (VLMs) and multimodal AI systems. A
useful model must do more than decide whether
an image is real or synthetic: it must localize ed-
its made by on-device generative tools, identify
what content changed, and infer the editing context,
including the platform, device family, operating
system, and edit operation. It must also remain re-
liable across languages and post-edit compression
settings. Prior work has studied synthetic image
detection (Baraldi et al., 2025), instruction-based
image editing and editing benchmarks (Meng et al.,
2022; Hertz et al., 2023; Kawar et al., 2023; Brooks
et al., 2023; Lee et al., 2023; Yang et al., 2025), and
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Figure 2: ConsumerGenEdit benchmark overview, covering source images, on-device consumer Al editing,
platform and device metadata, Learned Image Compression variants, multilingual captions generated by VLMs,
bounding-box annotations, and downstream VLM-based benchmark tasks. Q6, Q4, and Q2 correspond to approxi-
mately 0.83, 0.41, and 0.19 bpp and 35.7, 32.90, and 30 dB PSNR, respectively.

manipulation detection or localization (Ma et al.,
2024). However, these settings do not fully cap-
ture consumer on-device editing, where edits are
produced by black-box tools embedded in specific
device ecosystems. Existing benchmarks also pro-
vide limited support for multilingual edit under-
standing (Zhang et al., 2023; Sheynin et al., 2024;
Hui et al., 2025; Zhao et al., 2024; Schmidt et al.,
2025) and rarely evaluate robustness after post-edit
compression, despite compression being common
in real-world image sharing. These gaps motivate
a real-world, multilingual, and compression-aware
benchmark for localizing and attributing generative
image edits on consumer devices.

To address these gaps, we introduce CON-
SUMERGENEDIT, a multilingual benchmark for
language-guided localization of on-device gener-
ative image edits.Moving beyond the question of
edit detection, this benchmark evaluates whether
vision-language models can identify what changed,
where it changed, and how the edit was performed
across consumer platforms, including under real-
world compression and in the user’s native lan-
guage. The dataset contains 4,000 royalty-free
source images and 48,000 manually edited images
produced with consumer Al editing tools on Ap-
ple, Google, and Samsung devices. It includes
edits from iPhone, iPad, MacBook Pro, Pixel, and
Samsung Galaxy S25 Ultra, covering object re-
moval, object movement, and sketch-based ob-
ject generation. We further add 144,000 learned-
compression variants generated with a neural im-
age codec(Cheng et al., 2020) at three quality lev-
els to support compression-robust evaluation. For
each image, we provide platform and device meta-

data, edit-operation labels, compression metadata,
bounding-box annotations, and edit descriptions in
English, Bangla, and Persian/Farsi.

Our Contributions. We make the following con-
tributions as depicted in Figure 2: @ We introduce
CONSUMERGENEDIT, a multilingual benchmark
of manually edited images produced with on-device
consumer Al editing tools across Apple, Google,
and Samsung devices. ® The dataset contains im-
ages edited with different operations on different
consumer devices and operating systems, includ-
ing object removal, object movement, and sketch-
based object generation, enabling cross-platform,
cross-device, and cross-edit evaluation. ® We pro-
vide Learned Compression(technological precur-
sor to JPEG Al (Esenlik et al., 2026)) variants at
multiple quality levels to study how post-edit com-
pression affects edit detection, localization, and
VLM robustness. @ We provide English, Bangla,
and Persian/Farsi edit descriptions, generated by
five highly capable VLMs to support language-
guided edit localization across high-resource and
lower-resource language settings. ® We evaluate
five lightweight VLMs across zero-shot, few-shot,
negative-example, reasoning-based, and region-
aware prompting settings to test whether multilin-
gual captions distilled from larger VLMs improve
device-specific edit detection.

2 Related Work

Instruction-Based Generative Image Editing.
Diffusion-based editing methods provide the tech-
nical basis for many consumer Al editing tools.
SDEdit (Meng et al., 2022) introduced diffusion
priors for guided synthesis from user inputs, while
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Prompt-to-Prompt (Hertz et al., 2023) used cross-
attention manipulation for text-only edits without
spatial masks. Imagic (Kawar et al., 2023) enabled
complex non-rigid edits through text-embedding
optimization and diffusion fine-tuning, and Instruct-
Pix2Pix (Brooks et al., 2023) framed editing as
supervised instruction following with synthetic
image-instruction-edit triples. Consumer Al edit-
ing tools likely build on this line of work, but their
implementations remain opaque, motivating output-
based characterization of their edits.

Image Editing Benchmarks and Datasets. Sev-
eral benchmarks evaluate instruction-based image
editing. MagicBrush (Zhang et al., 2023) pro-
vides 10K manually annotated source-instruction-
target triples across single-turn, multi-turn, mask-
based, and mask-free edits. Emu Edit (Sheynin
et al., 2024) covers object addition/removal, back-
ground alteration, style transfer, and color or tex-
ture changes. HQ-Edit (Hui et al., 2025) scales to
roughly 200K edits using GPT-4V and DALL-E 3,
while UltraEdit (Zhao et al., 2024) expands to ap-
proximately 4M samples through LLM-generated
instructions, human curation, and real-image an-
choring. Existing benchmarks largely rely on re-
search models or automated pipelines, missing the
platform-specific artifacts, color handling, edit se-
mantics, and compression effects introduced by
consumer tools such as Apple Intelligence, Sam-
sung Galaxy Al, and Google’s Magic Editor.
Vision-Language Models for Image Understand-
ing. LLaVA (Liu et al., 2023) combines a CLIP-
based visual encoder with an instruction-tuned lan-
guage model, establishing a general-purpose vi-
sual assistant paradigm. Qwen-VL models (Wang
et al., 2024; Bai et al., 2025b) extend this direc-
tion with dynamic-resolution processing, struc-
tured localization, and multi-image support. Pix-
tral 12B (Agrawal et al., 2024) and InternVL (Chen
et al., 2024) further improve multimodal capabil-
ity through native multimodal training and scal-
able visual foundation models. However, VLM
performance varies across languages and cultural
contexts. CulturalVQA (Nayak et al., 2024) re-
veals regional and cultural disparities in frontier
VLMs, motivating multilingual evaluation in En-
glish, Bangla, and Persian/Farsi.

Image Manipulation and Forgery Detection. A
related line of work studies manipulation detec-
tion and localization. ManTra-Net (Wu et al.,
2019) learns generic manipulation traces through
self-supervised training over diverse manipulation

types. MVSS-Net (Dong et al., 2022) combines
edge-supervised and noise-sensitive branches for
semantic-agnostic localization. HiFi-Net (Guo
et al., 2023) uses hierarchical fine-grained fea-
tures to detect CNN-synthesized and edited images,
while TruFor (Guillaro et al., 2023) fuses RGB
and learned noise-fingerprint features with a trans-
former to produce localization maps and integrity
scores. Robustness to recompression during on-
line sharing has also been studied directly, with
detectors designed to remain effective after social-
network transmission (Wu et al., 2022).These meth-
ods often lack paired originals and focus on tradi-
tional manipulations, whereas consumer diffusion-
based edits can blend into surrounding content and
obscure forensic cues. Paired original and edited
data is therefore essential for reference-based anal-
ysis and for exposing failures missed in unpaired
settings.

Al-Generated Image and Edit Detection. An-
other line of work detects fully Al-generated im-
ages. Wang et al. (2020) showed that classifiers
trained on one GAN can generalize across gener-
ators with appropriate augmentation. Ojha et al.
(2023) found that frozen CLIP features with a lin-
ear probe improve cross-generator generalization,
while DIRE (Wang et al., 2023) uses diffusion re-
construction error as a discriminative signal. Gen-
Image (Zhu et al., 2023) provides a million-scale
benchmark across eight generators. Closer to lo-
cal editing, TGIF (Mareen et al., 2024) contains
approximately 75K text-guided inpainting forg-
eries, while COCO-Inpaint (Yan et al., 2025), Diff-
Seg30k (Ci et al., 2025), and DEAL-300K (Zhang
et al., 2025) extend diffusion-edit detection at dif-
ferent scales and supervision levels. Multimodal
misinformation work also studies image manip-
ulation in context: Akhtar et al. (2023) survey
manipulation, out-of-context, and veracity classi-
fication; 5Pils (Tonglet et al., 2024) frames the
task as image contextualization for fact-checking;
MiRAGeNews (Huang et al., 2024) provides real
and Al-generated news image-caption pairs; and
Zeng et al. (2024) show that synthetic data and
multimodal LLMs can support real-world fact-
checking. Despite this progress, consumer-grade
edits on real photographs remain underrepresented.
A platform-grouped paired image benchmark with
compression variants and multilingual descriptions
addresses an increasingly common yet vastly un-
derstudied form of visual manipulation.
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Dimension Coverage in CONSUMERGENEDIT

© Source Images and Scale
Image sources and coverage
Dataset scale

Caption scale

® Consumer Editing Coverage
Platforms and devices
Editing tools and settings
Edit operations
Original-edited pairs

® Compression and Annotation

4,000 royalty-free images from Pexels and Open Images Dataset V7, covering 32 visual categories
48,000 on-device Al-edited images and 144,000 Learned Compressed edited images
15 captions per edited image, generated by 5 VLMs across 3 languages

Apple, Samsung, and Google devices: iPhone, iPad, MacBook Pro, Galaxy S25 Ultra, and Pixel Pro

Apple Intelligence, Samsung Galaxy Al, and Google Magic Editor, with standalone and cross-device editing endpoints
Object removal, object movement, and sketch-based object generation

48,000 uncompressed original-edited image pairs

Compression codec and levels Learned image compression (Cheng et al., 2020); Q6: light compression, 0.83 BPP / 35.7 dB PSNR; Q4: moderate compression,
0.41 BPP/32.9 dB PSNR; Q2: heavy compression, 0.19 BPP / 30.0 dB PSNR

Compressed data
Languages and annotations

boxes
® Models and Benchmark Tasks

144,000 compressed pair instances and 144,000 compressed edited images
English, Bangla, and Persian/Farsi captions with edit descriptions, edit-operation labels, metadata, and edited-region bounding

Captioning VLMs and outputs LLaVA-OV 7B, Pixtral 12B, Phi-4-RV 15B, Gemma 3 27B, and Qwen3-VL 32B; each produces English, Bangla, and Persian/Farsi

captions per edited image
Detection VLMs and settings
Benchmark tasks

compression-robust localization

Qwen2.5-VL, InternVL-2B, Phi-3.5-V, Gemma 3 4B, and MiniCPM-V 4B, evaluated under zero-shot and few-shot prompting
Edit detection, edit-operation classification, multilingual localization, cross-platform and cross-device generalization, and

Table 1: Overview of CONSUMERGENEDIT. The dataset includes source images, standalone and cross-device edits
from consumer Al editing tools, Learned Compression variants, multilingual edit captions and benchmark tasks for

edit detection and localization.

3 Dataset Construction

CONSUMERGENEDIT evaluates consumer gener-
ative image editing across devices, compression
settings, and languages (Table 1). We construct
the dataset through six steps: (1) source image col-
lection, (2) standalone consumer editing, (3) cross-
device editing, (4) original-edited pair construc-
tion, (5) JPEG Al compressed image generation,
and (6) multilingual edit caption generation in En-
glish, Bangla, and Persian/Farsi. All edits are per-
formed manually through native interfaces on real
devices using Apple Intelligence, Samsung Galaxy
Al and Google Magic Editor, so the dataset reflects
practical on-device editing workflows rather than
API-based or fully automated editing pipelines.
The image editing process was conducted between
September 2025 and March 2026.

