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Figure 1: An overview of our proposed benchmark, illustrating the dataset construction process and the joint task
definition. The left panel shows the 3 typical manipulation paradigms used for data generation, i.e.,, Face Swapping,
Face Editing, and Image Inpainting. The right panel defines the task of Joint Localization and Explanation, which
requires models to answer both “where" a forgery is (Localization) and “why" it is a forgery (Explanation).

Abstract

Existing facial forgery detection methods typ-
ically focus on binary classification or pixel-
level localization, providing little semantic in-
sight into the nature of the manipulation. To
address this, we introduce Forgery Attribu-
tion Report Generation, a new multimodal
task designed to provide post-hoc forensic evi-
dence for manipulated images. This task jointly
localizes forged regions (“Where”’) and gener-
ates natural language explanations grounded in
the editing process (“Why”). This dual-focus
approach goes beyond traditional binary foren-
sics, providing a comprehensive, interpretable
understanding of the manipulation. To enable
research in this domain, we present Multi-
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Modal Tamper Tracing (MMTT), a large-
scale dataset of 152,217 samples. Each sample
features a process-derived ground-truth mask
and a human-authored textual description, en-
suring high annotation precision and linguistic
richness. We further propose ForgeryTalker,
a unified end-to-end baseline that integrates vi-
sion and language via a shared encoder and
dual decoders for mask and text generation.
Experiments show that ForgeryTalker achieves
competitive performance on both subtasks,
i.e., 59.3 CIDEr and 73.67 IoU, establishing
a strong baseline for explainable multimedia
forensics. Our dataset and code are avail-
able at: https://github.com/NattyLianJc/
Generating-Attribution-Reports.
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1 Introduction

The rapid evolution of advanced generative mod-
els, notably diffusion models (Ho et al., 2020;
Song et al., 2020; Zhang et al., 2025), has signifi-
cantly enhanced the realism of synthesized images.
While promising for creative domains (Dhariwal
and Nichol, 2021; Liu et al., 2025a), these technolo-
gies raise critical concerns regarding their misuse in
misinformation and privacy violations (Rana et al.,
2022; Liu et al., 2023b; Zhu et al., 2025b; Liu et al.,
2025b; Ma et al., 2024; Zeng et al., 2024), particu-
larly concerning facial manipulation. In response,
detection research has rapidly shifted from binary
classification to fine-grained forgery localization
to address the growing complexity of modern at-
tacks (Verdoliva, 2020; Rossler et al., 2019; Wu
et al., 2023; Yu et al., 2021).

Unlike binary classifiers that merely output a
simple decision, forgery localization aims to pin-
point specific tampered regions (Verdoliva, 2020).
However, binary masks alone provide limited in-
terpretability (Rossler et al., 2019). They treat all
manipulated pixels equally, failing to differenti-
ate between subtle and significant alterations or
explain the underlying rationale. Furthermore, as
modern forgeries become visually indistinguish-
able from reality, binary masks offer insufficient
guidance for human reviewers. Subtle artifacts,
such as minute distortions in facial features, are
often overlooked, leaving observers without de-
scriptive evidence to verify the detected anomalies
and trust the recognition results.

To address these limitations, we introduce the
novel task of Forgery Attribution Report Gen-
eration, aiming to produce a comprehensive re-
port consisting of a pixel-level mask and a tex-
tual explanation. To support this, we construct the
Multi-Modal Tamper Tracing (MMTT) dataset,
the first large-scale benchmark with 152,217 sam-
ples. A key strength of MMTT lies in its high-
quality ground truth: pixel-level masks are pro-
grammatically derived from the forgery process to
ensure perfect alignment, while textual descriptions
are crafted through a rigorous human-in-the-loop
pipeline to capture subtle artifacts. Building on
this, we propose ForgeryTalker, a unified baseline
designed to generate these reports end-to-end. At
its core, ForgeryTalker utilizes a shared encoder
to learn a common, forgery-aware representation,
forcing a deep fusion of visual and semantic fea-
tures. This representation is processed by special-

ized dual decoders to concurrently generate the
localization mask and the textual report, ensuring
the explanation is semantically grounded in the vi-
sual evidence. Notably, our framework operates
under the premise that the input image has already
been flagged as suspicious by an upstream binary
detector (Livernoche et al., 2025; Anan et al., 2025).
By focusing exclusively on post-hoc attribution
(localization and explanation), we shift the forensic
objective from merely delivering a binary verdict’
to providing the interpretable evidence’ behind it.
This specialized scope ensures that computational
resources are dedicated to generating meaningful
semantic insights for manipulated images rather
than redundant processing of pristine ones. Our
primary contributions are summarized as follows:

* A New Task and Dataset. We introduce Forgery
Attribution Report Generation, a multimodal task
combining forgery localization and natural lan-
guage explanation. To support this, we present
Multi-Modal Tamper Tracing (MMTT), the first
large-scale dataset with 152,217 samples, each
annotated with a precise ground-truth mask from
the editing process and a human-written attribu-
tion report.

* A Unified and Effective Baseline. We pro-
pose ForgeryTalker, a unified framework that
jointly performs forgery localization and report
generation. It is designed to facilitate coherent
cross-modal reasoning through a shared encoder
(image encoder + Q-former) and dual decoders
(mask decoder and a Large Language Model).

¢ Comprehensive Benchmarking. We conduct
extensive experiments on the proposed dataset for
both report generation and forgery localization.
The results validate that our baseline achieves
competitive performance (59.3 CIDEr and 73.67
IoU) and demonstrates the complementary bene-
fits of jointly addressing both tasks.

2 Multi-Modal Tamper Tracing Dataset

As a comparison with other major forgery datasets
in Table 1 highlights, the proposed MMTT is
the first to provide detailed textual explanations
alongside forgery masks. The dataset contains
152,217 samples distributed across four manipu-
lation paradigms, with diffusion-based inpainting
and face swapping being the most prevalent (Fig-
ure 3a). Our statistical analysis reveals several key
properties: (1) Eyebrows, eyes, and lips are the
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Dataset Tasks Modality Source Samples Unique Forgeries Manipulation Type GT Type
FaceForensics++ (Rossler et al., 2019) Class. / Seg. Video 1,000 4,000 Multi-Face Mods Label + Mask
Celeb-DF (Li et al., 2020) Classification Video 590 5,639 DeepFake Image Label
DeeperForensics-1.0 (Jiang et al., 2020)  Classification Video 50,000 10,000 GAN Image Label
DFDC (Dolhansky et al., 2020) Classification Video 23,654 104,500 DeepFake Image Label
FaceShifter (Li et al., 2019) Classification Video N/A 5,000 GAN Image Label
ForgeryNet (He et al., 2021) Class. / Seg. Image, Video 116,321 221,247 DeepFake, GAN Label + Mask
OpenForensics (Le et al., 2021) Detection / Seg.  Image, Video 45,473 70,325 GAN, Inpainting BBox, Mask
DF40 (Yan et al., 2024) Class. / Seg. Image, Video N/A > 1,000,000 Multi-Face Mods Label + Mask
DiffusionFace (Chen et al., 2024) Generation Image N/A 50,000 Diffusion Image Label
GenFace (Zhang et al., 2024a) Generation Image 10,000 10,000 GAN, Inpainting Mask
MMTT (Ours) Seg./ Caption  Text, Image 100,000 152,217 Face Swap, Inpainting, 1\ \ro

