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1 Dataset Composition

As shown in Figure 1, our dataset is systematically organized in
terms of both content and generator types. The left pie chart illus-
trates the distribution of content across six major categories, each
further divided into subcategories, capturing more fine-grained
variations within broad thematic domains. This hierarchical con-
tent structure facilitates detailed statistical analyses, visualization,
and experimental design. Meanwhile, the right pie chart presents
the distribution of generator types used to create the dataset, pro-
viding insight into the diversity of generation methods. By adopt-
ing this dual categorization, we can better analyze the character-
istics of the data and support diversified algorithm evaluation and
comparative studies.

2 Details of Baselines

We compare MTF tuning with state-of-the-art Al-generated image
detection methods, including CNNSpot [4], UnivFD [2], NPR [3],
HyperDet [1], AIDE [5], VIB-Net [6], and the single-turn MLLM-
based forensic method AIGI-Holmes [7]. For a fair and controlled
comparison, all baseline methods are retrained using their offi-
cial implementations under identical experimental settings and
datasets. Below we briefly introduce each baseline method and its
representative forensic principle.

CNNSpot [4]. A CNN-based detector that learns generation-
specific visual patterns via supervised training and targeted data
augmentations; it primarily exploits low- to mid-level pixel and
texture artifacts characteristic of early generative models.

UnivFD [2]. A CLIP-driven approach that leverages pre-
trained multimodal representations to improve zero-shot and
cross-domain detection; by aligning visual features with semantic
concepts, it attains strong generalization to unseen generators and
domains.

NPR [3]. A method that focuses on local pixel correlations and
neighborhood priors to identify subtle synthesis artifacts; NPR em-
phasizes robust, low-level cues that are less sensitive to semantic
variations.
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HyperDet [1]. A hybrid detector that fuses high-frequency
(e.g., spectral or high-pass) signals with semantic representations,
aiming to combine texture-level forensic evidence with higher-
level context for improved robustness.

AIDE [5]. A frequency-aware synthetic image detector that
combines patchwise DCT-based selection with residual feature ex-
traction and semantic embeddings. AIDE explicitly separates high-
and low-frequency patches and aggregates their statistics via an
SRM-ResNet backbone, while incorporating CLIP-based semantic
features as auxiliary cues.

VIB-Net [6]. A detector that incorporates an information
bottleneck or representation-compression principle to discard
generator-specific noise and learn compact, generalizable features,
thereby enhancing cross-domain robustness.

AIGI-Holmes [7]. A single-turn MLLM-based forensic method
that produces an authenticity judgment accompanied by a natural-
language explanation; it represents the conventional one-shot
vision-language fine-tuning paradigm against which we compare
multi-turn forensic tuning.

3 Experimental Setup

All experiments are conducted on the MTF-Bench dataset. We se-
lect 58k images as the training set, comprising 29k synthesized im-
ages and 29k real images. The models are trained for 10 epochs
with a batch size of 1, using full fine-tuning on 8 A800 80G GPUs.
For the binary classification model, training is performed solely on
image data, without any text-based fine-tuning.

For optimization, we adopt the AdamW optimizer with a base
learning rate of 1e-5 and a warmup ratio of 0.05 to mitigate instabil-
ity during the initial training iterations. Throughout training, gra-
dient accumulation and gradient clipping are applied to enhance
the stability of large-scale model updates, and a linear learning rate
decay schedule is employed for the remainder of the training pro-
cess.

4 Evaluation Metrics

Following existing research in Al-generated image detection, we
adopt classification accuracy (ACC) as the primary evaluation met-
ric. Accuracy is defined as the ratio of correctly classified samples
to the total number of samples, and it reflects the overall predic-
tion correctness of a detection model. In our setting, the multi-
modal large language model (MLLM) produces detection results
in the form of interpretable textual outputs (i.e., Real or Fake). We
therefore map these textual predictions to binary labels before com-
puting accuracy. For all baseline methods that output confidence
scores or logits, we strictly follow their official implementations
and apply the default decision thresholds provided by the authors
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Figure 1: Overview of the dataset composition. Left shows the content distribution across categories; right shows the distribu-
tion of generator types.