Source Images. The source contains 4,000 orig-
inal photographs, equally collected from Pex-
els.com (Pexels, 2026) and Open Images Dataset
V7 (Kuznetsova et al., 2020; Google, 2026). Im-
ages cover 32 consumer photography categories,
including natural scenes, urban environments, in-
door spaces, roads, beaches, mountains, flowers,
museums, landmarks, and travel locations. Each
source image is assigned a unique identifier linking
it to edited, compressed, and captioned variants for
systematic evaluation.

Standalone Consumer Editing. Each source im-
age is edited manually using consumer Al editing
tools on real devices, forming editing endpoints
across three consumer ecosystems and allow analy-
sis across platforms, devices, and edit operations.
Apple Intelligence is used on iPhone 16 Pro-Max,
iPad Pro 11, and MacBook for object removal.

Samsung Galaxy Al is used on a Galaxy S25 Ultra
for object removal, object movement, and sketch-
guided object generation. Google Magic Editor is
used on a Pixel Pro device for object removal.
Cross-Device Editing. In addition to standalone
edits, CONSUMERGENEDIT includes cross-device
editing workflows. In this setting, an image edited
on one device or platform is subsequently edited
again using another device or platform. This re-
flects realistic sharing behavior, where images may
move across ecosystems before publication or re-
distribution. The dataset includes five cross-device
endpoints, covering combinations of Apple, Sam-
sung, and Google editing tools. Together with the
seven standalone endpoints, the complete editing
layer contains 12 endpoints.

Pair Construction. Each edited image is paired
with its corresponding original image using the
preserved source identifier. This produces 48,000
original and edited image pairs which supports di-
rect comparison between the original image and its
edited counterpart for edit localization and caption
generation.

Learned Image Compression (JPEG AI). Con-
sumer images are often recompressed during up-
load, messaging, cloud synchronization, and shar-
ing, which can weaken visual traces of gener-
ative editing. To model this realistic degrada-
tion setting, we compress every edited image us-
ing Cheng2020-Anchor (Cheng et al., 2020), a
representative learned image codec implemented
in CompressAl (Bégaint et al., 2020). Learned
codecs are increasingly relevant to modern me-
dia pipelines, with neural image compression re-
cently standardized as JPEG Al (ISO/IEC 6048-
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1:2025) (Esenlik et al., 2026). We use three Com-
pressAl quality levels following Kodak benchmark
reporting: Q6 for light compression (~0.83 BPP,
35.7 dB PSNR), Q4 for moderate compression
(=0.41 BPP, 32.9 dB PSNR), and Q2 for heavy
compression (~0.19 BPP, 30.0 dB PSNR). This
produces 144,000 compressed edited images and
corresponding compressed pair instances.
Edit-Localization Caption Generation. Af-
ter constructing image pairs, we generate edit-
localization captions with five VLMs: LLaVA-OV
7B, Pixtral 12B, Phi-4-RV 15B, Gemma 3 27B,
and Qwen3-VL 32B (Li et al., 2024; Agrawal et al.,
2024; Aneja et al., 2026; Team et al., 2025; Bai
et al., 2025a). This is an edit-aware captioning task,
not generic image captioning. Given an original
image and its edited counterpart, each model is
prompted in a zero-shot setting (Figures 7 and 8) to
describe what changed and where it changed. The
output links the edited region to the corresponding
edit operation. We run the same procedure on un-
compressed pairs and on compressed pairs at Q6,
Q4, and Q2, allowing us to study how compres-
sion affects VLM edit understanding, including
specificity loss, region mislocalization, and edit-
operation errors.

Multilingual Captioning. We generate captions in
English, Bangla, and Persian/Farsi. Bangla and Per-
sian/Farsi are included because they use non-Latin
scripts, have large speaker populations, and remain
underrepresented in many vision-language bench-
marks. For each language, the same five VLMs
caption the same original-edited pairs under the
same zero-shot paired-image prompt. The prompt
specifies the target language and asks the model
to compare the two images, identify the changed
region, and describe the edit in that language. This
keeps the image pairs, compression settings, and
task definition fixed across languages, enabling di-
rect comparison of VLM behavior across English,
Bangla, and Persian/Farsi.

Benchmark Scope. Overall, CONSUMER-
GENEDIT supports evaluation along four axes: edit
localization in consumer Al-edited images, robust-
ness under JPEG Al compression, multilingual edit
understanding, and cross-device editing behavior.
By combining real-device edits, cross-device work-
flows, bitrate-controlled compression, and multi-
lingual captions, the dataset provides a compact
benchmark for analyzing how VLMs understand
consumer generative edits under realistic visual and
linguistic conditions.

4 Experiment Setup

All experiments were run on a server with one
NVIDIA A100 GPU with 80GB VRAM, one
NVIDIA A6000 GPU with 48GB VRAM, and an
Intel Xeon CPU. The full pipeline required approx-

imately 500 GPU-hours.
Captioning Vision-Language Models (VLMs).

We evaluate five recent open-weight VLMs
on the edit-description tasks: Qwen3-VL 32B,
Gemma 3 27B, Phi-4-RV 15B, Pixtral 12B, and
LLaVA-OneVision 7B. Each model receives the
prompt template in Figure 7 (Appendix A.1.1) and
generates a JSON object containing a free-text
caption, a primary edit_type from a 13-token
vocabulary, and a confidence value. We generate
captions in English, Bangla, and Farsi. Decoding
uses temperature 0.1, with retries at 0.3 and 0.5
when needed.

Benchmark VLMs. We evaluate five smaller
VLMs under zero-shot and few-shot settings (Ap-
pendix A.1.3): Qwen2.5-VL, InternVL-2B, Phi 3.5
V, Gemma 3 4B, and MiniCPM-V 4B. The tasks
cover binary edit detection, primary edit-type clas-
sification, and edited-region localization. In the
zero-shot setting, models receive only the test im-
age and task query. In the few-shot settings, the
prompt includes demonstration examples before
the test query, with separate configurations for pos-

itive edit pairs and positive-plus-negative examples.
Evaluation Metrics. Captioning quality is eval-

uvated against uncompressed-input captions us-
ing BERTScore F1 (Zhang et al., 2020) and
CIDEr (Vedantam et al., 2015) for textual fidelity,
CLIPScore drift (Hessel et al., 2021) for visual
grounding, and length ratio for verbosity shift.
CLIPScore drift is computed as the difference be-
tween uncompressed- and compressed-input CLIP-
Scores, with values near zero indicating preserved
grounding. We use language-specific backbones:
English uses RoBERTa-large (Liu et al., 2019)
and ViT-L/14 CLIP (Radford et al., 2021), while
Bangla and Farsi use XLM-RoBERTa-1arge (Con-
neau et al., 2020) and multilingual CLIP (Carlsson
et al., 2022). Cross-lingual agreement measures
Bangla/Farsi consistency with English on the pri-
mary edit type, and cross-model agreement is mea-
sured using Fleiss’ x (Fleiss, 1971). Caption faith-
fulness is assessed in English using NLI-based con-
tradiction probability, entailment asymmetry, and
strict hallucination rate (He et al., 2021). Bench-
mark tasks report balanced accuracy and positive-
prediction rate for binary edit detection.

37760



| Pairwise agreement with model (%) |

Per-model summary

Model | Qwen3 Gemma Phi-4 Pixtral LLaVA | Mean vs. Maj LOO-x
Qwen3-VL 32B 100.0 55.0 58.2 65.6 60.6 59.9 69.2 0.201
Gemma 3 27B 55.0 100.0 44.0 54.1 50.4 50.9 56.4 0.271
Phi-4-RV 15B 58.2 44.0 100.0 58.6 57.3 54.5 60.1 0.239
Pixtral 12B 65.6 54.1 58.6 100.0 61.3 59.9 69.0 0.202
LLaVA-OV 7B 60.6 50.4 57.3 61.3 100.0 57.4 63.4 0.261

Table 2: Cross-VLM agreement on the primary edit_type label under the lightest compression tier. The left block
reports pairwise agreement, while the right block summarizes model-level agreement and leave-one-out Fleiss’ &.

| Validity | Degeneracy

Model L | Val Deg | Rep D2 grip
bn | 987 1.3 | 0.19 0095 2.56

Quen3VL g | 996 0.4 | 0.28 0.94 1.90
Gemma3 DM | 1000 0.0 | 010 099 207
fa | 99.9 0.1 | 016 0.98 1.59

‘ bn | 97.0 3.0 | 020 093 2.32
PRARY | 984 16 | 0.25 0.94 1.61
Pixtral bn | 97.6 2.4 | 009 095 1.62
fa | 965 3.5 | 025 0.92 1.58

bn | 641 36.0 | 0.37 0.67 5.10

LLaVA-OV. g | 533 467 | 044 063 3.31

Table 3: Caption-quality diagnostics (uncom-

pressed): validity (Val/Deg) and degeneracy signals
(repeated-token fraction, distinct-2, gzip compressibil-
ity) (Welleck et al., 2020) (Holtzman et al., 2020)

5 Results and Evaluation

The results are organized into two parts. We
first analyze the captioning layer of CONSUMER-
GENEDIT, focusing on cross-VLM agreement,
multilingual caption quality, compression robust-
ness, platform-level effects, and NLI-based cap-
tion errors. We then evaluate smaller bench-
mark VLMs on edit detection under reference-free,
paired-image, zero-shot, and few-shot settings.

5.1 VLM Captioning Evaluation

Cross VLM Agreement. We measure cross-
model agreement by comparing the primary
edit_type assigned by five VLMs to the same
image pair. Full five-model agreement is limited,
while majority consensus is observed for most pairs.
This suggests that consumer edits often lead to a
dominant interpretation across models, but strict
unanimity remains difficult. Table 2 shows that
overall inter-VLM agreement is fair rather than
strong. The highest pairwise agreement is observed
between Qwen3-VL 32B and Pixtral 12B, followed
by Pixtral 12B with LLaVA-OV 7B, and Qwen3-
VL 32B with LLaVA-OV 7B. The weakest align-
ment occurs between Gemma 3 27B and Phi-4-
RV 15B. At the model level, Qwen3-VL 32B and
Pixtral 12B are the most consistent with the panel,
while Gemma 3 27B has the lowest mean agree-
ment and weakest agreement with the majority la-

bel. The leave-one-out x values further suggest
that Gemma 3 contributes the most disagreement
relative to the other models. Overall, consumer edit
categorization is partially consistent across VLMs
but remains model-dependent, which motivates re-
porting cross-VLM agreement rather than relying
on a single VLM as the only annotator.
Multilingual Caption Quality on Uncompressed
Edited Images. Table 3 reports caption-quality
diagnostics on uncompressed edited images. Most
models produce valid and diverse Bangla and Per-
sian/Farsi captions, with degeneration rates below
4.3%. LLaVA-OV 7B is the main exception, show-
ing substantially lower valid-output rates and de-
generation on roughly one-third to one-half of cap-
tions. The same pattern holds across Q2, Q4, and
Q6 (Fig. 3), suggesting a model-intrinsic failure
rather than a compression-induced effect
Captioning Robustness Under Learned JPEG
Al Image Compression. Figure 3 shows that
caption fidelity declines as compression increases
across English, Bangla, and Farsi. Because
BERTScore F1 and CIDEr decrease together, this
pattern reflects genuine caption drift rather than
metric-specific noise. The model ranking is also
stable across languages: Pixtral 12B preserves the
highest surface fidelity across compression levels,
while Qwen3-VL 32B shows the lowest overlap
scores. At the same time, visual grounding is less
affected than surface form. CLIPScore drift re-
mains small and approaches zero at lighter com-
pression levels, suggesting that neural recompres-
sion changes caption wording more than image-text
alignment. Caption length is also mostly stable, ex-
cept for LLaVA-OneVision 7B, which produces
longer captions under heavier compression, espe-
cially in Bangla and Farsi. Cross-lingual agreement
shows a complementary pattern: agreement with
English captions rises from roughly 27%-28% for
LLaVA-OneVision 7B to 71%-74% for Qwen3-
VL 32B, with Farsi consistently matching or ex-
ceeding Bangla. Thus,larger models show greater
cross-lingual consistency despite more paraphrastic
captions and lower BERTScore/CIDEr.
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Figure 3: Surface-form effects across English, Bangla, and Farsi. Top-Left: Caption Similarity using BERTScore
Drift. Top-Right: Visual Grounding with ClIPscore drift. Bottom-Left: CIDEr (n-gram overlap, compressed vs.
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caption agreement of studied VLMs in Multilingual setting.
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Figure 4: Per-platform BERTScore and CLIPScore drift (x10~2) by language, averaged across the five models.