Attribute Edit

Table 1: Comparison of Face Manipulation Datasets. Our MMTT dataset is highlighted and provides rich text
annotations for the “why” problem, a unique feature among existing resources.

most common targets for manipulation across all
localized editing methods (Figure 3b). (2) A signif-
icant portion of images feature multiple alterations,
with 2-5 concurrent modifications being common
(Figure 3c). (3) The textual annotations form a rich
corpus of over 4 million words, with an average
description length of 27.4 words. The content of
these descriptions aligns closely with the visual
forgeries, frequently referencing the manipulated
facial parts (Figure 3d). As shown in Figure 1,
our MMTT dataset provides two complementary
types of annotations: binary forgery masks in Sec-
tion 2.1 and forgery analysis text in Section 2.2.
The forgery analysis text primarily delivers diag-
nostic summaries of facial images, while the binary
masks serve as auxiliary clues, highlighting local-
ized forgery artifacts.

2.1 Forgery Generation

To construct a challenging and diverse dataset, we
simulate forgery threats using three distinct manip-
ulation paradigms. For each, we employed state-of-
the-art models and developed specific procedures
to programmatically generate forged images I
and their corresponding pixel-perfect ground-truth
masks M.

Source Image Collection. We first construct
the MMTT dataset from 100,000 high-quality
facial images, comprising 30,000 images from
CelebAMask-HQ (Zhu et al., 2022) and 70,000 im-
ages from Flickr-Faces-HQ (FFHQ) (Karras et al.,
2019). All images are resized to 512 x 512 pixels,
which serve as the primary source for subsequent
forgery manipulations.

Face Swapping. @We used the GAN-based
E4S (Abou Akar et al., 2024) model to swap faces
between randomly paired images from our source
datasets. Crucially, the E4S model automatically
generates a precise binary mask M during this pro-
cess, which directly serves as the ground-truth an-

notation for the manipulated region in the final
forged image Iy.

Face Editing. We performed semantic alterations
using GAN-inversion models StyleCLIP (Patashnik
et al., 2021) and HFGI (Wang et al., 2022). The
transformation is applied to an input image I to
produce the forged image /¢ = Enodel (1, @), where
£ is the editing function guided by attribute a, and
model € {StyleCLIP, HFGI}. The corresponding
ground-truth mask, Mgyq, is constructed by taking
the union of any pre-existing mask (Mpey) and
a new semantic mask (Mgemantic) generated via a
face parsing model (Yu et al., 2018), formulated as
Mfina = Mprev U Miemantic-

Image Inpainting. We generated localized forg-
eries using both transformer-based (MAT (Li et al.,
2022)) and diffusion-based (SDXL (Podell et al.,
2023)) models. The required input masks (M)
were created by programmatically selecting and
merging facial component segments. The final in-
painted image [ is produced by composing the
original image I with the model’s output [, g“’del us-
ing the mask M: Iy = (1 — M) -1+ M - I,
where model € {MAT, SDXL}.

2.2 Diagnosis Text Annotation

Annotation Methodology. To ensure high-quality
annotations, we develop a structured pipeline (see
Figure 2) where a team of expert annotators re-
ceives specific guidelines. Guided by a ground-
truth mask for each image pair, annotators are in-
structed to describe visual inconsistencies or arti-
facts exclusively within the manipulated regions.
They focus only on unnatural or poorly-integrated
features, omitting descriptions of authentic areas,
and compose self-contained descriptions that do
not reference the original image. Each description
is limited to a maximum of 120 words.

Annotation Process. Our annotation process in-
volves 30 trained annotators who follow a three-
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Figure 2: The manual annotation pipeline for the MMTT dataset. Here we show the key stages from

to textual description and final quality control.

step procedure. First, annotators receive an
original-forgery image pair (1,, I ) with its corre-
sponding ground-truth mask M. They then inspect
the images for inconsistencies within the masked
facial regions, such as unnatural textures or asym-
metries. Finally, they compose a detailed textual
description 7', explaining the specific nature of
the alteration. This process culminates in a triplet
p= s MT).

Annotation Quality Assurance. To ensure de-
scription reliability and inter-annotator consistency,
we implement a rigorous human-in-the-loop quality
control pipeline. All 30 annotators were recruited
from a professional data annotation agency and
provided with standardized guidelines and refer-
ence examples to maintain a uniform description
style. During the process, we enforce a minimum
observation time of one minute per image pair to
ensure thorough examination. Furthermore, tex-
tual descriptions referencing regions outside the
ground-truth mask are automatically flagged for
review to prevent false positives. Finally, manual
audits and cross-verifications were conducted on
sampled batches to ensure that all textual descrip-
tions are highly consistent and strictly grounded in
the localized manipulation masks.

3 ForgeryTalker

The architecture of our baseline model,
ForgeryTalker, extends InstructBlip (Dai
et al., 2023) and is structured around a shared
encoder and dual decoders. The shared encoder,
consisting of a Vision Transformer and a Q-
Former, processes the tampered image I to extract
multimodal features. Guided by prompts from
an integrated Forgery Prompter Network (FPN),
these features are then passed to two decoders: a
Mask Decoder for forgery localization and a Large
Language Model (LLM) that generates the final

attribution report. As shown in Figure 4, training
proceeds in two stages. In the Forgery-aware
Pretraining Stage, we jointly optimize the core
modules using a weighted combination of losses to
build forgery-sensitive multimodal representations.
In the subsequent Attribution Report Generation
Stage, we first train the FPN to generate accurate
region prompts. Then, with the FPN fixed, we
fine-tune the mask decoder and Q-Former using
segmentation and language modeling losses
to improve forgery localization and the final
attribution report.

3.1 Forgery-aware Pretraining

To learn robust multimodal representations sensi-
tive to manipulation artifacts, we jointly optimize
the proposed model using paired image [ and text
T via four complementary objectives:

Masked Language Modeling (L,,,;,,). To enforce
local visual-linguistic alignment, we mask a subset
of region-related tokens in 7' (e.g., facial parts).
The Q-Former is tasked with reconstructing these
masked tokens conditioned on the image embed-
dings and learnable queries.