Table 1: Compared with single-turn forensic tuning, multi-turn forensic tuning yields a 5.38% absolute improvement in cross-
domain accuracy, indicating stronger generalization capability.

Method MTF-Bench Midjourney SDv1.4 SDvl15 ADM GLIDE Wukong VQDM BigGAN Avg.Acc
Single-Turn Forensic
Phi-3.5 78.25 65.30 63.50 60.65 57.50 51.90 64.40 52.35 79.75 63.73
Qwen2.5-VL-3B 84.16 86.30 85.50 85.40 77.55  68.55 84.65 78.65 83.70 81.61
QOwen2.5-VL-7B 83.35 86.25 90.65 88.80 82.95 76.00 89.35 85.25 83.90 85.17
LLaVA-v1.5-7B 89.71 81.10 90.85 90.20 90.45 84.30 89.55 91.15 90.85 88.68
LLaVA-v1.5-13B 89.76 81.50 90.20 89.50 90.35  87.80 89.15 90.15 90.40 88.76
Multi-Turn Forensic
Phi-3.5 82.28 73.30 74.40 72.95 55.95 61.40 76.40 58.75 90.00 71.71
Owen2.5-VL-3B 93.99 95.15 95.95 96.30 80.80 74.35 94.95 85.30 94.20 90.11
Owen2.5-VL-7B 95.33 98.35 96.70 96.10 87.75  87.70 95.35 90.65 91.35 93.25
LLaVA-v1.5-7B 95.27 77.10 93.25 92.00 94.05  80.70 92.15 95.20 97.30 90.78
LLaVA-v1.5-13B 96.41 84.90 96.15 95.45 96.00 91.30 94.60 96.40 96.05 94.14

to obtain binary predictions. It is worth noting that, unlike con-
ventional classifiers, the MLLM does not output continuous confi-
dence scores or logit values. As a result, we do not report evalua-
tion metrics that rely on ranked scores or logits, such as Average
Precision (AP) or AUROC. Instead, ACC is adopted as a unified and
directly comparable metric across all methods in our experiments.

5 Comparison with Single-Turn Forensic
Baselines

Table 1 presents a quantitative comparison between the proposed
multi-turn forensic tuning (MTF tuning) and representative single-
turn forensic baselines on MTF-Bench. For a fair comparison, all
models are trained under the same setting using the MTF-Bench
training split. We report both in-domain performance evaluated on
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the MTF-Bench test set and out-of-domain generalization results
evaluated on the Genlmage dataset.

As shown in the table, MTF tuning consistently outperforms
single-turn forensic approaches across all evaluation settings,
demonstrating its superior capability in Al-generated image detec-
tion. While single-turn forensic baselines can achieve competitive
accuracy on the in-domain MTF-Bench evaluation, their perfor-
mance gains are generally limited and rely heavily on task-specific
heuristics learned from a single interaction.

In contrast, multi-turn forensic tuning enables the model to it-
eratively refine its reasoning process by aggregating complemen-
tary forensic cues from multiple perspectives across successive
turns. This structured interaction mechanism leads to more robust
decision-making and yields substantially improved generalization
when transferred to the out-of-domain GenIlmage benchmark.

Overall, the results in Table 1 indicate that MTF tuning provides
clear and consistent performance gains over single-turn forensic
baselines in both in-domain and cross-domain evaluations, vali-
dating the effectiveness of multi-turn interaction and structured
forensic reasoning for enhancing detection accuracy and general-
ization.

6 Qualitative Comparisons

Figures 2 and 3 present representative results of multi-turn foren-
sic models, single-turn forensic models, and closed-source general-
purpose large models on real images, while Figures 4 and 5 fur-
ther illustrate typical examples of these three approaches on Al-
generated images.