(Top) BERTScore Drift (Bottom) Clipscore drift

Platform-Level Compression Effects. Figure 4
adds the platform-level view of compression ef-
fects. The heatmap shows that compression effects
are primarily quality-driven and largely device-
invariant. Both ABERTScore and CLIP drift move
toward zero from Q2 to Q6 across editing end-
points, while platform-specific differences remain
small. Neither the on-device editing tool nor the
cross-device transfer pipeline substantially changes
compression sensitivity. The largest degradation
occurs for Qwen3-VL in Bangla and Farsi at Q2,
consistent with the per-model ordering.

NLI-Based caption Error Analysis. To char-
acterize how captions describing and localizing
edits fail, an NLI-based error analysis has been per-
formed which can be observed in Fig. 5. This error
analysis is restricted to English only, owing to NLI

coverage constraints for Bangla and Persian. Fig. 5
further shows that heavier compression increases
contradiction probability, with Phi-4-RV showing
the largest spread. Entailment asymmetry remains
near zero for most models, while strict hallucina-
tion stays low and does not increase systematically.
Overall, compression mainly causes omission and
semantic drift rather than fabricated content.

5.2 Caption Correctness Against Human

References

The preceding analysis establishes that the five cap-
tioning VLMs agree with each other only partially
(Table 2) and that caption surface form drifts un-
der compression (Figure 3). Modest inter-model
agreement alone, however, does not reveal whether
any individual model is correct or not. To sepa-
rate correctness from consistency, model captions
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Figure 5: NLI-based error analysis across compression levels (English). (a) contradiction probability; (b) length-
adjusted caption asymmetry (architecture-dependent crossover); (c) strict hallucination
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Figure 6: Performance of lightweight VLMs on edit
detection on ConsumerGenEdit Dataset. (Top) Binary
Detection Accuracy (Bottom) Detection rate by Edit

type.

are evaluated against independently written human
references.

Protocol. A representative human evaluation was
conducted with four independent annotators over
1,500 original-edited image pairs, comprising 500
pairs each in English, Bangla, and Farsi. The pairs
were sampled across all platforms, edit types, and
compression tiers. For each pair, the edited ob-
ject and corresponding editing operation were in-
dependently identified by the annotators. Their
consensus was used as the perceptual reference for
evaluating model captions according to three crite-
ria: object correctness, which required the model
to identify the object identified by the annotators
using synonym-aware matching; operation correct-
ness, which required the corresponding edit type to
be identified, with generative fill following object
removal counted as removal; and full correctness,
which required both the object and operation to
be correctly identified. Agreement among annota-
tors, evaluated using the same criteria, was used
to estimate the perceptual ceiling of the task. Text-
similarity metrics such as BERTScore and CIDEr
were not used for model ranking, as they primarily

| Correctness vs. human ref. (%) | Summary
Model | Obj. Op. Full | % Ceil.
English ceiling 39.6, majority baseline 62.2
Gemma 3 27B 62.8 55.8 35.8 90.4
Qwen3-VL 32B 77.9 42.3 32.7 82.5
LLaVA-OV 7B 55.6 49.9 28.0 70.7
Pixtral 12B 44.2 57.3 27.8 70.2
Phi-4-RV 15B 67.1 34.6 23.3 58.8
Bangla ceiling 37.2, majority baseline 61.3
Qwen3-VL 32B 85.5 46.4 39.3 105.6
Gemma 3 27B 70.4 20.8 14.7 39.5
Phi-4-RV 15B 49.2 26.6 13.5 36.3
Pixtral 12B 40.7 15.5 7.1 19.1
LLaVA-OV 7B 13.1 4.2 0.4 1.1
Farsi ceiling 36.0, majority baseline 47.6
Qwen3-VL 32B 81.5 43.1 35.9 99.7
Gemma 3 27B 66.9 30.0 21.8 60.6
Phi-4-RV 15B 42.7 35.3 17.5 48.6
Pixtral 12B 33.9 30.2 12.5 34.7
LLaVA-OV 7B 13.1 7.9 1.6 4.4

Table 4: Caption correctness against human references
(%). Obj.: model names the object the annotator iden-
tified; Op.: same edit type; Full: both; % Ceil.: fully
correct rate relative to the human agreement ceiling.
Each language band reports its ceiling and the majority-
class baseline (operation accuracy of always predicting
the most common edit type).

reflected caption length rather than edit fidelity on
this dataset, favoring concise captions (e.g., Pix-
tral 12B) despite lower object recall while penaliz-
ing more descriptive captions with stronger object
identification (e.g., Qwen3-VL 32B).

Table 4 shows that, across all three languages, no
model exceeds the majority-class baseline for oper-
ation accuracy. In other words, none of the models
identifies the editing operation more reliably than a
constant prediction. The fully correct rate reaches
at most 35.8% in English, 39.3% in Bangla, and
35.9% in Farsi. Qwen3-VL 32B and Phi-4-RV 15B
abstain by predicting "No significant change" on
15-37% of the pairs, while Gemma 3 27B and Pix-
tral 12B rarely abstain. Qwen3-VL achieves the
highest object identification accuracy in all three
languages, although it does not provide an answer
for roughly one third of the pairs. Gemma 3 27B
has the highest aggregate correctness in English,
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| Fully correct (%) | Significance
Model | Uncomp. Comp. | A (pp) p-value
Gemma 3 27B 35.79 32.11 —3.68 0.04
Qwen3-VL 32B 32.72 29.65 —3.07 0.19
LLaVA-OV 7B 28.02 25.36 —2.66 0.07
Pixtral 12B 27.81 25.56 —2.25 0.08
Phi-4-RV 15B 23.31 24.74 +1.43 0.46

Table 5: Compression effect on caption correctness (En-
glish). A: change in fully correct rate; p: McNemar
exact test (McNemar, 1947).

largely because it consistently produces an answer.
In Bangla and Farsi, however, Qwen3-VL performs
substantially better than the other models and ap-
proaches the human agreement level, while LLaVA-
OV 7B performs poorly in both languages,consis-
tent with the pattern observed in Table 3.
Compression. Scoring the same image pairs
against the same human references under learned
image compression isolates the effect of compres-
sion from image difficulty (Table 5). Fully cor-
rect rates decrease for four of five models by 2-
4% points, with the largest drop at Q2 and lit-
tle change at Q6. The decrease is significant for
Gemma 3 27B (—3.68pp, McNemar p=0.04). For
Qwen3-VL, abstention increases from 34.8% to
41.1%, while object identification remains similar
(77.9% to 78.7%). Thus, the loss in full correct-
ness is mainly associated with more abstentions
rather than incorrect object identification. This re-
sult is consistent with the NLI-based analysis in
section 5.1, which also indicates that compression
primarily leads to caption omission.

5.3 Benchmarking VLMs for Edit Detection

Caption-Free and Caption-With Detection. Bi-
nary edit detection is evaluated across five
lightweight VLMs under paired and reference-free
settings, with performance shaped by both model
capacity and access to the original image (Figure 6,
top). In the reference-free setting, model perfor-
mance remains close to the 50% random baseline,
indicating limited ability to detect edits from the
edited image alone. Providing the original image as
a reference is therefore the strongest factor improv-
ing detection, although this benefit is concentrated
among higher-capacity models. In the zero-shot
paired setting, Qwen2.5-VL and Phi-3.5-V show
comparatively stronger performance level while
Gemma 3 performs modestly beyond the random
baseline, whereas InternVL-2B and MiniCPM-V4
remain baseline-level across settings.

Few-Shot Prompting Effects. Few-shot with ref-
erence edit description demonstrations do not pro-

vide a consistent corrective, it improves Gemma 3
only marginally, but reduce performance for
Qwen2.5-VL and Phi-3.5-V, suggesting that ad-
ditional exemplar context can introduce confusion

rather than improve discrimination.
Prediction Bias in Low-Performing Models.

The edit-type breakdown first reveals a clear pre-
diction bias (Figure 6, bottom). InternVL-2B and
MiniCPM-V4 produce uniformly high detection
rates (0.81-0.98) with little variation across edit
types. This reflects an always-positive bias rather
than reliable edit discrimination, consistent with

their near-random performance.
Operation-Level Detection Difficulty. Among

the models that show meaningful discrimination,
namely Gemma 3, Phi-3.5-V, and Qwen2.5-VL,
edit operations differ in difficulty. Sketch-based
edits are the most detectable, removal edits are the
least detectable, and addition edits fall between the
two. This ordering reflects the visual evidence left
by each operation: sketch edits introduce conspicu-
ous synthetic strokes, whereas removal edits often
require the model to infer an absence rather than
recognize an added artifact. Overall, binary edit
detection remains challenging for lightweight open-
weight VLMs, motivating fine-tuning and support-
ing captioning as a more tractable evaluation axis.

6 Conclusion
In this paper, we introduce a large-scale benchmark

for evaluating how VLMs interpret images edited
with consumer on-device generative Al tools across
detection, localization, and multilingual captioning
tasks. We study object removal, object movement,
and sketch-guided object generation across ma-
jor device categories and ecosystems. The bench-
mark includes learned compressed images to assess
robustness under realistic degradation conditions
such as social media sharing and cross-platform
transmission. It also provides VLM-generated edit
descriptions in English, Bangla, and Farsi, cov-
ering both resource-rich and resource-constrained
language settings. For benchmarking, we evaluate
VLMs under zero-shot and few-shot settings across
edit detection, edit-type classification, localization,
and captioning-based analysis. Our findings show
a clear gap between the rapid adoption of consumer
generative editing tools and the robustness of cur-
rent VLM-based auditing pipelines. By combining
edit-level labels, localization, caption robustness,
cross-language agreement, and compression sensi-
tivity, the benchmark enables evaluation of VLMs
beyond English-only and uncompressed inputs.
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7 Limitations

This work has several limitations. First, our lan-
guage coverage is limited. We include English as
a resource-rich language and Bangla and Farsi as
resource-constrained languages, which provides a
useful setting for cross-language evaluation. How-
ever, these three languages do not capture the full
diversity of languages, scripts, visual description
practices, and cultural contexts that may affect mul-
tilingual image editing and captioning.

Second, our model coverage is necessarily lim-
ited. We evaluate five VLMs for caption generation
and five VLMs for benchmark tasks. Although this
allows us to compare multiple model families and
sizes, the findings may not generalize to all cur-
rent or future vision-language models, especially
closed-source systems whose preprocessing, safety
filters, and model updates are not publicly docu-
mented.

Third, our image sources do not fully cover real-
world visual diversity. In particular, we do not ex-
plicitly evaluate culturally diverse image contexts
or face-centered editing scenarios. This limits our
ability to draw conclusions about how the evaluated
systems behave on images involving culturally spe-
cific objects, scenes, identities, or sensitive human
attributes.