Language Modeling (£;,,,). We employ a standard
generation objective where the T5-based decoder
autoregressively generates the explanation text T.
This is supervised by maximizing the likelihood of
the ground-truth tokens given the visual context.
Forgery Localization (L,.,). To capture pixel-
level anomalies, the mask decoder predicts a dense
binary forgery map from the fused multimodal fea-
tures. We apply a pixel-wise cross-entropy loss to
align the prediction with the corresponding ground-
truth manipulation mask.

Cross-model Alignment (L.,,). We further align
the global image token and the mean-pooled text
feature via contrastive learning. This objective
pulls paired visual-text representations closer in
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Figure 3: Statistical overview of the MMTT dataset and its four manipulation types: Face Swapping (FS), Face
Editing (FE), Transformer-based Inpainting (Trans. Inp.), and Diffusion-based Inpainting (Diff. Inp.). The figure
shows: (a) the proportional distribution of these types; (b) the modification frequency of facial parts for localized
edits (excluding FS, which alters the entire face); (c) the number of concurrently modified parts per image; and (d)
the word count distribution of the corresponding textual descriptions.

the latent space while pushing unpaired ones apart.
The final overall objective is a weighted sum of
these four complementary losses, equipping the
model with both fine-grained localization capabili-
ties and global semantic context.

3.2 Forgery Prompter Network

Motivation. Accurately identifying the most
salient manipulated regions in forged images is
challenging due to the high visual fidelity of mod-
ern manipulation techniques. Even human review-
ers must closely inspect the images to detect in-
consistencies. Therefore, we propose the Forgery
Prompter Network (FPN) to generate an initial set
of salient region keywords, which guide down-
stream reasoning and facilitate the coherent gener-
ation of attribution reports.

Region Keywords Extraction. In this step, we
extract relevant region labels from the provided
textual descriptions. The defined label space com-
prises 21 distinct facial semantics, where each im-
age is associated with a 21-dimensional ground-
truth vector Y'; here, the i-th element is 1 if the
corresponding facial part is mentioned in the tex-
tual description, and O otherwise.

Forgery Prompter Network (FPN) takes the vi-

sion transformers as the main architecture. Consid-
ering the crucial role of fine-grained local context
in identifying subtle flaws, we introduce a convolu-
tion branch at the early m layers to complement the
global contexts captured by the vision transformer.
As shown in Figure 5, the forgery image I concur-
rently traverses self-attention blocks and convolu-
tion blocks in parallel, producing global-aware fea-
tures Fy = {Fg , Fg2, ey F;"“_l} and local-aware
features F; = {F?, F?, ..., Flmfl}. At each encod-
ing level, the corresponding features are element-
wise summed and fed into next attention block:

Fy =MHA;_1(F}™"), F{ = Conv,_1(F/™"),
(D
(2)

where “MHA” and “Conv” mean the multi-head
attention and convolution. Furthermore, we note
that the positioning of facial regions in a natural im-
age follows a rigid and predictable structure, with
the eyes typically positioned laterally relative to
the nose and the eyebrows aligned above the eyes.
Leveraging this regularity, we integrate coordinate
convolution (Liu et al., 2018) in the initial convolu-
tional layer to detect anomalies in the arrangement
of facial features, i.e., Convg = CoorConv. The

Fy =MHA(F} + F), i=1,---

,m
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Figure 5: Illustration of the Forgery Prompter Network
(FPN). The FPN generates region-aware prompts for
forgery localization.

resultant feature F"* contains both global and local
contexts and is fed into subsequent multi-head at-
tention blocks and a classification head to produce
the probability Y across regions, while also being
used in cross-attention with Q-former features to
enhance forgery localization. Finally, the forgery
prompter network is trained using a combined loss,
incorporating both Binary Cross-Entropy (BCE)
and Dice loss to effectively balance region classifi-
cation and overlap precision:

21
1
KBCE———ZYlogY—i—w(l Vi) log(1-Y;),

3)
where w is a discount factor set to w < 1 to address
the imbalance due to the prevalence of unmodified

regions. The Dice loss is employed to measure the
overlap between the predicted labels Y and ground
truth Y, ensuring that less frequent classes receive
more attention:

252 Vi,
21 21 ~x-°
YA Y+ YT

Finally, we optimize FPN with the average of the
BCE and Dice losses via = (»CBCE + Lpice)-

EDice =1-

“)

3.3 Attribution Report Generation

Subsequently, we fix the trained FPN network and
take its region predictions as prior clues to aid both
the report generation and the cross-attention pro-
cess for improved forgery localization. Assume the
set of regions from the FPN is R = {ry, 72, ...}.
We design a particular template to include R and
form a report-focused instruction Ty 54

These facial areas may be manipulated
by AI: [R]. Please describe the specific
issues in these areas.

This structured prompt serves as the guiding con-
text for the language model, thereby ensuring that
the final output accurately reflects the manipula-
tions detected by the FPN. This integration en-
hances the coherence and quality of the generated
reports, offering a comprehensive understanding
of the tampered regions. Subsequently, the instruc-
tion and the image embeddings are fed into the
Q-former, and the resulting features are passed to
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the large language model to generate the explana-
tory text T" with the length of L. This output is
then supervised by the language modeling loss as:

Lp

,Ct = _E(I,T)ND ZIOgP(Tk | I,To,...
k=1

7Tk71> )

(5)
where (I, T) ~ D indicates that the expectation is
taken over samples from the dataset D.

3.4 Mask Decoder

We employ SAM’s Two-way Transformer (Kirillov
et al., 2023) as the mask decoder. The image en-
coder of InstructBLIP encodes the forgery image.
The resulting features from the Q-former are then
enhanced through cross-attention with the FPN’s
regional prompts. These enriched features are sub-
sequently fed into the Two-way Transformer to
predict the forgery mask M. The cross-entropy
loss is applied:

AW
T HW Z Z [MU log My;+(1—M;;) log(1— MU)]

(6)
where H, W are the height and width of the image.
Overall, the full loss in the second stage for report
generation and forgery localization is formulated
as ['full = ['t + ﬁm

4 Experiment

In this section, we present a series of experiments
to evaluate our proposed model, ForgeryTalker, on
the MMTT dataset against several baselines.

4.1 Quantitative Results

As shown in Table 2, we benchmark our proposed
baseline, ForgeryTalker, against a comprehensive
set of existing models adapted for our task: SCA
(Huang et al., 2024a), LISA-7B (Lai et al., 2024),
Osprey (Yuan et al., 2024), InstructBLIP (Dai
et al., 2023), FFAA (Huang et al., 2024b), and
FakeShield (Xu et al., 2025).

