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Abstract—Instruction-guided image editing models have made
photorealistic facial manipulation accessible through natural
language prompts, substantially lowering the barrier to misuse
in the cybersecurity landscape. These systems facilitate attacks
such as identity theft, phishing, misinformation, and social
engineering, while also challenging existing forensic methods that
were not designed for prompt-driven edits. However, current
facial forensics datasets do not cover this manipulation paradigm.
We present ADRIAN InstructFace-Edit, a dataset of 36,000
edited facial image pairs at 1024 x 1024 resolution generated
by four state-of-the-art instruction-guided image editing models
(FLUX.1-Kontext-dev, FLUX.2-dev, Qwen-Image-Edit-2511, and
Step1X-Edit-v1.2) across six semantically distinct edit types, of
which 18,768 are annotated as high quality. The full dataset,
including all pairs with quality labels, is made publicly avail-
able. To improve data quality, we design a multi-stage filtering
pipeline that integrates structural, semantic, and multimodal
large language model-based quality checks, with thresholds
derived empirically from a human-annotated subset of 1,500
images. Because open-weight vision-language models perform
poorly on VIEScore evaluation out of the box, we fine-tune a
LoRA adapter for Qwen3-VL-32B-Instruct that improves within-
+1 Semantic Consistency accuracy from near-random to 73.2%.
We will publicly release the dataset, generation pipeline, and
LoRA adapter to support future research on training, evalu-
ating, and stress-testing detectors for instruction-guided facial
manipulation.
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I. INTRODUCTION

The rapid evolution of Generative Artificial Intelligence
(GenAl) has fundamentally transformed the landscape of dig-
ital media creation and manipulation. While these advance-
ments offer significant creative potential [1], they simultane-
ously lower the barrier for creating highly realistic, manip-
ulated facial images and deepfakes [2], [3]. Notably, recent
instruction-guided image editing models [4], [5] greatly sim-
plify image editing via natural language prompts, effectively
removing the need for complex manual workflows required by
traditional techniques. This introduces critical risks to digital
security, facilitating identity theft, financial fraud, phishing
attacks, and severe violations of personal privacy through non-
consensual synthetic media.

The increasing realism of manipulated imagery also poses
threats to political stability by enabling the rapid spread of
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Fig. 1. Overview of the dataset generation framework. Four state-of-the-art
models (top) perform six categories of facial manipulations (middle), with
representative before-and-after examples shown below (bottom).

misinformation and decreasing trust in digital content [6]—[8].
Consequently, there is a growing need for robust fake image
detectors capable of identifying manipulated facial images.

A persistent challenge in the field of fake image detection is
the “generalization gap” between the release of new generative
models and the development of corresponding detection mech-
anisms [8], [9]. While new models surpass prior standards for
photorealism and anatomical consistency, they are often absent
from the public datasets used to train detectors. Consequently,
existing detectors fail to generalize to novel architectures,
resulting in significantly reduced performance on unseen mod-
els or manipulation techniques [10]. Crucially, facial images
manipulated via instruction-guided image editing models are
frequently missing from these current training corpora.

To address these gaps, we propose ADRIAN InstructFace-
Edit (AIFE), a dataset comprising 36,000 semantically edited
image pairs (original + edited images) at 1024 x 1024 resolu-
tion. This dataset incorporates images generated by state-of-
the-art (SOTA) instruction-guided image editing models [5],
[11]-[13], which, to the best of our knowledge, have not yet
been used in other datasets (see Table I). The creation of our
dataset is part of the Authority-Dependent Risk Identification
and Analysis in Online Networks (ADRIAN) research project
[14], which is dedicated to exploring and developing machine-
learning-based methods for detecting potential threats to indi-
viduals based on online datasets and Digital Twins (DTs). In
this context, detecting these manipulated images is critical,
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since facial forgery is actively used for malicious attacks and
online exploitation. To improve quality, our dataset underwent
a multi-stage filtering process using a combination of auto-
mated metrics. We will publicly release the complete dataset
alongside our generation and evaluation pipeline. In future
work, we plan to further analyze the unique challenges of
detecting fake facial images manipulated by instruction-guided
image editing models by training and evaluating detectors on
our proposed dataset.