Fourth, our compression analysis uses algorith-
mically applied compression levels rather than
compression produced by real-world applications.
While this controlled setup helps isolate the effect
of compression severity, it does not capture the
full behavior of social media platforms, messaging
applications, cloud storage services, or repeated
upload-download workflows that may resize, re-
compress, or otherwise transform images.

Fifth, our cross-device editing pipelines repre-
sent only a subset of possible user workflows. Real
users may edit images across multiple devices,
applications, file formats, and sharing platforms,
sometimes with several rounds of saving, upload-
ing, screenshotting, and recompression. These
more complex workflows may introduce additional
artifacts or failures not captured in our benchmark.

Sixth, our NLI-based error analysis is limited
to English because the NLI tool used in our analy-
sis does not support Bangla and Farsi. Therefore,
we could not apply the same error categorization
to these languages, and the reported NLI analysis
should be interpreted as an English-only diagnos-
tic.

Seventh, the captioning analysis is currently lim-
ited to a completed subset of the benchmark: 2,000
original source images, 24,000 edited images, and
72,000 learned compression edited images. Thus,
captioning results should be interpreted as subset-
level evidence rather than as complete coverage of
the full benchmark.

Finally, the results are platform- and time-
dependent. Both consumer Al editing tools and
VLMs evolve rapidly through model updates, inter-
face changes, and backend preprocessing changes.
Therefore, our findings should be interpreted as
a snapshot of the evaluated systems at the time
of data collection rather than as permanent claims
about these platforms.

8 Ethical Considerations

Image sources and licensing. All source images
are collected from royalty-free or openly licensed
sources, including Pexels and Open Images Dataset
V7. We use these sources because they provide
redistribution-friendly images and help avoiding
copyright risk in dataset construction.

Dataset release. Because the edited images are
produced using proprietary consumer Al editing
tools, the release of edited or compressed images
will follow the terms of the corresponding plat-
forms and source-image licenses. When direct re-
distribution is restricted, we will release derived re-
sources, including image identifiers, platform and
device metadata, edit-operation labels, compres-
sion settings, captions, bounding-box annotations,
evaluation splits, and reproduction scripts where
permitted.

Sensitive content and representation. At this
stage, the dataset is not designed to study iden-
tity, culture, race, gender, or facial attributes. We
avoid making demographic or cultural claims from
the images and do not use the benchmark for
facial recognition, identity inference, or demo-
graphic classification. This limits some fairness
and cultural-bias analysis, but it also reduces the
risk of unsupported claims about people depicted
in the images.

Annotation reliability. The dataset fields come
from three sources. Edit operations, platform, and
device metadata are recorded during the human
editing process. Edited-region hints are generated
using pixel differences and are provided only as
auxiliary localization signals, not as ground truth.
Edit captions and edit_type labels are generated
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by VLMs and may include localization errors, in-
accurate descriptions, or language-specific incon-
sistencies. To address this limitation, a 1,500-pair
subset includes independently authored human ref-
erence captions §5.2, which provide verified refer-
ences for evaluation and an estimate of the percep-
tual correctness ceiling.

Dual-use risk. The dataset concerns Al-edited
images and therefore has potential dual-use impli-
cations. While the intended use is to support edit
detection, localization, provenance analysis, and
robustness evaluation, similar resources could be
misused to study how edits evade detection. We
frame the benchmark around detection, localiza-
tion, and responsible interpretation of consumer Al
edits rather than improving deceptive editing.

Use of generative Al in writing. During paper
preparation, we used generative Al tools for lim-
ited writing assistance, including grammar correc-
tion, short-form phrasing support, polishing, and
formatting. All technical claims, experimental de-
sign decisions, results, and interpretations were
reviewed and finalized by the authors.
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A Appendix

A.1 Prompt Templates

This appendix lists the exact prompts used to elicit
edit descriptions from the eight evaluated vision-
language models (Section 4). All models receive
the same template, populated at runtime with four
variables: the editing platform, an edit-type prior
derived from that platform, the pixel-diff region
summary, and the target output language. We use
temperature 0.1 for the first attempt with two retries
at 0.3 and 0.5; max_new_tokens=512; for Ollama
deployments num_ctx=8192.

A.1.1 Edit Description Prompt

Figure 7 shows the prompt template used to gen-
erate edit descriptions. Curly-brace tokens (e.g.
{platform_info}) are runtime fillers; their pos-
sible values are listed in Table 6. The trailing
/no_think token is a Qwen3-family soft switch
that suppresses chain-of-thought emission; other
models (Qwen2.5-VL, MiniCPM-V, Pixtral, In-
ternVL, Gemma, Phi-4-RV, LLaVA) ignore it harm-
lessly.

A.1.2 Reduced-Schema Variant for
LLaVA-OneVision

LLaVA-OneVision 7B is the smallest model in our
evaluation suite. In preliminary testing it produced
inconsistent outputs when given the full three-field
schema in Figure 7: roughly one in five responses
either omitted the confidence field, emitted it as
free text rather than one of the three allowed tokens,
or broke the JSON structure entirely. To keep the
comparison meaningful rather than dominated by
parse failures, we use a reduced two-field schema
(caption and edit_type, without confidence)
for this model alone, shown in Figure 8. The edit-
type vocabulary is also reduced from thirteen to
twelve tokens by dropping the residual other label,
which LLaVA-OneVision overused as a default.

All seven other models (Qwen3-VL 32B, Pix-
tral 12B, Gemma 3 27B, MiniCPM-V 4.5, Phi-
4-RV 15B ) use the main prompt in Figure 7.
When reporting cross-model comparisons in Sec-
tion 4, we evaluate the caption and edit_type
fields, which are common to both prompts; the
confidence field is reported only for the seven
models that produce it.

Table 6: Runtime fillers in the prompt template (Fig-
ure 7).

Filler Possible values

{platform_info} Apple: “The edit was performed using:
Apple Intelligence (Clean Up / Rewrite
tools on i0S/macOS).”

Galaxy: “The edit was performed using:
Samsung Galaxy Al (Generative Edit / Ob-
ject Eraser).”

Pixel: “The edit was performed using:
Google Pixel (Magic Eraser / Magic Edi-
tor / Best Take).”

{tool_priors} Soft hints inferred from the platform
name. For Clean Up / Eraser tools:
“Note: this tool typically performs
object_removal or generative_fill.” For
Magic Editor / Generative Edit: a wider
set including object_replacement,
background_change, sky_replacement.
For Best Take: face_edit.

{bbox_info} One of three forms, derived from OpenCV
pixel differencing:

(1) “Pixel analysis found N edited re-
gion(s) in this W x H image:” followed
by per-region lines specifying vertical and
horizontal position (top/middle/bottom x
left/center/right), area as a percentage of
the image, and pixel coordinates;

(ii) for global edits: “This appears to be a
GLOBAL edit — p% of pixels changed.”;
(iii) for null diffs: “Pixel analysis found
no clear edited region.”

{lang_label}  English, or Bangla (JIS), or Farsi

(B yucy D — the target output language for
the caption field. Native-script glosses
are included to anchor the model in the
requested script.

A.1.3 Binary Edit-Detection Prompt
(Ablation Study)

In addition to the open-ended description prompt
above, we run a second-track binary classification
ablation in which a VLM is asked to label a single
image as either Edited or Original. This ablation
spans five models (Qwen2.5-VL, Gemma 3 4b, In-
tern VL-2B, MiniCPM-V4 4B, Phi-3.5V) and three
shot-stack configurations (zero-shot, few-shot with
positive pair shots only, and few-shot with positive
pair shots plus negative shots). To isolate the ef-
fect of the shot stack, all five models receive the
same neutral system prompt and the same query
text; the only variable across the three modes is the
demonstration stack that precedes the query.

Figure 9 shows the four text components used to
construct the conversation: a system prompt that
defines the task, a query text appended to the test
image, and two demonstration texts that label few-
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shot examples as edited pairs or as clean negatives.

Answer parsing. VLM outputs to this prompt
are converted to one of {Edited, Original, None}
by a tolerant parser. The parser first tries the
cleaned leading token against two vocabular-
ies (edited, manipulated, altered, modified,
fake for Edited; original, real, authentic,
unedited, genuine, unmodified, untouched for
Original). If neither matches, it scans the first sen-
tence for positive markers while excluding negation
patterns (“not edited”, “no signs of editing”). As a
last fallback, bare yes/no responses are mapped to
Edited/Original respectively. Outputs that match
none of these patterns are recorded as None and ex-
cluded from accuracy/precision/recall but counted
in the per-model failure rate.

A.1.4 Output Parsing and Failure Handling

We parse responses with a three-stage extractor: (1)
strip <think>...</think> blocks and Markdown
fences; (2) attempt json.loads on the cleaned
string; (3) on failure, fall back to a greedy regex for
the outermost {. . . } block. If all three fail, the ex-
ample is retried with a higher temperature (0.3 on
the first retry, 0.5 on the second). After three fail-
ures the response is logged as [Empty response]
/ error and excluded from caption-quality met-
rics but still counted in the per-model failure rate
reported in Section 4.

A.1.5 Edit-Type Vocabulary Rationale

The thirteen-token edit_type vocabulary was
chosen to cover the editing operations exposed
by the three consumer platforms in our study,
plus a residual other class and an explicit none
option for the no-edit case. object_removal
and generative_fill cover the dominant Ap-
ple Clean Up / Pixel Magic Eraser operations;
object_replacement, background_change, and
sky_replacement cover the more aggressive
Magic Editor and Galaxy Generative Edit
operations; face_edit captures Pixel Best
Take; color_adjustment, style_transfer, and
enhancement capture global tone- and filter-style
edits; text_edit covers caption or sign rewriting
on the small fraction of images containing text. The
vocabulary is held in English (rather than trans-
lated) so that label distributions remain directly
comparable across the English, Bangla, and Farsi
caption settings.

| Error rate (%)

Quality | Deletion Spurious Loc. shift
Q2 (heavy) 4.42 3.63 1.21
Q4 2.90 1.73 0.71
Q6 (light) 2.04 1.21 0.44

Table 7: Pixel-level edit-localization errors under
Cheng2020-anchor compression. Deletion: reference
box unmatched at IoU > 0.5; Spurious: compressed
box with maximum IoU < 0.1; Loc. shift: match with
ToU € [0.1,0.5). Per-model variation is below 0.1 per-
centage points.

B Pixel-Level Edit-Localization Errors
Under Compression

The captioning pipeline first localizes edited re-
gions using an OpenCV-based pixel-difference
stage. We evaluate errors at this stage separately
from the VLM results in §5.1.

Method. Bounding boxes from the uncom-
pressed pairs are used as references and matched
to boxes from the corresponding compressed pairs
using the Hungarian algorithm over the IoU matrix
(Kuhn, 1955). A deletion is a reference box with no
match at IoU > 0.5; a spurious detection is a com-
pressed box with maximum IoU < 0.1 against any
reference box; and a localization shift is a match
with IoU € [0.1,0.5). Deletion and shift rates
are normalized by the number of reference boxes,
while spurious-detection rates are normalized by
the number of compressed boxes.

Results. All error rates increase with compres-
sion strength (Table 7). From Q6 to Q2, deletions
increase from 2.04% to 4.42%, spurious detections
from 1.21% to 3.63%, and localization shifts from
0.44% to 1.21%. Per-model variation is below
0.1 percentage points, indicating that these errors
arise primarily from the localization stage. Despite
the increase, absolute error rates remain low, sup-
porting the reliability of the pixel-difference stage
under compression.

B.1 Examples of Original and Edited Images

Table 9, 10, 11, 12, 13 show the set of sample im-
ages from our dataset, showcasing both the original
photos and their edited versions generated using
Apple Intelligence tools on three different devices:
iPad, iPhone, and MacBook.
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Prompt: Edit Description (template)

You are an expert visual diff analyst. You will receive
<~ two images:

- IMAGE 1: the ORIGINAL unedited photo.