Report Generation. ForgeryTalker obtains the
highest CIDEr score (59.3) on the standard bench-
mark, significantly surpassing strong competitors
like InstructBLIP (51.7) and LISA-7B (44.1), as
well as other baselines including SCA (40.6), Os-
prey (24.5), FFAA (17.4), and FakeShield (10.0).
It also achieves the best performance across all
BLEU scores and leads in ROUGE-L (28.8). To
further verify the generalization capability, we ex-
tend the evaluation to the DQ_F++ dataset (Zhang

et al., 2024b) in a zero-shot setting. As shown in
Table 4, ForgeryTalker demonstrates superior per-
formance compared to advanced baselines. Specifi-
cally, it achieves a dominant CIDEr score of 113.3,
significantly outperforming the runner-up Instruct-
BLIP (98.5). Furthermore, ForgeryTalker ranks
first in all BLEU metrics, including BLEU-1 (48.5)
and BLEU-4 (32.4), while maintaining highly com-
petitive performance on ROUGE-L (47.2). These
results validate that our method generalizes effec-
tively to unseen datasets.

Forgery Localization. ForgeryTalker achieves
the highest IoU (73.67) and Precision (91.43). Its
competitive Recall (86.22) is second only to SCA,
which achieves the highest Recall of 92.11 but with
a notably lower IoU (46.69) and Precision (48.49).
Other baselines like InstructBLIP, LISA-7B, and
FakeShield report lower IoUs of 64.04, 52.45, and
47.44, respectively. Note that Osprey and FFAA do
not provide standalone forgery masks, so their lo-
calization metrics are not reported. The qualitative
results in Figure 6 visually corroborate these find-
ings. While InstructBLIP’s predicted masks ( )
often over-segment beyond the ground-truth (red)
and its reports are verbose, ForgeryTalker consis-
tently produces more precise masks and concise,
relevant reports.

Human Evaluation. To assess the practical utility
of our generated reports to non-experts, we con-
ducted a targeted human evaluation. Five indepen-
dent evaluators performed a blind test on 100 ran-
domly sampled test images, rating the text on a 1-5
Likert scale for Faithfulness (accuracy in identify-
ing artifacts without hallucination) and Helpfulness
(ability to assist human verification). As shown in
Table 3, ForgeryTalker significantly outperforms
baselines, demonstrating that explicitly grounding
text in localized visual evidence substantially cali-
brates human trust.

4.2 Ablation Study

Effect of the Forgery Prompter Network (FPN).
The FPN is shown to be a critical component. Ta-
ble 5 reveals a significant performance drop in re-
port generation (CIDEr drops to 51.7) when the
FPN is removed. Conversely, an oracle FPN using
ground-truth prompts (w/ FPN-GT) establishes a
high upper bound at 95.1 CIDEr. This large perfor-
mance gap underscores that the quality of region
prompts is a key factor for this task and motivates
future work on improving the FPN module.

Effectiveness of Pretraining Stage. Table 6 em-
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Report Generation

Forgery Localization

Setting Method Reference

CIDEr BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L IoU Precision Recall

% Seedl.SVL (Guoetal,2025) arXiv25 054 17.19 535 1.86 0.98 13.74 - - -

%@ Qwen25VL(72B) (Baietal,2025) arXiv25 272 2034 6.33 255 1.46 16.52 - - -

£ llava(72B) (Liu et al., 2024) Blog24  3.06 22,01 8.35 3.30 1.80 16.83 - - -

N InternVL3 (78B) (Zhuetal, 20252)  arXiv25  2.67 2231 8.08 3.16 175 16.82 - - -
PSCC-NET (Liu et al., 2022b) CVPR22 - - - - - - 3233 7030 3744
w  SCA (Huang etal., 2024a) CVPR24 406 306 17.8 112 8.2 276 4669 4849 9211
£ LISA-7B (Laietal, 2024) ICCV23  44.1 31.1 17.9 10.8 8.5 284 5245 7326 7153

E Osprey (Yuan et al., 2024) CVPR24 245 287 16.4 9.4 6.2 259 - - -
¢ InstructBLIP (Dai et al., 2023) NeuwrlPS23 517 318 20.3 14.6 11.4 277 6404 8788 7853

= FFAA (Huang et al., 2024b) arXiv24 17.4 12.0 6.6 4.0 12.9 21.7 - - -
FakeShield (Xu et al., 2025) ICLR25  10.0 9.1 43 2.3 123 167 4744 5842 6637
ForgeryTalker - 593 350 221 16.0 125 288 7367 9143 8622

Table 2: Performance comparison of generated captions and forgery localization across models. The "Zero-

Shot" section evaluates large vision-language models without task-specific training, while "Fine-Tuning" includes

specialized forgery detection and localization methods.

ForgeryTalker

1
The man has asymmetrical 1
eyebrows, a large left eye, a small 1
right eye, and a different skin tone :
1

1

1

1 This man has a close distance

I between his eyebrows, a large left
: eye, and a small right eye.

1

(
1
1
1
1
: on his face and neck.

(

The woman's eyebrows are
missing, her glasses are not clear,

1
1 This man has asymmetrical
1

1 her nose is not clear, and her teeth

1

1

right eye, and a small left eye.

are not clear.

! |
1

1
: eyebrows on both sides, alarge |
! |
! 1

InstructBLIP

The woman has asymmetrical
eyebrows on both sides, with the
left eyebrow being higher than the
right one

eyebrows on both sides of his face,

than the right one the eyelashes

This woman has asymmetrical
eyebrows on both sides of her face,
with the left eyebrow being longer
than the right one the contours of

her teeth are not clear.

ymmetrical
eyebrows on both sides, with the
left eyebrow being higher than the
right one the eyelashes are blurry,

are not clear, and the contours of
his lips are not clear.

and the contours of his lips are not

g —————

\
1
1
with the left eyebrow being higher :
1
1
1

Figure 6: Qualitative comparison of ForgeryTalker and InstructBLIP. For the results, the predicted mask is shown in
green and the ground-truth in red to highlight localization errors.

Method Faithfulness T Helpfulness 1
SCA (Huang et al., 2024a) 2.3 3.1
LISA-7B (Lai et al., 2024) 2.7 34
InstructBLIP (Dai et al., 2023) 3.6 3.8
ForgeryTalker 4.3 44

Table 3: Human Evaluation results (Average Scores
out of 5.0) assessing the faithfulness and helpfulness of
generated reports.

pirically validates the critical importance of our
forgery-aware pretraining strategy. Compared to
the baseline model trained purely from scratch, in-
tegrating the pretraining stage yields substantial
improvements across all evaluated metrics. Specif-
ically, it significantly boosts the localization per-
formance (e.g.,, [oU +7.8%) and enhances the se-
mantic quality of generated reports (e.g.,, CIDEr
+4.9). This confirms that optimizing the four pre-

training objectives equips the model with robust
multimodal representations, which are pivotal for
achieving high performance on the downstream
joint task.