The remainder of this paper is organized as follows.
Section II reviews related work in instruction-guided im-
age editing, automatic evaluation metrics, and existing facial
forensics datasets. In Section III, we detail our compre-
hensive dataset construction pipeline, covering initial image
acquisition, prompt generation, model-based editing, threshold
calibration, and VIEScore adaptation via LoRA fine-tuning.
Section III-D presents a statistical overview of the resulting
dataset. Finally, Section IV discusses practical lessons learned
during the large-scale dataset construction process, before
Section V concludes the paper.

II. RELATED WORK
A. Instruction-guided Image Editing

Recent advancements in generative Al have revolutionized
text-to-image synthesis, with diffusion models [15]-[18] pro-
ducing high-fidelity images from textual descriptions. Despite
their strength in image generation, they often struggle with
context-preserving edits. To address this, instruction-guided
image editing emerged, allowing users to modify existing
images through intuitive text prompts.

Early methods, such as Prompt-to-Prompt [19], injected
cross-attention maps during denoising, while Imagic [20]
optimized text embeddings for real images and partially fine-
tuned diffusion models. InstructPix2Pix [4] marked a major
paradigm shift by explicitly training a conditional diffusion
model on large-scale synthetic instruction-edit datasets gen-
erated with Prompt-to-Prompt in combination with Stable
Diffusion [16] and OpenAl GPT-3 [21]. Subsequent research
addressed early limitations by improving training data quality
and better aligning models with human preferences [22]-
[25]. Others integrated Multimodal Large Language Models
(MLLMs) for better spatial reasoning and complex instruction
comprehension [26], [27], or developed unified multi-task
architectures using MLLMs, Diffusion Transformers (DiTs)
[28], and Mixture-of-Experts (MoE) architectures to improve
generation versatility and fidelity [13], [29]-[33].

Current SOTA models unify generation, editing, and multi-
image reasoning into general multimodal foundation models.
Leading open-source models include Qwen-Image-Edit [12],
which utilizes a dual-encoding mechanism for semantic and re-
constructive features and a Multimodal Diffusion Transformer
(MMDIiT) backbone, as well as the FLUX series (FLUX.1
Kontext [5] and FLUX.2 [11]), which leverages generative
flow matching models for high-resolution, multi-reference in-
context editing. However, proprietary systems like GPT Image
[34], [35] and the Gemini Nano Banana series [36]-[38]

consistently dominate image editing leaderboards [39], [40].
By natively embedding image generation and editing into
MLLMs, they enable conversational, multi-turn workflows
with superior instruction adherence, context preservation, and
inference speed as well as richer multi-image context and
world knowledge use. Despite these advantages, their closed-
source nature presents barriers for the research community, as
their underlying architectures remain opaque and large-scale
inference incurs substantial financial cost.

B. Evaluation metrics

Various evaluation metrics have been proposed to automati-
cally evaluate instruction-guided image editing models. Unlike
traditional text-to-image generation, this task introduces a
trade-off between perceptual quality, semantic alignment, and
content preservation.

