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Abstract

With the rapid development of generative mod-
els, forged content has become increasingly real-
istic, making it essential to accurately determine
the authenticity of visual content and provide re-
liable evidence for corresponding decisions. Most
existing deepfake forensic methods primarily focus
on detection or localization, making it difficult to
jointly perform detection, localization, and expla-
nation grounded in visual evidence. To address this
limitation, we propose an anchored-prompt zero-
training framework that simultaneously performs
deepfake detection, manipulated-region localiza-
tion, and visible forgery-trace explanation. First,
we construct a schema anchored prompt that inte-
grates task instructions, output-format constraints,
and forensic evidence categories into a unified in-
struction. A frozen Qwen2-VL-7B-Instruct model
then performs evidence-guided forensic reasoning.
Finally, a consistency filtering module normalizes
the generated JSON outputs, validates the predicted
bounding boxes, and enforces semantic consistency
between classification results and spatial evidence.
Extensive experiments on the DDL-X challenge
benchmark demonstrate the effectiveness of the
proposed framework across deepfake detection, lo-
calization, and explanation tasks. Our final solution
ranked among the top ten teams in DDL-X Track 3,
indicating its strong overall performance and prac-
tical potential for real-world deepfake forensics.

1 Introduction
In recent years, with the rapid development of deep learning,
especially generative adversarial networks (GANs) [Goodfel-
low et al., 2014], diffusion models (DMs) [Ho et al., 2020],
and large vision-language models, highly realistic forged im-
ages can now be easily generated by ordinary users, while
such forged images are becoming increasingly difficult to
identify. If maliciously disseminated, these forged contents
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Figure 1: Comparison of framework capabilities. Existing deepfake
methods are often limited to image-level detection or detection with
localization. In contrast, the proposed framework provides a unified
solution that simultaneously supports detection, manipulated-region
localization, and natural-language explanation.

may cause serious negative impacts on personal privacy, so-
cial stability, the credibility of news media, and even the ju-
dicial system. To address these risks, both academia and in-
dustry have proposed a large number of deepfake detection
methods and released a series of related datasets. As shown
in Figure 1, early methods mostly formulate deepfake detec-
tion as a binary classification task. However, they usually
only output image-level real/fake labels or confidence scores,
lacking precise localization of manipulated regions and mak-
ing it difficult to explain the reasons behind model predictions
to users. Therefore, relying solely on binary classification re-
sults is often insufficient for real-world applications such as
forensic investigation, content moderation, and trustworthy
media analysis. To improve the verifiability and interpretabil-
ity of deepfake analysis systems, the task of Deepfake Detec-
tion and Localization (DDL) has received increasing atten-
tion. Unlike traditional detection tasks, DDL requires models
not only to determine whether an image has been manipu-
lated, but also to localize the specific forged regions. The lo-
calization results can provide intuitive evidence for the detec-
tion conclusion, making model predictions more transparent.
However, most existing DDL methods still remain at the level
of visual localization, usually presenting suspicious regions
in the form of masks, bounding boxes, or heatmaps, while



lacking natural-language explanations for users. As a result,
non-expert users may still find it difficult to understand why
a model considers a certain region to contain forgery traces.
Track 3: Deepfake Detection, Localization, and Explainabil-
ity Challenge at the IJCAI-ECAI 2026 Workshop on AIGC
Safety further extends the traditional DDL task. This track
focuses on deepfake image analysis in real-world scenarios,
requiring participating systems not only to determine whether
an input image is real or fake, but also to provide the corre-
sponding forged regions and generate explanatory text con-
sistent with visible visual evidence. Compared with methods
that only output detection scores or localization boxes, this
task places greater emphasis on the consistency among de-
tection results, spatial localization, and textual explanations,
thereby posing higher requirements on the comprehensive un-
derstanding ability and explainable reasoning capability of
models. Meanwhile, the challenge released DDL-X [Miao
et al., 2025a; Miao et al., 2025b], a dataset that leverages
Qwen3-VL to enrich the DDL-I corpus. This dataset sup-
ports the development of deepfake detection technology and
improves the explainability of detection results.