Impact of Freezing the LLM. Keeping the LLM
frozen is a foundational practice in our design to
preserve its pre-trained linguistic reasoning and
prevent catastrophic forgetting. Empirical results
validate this strategy: fine-tuning the LLM with
LoRA degrades the text generation performance
(dropping from 54.4 to 49.6 CIDEr) compared to
the frozen setting. This confirms that preserving the
LLM’s pre-trained integrity while tuning alignment
modules (e.g., Q-Former and FPN) is optimal for
forgery attribution.

Robustness to Real-World Degradations. Im-
ages in the wild frequently suffer from social me-
dia compression and blurring. To evaluate ro-

30462



Model Bleu_1 Bleu 2 Bleu_3 Bleu 4 ROUGE_L CIDEr
SCA (Huang et al., 2024a) 47.6 39.9 35.2 30.1 40.4 71.0
LISA-7B (Lai et al., 2024) 46.5 38.4 33.1 31.2 45.6 74.3
InstructBLIP (Dai et al., 2023) 43.5 38.0 34.2 31.0 47.9 98.5
ForgeryTalker 48.5 41.4 36.5 324 47.2 113.3

Table 4: Report generation comparison on the DQ_F++ dataset (Zhang et al., 2024b). The best score for each metric

is shown in bold.

Report Generation

Forgery Localization

Method

CIDEr Bleu_1 Bleu_2 Bleu_3 Bleuu4 ROUGE_L 1IoU Precision Recall
ForgeryTalker w/ FPN-GT ~ 95.1 41.5 27.6 20.3 16.0 37.0 66.90 88.74 79.83
ForgeryTalker w/o FPN 51.7 31.8 20.3 14.6 114 27.7 64.04 87.88 78.53
ForgeryTalker 59.3 35.0 22.1 16.0 12.5 28.8 73.67 91.43 86.22

Table 5: Ablation study on the impact of different variants. w/ and w/o mean equipping or not equipping the

following modules.

Report Generation

Forgery Localization

Method

CIDEr BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-L IoU Precision Recall
w/o Pretraining Stage ~ 54.4 33.8 21.6 15.5 12.1 28.3 65.87 89.00 78.87
w/ Pretraining Stage  59.3 35.0 221 16.0 12.5 28.8 73.67 91.43 86.22

Table 6: Impact of the Forgery-aware Pretraining Stage.

Degradation Condition CIDEr Bleu_1 Bleu 4 ROUGE_L 1IoU Precision Recall
Clean (Original) 59.3 35.0 12.5 28.8 73.67 91.43 86.22
Moderate (0.75x Down-sampling) 59.1 34.8 12.4 28.8 74.31 84.12 84.68
Moderate (Kernel 5 Blur) 44.8 31.9 8.8 26.2 65.89 84.50 74.09
Severe (0.5x Down-sampling) 59.7 35.1 125 28.8 74.87 84.22 85.14
Severe (Kernel 11 Blur) 39.1 31.3 7.8 254 59.51 80.82 69.44

Table 7: Robustness evaluation across various degradation levels simulating in-the-wild scenarios.

bustness, we tested ForgeryTalker under varying
degradation levels (Table 7). Remarkably, under
severe 0.5x down-sampling, the CIDEr score re-
mains stable (59.7), and the mask IoU slightly in-
creases to 74.87%, proving the model leverages
scale-invariant structural cues rather than fragile
pixel-level noise. While severe Gaussian blur (Ker-
nel 11) physically erases high-frequency forensic
details and impacts metrics (reducing CIDEr to
39.1), the model still maintains functional semantic
reasoning based on global patterns.

5 Conclusion

We address the limitations of traditional forgery
localization methods, which typically lack explana-
tory power. We introduce the novel task of Forgery
Attribution Report Generation to produce both
precise localization masks and rich textual expla-
nations. To catalyze this research, we release the
MMTT dataset, the first large-scale benchmark fea-
turing high-precision, process-derived masks and
meticulously crafted annotations. Furthermore, we
propose ForgeryTalker, a unified baseline that in-
tegrates localization and report generation into an
end-to-end framework. Our experiments validate

the effectiveness of ForgeryTalker and establish a
solid benchmark on the MMTT dataset. These con-
tributions pave the way for future advancements in
explainable and trustworthy facial forgery analysis.
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on the premise of an upstream binary decision.
As we focus on "where" and "why" for flagged
images, the model does not collect interpretable
local evidence to drive the initial detection.
Transitioning from post-hoc attribution to a fully
integrated, evidence-based detection pipeline
remains an important open research direction.
Second, the quality of the generated reports is
highly sensitive to the accuracy of initial region
proposals. As shown in our ablation studies, while
the Forgery Prompter Network (FPN) establishes a
robust baseline, there remains a performance gap
compared to guidance using ground-truth masks.
Bridging this bottleneck is crucial for more reliable
forensic reporting. Finally, while ForgeryTalker is
efficient during inference, the two-stage training
pipeline (forgery-aware pre-training and task-
specific fine-tuning) incurs higher computational
costs compared to training simpler models from
scratch. Additionally, although MMTT covers
major manipulation paradigms, potential synthetic
bias remains a challenge when encountering
entirely unseen, adversarial real-world forgeries.

Ethical Considerations

The proposed MMTT dataset and the associated
ForgeryTalker framework are developed exclu-
sively to support academic research on deepfake
detection and interpretable forensics. We acknowl-
edge the potential dual-use risks inherent in con-
structing high-fidelity forged facial imagery, which
could be misused to analyze or circumvent detec-
tion systems. To mitigate such risks, we adopt
a strict harm-minimization and controlled-release
policy. Specifically, we do not disclose the de-
tailed generation pipelines or adversarial editing
tools to prevent direct exploitation by malicious
actors. Access to the dataset is restricted to vet-
ted academic researchers and institutions under a
signed Data Usage Agreement (DUA), which ex-
plicitly prohibits malicious content generation and
identity re-identification. Moreover, all source im-
ages are obtained from publicly available academic
datasets and are carefully screened to exclude mi-
nors. We reserve the right to revoke access upon
any evidence of misuse.
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A Related Work

Facial Manipulation Localization. Detecting ma-
nipulated facial regions, especially deepfakes, has
garnered attention. CNN-based methods (Sabir
et al., 2019) utilize temporal inconsistencies for
videos, while GAN-based approaches, such as
GANprintR (Neves et al., 2020) and MaskGAN
(Liu et al., 2022a), address synthetic artifacts. Hy-
brid models like HCiT (Kaddar et al., 2021) com-
bine CNNs and ViTs to enhance generalization, and
multi-modal methods (Sun et al., 2023; Khedkar
et al., 2022) leverage spatial-temporal inconsisten-
cies. However, these models lack interpretability
and fine-grained mask generation, which our work
addresses by providing both localization masks and
textual explanations.