To measure perceptual quality, Fréchet Inception Distance
(FID) [41] computes the Fréchet distance between Inception-
v3 feature distributions of real and generated image sets. While
widely used, FID is sensitive to preprocessing and sample size.
Kernel Inception Distance (KID) [42] provides an unbiased
alternative by utilizing squared Maximum Mean Discrepancy
(MMD), making it better suited for smaller datasets. CLIP-
MMD (CMMD) [43] replaces Inception features with Con-
trastive Language-Image Pre-training (CLIP) [44] embeddings
to compute MMD. Benefiting from CLIP’s extensive training
data, CMMD better represents modern generative models and
correlates more closely with human judgments. For evaluating
content preservation, the Structural Similarity Index (SSIM)
[45] quantifies the similarity between an edited image and
its reference using local luminance, contrast, and structural
statistics. Learned Perceptual Image Patch Similarity (LPIPS)
[46] improves upon this by measuring perceptual similarity
through deep network feature activations, which aligns better
with human perception. To evaluate semantic preservation,
CLIP-I computes the cosine similarity between source and
edited image embeddings. However, since both successful and
unsuccessful edits alter semantics, high scores can falsely
indicate a failed edit. Additionally, distillation with no labels
(DINO)-based metrics [47]-[50] compute the cosine similarity
of embeddings extracted from self-supervised Vision Trans-
formers (ViT) to measure semantic consistency and identity
preservation. To evaluate semantic alignment, CLIPScore [51]
computes the cosine similarity between the edited image and
the text caption using a pretrained CLIP model. Its utility for
editing tasks is limited because it ignores the source image and
does not account for content preservation. CLIP Directional
Similarity [52] addresses this limitation by measuring whether
the visual change between the source and edited image aligns
with the semantic change between their respective text de-
scriptions.

Recent approaches leverage MLLMs for evaluation. Visual
Instruction-guided Explainable Score (VIEScore) [53] uses
MLLMs to evaluate Semantic Consistency (SC) and Percep-
tual Quality (PQ) on a 0 to 10 scale, which are then aggre-
gated into an overall score (O) alongside a generated natural
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language rationale to explain its reasoning. SC measures align-
ment with text instructions, while PQ evaluates visual natural-
ness by penalizing artifacts or distortions. Although VIEScore
provides explainable evaluations that correlate strongly with
human judgments, it struggles with fine-grained modifications
and performs significantly better with proprietary, closed-
source models such as OpenAl GPT-4V [54].

C. Existing datasets

Robust fake image detection relies on the quality, scale, and
diversity of the underlying training datasets. Early research
predominantly utilized datasets, such as FaceForensics++ [55],
DFFD [56], DFDC [57], Celeb-DF [58], and ForgeryNet
[59]. However, they are limited by their reliance on older
manipulation techniques using Autoencoders (AE) [60] and
Generative Adversarial Networks (GANs) [61]. Consequently,
these generated images often contain perceptible artifacts that
fail to represent the photorealism of modern techniques. This
causes detectors trained on them to generalize poorly to current
high-fidelity generated imagery.

Due to the introduction of diffusion models, a newer gener-
ation of facial forgery datasets has emerged. Datasets, such as
DiFF [62], DiffusionFace [63], DF40 [64], and MFFI [65],
broadly cover different diffusion-based forgery techniques,
including text-to-image synthesis, inpainting, and diffusion-
based face swapping. However, these datasets typically ma-
nipulate facial images via explicit spatial masks (e.g., masked
inpainting) or image-to-image translations rather than utiliz-
ing free-form instruction-guided image editing. Furthermore,
while general synthetic image datasets like DiffusionForen-
sics [66], DE-FAKE [67], CIFAKE [68], DiffusionDB [69],
Genlmage [70], and Community Forensics [71] study broader
generalization across diverse scenes, they are not tailored for
specialized facial forensics.

To address this gap, we propose a dataset focused on
the distinct detection challenges introduced by instruction-
guided image editing. Sourced from the Flickr-Faces-HQ
(FFHQ) dataset [72], our collection contains 36,000 facial
images manipulated exclusively with SOTA instruction-guided
models, such as FLUX.1 Kontext [5] and Qwen-Image-Edit
[12]. The FFHQ dataset served as the data source because
it provides high-resolution facial images and offers broad
diversity in terms of age, ethnicity, and backgrounds. Unlike
existing datasets, which depend on additional constraints, such
as masks or total-image synthesis, these instruction-guided
models alter semantic attributes based solely on intuitive text
instructions. This makes our dataset a practical resource for
researching detection strategies and vulnerabilities associated
with modern manipulation techniques.