This paper presents our submitted system for DDL-X
Track 3. Different from supervised detectors that require
task-specific training or private checkpoints, our method for-
mulates the challenge as a prompt-based multimodal foren-
sic reasoning problem. We use a public instruction-following
vision-language model as the backbone and guide it with an
evidence-oriented forensic prompt. The generated response
is further processed by a structured validation module, which
recovers JSON outputs, normalizes fields, validates coordi-
nates, and enforces consistency among classification, local-
ization, and explanation. Our main contributions are summa-
rized as follows:

• We design a prompt-echo schema anchoring module that
combines the task objective, output schema, and foren-
sic evidence checklist into a unified instruction. It con-
strains the generation format while directing the model
toward image-specific forensic evidence.

• We formulate deepfake analysis as zero-training mul-
timodal forensic reasoning. Using a frozen vision-
language model, the proposed method jointly predicts
image authenticity, manipulated-region bounding boxes,
and natural-language explanations without task-specific
training or additional detector heads.

• We develop a consistency filtering module that performs
JSON recovery, field normalization, label validation, co-
ordinate clipping, bounding-box verification, and cross-
output consistency checking. This module prevents mal-
formed or contradictory generations from directly be-
coming final predictions.

• Extensive backbone comparisons, component-wise ab-
lations, and qualitative analyses demonstrate the effec-
tiveness of the three modules for deepfake detection, lo-
calization, and explanation. Our system ranked among
the top ten teams in DDL-X Track 3.

2 Related Work
2.1 Deepfake Detection
FaceForensics++ provided a standard benchmark dataset for
face manipulation detection [Rossler et al., 2019], while Face
X-ray improved model generalization by modeling blending
boundaries [Li et al., 2020]. ViT learns visual representations
through global attention over sequences of image patches
[Dosovitskiy et al., 2020], Swin Transformer supports both
high-resolution modeling and dense prediction through hier-
archical shifted windows [Liu et al., 2021], and MAE pro-
vides a scalable self-supervised pretraining paradigm based
on masked image reconstruction [He et al., 2022]. Build-
ing on these advances, C2P-CLIP injects category-common
prompts into the text branch of CLIP, using semantic con-
cepts to assist in identifying forged images [Tan et al., 2025].
Generalization has become a core issue in deepfake detection:
methods such as AIDE, DiffusionFake, GM-DF, IAPL, and
OMAT specifically investigate transferable forgery features
across generators, data domains, and latent priors [Yan et al.,
2025; Sun et al., 2024; Lai et al., 2025; Li et al., 2026; Zhou
et al., 2026]. Some other studies focus on practical deploy-
ment by exploring weakly supervised schemes, data ecosys-
tem construction, and fairness constraints [Qiao et al., 2024;
Lai et al., 2026; Lin et al., 2024; Ding et al., 2026]. However,
most of the above detection algorithms mainly focus on pro-
ducing image-level authenticity labels or confidence scores,
and cannot simultaneously provide complete manipulated-
region localization and interpretable textual explanations.

2.2 Deepfake Localization
Unlike detectors that only output classification scores, local-
ization models are required to provide spatial evidence, such
as pixel-level masks, manipulation boundaries, region boxes,
or text tokens. ManTra-Net learns generic manipulation trace
representations for pixel-level tracing of unknown editing op-
erations [Wu et al., 2019]. MVSS-Net adopts multi-view
and multi-scale supervision, jointly constraining image-level
classification and pixel-level segmentation so that the two
tasks can mutually benefit each other [Chen et al., 2021].
EAN explicitly formulates image manipulation localization
as a segmentation problem between internal and external
boundary regions, leveraging neighboring feature interactions
to enhance both explicit and implicit edges while alleviating
false positives caused by feature redundancy in large models
[Chen et al., 2024]. Cross-modal studies further extend the
targets of localization. DGM4 unifies authenticity judgment,
manipulation type recognition, image-region grounding, and
text-token grounding for image-text media. HAMMER first
performs manipulation-aware contrastive learning and then
models image-text interactions through cross-attention [Shao
et al., 2024]. SIDA targets social media images and si-
multaneously outputs real/synthetic/manipulated categories,
manipulation masks, and textual explanations [Huang et al.,
2025]. MDSM/AMD considers semantically consistent de-
ceptive narratives generated by multimodal large models,
weakening the traditional shortcut of image-text mismatch,
and evaluates models with joint metrics for detection, type
recognition, and localization [Zhang et al., 2026].
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Figure 2: Overview of the proposed zero-training multimodal forensic reasoning framework. The input image is combined with an evidence-
oriented anchored prompt and processed by a frozen Qwen2-VL-7B-Instruct model to generate a raw response containing an initial prediction.
The raw response is then parsed, normalized, and refined by semantic-logical consistency filtering to produce the final JSON result.