Multi-label Classification for Facial Localiza-
tion. Multi-label classification captures indepen-
dent alterations in facial regions but struggles with
dependencies across features. CNNs (Lalitha and
Sooda, 2022) face limitations in fine-grained tasks,
while hybrid models (Kaddar et al., 2021) im-
prove detection by combining local and global
features. Weighted loss functions (Ramachandran
et al., 2021) and parallel branches (Richards et al.,
2023) address class imbalance and refine detection.
Yet, few works integrate multi-label classification
with localization. Our ViT-based classifier bridges
this gap by capturing complex dependencies with
parallel branches and weighted loss functions.
Segmentation Techniques. Segmentation is cru-
cial for identifying localized manipulations. Mod-
els like U-Net and DeepLab (Ross and Dollar,
2017) focus on spatial features, while Transformer
models (Alexey, 2020) capture global context. Re-
cent methods like SAM (Kirillov et al., 2023) use a
Two-Way Transformer for high-quality masks but
lack manipulation-specific context. By integrating
SAM with InstructBLIP, we create context-aware
forgery masks, unifying segmentation and manipu-
lation detection for enhanced localization.
Explainable Forgery Detection. A recent trend is
moving towards explainable forensics. Within the
NLP community, multimodal misinformation de-
tection aims to identify inconsistencies between
text and images via logic reasoning (Liu et al.,
2023a) or synthetic data learning (Zeng et al.,
2024), yet these methods often overlook pixel-
level manipulation artifacts. In the vision domain,
FakeShield (Xu et al., 2025) attempts to explain
general image forgeries but relies on synthetic GPT-

40 annotations. Bridging these fields, our work in-
troduces MMTT, a large-scale dataset specifically
designed for the facial forgery domain. Unlike
previous resources, MMTT features meticulous
human-in-the-loop annotation, enabling models to
ground their textual explanations in precise visual
regions.

B Forgery-aware Pretraining

In the main paper, we briefly outlined the Forgery-
aware Pretraining stage. To provide a more compre-
hensive understanding of our optimization strategy,
this section details the specific mathematical for-
mulations for the four distinct training objectives:
Masked Language Modeling, Language Modeling,
Forgery Localization, and Cross-model Alignment
Learning.

The goal of our forgery-aware pretraining stage
is to learn robust multimodal representations that
are sensitive to manipulation artifacts. Given an
image I and its corresponding ground-truth expla-
nation text 7', we jointly optimize the core modules
of our model using four distinct training objectives.
The image [ is first processed by a frozen visual
encoder to yield embeddings E7, which serve as
input alongside the text T for the following loss
functions:

Masked Language Modeling (L,,,;,,,): The text
T is tokenized into T'. Before feeding 7T into the
Q-Former, a subset of region-related tokens (e.g.,,
“ear”, “eye”, etc.) M is masked, and the masked
token results in T\ M- Along with the learned query
tokens () and image embeddings F, the Q-Former
predicts the masked tokens. The loss is computed
as:

Loim =— Y logP(t| I, T\ x). (]
teM

Language Modeling (L;,,,): The Q-Former output
is projected and fed to a T5-based decoder (Chung
et al., 2022) that generates the explanatory text T
with the length of L. The generated explanation
is compared token-by-token with the ground truth
via cross-entropy loss:

L
Lim ==Y 10g P(Ti | LTy, Tir), ®
k=1

Forgery Localization (L;.,): The non-[CLS] to-
kens of Ej are seamlessly fused with the text T’
via cross-attention. The mask decoder predicts a
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forgery mask M with the height H and width W,
which is compared to the ground-truth mask M
using pixel-wise cross-entropy loss:

M=

H

1 X .

Licg = =77 D [Mij log Mi; + (1 — M;;) log(1 — Mij)],
i=1 1

()
where M;; = 1 if the (4, j) pixel is manipulated,
0 otherwise. Cross-model Alignment Learning
(Lcon): To align modalities, we pull the global
image feature v (from the [CLS] token) closer to
the mean-pooled text feature ¢ with contrastive loss
as:

exp <sim(vi, tl‘)/’]’)

Z;‘Vzl exp (sim(vi, tj)/T)

(10)
where N is the batch size, sim(-) denotes cosine
similarity and 7 is a temperature parameter. The
overall pretraining loss is defined as:

)

ﬁpretrain = A1 ['mlm + )\2£lm + )\3£seg + )\4£con;

11
where A1, A2, A3, and )4 being empirically tuned
weights. The joint optimization of these losses en-
ables our model to capture both fine-grained local
details and global semantic context. This robust ini-
tialization is pivotal for the subsequent Attribution
Report Generation Stage, where further fine-tuning
refines forgery localization and enhances the qual-
ity of the generated reports.

C Examples from MMTT Dataset

To enhance the understanding of the MMTT dataset
and its unique contributions to facial image forgery
localization, we provide a word cloud generated
from the textual descriptions (captions) and a series
of representative examples. The MMTT dataset
is meticulously designed to facilitate fine-grained
forgery localization by leveraging multimodal an-
notations. Each sample consists of three comple-
mentary components: a manipulated image, a bi-
nary mask delineating the forged regions, and a
detailed textual description that explicitly identifies
and contextualizes the alterations. These compre-
hensive annotations provide a robust foundation for
research tasks requiring precise localization and ex-
plainability of facial manipulations.

The word cloud, presented in Figure 8, visu-
ally encapsulates the linguistic distribution within
the dataset’s textual annotations. Dominant terms

such as "woman," "man," "skin tone," and "facial

skin" highlight the dataset’s focus on describing
forgery in specific facial regions. Furthermore, fre-
quent mentions of region-specific features, such
as "left eye," "nose bridge," and "right eyebrow,"
underscore the granularity and specificity of the
annotations. This visualization demonstrates the
alignment between the textual descriptions and the
underlying task of forgery localization, offering an
overview of the dataset’s descriptive richness and
consistency.

Figure 7 illustrates selected examples from the
MMTT dataset, showcasing its multimodal struc-
ture and the diversity of forgery types. Each exam-
ple includes a manipulated image, its correspond-
ing binary mask, and a textual description. For
illustrative purposes, we have also included the
original (authentic) images alongside the manip-
ulated samples in Figure 7 to provide additional
context for understanding the nature and extent
of the forgeries. It is important to note that these
original images are not part of the MMTT dataset
and are shown exclusively to highlight the trans-
formations and to provide clarity on the dataset’s
structure. The actual dataset is focused on forged
images, binary masks, and detailed captions, with-
out the inclusion of original (authentic) images.