III. APPROACH

This section describes our approach for constructing the
dataset. The process consists of image acquisition, instruction-
guided image editing using multiple generative models, and a
sequential multi-stage quality filtering process. Fig. 2 provides
an overview of the full pipeline.

TABLE I
COMPARISON WITH EXISTING FACIAL FORENSICS AND FAKE IMAGE
DATASETS. (IGIE: INSTRUCTION-GUIDED IMAGE EDITING USED).
*#*“UNKNOWN (-)” INDICATES THAT THE MOST RECENT METHOD USED IN
THE DATASET, OR ITS EXACT PUBLICATION YEAR, COULD NOT BE
DETERMINED.

Dataset Newest Methods* Type IGIE
FaceForensics++ [55] NeuralTextures (2019) Face X
DFFD [56] StyleGAN (2018) Face X
DFDC [57] StyleGAN (2018) Face X
Celeb-DF [58] Unknown (-) Face X
ForgeryNet [59] StarGANvV2 (2020) Face X
DiffusionDB [69] Stable Diffusion (2022) General X
DE-FAKE [67] Stable Diffusion (2022) General X
Genlmage [70] Stable Diffusion (2022) General X
DiffusionForensics [66] Stable Diffusion (2022) General X
CIFAKE [68] Stable Diffusion (2022) General X
Community Forensics [71] ~ Unknown (-) General X
DiFF [62] SDXL (2023) Face X
DiffusionFace [63] DiffSwap (2023) Face X
DF40 [64] PixArt-a (2024) Face X
MEFFI [65] Jimeng3.0 (2025) Face X
Ours Qwen-Image-Edit-2511 (2025) Face v
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Fig. 2. Overview of our dataset construction pipeline.

Image Acquisition from FFHQ: A subset of 36,000
images is downloaded from the FFHQ dataset [72] and stored
as the reference (“real””) image in each edited pair.

Data Preparation and Editing Instruction Generation:
Six types of edits covering semantically distinct manipulation
categories were defined: Background Replacement, Emotion
Change, Object Addition, Object Modification, Object Re-
moval, and Object Replacement. We randomly sampled 9,000
source images from the initial subset for each of the four image
editing models used and distributed them evenly across all edit
types. This resulted in 1,500 images per edit type per model.

Then, using the GPT-4.1 vision-language model (VLM)
via OpenAl’s Batch Application Programming Interface
(API), each image was annotated with a caption for
the original image (real_caption), the editing prompt
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(editing_prompt), a caption for the edited image
(edit_caption), and a list of strings representing the
image elements affected by the edit (edited_objects). An
example of the metadata for a single image, including these
and subsequently added annotations, is shown in Fig. 3. By
employing a step-by-step approach - first analyzing the key
elements of the original image to generate the initial caption,
and subsequently generating the editing prompt and edited
caption - we significantly reduced hallucinations and yielded
more accurate annotations. Additionally, to optimize editing
prompt quality, we experimented with various prompt lengths,
levels of detail and specificity. Alongside the findings from our
own empirical testing, we also incorporated the best practices
outlined in the FLUX.1 prompting guide [73] into our system
prompt. The resulting prompt structure yielded more effec-
tive editing instructions that significantly enhanced instruction
adherence and character preservation across multiple editing
models.

"id": "img_00001",

"real_ image_path": "...",

"edit_image_path": "...",

"model": "FLUX.2-dev-bnb-4bit",

"edit_type": "Object Modification",
"edited_objects": ["earrings"],

"real_caption": "A young woman with straight blonde
hair and light skin is smiling widely, showing her
teeth. She has no visible makeup, and is wearing a
turquoise top and large turquoise hoop earrings. The
background is softly 1lit and out of focus.",
"editing_prompt": "Change the color of the woman's
earrings to bright red while preserving the woman's
exact same facial features, hairstyle, and
expression. Keep the woman in the exact same
position, scale, and pose. Maintain identical subject
placement, camera angle, framing, and perspective.",
"edit_caption": "A young woman with straight blonde
hair and light skin is smiling widely, showing her
teeth. She has no visible makeup, and is wearing a
turquoise top and large bright red hoop earrings. The
background is softly 1lit and out of focus.",