2.3 Deepfake Explainability
M2F2-Det combines forgery-oriented CLIP prompt learning
with an adapter connected to a large language model, en-
abling the model to output both forgery scores and textual
reasons [Guo et al., 2025]. However, fluent natural language
does not necessarily correspond to real visual evidence. Es-
pecially for high-quality forged samples, models may pro-
duce seemingly plausible but incorrect descriptions of manip-
ulated regions or artifacts. To reduce such explanation hallu-
cinations, FFTG first constructs manipulation masks and re-
gion/type cues from real–fake differences, and then uses these
verifiable signals to constrain the textual explanations gener-
ated by multimodal large models [Sun et al., 2025]. This
idea emphasizes that explanations should be anchored in ver-
ifiable region and type evidence rather than freely generated
by an independent language model attached after a classifier.
The image-box and token grounding in DGM4 [Shao et al.,
2024], the integrated category–mask–reason output in SIDA
[Huang et al., 2025], and the manipulation-oriented reasoning
in AMD [Zhang et al., 2026] all reflect a trend from merely
“readable descriptions” toward “evidence-constrained expla-
nations.”

The DDL-X task integrates the above three requirements,
requiring models to simultaneously perform authenticity clas-
sification, spatial localization, and textual explainability gen-
eration within a unified framework. This task setting en-
courages algorithms to generate case-specific explanations
grounded in real evidence, rather than generic descriptions.
Following this design principle, our method generates textual
explanations entirely based on the suspicious regions iden-

tified by the detector. As a result, the output of the explana-
tion module is strictly constrained to visible forensic features,
such as unnatural edge transitions, texture misalignment, dis-
torted facial details, and local synthetic artifacts, and avoids
producing broad descriptions without visual evidence.

3 Method
3.1 Framework Overview
We propose a zero-training multimodal forensic reasoning
framework for DDL-X Track 3. The task requires the model
to produce a structured prediction for each input image, in-
cluding image-level classification, manipulated-region local-
ization, and visible-trace explanation. Different from con-
ventional deepfake detectors that mainly focus on binary
real/fake classification, our framework formulates the task as
a unified visual forensic reasoning problem, where detection,
localization, and explanation are generated in a single infer-
ence pipeline.

As shown in Figure 2, the proposed framework consists
of three main components. First, the prompt-echo schema
anchoring module constructs an evidence-oriented instruc-
tion that explicitly specifies the required JSON schema and
forensic evidence categories. This module guides the model
to preserve the target output fields and to ground its ex-
planation in observable visual traces. Second, the frozen
Vision-Language Model (VLM) performs evidence-guided
zero-training inference. Given the input image and the an-
chored prompt, Qwen2-VL-7B-Instruct generates a raw re-
sponse containing an initial prediction for bounding boxes,



visible forgery traces, and a real/fake classification result.
Third, the consistency filtering module parses and normal-
izes the raw response, removes invalid bounding boxes, and
enforces semantic-logical consistency between classification
and localization.

The whole framework is inference-only. We do not in-
troduce additional training data, task-specific fine-tuning,
private model weights, ensemble models, or extra detector
heads. In this way, the proposed framework converts deep-
fake detection from a label-only decision problem into a
structured forensic reasoning pipeline. The prompt anchor-
ing module improves output controllability, the frozen VLM
provides multimodal reasoning ability without training, and
the consistency filtering module improves the reliability of
the final structured submission.

3.2 Prompt-Echo Schema Anchoring Module
Although VLM can follow natural-language instructions,
their outputs may still suffer from schema drift and seman-
tic drift. Schema drift means that the model may generate
free-form text instead of the required JSON structure. Se-
mantic drift means that the explanation may become generic
and not directly related to visible forensic evidence. To re-
duce these problems, a prompt-echo schema anchoring mod-
ule is designed with task, schema and forensic prompt. The
anchored prompt P is composed as:

P = Ptask ⊕ Pschema ⊕ Pforensic, (1)

where Ptask defines the forensic analysis objective, Pschema
specifies the required output format, Pforensic describes the
visual evidence dimensions to be checked, and ⊕ denotes
prompt concatenation.