- IMAGE 2: the EDITED version, modified by a smartphone AI
— tool.

{platform_info}{tool_priors}

{bbox_info}

# Task

Identify what changed in IMAGE 2 relative to IMAGE 1. Use
< the pixel-diff

regions above as a hint about WHERE to look, but verify
< visually pixel diff

can be noisy (alignment artifacts, JPEG re-encoding) and
< can also miss subtle

semantic edits.

# Output

Respond with a single JSON object and nothing else. No
< markdown fences, no

preamble, no explanation outside the JSON.

{

"caption”: "<one to three sentences, written in
< {lang_label}, describing

concretely what changed>",
"edit_type": "<one or more values from the English
< vocabulary below,

comma-separated>",

"confidence”: "<high | medium | low>"

}

# edit_type vocabulary (use these English tokens exactly,
< do not translate)

object_removal, object_addition, object_replacement,

< background_change,

color_adjustment, style_transfer, face_edit, text_edit,
< generative_fill,

enhancement, sky_replacement, none, other

# Rules
- The caption value MUST be written in {lang_label}. The
< JSON keys and the
edit_type values MUST stay in English exactly as listed
— above.

- Be concrete: name objects, colors, and positions (e.g.
< bottom-left, behind

the person). Avoid vague phrasing.
- If multiple edits exist, describe each, ordered by
< visual prominence

(largest or most noticeable first).
- Maximum 3 sentences. Stay grounded in what is actually
< visible.
- If IMAGE 2 looks identical to IMAGE 1, set edit_type to
< "none", set

confidence to "high”, and write a caption (in

< {lang_label}) stating that

no visible edit was found.
- If you are uncertain whether a region truly changed, set
< confidence to

"low” and reflect that uncertainty in the caption.
- Do not describe IMAGE 1 in isolation. The caption is
< about THE DIFFERENCE

between the two images.
- Do not speculate about how the edit was made or the
< editor's intent only

describe what changed.

Output the JSON now. /no_think

Figure 7: Prompt template used to elicit edit descrip-
tions from all eight evaluated VLMs. Curly-brace to-
kens are runtime fillers (see Table 6). The same template
is reused across English, Bangla, and Farsi by changing
only {lang_label}; the JSON keys and the edit-type
vocabulary remain in English so that outputs are directly
comparable across languages.

Prompt: Edit Description (LLaVA-OneVision variant)

You are looking at two images. IMAGE 1 is the original
< photo.
IMAGE 2 is an Al-edited version.

{region_section}
{platform_hint}

Compare IMAGE 2 to IMAGE 1 and identify what specifically
< changed in

IMAGE 2 relative to IMAGE 1. Be concrete: name objects,
< locations

(top/middle/bottom, left/center/right), and the nature of
< the change.

Respond ONLY with valid JSON in this exact format:

{
"caption”: "<2-4 sentences describing what changed, what
< was
added/removed/altered, and where>",

"edit_type": "<one or more of: object_removal,

< object_addition,
object_replacement, generative_fill,
— sky_replacement,

background_change, face_edit, text_edit,
color_adjustment, style_transfer,

< enhancement, none,

comma-separated>"

}

Use 'none' for edit_type only if IMAGE 2 appears truly
< identical to

IMAGE 1. Otherwise pick the most specific edit_type(s)
— that apply.
Multiple labels are allowed (comma-separated).

Output the JSON object and nothing else. Do not add
<— commentary,
headers, or markdown fences. Respond in {target_language}

Figure 8: Reduced-schema prompt used only for
LLaVA-OneVision 7B. Compared to Figure 7, this
variant (i) omits the confidence field, (ii) drops the
other edit-type label, (iii) omits the tool-specific
edit-type priors, and (iv) omits the Qwen-specific
/no_think directive. The fillers {region_section}
and {platform_hint} carry the same content as
{bbox_info} and {platform_info}{tool_priors}
in Figure 7, modulo the dropped tool priors.
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Prompt: Binary Edit Detection (ablation)

Instruction — reference-free modes (zeroshot_rf,
fewshot_rf)

You are inspecting a single photograph to
decide whether it has been digitally altered
by an AI photo-editing tool. An ALTERED photo
may contain removed or added objects,
Al-generated fill regions, or global tonal
changes (brightness, contrast, color,
sharpness) beyond a normal camera capture.
Look for inconsistencies in lighting, texture,
edges, repetition, or synthetically
smoothed/filled regions.

Instruction — pair modes (zeroshot_pair,
fewshot_pair)

You are comparing two photographs of the same
scene. The FIRST is the reference; decide
whether the SECOND has been digitally altered
relative to it. Examine both carefully and
focus on any region where the second differs
from the first — an added or removed object,
an AI-filled area, or a tonal/color shift. If
you find such a region, answer EDITED; if the
two show the same scene with no alteration,
ORIGINAL.

Answer cue (appended to every query; label order ran-
domized per item)

Answer with exactly one word, no explanation:
EDITED or ORIGINAL.

Few-shot demonstration prefix (fewshot_rf,
fewshot_pair)

You will learn what AI photo edits look like
from labeled example pairs (original first,
edited second). Each note names the region
that changed, so you learn where to look.
Some scenes are unedited.

[EXAMPLE 1 - addition] (original then edited)
Edit: (Gemma3-27B region caption, addition)
[EXAMPLE 2 - removal] (original then edited)
Edit: (Gemma3-27B region caption, removal)
[EXAMPLE 3 - sketch] (original then edited)
Edit: (Gemma3-27B region caption, sketch)
[EXAMPLE 4 - none] (original then the same
original)

Edit: none - the photo is unaltered.

The query image (single, or original+candidate) follows
the prefix; the answer cue is appended last.

Figure 9: Text components for the binary edit-detection
ablation: a single user turn (no system role); the in-
struction varies by reference mode, the answer cue is
constant with per-item label-order randomization, and
few-shot modes prepend three labeled exemplar pairs
(Gemma3-27B region captions) plus one constructed
unedited example. Thinking-mode models also receive
a /no_think tag.
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Pair 1

Platform: Apple iPad Category: Beach Consensus:

object_removal

Uncompressed

Q6_high

Q4_medium

Q2_low

Original
o o
s |
P
Edited
- . o
< a— & -
T
BN - ‘*‘ A -
The edited image shows minor
In the bottom-right area of the In the bottom-right area of the alterations in the sand texture in
In the bottom-right area of the . ) g . image, a small dark object the bottom-right and middle-right
. X image, a small dark object . .. .
image, a small dark object . .. resembling a pebble or debris in regions, where small dark specks
. . resembling a pebble or debris in . ; . L
resembling a pebble or debris has . the sand has been removed in or debris present in the original
the sand has been removed in X .
been removed from the sand. The X IMAGE 2. The surrounding sand ~ image have been removed,
Qwen3-VL 5 IMAGE 2. The surrounding sand . .
surrounding sand texture appears texture appears slichtly smoothed texture appears slightly smoothed  resulting in a smoother, more
slightly smoothed and filled in, PP g ¥ st and blended to match the rest of ~ uniform sand surface. These
X X X and filled in, consistent with P X .
consistent with generative fill. No X .. the beach, indicating a localized changes are subtle and localized,
o generative fill. No other visible P : ; q
other visible changes are present. fill. No other visible changes are  consistent with object removal or
changes are present. . .
present. generative fill to clean up small
imperfections.
A small dark object, possibly a A small dark object, possibly a
. . . . . Small dark spots were removed
piece of debris, was removed piece of debris, was removed A small dark object near the . :
. . . . X . from the sand in the bottom-right
from the sand in the bottom-right ~ from the sand in the bottom-right ~ bottom-right corner of the image . . .
. R and middle-right of the image.
Gemma3 corner of the image. The area now  corner of the image. The area now has been removed. The area now .
. These appear to be small pebbles
appears as smooth sand, appears as smooth sand, blends seamlessly with the . .
. . . . . . . or debris that were digitally
consistent with the surrounding consistent with the surrounding surrounding sand. erased
texture. texture. :
A small object or disturbance in A small object or disturbance in A small object or disturbance in Sl il erekimib e
. § . . sand were removed from the
Pixtral the bottom-right sand area was the bottom-right sand area was the sand at the bottom-right was . . .
middle-right and bottom-right
removed. removed. removed.
areas.
. . The image has been edited to
LRI be_en CHR D p The image has been edited to The image has been edited to remove a small object in the
remove a small pixelated area in . . . . .
. remove a small pixelated area in remove a small region of the bottom-right corner, which
the bottom-right corner. The rest . . .
. . the bottom-right corner. The rest  bottom-right corner, which appears to be a small rock or
LLaVA-OV  of the image remains unchanged, . . . .
. : . of the image remains unchanged,  appears to be a small object or pebble. The rest of the image
showing a sandy beach with . . . g . .
N . . showing a sandy beach with artifact that was present in the remains unchanged, showing a
footprints and the ocean in the ) P . .
waves and a clear sky. original image. sandy beach with waves in the
background under a clear sky.
background under a clear sky.
In the Al-edited image, two small
In the bottom-right corner of the ~ In the bottom-right corner of the  patches of sand in the
In the bottom-right corner of the ~ image, a small patch of sand has ~ image, a small patch of sand has  bottom-right and middle-right
image, a small dark spot has been  been removed, revealing a slightly ~ been removed, revealing a slightly  areas have been removed, leaving
Phi-4-RV removed, leaving the sand texture  darker, more uniform sandy darker, more uniform sandy behind slightly smoother, less

uninterrupted. The rest of the
beach scene remains unchanged.

texture beneath. The edit is subtle
and localized, affecting only a tiny
area of the beach scene.

texture beneath. The edit is subtle
and localized, affecting only a tiny
area of the beach scene.

textured sand. The overall scene
remains a beach with waves and
sky, but these minor edits subtly
alter the natural grain of the sand.

Figure 10: Pair 1: Apple iPad / Beach. Each column shows the actual input the VLMs received at that compression
level: row 1 is the original (before-edit) image, row 2 is the edited (after-edit) image, and rows 3—7 are the natural-
language descriptions each of the five VLMs emitted. Captions in a given column describe the images in the same
column. All five VLMs assigned object_removal as the primary edit_type in every condition (Table 8).
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Pair 2  Platform: Apple iPhone

Category: Building Consensus: object_removal

Uncompressed

Q6_high

Q4_medium

Q2_low

Original

Edited

\'w

\1\

‘lw

Qwen3-VL

Gemma3

Pixtral

LLaVA-OV

Phi-4-RV

In the bottom-left corner of the
image, a dark, partially obscured
object resembling a street sign or
pole has been removed. The area
is now filled with a seamless
continuation of the sky and
building reflections, blending with
the surrounding glass facade. The
edit creates a cleaner composition
by eliminating the foreground
obstruction.

A small portion of the building in
the bottom-left corner has been
removed. The area now appears to
blend with the surrounding sky
and building facade.

An object was removed from the
bottom-left corner of the image.

The image has been edited to
remove a small section of the
bottom-left corner, which appears
to be a part of a building or
structure. The removed area is
approximately 6.5% of the
image’s total area.

In the bottom-left corner of the
image, a small, dark object that
resembles a traffic cone has been
removed. The surrounding
pavement area now appears
uninterrupted and slightly
brighter, as if the object’s shadow
and presence have been digitally
erased.

In the bottom-left corner of
IMAGE 2, a dark, angular
structure resembling a building or
overhang has been removed,
leaving a cleaner view of the sky
and adjacent skyscraper. The area
now shows a continuation of the
blue sky and clouds, seamlessly
blending with the surrounding
architecture. This change is
consistent with object removal
and generative fill to reconstruct
the background.