"editing_parameters": {
"guidance_scale": 1,
"num_inference_steps": 28,
"seed": 6485951459952579169

by

"ffhq metadata": { [...] },

"ssim": 0.9586328897993089,

"lpips": 0.030474014580249786

"clip_score": 0.32582157850265503,

"clip_dir"™: 0.31859612464904785,

"dino": 0.985493898391723¢6,

"viescore_gwen3vl_lora_v2": 9.0,

"viescore_gwen3vl_lora_v2_detail": {
"semantic_consistency": 10.0,
"perceptual_quality": 8.0,

Fig. 3. Example JSON metadata record for a single image editing task,
detailing the original and edited captions, model parameters, and automated
evaluation metrics.

Distributed Image Generation: For each metadata entry,
the pipeline invokes a model-specific processor script that
loads the model weights and generates the edited image from
the source image and its editing prompt. After generation, the
random seed used is written back to the metadata file (see

example in Fig. 3). This stage produces the full, unfiltered set
of (original, edited) image pairs generated by the following
open-source image editing models: FLUX.1-Kontext-dev [73],
FLUX.2-dev [11], Qwen-Image-Edit-2511 [12], and Step1X-
Edit-v1.2 [13], [74]. Our model selection was driven by a
balance between cost efficiency — as all selected models
are open-source — and output quality, representing the best
available models at the time of generation.

Pre-Filtering Distribution Metrics: Before any per-image
filtering is applied, FID [41], KID [42], and CMMD [43] are
computed over the complete raw generated set as a baseline.
Because these are distributional metrics over the full set,
they cannot drive per-image filtering decisions; they serve to
quantify the quality improvement achieved by the subsequent
stages.

Filtering Stage 1: SSIM and LPIPS: The first per-image
filtering pass uses SSIM [45] and LPIPS [46], selected as the
opening stage due to their low computational cost at scale.
SSIM thresholds (> 0.97 and < 0.37) discard pairs where
no edit was applied and where severe structural distortion
occurred. LPIPS thresholds (< 0.011 and > 0.4) remove per-
ceptually unchanged pairs and those with excessive alteration;
the upper bound is waived for Background Replacement edits,
which legitimately affect large image regions. The resulting
distributions are shown in Fig. 4.

Filtering Stage 2: CLIP Directional Similarity and
DINO The second stage targets semantic correctness and
identity preservation using CLIP Directional Similarity [52]
and DINO [48]. Pairs with a negative directional similarity
score are rejected, indicating that the visual change contradicts
the text instruction. DINO scores below 0.7 are flagged for
excessive identity change, with an exemption for Background
Replacement edits. Distributions are shown in Fig. 4.

Filtering Stage 3: VIEScore The final stage applies VI-
EScore [53], the most computationally intensive filter. Pairs
where either score falls at or below 7 are rejected. Because
open-weight VLMs perform significantly worse than propri-
etary ones on this task [53], we fine-tune a LoRA adapter to
substantially improve evaluation accuracy; this is described in
Section III-C.

Post-Filtering Distribution Metrics After all filtering
stages are complete, FID, KID, and CMMD are recomputed
on the final filtered dataset to quantify the overall improvement
in distributional quality against the pre-filtering baseline.

B. Empirical Metric Analysis via Quality-Stratified Test
Datasets

A central challenge in automated quality filtering is that the
absolute values of metrics such as SSIM or LPIPS are not
universally meaningful - an SSIM value of 0.8 may indicate
an excellent edit in one context and a failed one in another,
depending on the expected degree of change [75]. Standard
benchmarks derived from other domains or generation tasks
do not transfer directly to instruction-based face editing. We
therefore develop a data-driven approach to determine what
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Fig. 4. Metric distributions across the best (0% bad), middle (50% bad), and
worst (100% bad) quality datasets, as well as the full dataset before and after
filtering.

metric values constitute acceptable quality specifically within
our dataset.