The three prompt components play different roles. The
task prompt defines the model identity and analysis objec-
tive, making the generation process focus on deepfake foren-
sic inspection. The schema prompt explicitly anchors the
required JSON fields, including Bounding boxes, Visible
forgery traces, and Classification result, which can specify
the exact output fields and reduces format uncertainty during
generation. The forensic prompt anchors the visual reason-
ing dimensions, such as lighting consistency, texture artifacts,
boundary traces, compression artifacts, and color coherence,
which provides visual evidence categories and guides the
model to ground its explanation in observable image regions.
By combining these components, the prompt not only asks for
a prediction, but also constrains how the prediction should be
structured and justified.

3.3 Evidence-guided Zero-training VLM Inference
Since DDL-X Track 3 requires classification, localization,
and explanation simultaneously, a training-based solution
usually needs task-specific annotations and additional train-
able components. In contrast, our framework adopts a zero-
training inference strategy. We use a frozen Qwen2-VL-7B-
Instruct model as the multimodal reasoning backbone and
guide it with the anchored forensic prompt introduced above.
No task-specific training, fine-tuning, private checkpoint, en-
semble model, or extra detection head is used.

Given an input image Ii and the fixed anchored prompt P ,
the frozen VLM first generates a raw textual response:

Ri = Fθ(Ii, P ), (2)

where θ denotes the frozen parameters of Qwen2-VL-7B-
Instruct. The response Ri is expected to contain an initial
prediction for bounding boxes, visible forgery traces, and the
real/fake classification result.

The raw response is not directly used as the final output
because VLM generations may contain malformed fields, in-
valid boxes, or inconsistencies between classification and lo-
calization. Therefore, Ri is further processed by the consis-
tency filtering module to obtain a structurally valid and logi-
cally consistent final prediction.

3.4 Consistency Filtering Module
Given the raw response Ri generated by the frozen VLM,
the consistency filtering module first converts it into an initial
structured prediction and then refines it into the final struc-
tured output. Even with prompt-echo schema anchoring, the
raw output may still contain malformed fields, invalid bound-
ing boxes, or contradictions between classification and local-
ization. For example, the model may predict fake but fail
to provide a valid manipulated region, or predict real while
still producing suspicious bounding boxes. Such inconsisten-
cies are harmful because the task requires classification and
localization outputs to be semantically aligned. The proposed
consistency filtering module improves the semantic-logical
consistency between classification and localization.

Before applying the consistency rule, we first parse and
normalize the raw response. The parser extracts the JSON-
like content from Ri and maps possible field variations to the
required schema. After parsing and normalization, the raw
response is converted into an initial structured prediction:

Ỹi = Norm(Parse(Ri)) = {B̃i, T̃i, C̃i}, (3)

where Parse(·) denotes JSON-like content extraction and
Norm(·) denotes field normalization. The classification field
is normalized to either real or fake. The explanation field
is converted into a plain textual description. For localiza-
tion, the parser checks whether the predicted bounding boxes
can be represented as numerical coordinate tuples. Non-
numerical, incomplete, or malformed boxes are discarded be-
fore coordinate validation. For each predicted bounding box
b = [x1, y1, x2, y2], we keep only boxes whose coordinates
lie within the normalized range and satisfy the valid corner
order:

Bv
i =

{
b ∈ B̃i

∣∣∣∣ 1 ≤ x1 < x2 ≤ 1000,

1 ≤ y1 < y2 ≤ 1000

}
. (4)

Boxes that do not satisfy these constraints are discarded be-
fore the final consistency decision.

We then correct the classification and localization results
according to the relationship between the predicted label and
the valid spatial evidence:

(C∗
i , B

∗
i ) =

{
(fake, Bv

i ), C̃i = fake and |Bv
i | > 0,

(real,None), otherwise.
(5)



Algorithm 1 Semantic-logical consistency filtering

1: Input: Raw response Ri

2: Output: Final prediction Y ∗
i = {B∗

i , T
∗
i , C

∗
i }

3: Extract JSON-like content from Ri

4: Map field variations to the required schema
5: Obtain Ỹi = {B̃i, T̃i, C̃i} by parsing and normalization
6: Initialize valid box set Bv

i ← ∅
7: for each predicted box b ∈ B̃i do
8: if 1 ≤ x1 < x2 ≤ 1000 and 1 ≤ y1 < y2 ≤ 1000