As can be observed, the multi-turn forensic model is able to
progressively conduct multi-perspective analysis by focusing on
potential synthesis artifacts within an image, performing fine-
grained and interpretable forensic evaluations across different re-
gions and feature levels. This process enables the construction of
a more comprehensive and coherent chain of forensic evidence.

In contrast, closed-source large models lack task-specific priors
and dedicated forensic reasoning mechanisms for synthetic image
detection. As they are not explicitly trained for this task, their final
predictions often exhibit insufficient confidence and require fur-
ther verification to reach a definitive conclusion, as illustrated in
Fig.2 and Fig.5. Moreover, their inference behavior tends to empha-
size high-level semantic and content understanding, making them
less reliable in consistently identifying generation artifacts.

The single-turn forensic model, constrained by its one-shot rea-
soning paradigm, adopts a relatively limited forensic perspective
and fails to systematically capture diverse forgery cues. Conse-
quently, its overall detection capability and accuracy are signifi-
cantly inferior to those of the multi-turn forensic model.
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This image has been evaluated by multiple forensic methods. It may
contain noticeable synthetic patterns but could also exhibit realistic
attributes. As a p ional expert in synthetic image ics, please
give a brief assessment and state whether you judge this image to be
real or synthetic.

The fur of the wolf (or a wolf-like dog such as a Husky or Malamute) appears textured
and lifelike, with subtle variations in direction, thickness, and layering, avoiding the
uniform or overly smooth appearance common in Al-generated images. The contours
around the ears, nose, and jawline integrate naturally with the background, without
obvious halos, smudges, or blending errors. Reflections and highlights correspond
appropriately to the lighting environment, showing no signs of the symmetrical or
inconsistent patterns often seen in synthetic images.

This image has been evaluated by multiple forensic methods. It may
contain noticeable synthetic patterns but could also exhibit realistic
attributes. As a professional expert in synthetic image forensics, please
give a brief assessment and state whether you judge this image to be
real or synthetic.

The fur of the wolf (or a wolf-like dog such as a Husky or Malamute) exhibits natural
layering, directional variation, and randomness, without the overly smooth or smeared
texture often seen in Al-generated images. The transitions between the ears, nose,
Jjawline, and the background are natural, with no obvious blending artifacts or halo
effects. Highlights are correctly positioned according to the environmental lighting,
without the symmetrical highlights or shape instability commonly found in generated
images. Therefore, this image is a real photograph

a) Closed-source large model detection

b) Single-turn large model detection

This image has been evaluated by multiple forensic methods. It may
contain noticeable synthetic patterns but could also exhibit realistic
attributes. As a prof 1 expert in synthetic image ics, please

After six rounds of conversation

Method: Frequency-based Statistical Anomaly Detection was applied to this image.

give a brief assessment and state whether you judge this image to be L : From this method's perspective, what frequency-domain patterns might be observed,
real or synthetic. and would you judge the image as real or synthetic? ah
. . . . Frequency-based statistical anomaly detection likely succeeded in identifying this image as
The image appears to be a realistic photograph of a dog in a snowy forest setting. q o
real due to its consistent and natural frequency distribution. The image exhibits a central

The lighting is natural, with sunlight filtering through the trees, creating a soft glow.
The dog's fur texture and the snow details look genuine. There are no obvious signs
of digital manipulation such as unnatural edges or inconsistent lighting. However,
without further forensic analysis, it's possible there could be subtle alterations not
immediately apparent. Overall, the image seems authentic at first glance.