Human Annotation: A representative subset of 1,500 im-
age pairs is drawn from the full generated dataset, stratified to
preserve the same distribution of models and edit types as the
complete dataset. Each pair is manually evaluated by a human
annotator and classified as either acceptable or unacceptable.
For every image classified as unacceptable, the primary failure
reason is recorded from a fixed taxonomy of observed failure
modes, including: prompt not executed, deformed image,
unrealistic appearance, and others. This annotation serves as
the ground truth for all subsequent threshold analysis.

Quality-Stratified Test Datasets: From the annotated sub-
set, three test datasets are constructed (see Fig. 5): a best
dataset containing 714 good images (100% acceptable quality),
a worst dataset containing 786 bad images (0% acceptable
quality), and a middle dataset composed of 1,428 images with
equal shares of good and bad pairs (50% acceptable quality).
The middle dataset simulates a realistic unfiltered dataset and
is used to assess how well each metric separates the two
quality classes in a mixed setting.

Threshold Derivation: All metrics were computed across
the three test datasets, as well as the full dataset (Fig. 4).
Thresholds were established at the point where the worst-
dataset distribution clearly diverges from the best-dataset dis-
tribution. The exact derived values are detailed in the previous
section outlining the filtering stages.

Best dataset

e TN ‘\__ 100% good images D
dlntltlalt . Representative ) HD
atase
\ subset e [ Xﬁ/{zzzﬁ’;:;ﬁet —— Calculate all
\ P ( \ evaluation g metrics
NS Middle dataset ——"
50% good images
Fig. 5. Creation of the test datasets. Following human evaluation of a

representative subset, images are stratified into best, worst, and middle datasets
with varying proportions of acceptable images to evaluate metric performance.

C. VIEScore Adaptation via LoRA Fine-Tuning

As discussed above, open-weight VLMs perform signif-
icantly worse than proprietary models on VIEScore eval-
uation [53]. To make VIEScore viable without relying on
a closed-source API, we fine-tune a Low-Rank Adaptation
(LoRA) [76] for Qwen3-VL-32B-Instruct using the 1,500
human-annotated image pairs collected during the threshold
analysis described above.

Training Label Construction Each annotated image pair
requires SC and PQ ground-truth scores. Rather than relying
on the base model’s own predictions - which are known to
be unreliable - we derive scores directly from the human
annotations. Good images are assigned SC = 9, PQ = 9. For
bad images, each failure category from the human annotation
taxonomy is mapped to a characteristic SC/PQ pair reflecting
the nature of the defect: for example, a Prompt not executed
failure receives SC = 0, PQ = 7, since the image quality is
acceptable but the instruction was not followed; a Deformed
image failure receives SC = 3, PQ = 1, reflecting both
semantic and perceptual failure.

Score Jitter for Regularization A key concern when fine-
tuning on a small dataset (1,250 training samples after a
stratified 80/20 split preserving model and edit-type distribu-
tions) is that the model may memorize fixed score-per-category
mappings rather than learning to assess quality on a continuous
scale [77], [78]. To mitigate this, a random perturbation of +1
- drawn uniformly from {—1,0, +1} - is applied independently
to the SC and PQ target scores at every training access. Since
the jitter is re-sampled at each epoch, the model observes
slightly different numeric targets for the same image across
training, effectively augmenting the supervision signal and
discouraging memorization.

Training Setup and Results The LoRA adapter targets
the query, key, value, and output projection matrices of the
attention layers (rank r = 16, o = 32, dropout 0.05). The
model is trained for 5 epochs with a cosine learning-rate
schedule (peak 2 x 10~%, warmup ratio 0.05) in bfloatl6
precision using gradient checkpointing. On the held-out test
set of 250 samples, the fine-tuned model achieves an SC score
within +1 of the human annotation in 73.2% of cases and a
PQ score within 41 in 67.6% of cases, with an overall mean
absolute error of 1.65 on the 0—10 scale and zero parse failures.