then
9: Add b to Bv

i
10: end if
11: end for
12: if C̃i = fake and |Bv

i | > 0 then
13: C∗

i ← fake
14: B∗

i ← Bv
i

15: else
16: C∗

i ← real
17: B∗

i ← None
18: end if
19: Normalize explanation T ∗

i from T̃i

20: Save Y ∗
i = {B∗

i , T
∗
i , C

∗
i } as the final JSON output

21: return Y ∗
i

where C∗
i and B∗

i denote the final classification and localiza-
tion outputs. The explanation field is normalized from T̃i and
saved as T ∗

i .
This rule follows a conservative forensic principle: an im-

age should not be predicted as fake unless the model can
provide effective spatial evidence. If the initial prediction is
fake but no valid bounding box is available, the prediction
is corrected to real. If the final prediction is real, the
bounding box field is set to None.

The consistency rule mainly enforces the alignment be-
tween the final classification label and the localization out-
put. The explanation field is normalized from T̃i and re-
tained as the textual evidence description. Therefore, the
filtering module should be understood as reducing structural
and classification-localization conflicts, rather than fully ver-
ifying the semantic faithfulness of the generated explanation.
The detailed filtering process is summarized in Algorithm 1.

4 Experiments
4.1 Experimental Setup
Dataset
We conduct experiments on the DDL-X dataset released
for Track 3: Deepfake Detection, Localization, and Ex-
plainability Challenge at the IJCAI-ECAI 2026 Workshop
on AIGC Safety. Different from conventional deepfake
benchmarks that mainly focus on image-level binary clas-
sification, DDL-X evaluates three complementary capabili-
ties: real/fake detection, manipulated-region localization, and
natural-language explanation generation. Therefore, it pro-
vides a suitable benchmark for evaluating whether a forensic
system can produce not only a decision, but also spatial and
textual evidence supporting the decision.

During the competition, the organizers provided devel-
opment data for format checking and method development,
while the final test annotations were hidden from participants
and evaluated automatically by the Codabench platform. In
our experiments, we follow the official data usage rules and
do not use any private training data or hidden labels. The re-
ported analysis is based on the predictions generated by our
released inference pipeline.

Evaluation Metrics
The competition comprehensively evaluates participating
systems from three aspects: deepfake detection, manipulated-
region localization, and textual explainability. For the deep-
fake detection task, the official evaluation adopts Accuracy
(ACC) as the evaluation metric, which measures the correct-
ness of real/fake classification over all input images. ACC is
defined as:

ACC =
1

N

N∑
i=1

I(ŷi = yi), (6)

where I(·) denotes the indicator function. It equals 1 when
the prediction matches the ground-truth label, and 0 other-
wise. Here, N denotes the number of images in the test set,
yi represents the ground-truth label of the i-th image, and ŷi
represents the corresponding predicted label.

For the manipulated-region localization task, the official
evaluation adopts Intersection over Union (IoU) as the evalu-
ation metric, which measures the spatial overlap between the
predicted manipulated region and the ground-truth manipu-
lated region. For a single forged image, IoU is defined as:

IoUi =
|Bpred

i ∩Bgt
i |

|Bpred
i ∪Bgt

i |
. (7)

where Bpred
i denotes the predicted manipulated region, and

Bgt
i denotes the ground-truth manipulated region. The overall

mean IoU (mIoU) is formulated as:

mIoU =
1

|F|
∑
i∈F

IoUi. (8)

where F denotes the set of forged images, and |F| denotes
the number of forged images.

For the textual explainability task, the official evaluation
adopts BERTScore [Zhang et al., 2019] to measure the se-
mantic consistency between the generated explanation and
the reference explanation. BERTScore extracts contextual se-
mantic representations of the candidate text and the reference
text using a pretrained language model, and computes their
matching degree based on token-level maximum cosine sim-
ilarity.

Implementation Details
We use the frozen Qwen/Qwen2-VL-7B-Instruct
checkpoint [Qwen Team, 2024] at revision eed13092ef,
without task-specific training or fine-tuning. It is loaded
in bfloat16 with Accelerate automatic device mapping
and run on one NVIDIA A30 (24 GB) using PyTorch 2.5.1,
CUDA 12.1, and Transformers 4.45.0. Images are processed



Table 1: Ablation Results of Each Core Component. All metrics
take our complete pipeline as the baseline.

Setting ACC mIoU BERTScore

w/o Anchored prompt 53.32 3.37 46.97
w/o coordinate validation 56.17 2.45 82.99
w/o Consistency filtering 55.16 5.09 84.43

Ours 58.59 7.09 86.42

Table 2: VLM Backbones comparison under the same forensic
prompt and inference setting.