Method: Local Patch Analysis using Clipping-based High-frequency Enhancement
was applied to this image. From this method's perspective, what kinds of traces or

bright spot with symmetrical, gradually diminishing intensity towards the edges, resembling
a typical radiation pattern or diffraction effect. This pattern suggests a coherent source, such
as light or sound waves, which would naturally produce such a frequency distribution. The
absence of abrupt changes or irregularities supports the authenticity, as anomalies often
introduce unexpected frequency spikes or distortions. The smooth gradient and uniform
noise level further align with expected physical phenomena, reinforcing the method's
confidence in classifying the image as genuine rather than synthetic or manipulated.

features might be revealed, and based on them, would you judge the image to be

] : You have reviewed 8 forensic perspectives, with some suggesting synthetic signals
real or synthetic?

/N
while others did not. Please weigh both the supporting and missing evidence across
evaluations. Based on your reasoning, provide a final judgment on whether the )

The Local Patch Analysis using Clipping-based High-frequency Enhancement likely image is real or synthetic.

succeeded in identifying real traces due to the image's natural high-frequency details
and textures. The fur of the dog exhibits fine, realistic strands with varying shades,
indicating genuine texture. The snow and trees also display detailed patterns and subtle
irregularities typical of natural scenes. Shadows and highlights on the dog's face and
fur align coherently with the light source, suggesting authentic lighting conditions. The
background trees show complex, unaltered textures that synthetic images often
struggle to replicate accurately. This method enhances these minute details, making
artificial manipulations or inconsistencies more apparent, thus confirming the image's
authenticity.

The image is real. Seven out of eight forensic perspectives concur on its authenticity,
highlighting several key visual and semantic patterns that support this conclusion. The
lighting in the image is natural, with sunlight filtering through the trees, casting soft
shadows and creating a realistic interplay of light and shadow on the dog's fur. The texture
of the fur appears genuine, with individual strands visible and reacting naturally to the light
The background, consisting of snow-covered ground and pine trees, exhibits depth and
detail consistent with a real outdoor setting. There are no signs of digital manipulation such
as unnatural edges, inconsistent lighting, or color discrepancies. The dog's posture and
expression also appear natural, suggesting it was captured candidly in its environment.
These elements collectively contribute to the image's authenticity, despite one perspective's
partial disagreement. The convergence of these authentic features strongly supports the
conclusion that the image is real.

Method: Quick Semantic Judgment of 'Obvious Fake' Images was applied to this Vo )
image. From this method's perspective, what cues might be noticed, and would these
lead you to judge the image as real or synthetic? L)

¢) Multi-turn forensic detection

Figure 2: Representative detection results on real images. Yellow text indicates that the model has insufficient confidence in
the current prediction and requires further verification, while green text indicates that the model makes a correct judgment
on real images.
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This image has been evaluated by multiple forensic methods. It may This image has been evaluated by multiple forensic methods. It may

contain noticeable synthetic patterns but could also exhibit realistic s Y contain noticeable synthetic patterns but could also exhibit realistic N
attributes. As a professional expert in synthetic image fc ics, please attributes. As a p ional expert in synthetic image fc ics, please

give a brief assessment and state whether you judge this image to be L “h

give a brief assessment and state whether you judge this image to be
real or synthetic. real or synthetic.

This image is more likely synthetic. The colored discs are arranged with highly

uniform size, spacing, and orientation, showing strong repetition that aligns with

graphic or generative design rather than natural randomness. The edges are extremely I

This image is most likely synthetic. The scene is dominated by precise geometric repetition,
with each disc appearing nearly identical in scale and spacing, which is uncommon in real-
world arrangements. The surfaces and contours are unnaturally pristine, showing no signs of

clean and sharp, with almost no visible noise or surface imperfections typical of real material wear, texture variation, or sensor noise. Illumination across the image is highly

photographs. Additionally, the lighting and shadows appear overly idealized and

: : il ¢ f p—4 controlled, producing uniform shadows without the irregularities expected from natural

consistent, lacking the subtle variations and complex reflections found in real-world lighting conditions. Moreover, the bold, flat color regions and stylized composition

scenes. The _ﬂ“l color hloc]\s‘nml minimalist composition further suggest ¢ resemble digital illustration or procedural design, reinforcing the conclusion that the image

or rendered image instead of a natural photograph. Q is artificially generated rather than photographed. Q
a) Closed-source large model detection b) Single-turn large model detection