In contrast, the base Qwen3-VL-32B-Instruct model without
fine-tuning produces mean VIEScores of 8.22 on the best-
quality dataset and 7.84 on the worst-quality dataset - a gap
of only 0.38 points - demonstrating that without adaptation
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the model is essentially unable to distinguish between good
and bad edits, consistently awarding high scores regardless of
actual image quality.

D. Statistical Information

Fig. 6 provides an overview of the dataset composition,
illustrating the frequency of targeted objects, categorizations
of edit types, distributions of successful versus failed image
generations, and the subject demographics.
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Fig. 6. Dataset statistics: model and edit type distributions, top edited objects,
demographic breakdown, model xedit-type heatmap, and a flow diagram
linking models to edit types and edited objects.

The four models and six edit types each contribute equal
shares (25% and ~16.7%, respectively). The most frequently
targeted objects are backgrounds, facial expressions, hair, and
eyewear. The source images from FFHQ span a broad demo-
graphic range in terms of gender (roughly balanced between
women and men) and age (predominantly young and middle-
aged subjects).

IV. DISCUSSION

Building a large-scale dataset with SOTA generative models
is rarely as straightforward as it appears. We share a few
practical observations from this project.

Metrics need validation before use. Standard quality
metrics cannot be adopted blindly for instruction-guided face
editing. CLIPScore, for example, showed no separation be-
tween good and bad pairs in our data and had to be dropped.
Every retained metric required empirical calibration against
human judgments before it could serve as a reliable filter.

Filtering is inherently a trade-off. Aggressive filtering
risks discarding acceptable images alongside unacceptable
ones, making precise threshold calibration critical.

Keeping datasets relevant to the SOTA. Through-
out this work, new state-of-the-art models were released
faster than a single dataset construction cycle. For example,

HunyuanImage 3.0 [79] was released shortly before the pub-
lication of this dataset, precluding its inclusion. Datasets risk
obsolescence between creation and publication. To remain rel-
evant, benchmarks must continuously track the technological
frontier.

Human-annotated subsets unlock metric adaptation.
Collecting even a small set of human-reviewed image pairs
from the evaluated dataset proved disproportionately valuable.
Beyond threshold calibration, such annotations open a direct
path to learned metric adaptation: by fine-tuning an automatic
evaluator like VIEScore on this subset via LoRA, it may be
possible to shift the model’s judgments toward the specific
distribution of face-editing quality relevant to this benchmark.
We view the investigation of LoRA-based fine-tuning for
VIEScore using a small human-reviewed subset curated via
our proposed pipeline as a concrete direction for future work.

Heuristic score mappings may introduce bias. The map-
ping from qualitative failure categories to numeric SC and
PQ scores used as training labels for the VIEScore LoRA
is inherently heuristic: values such as SC = 0,PQ = 7 for
Prompt not executed or SC = 3,PQ = 1 for Deformed
image reflect expert judgment rather than empirically grounded
ground truth. While score jitter reduces memorization of fixed
categories, it does not eliminate the underlying bias: failure
categories that are genuinely ambiguous or that overlap in
their perceptual and semantic impact may receive scores that
do not accurately capture their true severity. As a consequence,
the fine-tuned model’s predictions inherit the assumptions
encoded in the mapping, limiting their interpretability — a
predicted SC of 3 means “roughly as bad as a deformed
image” rather than conveying an absolute quality level. A more
principled alternative would collect continuous numeric ratings
directly from annotators for each failure instance, although at
substantially higher annotation cost.

Detection impact remains undemonstrated. Despite
the dataset’s stated motivation of supporting detection of
instruction-guided facial manipulations, no detector is trained
or evaluated on AIFE in this work. Whether the dataset’s scale,
diversity, and quality filtering actually translate into improved
detection performance is therefore an open question. Future
work should benchmark forensic detectors trained on AIFE
against those trained on prior datasets to validate the practical
utility of the construction choices made here.