Backbone ACC (%) mIoU (%) BERTScore (%)

LLaVA-1.5-7B 48.37 0.00 74.18
InternVL2-8B 43.97 0.00 69.53
Qwen2-VL-7B (Ours) 58.59 7.09 86.42

independently, converted to RGB, and resized with Lanczos
while preserving aspect ratio to fit within 1920×1080. We use
the checkpoint-provided single-turn chat template, with one
image and the forensic prompt in the user message. Decod-
ing uses max new tokens=200, do sample=False,
use cache=True, and repetition penalty=1.0;
temperature, top-p, and top-k are unset, and no random seed
is set because sampling is disabled. The 103,585-image
development set requires approximately 96 GPU-hours; re-
sumable writing handles interruptions, and the 2.3% out-of-
memory cases follow the fallback rule described above.

4.2 Ablation Analysis
Component Ablation
We conduct one-at-a-time ablations of the anchored prompt,
coordinate validation, and consistency filtering. Table 1
shows that removing any component degrades all three met-
rics. The prompt provides the largest overall gain, coordinate

Figure 3: Quantitative comparison of three prompt variants across
three core evaluation metrics: overall classification ACC, fake-
region IoU, and BERTScore for forensic text explanation. The
tested prompts include the original detailed forensic prompt, an
ultra-simplified basic detection prompt, and a lightweight condensed
forensic prompt.

validation most strongly affects localization IoU, and consis-
tency filtering yields moderate but consistent improvements,
confirming their complementary roles.

Ablation on VLM Backbones
Under identical prompts and inference settings, Table 2
shows that Qwen2-VL-7B performs best on classification, lo-
calization, and explanation. LLaVA-1.5-7B and InternVL2-
8B obtain zero IoU, indicating weaker spatial grounding for
this zero-training forensic task.

Ablation on Prompt
We compare an ultra-simple detection prompt, a lightweight
forensic prompt, and the full anchored prompt. Figure 3
shows that the ultra-simple version degrades all metrics, par-
ticularly IoU, while the lightweight version approaches the
full prompt. The detailed forensic guidance achieves the
best overall classification, localization, and explanation per-
formance.

4.3 Qualitative Results
To further analyze the comprehensive capability of the pro-
posed method in deepfake detection, tampered-region local-
ization, and textual explanation, we present a qualitative vi-
sualization analysis on several representative examples.

As shown in Figure 4, the left panel illustrates the foren-
sic analysis prompt and the corresponding input images used
during inference. The right panel further presents a compari-
son between the ground-truth annotations and the model out-
puts, where the green dashed region denotes the ground-truth
results and the red dashed region denotes the predicted re-
sults. It should be noted that the explanation shown in the
ground-truth section is only a partial excerpt of the original
explanation, intended to highlight the key forensic cues re-
lated to the tampered region. From the detection results, the
model can effectively distinguish forged images from authen-
tic ones. For the first three examples containing facial manip-
ulations, the model correctly predicts the label fake. For the
fourth authentic image, the model correctly predicts real and
does not generate an additional localization box. This indi-
cates that the proposed method is capable of identifying face-
manipulated images with clear local anomalies while, to some
extent, avoiding false alarms on real images. From the local-
ization results, the predicted red bounding boxes show a high
degree of consistency with the ground-truth green bounding
boxes. From the explanation results, the generated natural-
language descriptions are semantically consistent with the lo-
calized regions.

As shown in Figure 5, the proposed method still has two
main limitations. First, for complex forged images contain-
ing multiple manipulated regions, the current system tends
to capture only the most salient local anomaly and has dif-
ficulty covering all ground-truth manipulated regions simul-
taneously. Meanwhile, the single-bounding-box setting also
causes the explanation text to focus only on the detected local
region, resulting in incomplete explanation coverage. Sec-
ond, although the classification-localization consistency fil-
tering strategy adopted in this paper can reduce contradictory
outputs where an image is classified as fake without valid spa-
tial evidence and improve the structural reliability of the final



Detection:fake
Localization:[250,300,750,750]
Explanation:
The image appears to have 
been digitally altered, with 
the hands and face showing 
signs of manipulation, 
particularly around the eyes 
and mouth areas.