D Experimental Setup

Implementation Details. We implement
ForgeryTalker with PyTorch (Paszke et al., 2019)
and train on a single NVIDIA H100 (94GB)
GPU. Our model is built upon the InstructBLIP
framework, utilizing the frozen Flan-T5-XL as
the Large Language Model (LLM) backbone.
The total number of parameters is approximately
4B. The entire two-stage training process takes
approximately 2 days (i.e., 48 GPU hours).

Training Protocol. We use an 8:1:1
train/validation/test split of the MMTT dataset.
The two-stage training process is as follows: (1)
The FPN is trained for 125k steps (batch size 16,
initial Ir 7.5e-3 with cosine decay) with the BCE
loss weight w set to 0.2. (2) With the FPN frozen,
the main model is trained for 60 epochs (batch size
16, Ir 4e-6) using mixed-precision (fp16) training.
Evaluation Metrics. For the report generation task,
we employ standard captioning metrics including
CIDEr, BLEU, and ROUGE-L, computed using
the official pycocoevalcap toolkit. For forgery
localization, we report pixel-level Intersection over
Union (IoU), Precision, and Recall to evaluate the
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N’

- | MMTT Dataset

Manipulated

| This man has indistinct ear contours on both sides, with
| unclear textures. The outlines and textures of his mouth
1 and teeth are also indistinct. There is a white spot on the
i right side of his face.

____________________________________________

1 1
| This man has indistinct eyebrows on both sides. There is ;
i shadow on his nose. Both eyes are blurry. The teeth are 1
| not clear. The contours of both ears are not distinct. i
1 1

\
:’ The man has uneven sizes in his left and right eyes, a !
! thick, prominent nose, lips of different colors on the !
! upper and lower parts, and crooked teeth. His neck skin |
tone is different from that of his face. !

’ \
! The man's eyes lack the true color and texture of his !
1 eyes, and his eyelashes are not clear. His facial skin is |
| too smooth, lacking the true texture of skin. His lips lack |
| the true texture of skin. i

,{ This man has a partial absence of the right eyebrow and ‘:
\ the right eye. i

Figure 7: Examples from the MMTT dataset. Each row illustrates a case from the dataset, comprising a manipulated
image, its corresponding binary mask (overlaid in green), and a textual description detailing the altered facial
regions. For illustrative purposes, the original (authentic) images are also included in this figure to highlight the
extent and nature of the manipulations. The green regions indicate the localized areas of forgery as identified by the
binary masks. It is important to note that the original images are not part of the MMTT dataset; the dataset itself
consists only of manipulated images, binary masks, and their associated textual descriptions.

mask alignment quality. tion generation (CIDEr, ROUGE-L, BLEU scores),
with results summarized in Table 8.
E Comparison with State-of-the-art
Models

For forgery localization, specialist models like
IML-ViT expectedly achieve the highest scores
in IoU (77.89) and Recall (90.04), as they are

We compare the performance of our proposed
solely optimized for this task. However, our

ForgeryTalker framework against a range of re- : -
cent models, including specialist forgery localiza- ForgeryTalker demonstrates highly competitive lo-

tion models and general-purpose Large Vision- calization capabilities, achieving a strong IoU of

Language Models (LVLMs). It is important to 73.67 and securing the best Precision score (91.43)
among all compared models. This indicates our

model’s superior ability to avoid over-predicting
forged regions.

note that while the specialist models and our
ForgeryTalker were trained on our dataset, the gen-
eral LVLMs were evaluated in a zero-shot setting
to assess their out-of-the-box capabilities for this For the primary task of interpretation genera-
novel task. The evaluation covers both forgery tion, ForgeryTalker significantly outperforms all
localization (IoU, Precision, Recall) and interpreta-  other LVLMs across every text-based metric. It
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Figure 8: Word cloud of captions in the MMTT dataset. This visualization highlights the most frequently used
words in the dataset’s textual descriptions, where the font size represents the frequency of occurrence.

achieves a CIDEr score of 59.3, which is an order
of magnitude higher than the next best competitor,
Llava-72B (3.06). This substantial gap highlights
the effectiveness of our forgery-aware architecture
in generating accurate and relevant textual explana-
tions, a task where general-purpose LVLMs, which
were not fine-tuned on our forgery-specific data,
naturally struggle. In summary, ForgeryTalker
establishes a new state-of-the-art in interpretable
forgery localization by providing best-in-class cap-
tioning performance while maintaining a robust
and precise localization ability.

F Ablation Study on the Impact of the
FPN

Impact of FPN Loss and Discount Factor. We
use Positive Label Matching (PLM) to evaluate the
effectiveness of FPN. PLM calculates the ratio of
correctly predicted positive labels over the union
of predicted and ground-truth positive labels:

|Predicted Positive Labels M Ground Truth Positive Labels|

PLM = .
|Predicted Positive Labels U Ground Truth Positive Labels|

12
Unlike IoU, PLM focuses on detecting manipu-
lated regions without being influenced by a large
number of correctly predicted negative labels, mak-
ing it ideal for tasks with sparse modifications.
The forgery prompter network is optimized by
a combined loss, incorporating both Binary Cross-
Entropy (BCE) loss and Dice loss to effectively

balance region classification and overlap precision:

21
EBCE_——ZYlogYer(l Y;) log(1-Y;),

(13)
where w is a discount factor set to w < 1 to address
the imbalance due to the prevalence of unmodified
regions.

Table 9 examines the effect of the discount fac-
tor w in the BCE loss (Eq. 13) and the addition
of Dice loss. Setting w = 0.2 improves the PLM
metric from 34.23 to 38.92 on a ViT backbone; fur-
ther incorporating the FPN boosts PLM to 39.16,
and combining BCE with Dice raises it to 41.05.
This confirms that discounting unmodified regions
and combining losses enhances region prompt ac-
curacy.