Empirical Model Verification. New models do not guar-
antee high quality. Despite exhaustive testing across numerous
prompts and parameter configurations, OmniGen2 failed to
generate realistic results and was explicitly excluded to main-
tain the dataset’s high standards.

Reliance on the FFHQ dataset. The exclusive use of
FFHQ source images may also limit representativeness. FFHQ
provides high-resolution, diverse portrait images and is well
suited for controlled dataset construction, but it does not fully
represent real-world manipulation settings such as compressed
social-media uploads, screenshots, surveillance footage, web-
cam imagery, group photos, extreme lighting, unusual poses,
or low-resolution images. As a result, detectors or analyses
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developed with AIFE should be evaluated on additional data
before drawing conclusions about deployment in uncontrolled
environments.

Single-model prompt generation. The prompt-generation
process might introduce another source of bias. All cap-
tions, edit prompts, edit captions, and edited-object lists were
generated with GPT-4.1. This single-model design improves
consistency and scalability, but it may also introduce system-
atic style, wording, cultural, safety-policy, and object-selection
biases. GPT-4.1 prompts may be more explicit, structured,
and instruction-complete than real user prompts, adversarial
prompts, casual prompts, multilingual prompts, or multi-turn
editing requests. Moreover, because the same model produces
several metadata fields, errors in captions, edited-object lists,
and edit prompts may be correlated. Future versions should
compare or mix prompts from multiple prompt generators,
human-written prompts, and prompts that better approximate
real user and/or attacker behavior.

Intended downstream use cases. Within these limits, the
intended downstream uses of our proposed dataset are de-
tector benchmarking on instruction-guided facial edits, cross-
generator generalization studies, augmentation of existing
training sets and benchmarks, artifact and failure-mode anal-
ysis, evaluation of quality-filtering pipelines for edited face
datasets, and security-oriented stress testing of forensic detec-
tors under natural-language editing workflows. However, AIFE
should not be treated as a complete proxy for real-world facial
manipulation attacks.

V. CONCLUSION

We presented ADRIAN InstructFace-Edit (AIFE), a dataset
of 36,000 edited facial image pairs generated by four SOTA
instruction-guided image editing models across six semanti-
cally distinct edit types. Within this collection, 18,768 pairs are
curated as high-quality (acceptable) edits, while the remaining
pairs are explicitly annotated as unacceptable but are pub-
lished alongside the high-quality subset to facilitate broader
research into model failures and artifact detection. To ensure
effective classification, we developed a multi-stage filtering
pipeline combining structural (SSIM, LPIPS), semantic (CLIP
Directional Similarity, DINO), and MLLM-based (VIEScore)
quality checks, with all thresholds derived empirically from
a 1,500-image human-annotated subset. To make VIEScore
practical without proprietary APIs, we fine-tuned a LoRA
adapter for Qwen3-VL-32B-Instruct, improving SC accuracy
within-+1 from near-random to 73.2%. To the best of our
knowledge, AIFE is the first facial forensics dataset built
exclusively around instruction-guided editing, filling a critical
gap left by existing datasets that rely on older techniques or
mask-based inpainting.

For future work, as mentioned in the discussion, we
plan to update our dataset with newer models such as
HunyuanImage 3.0 [79]. Additionally, we plan to investigate
LoRA-based fine-tuning for VIEScore using a small human-
reviewed subset. Importantly, we also plan to evaluate existing
detectors and train our own detector on our proposed dataset.

We will publicly release the dataset and the generation
pipeline to support future work on detecting instruction-guided
facial manipulations. The code is available at: https://github.
com/vika-v-v/adrian-instructface-edit. The dataset is avail-
able at: https://hsbi.sciebo.de/s/pb6ZB4ZeCtmJxGm (pass-
word: adrian).
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