A small portion of the sidewalk
and a person’s leg have been
removed from the bottom-left
corner of the image. The area is
now filled with a continuation of
the building’s facade and the
ground.

An object was removed from the
bottom-left corner of the image.

The image has been edited to
remove a small section of the
bottom-left corner, which appears
to be a part of a building or
structure that was not intended to
be in the frame.

In the bottom-left corner of the
image, a small, dark object that
resembles a traffic cone has been
removed. The surrounding
pavement area now appears
uninterrupted and slightly
brighter, as if the object’s shadow
has also been eliminated.

In the bottom-left corner of
IMAGE 2, a dark, angular
structure resembling a building or
architectural element has been
removed. The area now shows a
continuation of the sky and
clouds, seamlessly blending with
the surrounding glass facade
reflections. The rest of the image
remains unchanged.

A small portion of the bottom-left
corner of the image has been
removed. Specifically, a section of
the building and the sidewalk area
have been replaced with a
continuation of the sky and
adjacent building facade.

An object was removed from the
bottom-left corner of the image.

The image has been edited to
remove a small section of the
bottom-left corner, which appears
to be a small object or detail that

was not part of the original image.

The rest of the image remains
unchanged, showing a cityscape
with tall buildings and a clear sky.

In the bottom-left corner of the
image, a small, dark object that
resembles a traffic cone has been
removed. The surrounding
pavement area now appears
uninterrupted and slightly
brighter, as if the object’s shadow
has also been eliminated.

In the bottom-left region, a dark
vertical structure resembling a
pole or signpost has been
removed, leaving a cleaner view
of the sky and building facade. In
the middle-center region, a small
dark object, possibly a camera or
sensor, mounted on the building’s
edge has been removed, resulting
in a smoother architectural line.
Both edits appear to be object
removals using generative fill to
blend the background.

A small dark object was removed
from the bottom-left corner of the
image, near the base of the
building. Additionally, a small
dark spot on the middle building
has been filled in with the
surrounding blue sky reflection.

In IMAGE 2, there are slight
enhancements and adjustments in
the bottom-left and middle-center
regions, likely involving object
removal and color adjustments.

The image has been edited to
remove a small section of the
building on the left side, resulting
in a more seamless integration
with the surrounding architecture.

In the Al-edited image, a small
rectangular object that was
present in the bottom-left corner
of the original photo has been
removed. Additionally, a tiny
detail in the middle-center of the
image has been altered, likely to
smooth or clean up the scene.

Figure 11

: Pair 2: Apple iPhone / Building. Each column shows the actual input the VLMs received at that

compression level: row 1 is the original (before-edit) image, row 2 is the edited (after-edit) image, and rows 3-7 are
the natural-language descriptions each of the five VLMs emitted. Captions in a given column describe the images in
the same column. All five VLMs assigned object_removal as the primary edit_type in every condition (Table 8).
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Pair 3  Platform: Apple MacBook Category: Cappadocia

Consensus:

object_removal

Uncompressed

Q6_high

Q4_medium

Q2_low

Original
Edited
=
0
RN
In the top-center region of the In the top-center of the image, a
image, a hot air balloon with a In the top-center of the image, a In the top-center of the image, a hot air balloon with a blue and
blue and white striped pattern has  hot air balloon with a blue and hot air balloon with a blue and white striped pattern has been
been removed. The area where the ~ white striped pattern has been white striped pattern has been removed. The area where the
Qwen3-VL balloon was located now shows a  removed. The sky in that area now removed. The sky in that area now  balloon was located now shows
clear patch of sky, seamlessly appears smoother and more appears smoother and more only the sky and distant
blending with the surrounding uniform, with no visible balloon  uniform, with no visible balloon =~ mountains, with no visible
background. No other visible or its shadow, indicating a or its shadow, indicating a balloon or tether. The surrounding
changes are present in the rest of  clean-up of the object. clean-up of the object. balloons and landscape remain
the image. unchanged.
A hot air balloon near the A lsttatielltarmn rear i A hot air balloon near the A hot air balloon near the
. top-center of the image has been 5 q
top-center of the image has been top-center of the image has been  top-center of the image has been
removed. The area where the
Gemma3 removed. The area where the p 5 removed. The area where the removed. The area where the
A R balloon was is now filled with a A . . .
balloon was is now filled with the . . g p balloon was is now filled with the  balloon was is now filled with a
similar sky color, blending with R
sky color. sky color. similar sky color.
the background.
. A hot air balloon located at the A hot air balloon located at the A hot air balloon located at the
. An object was removed from the . . .
Pixtral . top-center of the image was top-center of the image was top-center of the image was
top-center of the image.
removed. removed. removed.
The image has been edited to The image has been edited to The image has been edited to The image has been edited to
remove a small region in the remove a small region in the remove a small region in the remove a small region in the
LLaVA-OV  top-center area, which appears to  top-center area, which appears to  top-center area, which appears to  top-center area, which appears to
be a small object or detail that was  be a small object or detail that was  be a small object or detail that was  be a small object or detail that was
not part of the original scene. not part of the original scene. not part of the original scene. not part of the original scene.
11.1 DEHERMTET, 6 §1I}gle I In the edited image, a single hot In the edited image, a single hot II} LESERRE ny, ] .su'lgle et
air balloon that was originally . L . . air balloon that was originally
o . air balloon that was originally air balloon that was originally o .
positioned in the top-center of the " g t th -~ in th ¢ positioned in the top-center of the
sky has been removed. The positioned in the top-center of the  positioned in the top-center of the sky has been removed, The
Phi-4-RV ) sky has been removed. The rest of  sky has been removed. The rest of )

surrounding balloons and
landscape remain unchanged,
creating a noticeable gap where
the balloon once floated.

the scene, including the landscape
and the remaining balloons,
remains unchanged.

the scene, including the landscape
and the remaining balloons,
remains unchanged.

surrounding balloons and
landscape remain unchanged,
creating a noticeable gap where
the balloon once floated.

Figure 12: Pair 3: Apple MacBook / Cappadocia. Each column shows the actual input the VLMs received at that
compression level: row 1 is the original (before-edit) image, row 2 is the edited (after-edit) image, and rows 3-7 are
the natural-language descriptions each of the five VLMs emitted. Captions in a given column describe the images in
the same column. All five VLMs assigned object_removal as the primary edit_type in every condition (Table 8).
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Pair 4 Platform: Galaxy Move

Category: Colorado

Consensus:

sky_replacement

Uncompressed

Q6_high

Q4_medium

Q2_low

Original

Edited

Qwen3-VL

Gemma3

Pixtral

LLaVA-OV

Phi-4-RV

The sky in the top-center region
has been replaced with a different
cloud formation, appearing more
diffuse and less vibrant than the
original fiery sunset. The
snow-capped mountains remain,
but the clouds above them are now
softer and less defined, with a
lighter, more uniform tone. The
rest of the image, including the
road, trees, and foreground, is
unchanged.

The sky has been dramatically
altered, with the original blue sky
replaced by a vibrant, fiery orange
and red sunset. The mountains in
the background appear more
pronounced and snow-covered
due to the new sky. The overall
scene has a warmer, more
dramatic color cast.

The top-center of the image has
been altered, with changes to the
sky and clouds.

The sky has been altered to have a
more uniform color, and the
clouds have been removed in
IMAGE 2 compared to IMAGE 1.

The sky in the upper portion of
the image has been replaced with
a different sunset scene, featuring
more clouds and a slightly
different color palette. The
mountains and landscape below
remain unchanged.

The sky in the top-center region
has been replaced with a lighter,
more uniform cloud layer,
removing the vibrant orange and
red sunset hues present in the
original. The snow-capped
mountains are now partially
obscured by this new cloud cover,
altering the overall lighting and
atmosphere. A small, faint white
mark near the top-left edge of the
image has also been removed.

The sky in the edited image has
been dramatically altered with a
vibrant orange and red color
scheme, replacing the more muted
tones of the original. Additionally,
a small portion of the trees on the
top left have been subtly altered,
though the exact nature of the
change is difficult to discern.

The sky in the top-center region
has been altered, showing more
vibrant and intense colors.

The sky has been altered to a
more uniform color, and the
overall image appears slightly
brighter and more saturated.

The sky in the upper portion of
the image has been replaced with
a more dramatic, fiery sunset. The
clouds and color gradients have
been altered to appear more
intense and vibrant, particularly in
the top-center and top-left regions.

The sky in the top-center region
has been replaced with a more
dramatic, cloud-filled sunset with
enhanced orange and red tones,
while the snow-capped mountains
remain visible but appear slightly
less defined. A small, dark,
irregular shape near the top-left
edge of the image has been
removed, leaving a smoother
transition between the sky and the
mountain ridge.

The sky has been dramatically
altered with a vibrant orange and
red color scheme, replacing the
original, more subdued sky.
Additionally, a small portion of
the trees on the top left have been
subtly altered, possibly to blend
with the new sky.

The sky in the top-center region
has been altered, showing more
vibrant and intense colors.

The sky has been altered to a
more uniform color, and the
overall image appears slightly
brighter and more saturated.

The sky in the upper portion of
the image has been replaced with
a more dramatic, fiery sunset. The
mountains in the background
appear slightly darker and more
pronounced against the new sky.

The sky in the top-center region
has been replaced with a more
uniform, less detailed orange and
red gradient, losing the intricate
cloud textures and subtle color
variations present in the original.
The snow-capped mountain peaks
appear slightly less defined and
more blended into the sky,
suggesting a generative fill that
smoothed the transition. The
overall lighting on the mountains
and trees below appears slightly
dimmer and less dynamic
compared to the original.

The sky in the edited image has
been dramatically altered to
feature a vibrant, fiery orange and
red sunset with more dramatic
cloud formations. The original
image had a much more subdued,
pale blue sky. This appears to be a
complete sky replacement.

The top-center portion of the
image has been altered, with
changes to the sky and clouds.

The sky has been altered to have a
more uniform color, and the
overall image has a slightly
different color tone, giving it a
more surreal appearance.

The sky in the second image has
been replaced with a more
dramatic, fiery sunset. The clouds
are more pronounced and the
colors are more intense, with
deeper oranges and reds. The
mountains and landscape below
remain unchanged.

Figure 13

: Pair 4: Galaxy Move / Colorado. Each column shows the actual input the VLMs received at that

compression level: row 1 is the original (before-edit) image, row 2 is the edited (after-edit) image, and rows 3-7 are
the natural-language descriptions each of the five VLMs emitted. Captions in a given column describe the images in
the same column. All five VLMs assigned sky_replacement as the primary edit_type in every condition (Table 8).

37777



Pair 5 Platform: Galaxy Remove

Category: Airport Consensus:

object_removal

Uncompressed

Q6_high

Q4_medium

Q2_low

Original

Edited

1
A e

(S

|

-

Qwen3-VL

Gemma3

Pixtral

LLaVA-OV

Phi-4-RV

The two gray suitcases in the
bottom-center of the image have
been removed in IMAGE 2. The
area where the suitcases were is
now filled with the airport floor
and background, seamlessly
blending with the surrounding
environment. The rest of the
scene, including the seating,
windows, and airplane view,
remains unchanged.

A person was removed from the
bottom-center of the image, near
the seating area. The space where
the person stood is now empty
floor space.

A suitcase was removed from the
bottom-center of the image.

The image has been edited to
remove the luggage in the
foreground. The chairs and the
background remain unchanged.

The two suitcases in the
foreground of the airport terminal
have been removed in the edited
image. The chairs and the
airplane in the background remain
unchanged.

The two gray suitcases in the
bottom-center of the image have
been removed in IMAGE 2. The
area where the suitcases were is
now filled with the airport floor
and background, seamlessly
blending with the surrounding
environment. The rest of the
scene, including the seating,
windows, and airplane view,
remains unchanged.