G Evaluation on SynthScars Dataset

To further verify the robustness of our method,
we extended our evaluation to the SynthScars
dataset (Kang et al., 2025) in a zero-shot set-
ting, specifically filtering for samples involving fa-
cial manipulations. We benchmark ForgeryTalker
against SCA and Osprey. For a fair comparison,
both baselines were also fine-tuned on our MMTT
dataset before evaluation. As reported in Table 10,
ForgeryTalker consistently outperforms the base-
lines across all report generation metrics. Specifi-
cally, it achieves a ROUGE-L of 32.2 and BLEU-4
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‘ Interpretation Generation

Forgery Localization

Model

CIDEr ROUGE_L Bleu_1 Bleu_2 Bleu_3 Bleu_4 | IoU Precision Recall
Seed1.5VL (Guo et al., 2025) 0.54 13.74 17.19 5.35 1.86 0.98 - - -
Qwen2.5VL (72B) (Bai et al., 2025) | 2.72 16.52 20.34 6.33 2.55 1.46 - - -
Qwen2.5VL (32B) (Bai et al., 2025) | 2.53 16.89 22.44 8.16 33 1.78 - - -
Qwen2.5VL (7B) (Bai et al., 2025) 2.48 17.0 22.33 8.2 324 1.78 - - -
llava (72B) (Liu et al., 2024) 3.06 16.83 22.01 8.35 33 1.8 - - -
llava (8B) (Liu et al., 2024) 2.1 18.05 20.75 7.66 3.15 1.75 - - -
InternVL3 (78B) (Zhu et al., 2025a) | 2.67 16.82 22.31 8.08 3.16 1.75 - - -
InternVL3 (38B) (Zhu et al., 2025a) | 2.29 17.18 21.21 7.83 3.2 1.76 - - -
InternVL3 (14B) (Zhu et al., 2025a) | 2.29 16.85 20.81 7.54 3.03 1.71 - - -
IML-ViT (Ma et al., 2023) - - - - - - 77.89 83.76 90.04
PSCC-NET (Liu et al., 2022b) - - - - - - 32.33 70.3 37.44
ForgeryTalker 59.3 28.8 35.0 22.1 16.0 12.5 | 73.67 91.43 86.22

Table 8: Performance comparison against state-of-the-art models in the supplementary material. Specialist models
(IML-VIiT, PSCC-NET) and our ForgeryTalker are trained on our dataset. General Large Vision-Language Models
(LVLMs) are evaluated in a zero-shot setting. Best performance for each metric is in bold.

Model w Loss PLM
ViT 1 BCE 34.23
ViT 0.2 BCE 38.92
FPN 0.2 BCE 39.16
FPN 0.2 BCE +Dice 41.05

Table 9: Ablation Study on the Impact of the FPN

of 6.5, significantly surpassing the second-best re-
sults. It is worth noting that the absolute scores
for n-gram based metrics, particularly CIDEr (2.2),
are relatively modest for all models. This is largely
attributed to the inherent stylistic discrepancy be-
tween the ground-truth captions in SynthScars and
our MMTT training data. Since metrics like CIDEr
are highly sensitive to specific linguistic patterns,
the domain shift in annotation style leads to lower
numerical scores. Despite this, our method demon-
strates superior transferability and relative perfor-
mance compared to the state-of-the-art baselines.

H Ablation Study on Manipulation Type
Contributions

To investigate the individual contributions of
different forgery types within our MMTT
dataset—namely Face Swapping, Face Editing, and
Image Inpainting—we conducted an ablation study
based on data composition. specifically, we trained
ForgeryTalker on subsets containing only two out
of the three manipulation types and evaluated the
performance on the full test set. This “leave-one-
type-out” setting allows us to quantify the impact

of the missing type on the model’s generalization
capability.

The results are presented in Table 11. The com-
parison reveals distinct roles for each manipulation

type:

* Impact of Face Editing on Report Qual-
ity: When Face Editing data is excluded from
training (see the column “Swapping + In-
painting”), the report generation performance
suffers the most dramatic decline, with the
CIDEr score dropping from 56.9 to 16.2. This
suggests that the Face Editing samples in
MMTT contain the most diverse and semanti-
cally complex linguistic descriptions. Without
them, the model struggles to generate high-
quality, descriptive attribution reports.

Impact of Inpainting on Localization and
Fluency: Excluding Image Inpainting data
(see the column “Swapping + Editing”) leads
to the lowest localization accuracy (IoU drops
to 61.28) and a collapse in ROUGE-L score
(2.7). This indicates that Inpainting sam-
ples are critical for the model to learn pre-
cise boundary localization and to maintain the
structural fluency of the generated text.

Impact of Face Swapping: Removing Face
Swapping data (see the column “Editing + In-
painting”) results in a moderate performance
drop across both localization and generation
metrics (e.g., IoU drops to 63.12, CIDEr to
49.2). This implies that Face Swapping con-
tributes to the overall robustness of the model
but is less specialized than the other two types
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Model Bleu_1 Bleu 2 Bleu 3 Bleu 4 ROUGE_L CIDEr
SCA (Huang et al., 2024a) 9.23 6.45 3.89 0.93 15.74 0.54
Osprey (Yuan et al., 2024) 7.54 6.09 4.36 2.29 13.28 1.40
ForgeryTalker 10.80 8.80 7.40 6.50 32.20 2.20

Table 10: Zero-shot report generation performance on the face-modification subset of the SynthScars dataset (Kang
et al., 2025). All models were fine-tuned on the MMTT dataset and evaluated on SynthScars without further tuning.

Table 11: Ablation study on the contribution of different forgery types within the MMTT dataset. Each row
represents a model trained on a specific subset of data (leaving one type out) and evaluated on the full test set. “Full

Set” indicates training with all forgery types.

Training Data Composition ‘ Forgery Localization

Report Generation

IoU  Precision Recall

Bleu_1 Bleu_ 2 Bleu_3 Bleuu4 ROUGE_L CIDEr

Full Set (All Types) 7100 9027  84.04

31.90 19.60 14.20 11.20 28.30 56.90

63.12 73.80
61.28 80.55

84.81
72.95

w/o Face Swapping
w/o Image Inpainting

w/o Face Editing 68.20 89.77 78.72

28.10
25.00
23.50

17.80
15.90
12.30

12.70 10.00
11.80 9.50
7.00 4.20

26.30 49.20
2.70 48.50
21.50 16.20

in driving specific extreme metrics.

In summary, the diversity of manipulation types
in MMTT is essential, with each type contributing
uniquely to either the visual localization precision
or the semantic richness of the generated reports.

I Statements

LI.1 Reproducibility Statement

To ensure transparency and facilitate future re-
search, we commit to the full release of our code,
data, and model weights. First, we will make the
complete source code for ForgeryTalker publicly
available on GitHub upon publication, covering
both the pre-training and report generation stages.
This repository will include comprehensive train-
ing scripts, configuration files for ablation studies,
and detailed environment setup instructions. Sec-
ond, the MMTT dataset, which consists of 152,217
image-text-mask triplets, will be released to the
research community under our Data Usage Agree-
ment. Finally, to establish a standardized bench-
mark and lower the barrier for subsequent work,
we will provide pre-trained checkpoints for our
best-performing models and baselines.

I.2 LLM Usage Statement

During the preparation of this work, the authors
used a large language model to assist with improv-
ing grammar, rephrasing sentences, and ensuring
terminological consistency. The authors reviewed
and edited all model-generated text and take full
responsibility for the final content of this paper.
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