Detection:fake
Localization:[199,359,800,641]
Explanation:
The image appears to have 
been digitally altered, 
particularly around the eyes 
and nose, where the skin 
texture and lighting seem 
inconsistent with the rest of 
the face.

Detection:real
Localization:None
Explanation:
None

Detection:fake
Localization:[398,469,599,749]
Explanation:
The nose appears to be 
digitally altered, with a 
noticeable change in color 
and texture compared to the 
rest of the face.

Task prompt:
You are a deepfake forensic expert.Analyze 
this image and output STRICT JSON:
{

"Detection": "fake" or "real“
"Localization": [[x1,y1,x2,y2]] or "None",
"Explanation": "detailed forensic 

analysis of tampering artifacts or natural 
features",
}

Schema prompt:
Coordinates scaled to 1-1000.

Forensic prompt:
Examine anatomical consistency, lighting 
and shadows, texture continuity,
edge artifacts, AI generation traces, 
compression artifacts, and color coherence.

Detection:fake
Localization:[265,324,765,730]
Explanation:
The eyes show near-perfect 
alignment and inconsistent 
reflections, while softened 
periocular texture and 
chromatic fringing near the 
upper lip indicate digital 
manipulation.

Detection:fake
Localization:[205,345,783,695]
Explanation:
The nose and upper eyelid 
regions show unnaturally 
smooth skin with reduced pore 
detail. Nasal lighting is 
overly uniform, and the eye 
reflections are geometrically 
inconsistent.

Detection:real
Localization:None
Explanation:
The image shows 
consistent lighting, 
natural hair edges, 
realistic skin texture, 
coherent anatomy, and 
no artifacts or signs 
of tampering.

Detection:fake
Localization:[408,431,607,742]
Explanation:
The nose has an unusually 
smooth, uniformly pink 
surface with reduced skin 
texture, while its diffuse 
lighting and color differ 
from the surrounding face.

Figure 4: Qualitative visualization results. The left panel shows the prompt template and the input images used to guide the model for deepfake
forensic analysis, where the specific JSON output format is omitted for brevity. The right panel presents a comparison between the ground-
truth annotations and the model predictions, where the green dashed box denotes the ground-truth results and the red dashed box denotes
the model outputs. Green boxes indicate the ground-truth tampered regions, while red boxes indicate the predicted tampered regions. Each
example includes the image-level detection result, the tampered-region localization box, and the corresponding natural-language explanation.
Note that the explanation text in the ground-truth annotations is only a partial excerpt of the original explanation.

Detection:fake
Localization:[250,350,750,550]
Explanation:
The reflection in the sunglasses 
appears to be a digital overlay, 
not a natural reflection.

Detection:fake
Localization:[230,339,769,542]

[316,675,652,859]
Explanation:
The sunglasses reflections are 
geometrically inconsistent, 
with mismatched horizon 
alignment and distorted crowd 
scale across the lenses. The 
mouth region has overly smooth 
lip texture, inflated color, 
uniform teeth, and weak gum 
attachment cues.

Detection:real
Localization:None
Explanation:
None

Detection:fake
Localization:[441,464,585,691]
Explanation:
The nose region shows 
unnaturally smooth, 
airbrushed skin with reduced 
pore detail. Its rounded 
shape appears 
disproportionate, with 
inconsistent lighting, weak 
alar shadows, and subtle 
halo-like blending along the 
surrounding facial tissue.

Figure 5: Failure examples. The green dashed boxes denote the
ground-truth results, while the red dashed boxes denote the model
outputs. The green boxes indicate the ground-truth manipulated re-
gions, and the red boxes indicate the predicted manipulated regions.

submission, it may also introduce a certain risk of missed de-
tections.

5 Conclusion
This paper presents our submitted system for Track 3 of the
IJCAI-ECAI 2026 Workshop on AIGC Safety. We formulate
deepfake detection, localization, and explanation as a prompt-
based multimodal forensic reasoning problem and build a
zero-training pipeline with a public VLM, evidence-oriented
prompting, and classification-localization consistency con-
straints.

Experiments show that the framework can generate com-
plete challenge-format predictions without supervised train-
ing, private data, or private model weights. Although the
Zero-Training VLM still has limited recall and explanation
faithfulness, conservative validation improves the reliability
of positive fake predictions and prevents malformed gen-
erations from producing invalid submissions. Future work
will improve explanation grounding and reduce prompt echo-
ing through stronger VLMs, robust structured decoding, and
evidence-aware verification.
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