A person has been removed from
the bottom-center of the image,
near the seating area. The space
where the person stood is now
filled with the floor pattern,
suggesting a generative fill
operation.

A suitcase was removed from the
bottom-center of the image.

The image has been edited to
remove the luggage in the
foreground. The chairs and the
background remain unchanged.

The two suitcases in the
foreground have been removed.
The floor area where they once
stood is now empty, and the
seating area appears slightly more
open.

The silver suitcase with an
extended handle in the
bottom-center of the image has
been removed in IMAGE 2. The
area where the suitcase was
located is now filled with the
airport floor and background,
seamlessly blending with the
surrounding environment. No
other visible changes are present.

A person has been removed from
the seating area in the center of
the image. The space where the
person was sitting is now empty.

A suitcase was removed from the
bottom-center of the image.

The image has been edited to
remove the luggage in the
foreground. The chairs and the
background remain unchanged.

The two suitcases in the
foreground of the airport terminal
have been removed in the edited
image. The chairs and the
airplane in the background remain
unchanged.

The two gray suitcases in the
bottom-center of the image have
been removed in IMAGE 2. The
area where the suitcases were is
now filled with the airport floor
and background, seamlessly
blending with the surrounding
environment. The rest of the
scene, including the seating,
windows, and airplane view,
remains unchanged.

A person has been removed from
the bottom-center of the image,
near the luggage. The space
where the person was standing is
now empty floor. The Al tool
appears to have filled in the area
with the surrounding floor texture.

A suitcase was removed from the
bottom-center of the image.

The image has been edited to
remove the luggage in the
foreground. The chairs and the
background remain unchanged.

The two suitcases in the
foreground of the airport terminal
have been removed in the edited
image. The chairs and the
airplane in the background remain
unchanged.

Figure 14

: Pair 5: Galaxy Remove / Airport. Each column shows the actual input the VLMs received at that

compression level: row 1 is the original (before-edit) image, row 2 is the edited (after-edit) image, and rows 3-7 are
the natural-language descriptions each of the five VLMs emitted. Captions in a given column describe the images in
the same column. All five VLMs assigned object_removal as the primary edit_type in every condition (Table 8).
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Pair 6 Platform: Galaxy Sketch Category: Art

Consensus:

object_addition

Uncompressed

Q6_high

Q4_medium

Q2_low

Original
Edited
A white sailboat with a gray and a Whlte .sallboat wihagayes 4 v'vh1te 'sallboat ithlafereyjand A white sailboat with a tall sail
. . white sail has been added to the white sail has been added to the
white sail has been added to the . .. . . has been added to the center of
. L. center of the image, positioned center of the image, positioned 5 P
center of the image, positioned . . the image, positioned over the
. over the red-orange gradient over the red-orange gradient .
over the red-orange gradient : . h . red-orange gradient background.
A . background. The sailboat is background. The sailboat is . . . H
background. The sailboat is . . o . . o The sailboat is detailed with a
Qwen3-VL . . o oriented diagonally, with its bow  oriented diagonally, with its bow . .
oriented diagonally, with its bow - X . X blue circular logo on the sail and
. . pointing toward the bottom-right  pointing toward the bottom-right 5
pointing toward the bottom-right R e appears to be floating on the
L corner. The addition is isolated to  corner. The addition is isolated to 5
corner. The addition is isolated . . . . . . colorful surface. The surrounding
. the middle-center region, with no  the middle-center region, with no . R
and does not alter the surrounding .. .. gradient background remains
. Sn— other visible changes to the other visible changes to the unchaneed
& ) background or color gradient. background or color gradient. sed.
A small sailboat has been added A white sailboat has been added
to the center of the image. The to the center of the image. The A sailboat has been added to the A small sailboat has been added
Gemma3 boat is white with a tall mast and  boat is positioned against the center of the image. The boat is to the center of the image. The
a triangular sail. It appears to be ~ gradient background, appearing to ~ white with a blue sail and appears  boat is white with a blue sail and
floating on water, though no water  be on the water. The edit appears  to be floating on water. appears to be floating on water.
is explicitly visible. to be a generative fill.
) A sailboat with a whlte sail fmd A sailboat was added in the A sailboat with a whlte sail fmd A sailboat was added in the
Pixtral red hull was added in the middle . . red hull was added in the middle . .
. middle of the image. . middle of the image.
of the image. of the image.
A sailboat has been added to the A sailboat has been added to the A sailboat has been added to the .
X X i X R X A sailboat has been added to the
center of the image, against a center of the image, against a center of the image, against a center of the imace. against a
LLaVA-OV  background of horizontal stripes ~ background of horizontal stripes ~ background of horizontal stripes 8¢, 48 .
. . . background of a sunset gradient
in shades of yellow, orange, red, in shades of yellow, orange, red, in shades of yellow, orange, red,
. . . from yellow to red to orange.
and pink. and pink. and pink.
A small sailboat has been added A small sailboat has been added A small sailboat has been added A small sailboat has been added
to the center of the image, floating  to the center of the image, floating  to the center of the image, floating  to the center of the image, floating
Phi-4-RV on the gradient background. The  on the gradient background. The  on the gradient background. The  on the gradient water. The boat is

boat is white with a single mast
and sail, positioned slightly to the
right of the vertical center.

boat is white with a single mast
and sail, positioned slightly to the
right of the vertical center.

boat is white with a single mast
and sail, positioned slightly to the
right of the vertical center.

white with a single mast and sail,
positioned slightly to the right of
the vertical centerline.

Figure 15: Pair 6: Galaxy Sketch / Art. Each column shows the actual input the VLMs received at that compression
level: row 1 is the original (before-edit) image, row 2 is the edited (after-edit) image, and rows 37 are the natural-
language descriptions each of the five VLMs emitted. Captions in a given column describe the images in the same
column. All five VLMs assigned object_addition as the primary edit_type in every condition (Table 8).
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Pair 7 Platform: Google Pixel

Category: Animal

Consensus:

object_removal

Uncompressed

Q6_high

Q4_medium

Q2_low

Original

Edited

Qwen3-VL

Gemma3

Pixtral

LLaVA-OV

Phi-4-RV

In the edited image, the small
yellow bird flying in the top-right
corner has been removed.
Additionally, the fishbowl with
goldfish in the bottom-right has
been replaced with a blank white
area, and a small pink mouse near
the fishbowl is also gone.

A yellow bird was removed from
the top-right of the image. A
goldfish bowl was removed from
the bottom-right, and a mouse was
removed from the bottom-right as
well.

In IMAGE 2, a small object in the
top-right corner was removed, and
minor adjustments were made to
the bottom-right area.

The bird that was perched on the
dog’s back in the original image
has been removed in the edited
image.

In the second image, the goldfish
in the fishbowl on the right side of
the group has been removed. The
bowl itself remains, but the fish is
no longer visible. Additionally,
the small mouse on the floor near
the bowl has been erased. The rest
of the animals and background
remain unchanged.

In IMAGE 2, the small yellow
bird flying in the top-right has
been removed. Additionally, the
goldfish bowl in the bottom-right
has been altered: the fish are gone,
and the bowl appears empty with
a faint white reflection. A small
white object near the bowl,
possibly a mouse or debris, has
also been removed.

A yellow bird was removed from
the top-right of the image. A
goldfish bowl was removed from
the bottom-right, and a mouse was
removed from the bottom-right as
well.

In IMAGE 2, a small object in the
top-right corner was removed, and
minor adjustments were made to
the bottom-right area.

The bird that was perched on the
dog’s back in the original image
has been removed in the edited
image.

In the second image, the goldfish
bowl with two goldfish in the
bottom-right corner has been
removed. Additionally, the small
gray mouse sitting on the floor
near the bowl is no longer present.

In IMAGE 2, the small yellow
bird flying in the top-right has
been removed. Additionally, the
goldfish bowl in the bottom-right
has been altered: the fish inside
are no longer visible, and the bowl
appears empty. A small white
object near the bowl, possibly a
mouse or a piece of debris, has
also been removed.

A small yellow bird was removed
from the top-right of the image. A
goldfish bowl was removed from
the bottom-right, and a mouse was
removed from the bottom-right as
well.

In IMAGE 2, three small objects
were removed from the top-right,
bottom-right, and bottom-right
regions of the image. These
objects were likely minor
elements that were not central to
the composition.

The bird that was on the dog’s
back in the original image has
been removed in the edited image.

In the second image, the goldfish
bowl and the small mouse on the
floor in the bottom-right corner
have been removed. The rest of
the scene, including the dog, cats,
birds, and other animals, remains
unchanged.

In IMAGE 2, the small yellow
bird flying in the top-right has
been removed. Additionally, the
goldfish bowl in the bottom-right
has been altered: the fish inside
are no longer visible, and the bowl
appears empty. A small white
object near the bowl, possibly a
mouse or a piece of debris, has
also been removed.

A yellow bird was removed from
the top-right of the image. A
goldfish bowl was removed from
the bottom-right, and a mouse was
removed from the bottom-right as
well.

In IMAGE 2, a small object in the
top-right corner was removed, and
minor adjustments were made to
the background in the
bottom-right area.

The bird that was perched on the
dog’s back in the original image
has been removed in the edited
image.

In the second image, the goldfish
bowl and the small mouse on the
floor in the bottom-right corner
have been removed. The rest of
the scene, including the dog, cats,
parrot, and other animals, remains
unchanged.

Figure 16

: Pair 7: Google Pixel / Animal. Each column shows the actual input the VLMs received at that

compression level: row 1 is the original (before-edit) image, row 2 is the edited (after-edit) image, and rows 3-7 are
the natural-language descriptions each of the five VLMs emitted. Captions in a given column describe the images in
the same column. All five VLMs assigned object_removal as the primary edit_type in every condition (Table 8).
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Pair 8 Platform: Apple Al — Galaxy Sketch

Category: Room Consensus:

object_addition

Uncompressed

Q6_high

Q4_medium

Q2_low

Original

Edited

Qwen3-VL

Gemma3

Pixtral

LLaVA-OV

Phi-4-RV

An orange vase has been added to
the floor in the middle-right area,
near the window with vertical
blinds. The vase is positioned on
the reflective tiled floor, casting a
subtle reflection. The rest of the
scene, including the walls, ceiling,
and window, remains unchanged.

A small orange vase has been
added to the floor in the center of
the room, between the blinds and
the right wall. The vase is
positioned slightly forward from
the wall and is reflecting light.

An orange vase was added to the
middle-right section of the floor in
front of the window blinds.

An orange vase has been added to
the center-right of the image, on
the floor in front of the window.

A single orange vase has been
added to the floor in front of the
window blinds, near the right wall.
The vase is centered horizontally
in the lower half of the image.

A bright orange vase has been
added to the floor in the
middle-right area of the room,
positioned in front of the vertical
blinds. The vase is not present in
the original image and casts a
subtle reflection on the glossy
tiled floor. The rest of the scene,
including the lighting and
shadows from the blinds, remains
unchanged.

A small, orange vase has been
added to the floor in the center of
the room, between the blinds and
the right wall. The vase is
positioned in front of the wall and
reflects light from the window.

An orange vase was added to the
middle-right section of the floor in
front of the window blinds.

An orange vase has been added to
the center-right of the image, on
the floor in front of the window.

A single orange vase has been
added to the floor in front of the
window blinds, positioned slightly
to the right of center.

A bright orange vase has been
added to the floor in the
middle-right area of the room,
near the window with vertical
blinds. The vase is positioned on
the reflective tiled floor and casts
a subtle shadow. The rest of the
scene, including the walls, ceiling,
and window, remains unchanged.

A small, orange vase has been
added to the floor in the center of
the room, between the blinds and
the right wall. The vase is
reflected in the tiled floor.

An orange vase was added to the
middle-right section of the floor in
front of the window blinds.

An orange vase has been added to
the center-right of the image, on
the floor in front of the window.

A single orange vase has been
added to the floor in front of the
window blinds, near the right wall.
The rest of the room remains
unchanged.

A bright orange vase has been
added to the floor in the
middle-right area, near the
window with vertical blinds. The
vase is positioned on the reflective
tiled floor, casting a subtle shadow
and reflection. The rest of the
scene, including the walls, ceiling,
and window, remains unchanged.

A small, orange vase has been
added to the floor in the
middle-right of the room. The
vase is positioned in front of the
window and reflects light onto the
tiled floor.

An orange vase was added to the
middle-right section of the floor in
front of the window blinds.

An orange vase has been added to
the center-right of the image, on
the floor in front of the window.

A single orange vase has been
added to the floor in front of the
window blinds, near the right wall.
The rest of the room remains
unchanged.

Figure 17: Pair 8: Apple AI — Galaxy Move / Room. Each column shows the actual input the VLMs received at
that compression level: row 1 is the original (before-edit) image, row 2 is the edited (after-edit) image, and rows 3—7
are the natural-language descriptions each of the five VLMs emitted. Captions in a given column describe the
images in the same column. All five VLMs assigned object_addition as the primary edit_type in every condition

(Table 8).
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Pair 9 Platform: Apple Al — Galaxy Sketch  Category: Sky Consensus: object_addition

Uncompressed

Q6_high

Q4_medium

Q2_low

Original
- _ — — _
A l?ouquet of red tghps with green A l_)ouquet of red nllhps with green A l?ouquet of red tghps with green A bouguet of red flowers with
foliage and a red ribbon has been  foliage and a red ribbon has been  foliage and a red ribbon has been reen stems and a red ribbon has
added to the bottom-left portion added to the bottom-center of the  added to the bottom-center of the ~ &
I B f 5 h B 5 ! ; been added to the bottom-center
of the image, floating against the ~ image, floating against the blue image, floating against the blue X . R
. N N . . . of the image, floating against the
Qwen3-VL blue sky gradient. The bouquetis  sky gradient. The bouquet is sky gradient. The bouquet is .
L. N 2 . .2 R blue gradient background. The
positioned in the lower-left positioned in the lower half of the positioned in the lower half of the . L .
. . . . bouquet is positioned in the lower
quadrant, occupying the region frame, centered horizontally, and  frame, centered horizontally, and
” ; e p p half of the frame and was not
previously empty in the original appears to be suspended in appears to be suspended in resent in the original image
image. mid-air with no visible support. mid-air with no visible support. P s se.
A bouquet of red and white A bouquet of red and green A bouquet of red and green A bouquet of red and green
flowers with a ribbon has been flowers has been added to the flowers has been added to the flowers has been added to the
added to the bottom-left corner of  bottom-center of the image. The  bottom-center of the image. The  bottom-center of the image. The
Gemma3 . . .
the image. The bouquet appears flowers appear to be roses and flowers appear to be a mix of buds  flowers appear to be a mix of
to be composed of tulips and other  other foliage, hanging and fully bloomed blossoms with  roses and foliage, with a ribbon
foliage. downwards. long stems and leaves. tied around the stems.
A bouquet i o (sl s A bouquet of red flowers tied with A bouquet i o (sl i A bouquet of red flowers tied with
. ared ribbon was added at the 5 ared ribbon was added at the ;
Pixtral K ared ribbon was added at the ] ared ribbon was added at the
bottom-left corner against a clear . bottom-left corner against a clear .
bottom center of the image. bottom center of the image.
blue sky. blue sky.
A bouquet of red flowers has been A bouquet of red flowers has been A b e ﬂowe?s wilih
A bouquet of red flowers has been green leaves and stems is added to
; added to the bottom center of the  added to the bottom left corner of .
LLaVA-OV  added to the bottom of the image, . . . . the bottom center of the image,
. image, against a clear blue sky the image, against a clear blue .
against a clear blue sky. against a clear blue sky
background. sky.
background.
& l?ouquet DA Uilhps pallesen A bouquet of red flowers with A bouquet of red flowers with A bouquet of red flowers with
foliage and a red ribbon has been . . . . . .
green foliage and a red ribbon has  green foliage and a red ribbon has  green foliage and a red ribbon has
added to the bottom-left corner of
. been added to the bottom-center ~ been added to the bottom-left been added to the bottom-center
Phi-4-RV the sky background. The flowers

appear to be digitally inserted,
contrasting with the clear blue
sky.

of the sky background. The
flowers appear to be floating in
the air.

corner of the sky. The flowers
appear to be floating against the
blue background.

of the sky. The flowers appear to
be floating against the blue
background.

Figure 18: Pair 9: Apple AI — Galaxy Remove / Sky. Each column shows the actual input the VLMs received at
that compression level: row 1 is the original (before-edit) image, row 2 is the edited (after-edit) image, and rows 3-7
are the natural-language descriptions each of the five VLMs emitted. Captions in a given column describe the
images in the same column. All five VLMs assigned object_addition as the primary edit_type in every condition
(Table 8).
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Pair 10  Platform: Pixel — Galaxy Sketch  Category: Desert

Consensus:

object_addition

Uncompressed

Q6_high

Q4_medium

Q2_low

. - - -
- - - -
A camel with a saddle and harness ﬁ)czrl?i Evelg; 233231;?:1 i:f:r A camel has been added to the
has been added to the center of P A A camel with a saddle and alead  center of the sand dune in IMAGE
; of the sand dune in IMAGE 2, . .
the sand dune in IMAGE 2, standing on the slope facing left rope has been added to the center 2, standing on the slope with a
walking uphill. The camel is The ¢ axiel is not }:: i ing * of the sand dune in IMAGE 2, harness and a rope. The
Qwen3-VL  positioned in the middle-center of P . standing on the slope facing left.  surrounding desert landscape and
] ] g IMAGE 1, and the surrounding g ] B R
the image, where the pixel-diff sand appears undisturbed around The camel is not present in lighting remain unchanged from
region is located. The surrounding . ppea X IMAGE 1, and its addition is the ~ IMAGE 1. The addition is clearly
R it, suggesting a generative . A .
desert landscape and lighting 8G only visible change. visible in the middle-center
q addition. The background and .
remain unchanged. L . region.
lighting remain unchanged.
A camel with asaddle and rider A camel with a saddle and rider ~ ** ¢amel and rider have been A camel and rider have been
added to the desert landscape in added to the desert landscape in
has been added to the desert has been added to the desert . ) . .
X X the middle-center of the image. the middle-center of the image.
Gemma3 landscape. The camel is landscape. The camel is S S
- . . - . . The camel is light brown and The camel is light brown and
positioned in the middle of the positioned in the middle of the . .
. . : . appears to be walking across the  appears to be walking across the
image, walking across the sand. image, walking across the sand.
sand. sand.
A camel was added in the middle =~ A camel was added in the middle =~ A camel was added in the middle A camel was added in the middle
Pixtral of the desert landscape, walking of the desert landscape, walking of the desert landscape, walking  of the desert landscape, walking
down the sand dune. down the sand dune. down the sand dune. down the sand dune.
A camel has been added to the A camel has been added to the A camel has been added to the A camel has been added to the
LLaVA-OV image, walking on the sand dune  image, walking on the sand dune  image, walking on the sand dune  image, walking on the sand dune
in the middle-center region. in the middle-center region. in the middle-center region. in the middle-center region.
A camel with a saddle has been A camel with a saddle has been A camel with a saddle has been A camel has been added to the
added to the middle-center of the  added to the middle-center of the  added to the middle-center of the — middle-center of the desert
desert landscape, standing on a desert landscape, standing on a desert landscape, standing on a landscape, standing on a sand
Phi-4-RV sand dune. The rest of the scene,  sand dune. The rest of the scene,  sand dune. The rest of the scene,  dune. The rest of the scene,

including the vast sand dunes and
distant horizon, remains
unchanged.

including the vast sand dunes and
distant horizon, remains
unchanged.

including the vast sand dunes and
distant horizon, remains
unchanged.

including the sand dunes and
distant horizon, remains
unchanged.

Figure 19: Pair 10: Pixel — Galaxy Move / Desert. Each column shows the actual input the VLMs received at that
compression level: row 1 is the original (before-edit) image, row 2 is the edited (after-edit) image, and rows 3-7 are
the natural-language descriptions each of the five VLMs emitted. Captions in a given column describe the images in
the same column. All five VLMs assigned object_addition as the primary edit_type in every condition (Table 8).
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Table 8: Ten qualitative pairs where all five VLMs (Qwen3-VL, Gemma3, Pixtral, LLaVA-OneVision, Phi-4-RV)
assigned the same primary edit_type under the uncompressed input and all three JPEG-AI compression levels
(Q2, Q4, Q6) —i.e. unanimous 5/5 agreement in 4/4 conditions for every pair. The Consensus cell is shaded by
edit type: green =object_removal, cyan =object_addition, maroon =sky_replacement. The selection
covers all seven standalone platforms (Apple iPad/iPhone/MacBook, Galaxy Move/Remove/Sketch, Google Pixel)
plus three cross-device pipelines, and spans ten distinct scene categories. Thumbnails are from the uncompressed
pair.

# Original Edited Platform / Category Consensus Secondary-label models

Gemma3, Phi-4-RYV,

Apple iPad / Beach object_removal Qwen3-VL

Gemma3, Phi-4-RYV,

Apple iPhone / Building object_removal Pixtral, Qwen3-VL

Apple MacBook /

{ Cappadocia object_removal Gemma3, Qwen3-VL

Gemma3, LLaVA-OV,
Galaxy Move / Colorado sky_replacement Phi-4-RYV, Pixtral,
Qwen3-VL

Galaxy Remove / Airport object_removal Gemma3, Qwen3-VL

Gemma3, Phi-4-RYV,

Galaxy Sketch / Art object_addition Qwen3-VL

Google Pixel / Animal object_removal Pixtral, Qwen3-VL

Apple AI — Galaxy

Sketch / Room object_addition Gemma3, Qwen3-VL

Gemma3, Phi-4-RYV,
Pixtral, Qwen3-VL

Apple AI — Galaxy

. Sketch / Sky object_addition

Pixel — Galaxy Sketch /

Desert object_addition Gemma3, Qwen3-VL
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Table 9: Dataset Samples (Airport to Cappadocia)

Dataset Folder

Original

Airport Images

iPad Edit

iPhone Edit

Animal Images

Art Images

Beach Images

Building Images

Cappadocia
Images

MacBook Edit
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Table 10: Dataset Samples (Coastal Life to Flower)

Dataset Folder Original iPad Edit iPhone Edit MacBook Edit

Coastal Life
Images

Colorado Images

Czech Images

Desert Images

Downtown Images DP7T 1 IS

Flower Images
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Table 11: Dataset Samples (Forest to Madrid)

Dataset Folder

Original

Forest Images

France Images

Geology &
London Bridge
Images

Hungary Images

iPad Edit

Lighthouse
Images

Madrid Images

iPhone Edit

MacBook Edit
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Table 12: Dataset Samples (Mostar to Road)

Dataset Folder

Original

iPad Edit

iPhone Edit

MacBook Edit

Mostar Images

Mountain Images

Museum Images

Nature Images

Night Images

Nimrut Images

Road Images
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Table 13: Dataset Samples (Room to Winter)

Dataset Folder

Original

Room Images

iPad Edit

iPhone Edit

MacBook Edit

Scenery Images

Sky Images

Sydney Images

Taj Mahal Images

Winter Images
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