This image has been evaluated by multiple forensic methods. It may
contain noticeable synthetic patterns but could also exhibit realistic
attributes. As a professional expert in synthetic image forensics, please

After six rounds of conversation

Method: Frequency-based Statistical Anomaly Detection was applied to this image. From

7N
give a brief assessment and state whether you judge this image to be - this method's perspective, what frequency-domain patterns might be observed, and would
real or synthetic. you judge the image as real or synthetic? ah
Frequency-based Statistical Anomaly Detection likely succeeded in identifying this image as
The image appears to be a stylized representation rather than a photograph of a real real due to its analysis of the natural frequency patterns present. The image exhibits a

scene. The uniformity and perfect alignment of the colorful objects suggest digital consistent, gradual transition in color intensity and frequency distribution, typical of genuine

creation or manipulation. The lighting is consistent and lacks natural shadows, thermal or signal data. The central bright spot with radiating patterns suggests a coherent
further indicating it might not be a real-world capture. While it looks visually : source, aligning with expected physical phenomena. Random noise is minimal, indicating a
appealing and could pass as real at a glance, closer inspection reveals characteristics : stable signal rather than artificial manipulation. The method detects anomalies by comparing
typical of synthetic images. these frequencies against a statistical model of normal behavior. Here, the harmonious
: frequency distribution matches the model closely, confirming authenticity. This approach
Method: Local Patch Analysis using Clipping-based High-frequency Ent : effectively distinguishes between the structured randomness of real data and the often
was applied to this image. From this method's perspective, what kinds of traces or uniform or overly complex patterns in fabricated images.

~N
features might be revealed, and based on them, would you judge the image to be
real or synthetic? )

You have reviewed 8 forensic perspectives, with some suggesting synthetic signals /N
while others did not. Please weigh both the supporting and missing evidence across

evaluations. Based on your reasoning, provide a final judgment on whether the ah
image is real or synthetic.

The Local Patch Analysis using Clipping-based High-frequency Enhancement might
misinterpret this image

as synthetic due to its unnaturally uniform and smooth texture.
The candies exhibit a consistent, almost perfect alignment with no visible
imperfections or natural variations in color or shape, which are typical in real-world
objects. Additionally, the background lacks any high-frequency noise or texture that
would suggest a natural environment. The lighting is even and lacks shadows or
highlights that would indicate a three-dimensional space. These factors contribute to a
synthetic appearance, misleading the analysis into failing to recognize the image as
real. The smooth spectral distribution across the colors further supports the synthetic
nature, as it lacks the subtle irregularities found in natural scenes.

ge is real. The convergence among six out of eight forensic perspectives suggests

ty due to several visual and semantic patterns. The orderly arrangement of colorful
pills in diagonal lines on an orange surface against a light blue background exhibits a high
degree of precision and uniformity, indicative of a controlled setting rather than digital
manipulation. The shadows cast by the pills are consistent with a single light source,
enhancing realism. The slight variations in pill color and spacing add natural randomness,
further supporting authenticity. Additionally, the clean edges and smooth gradients in the
background colors suggest professional photography rather than digital creation. The overall

composition, with its balanced use of space and color, aligns with artistic or commercial
LA . — 8 . iy §
Method: Quick Semantic Judgment of 'Obvious Fake' Images was applied to this ~ photography standards. These elements collectively contribute to the image's perceived
. . § . . .
image. Fronfl this metlllods perspective, what cues might be noticed, and would these P authenticity, despite minor disagreements from some forensic methods.
lead you to judge the image as real or synthetic? . ’

¢) Multi-turn forensic detection

Figure 3: Representative detection results on real images. Red text indicates incorrect predictions in which real images are
falsely classified as synthesized with high confidence, whereas green text indicates correct judgments on real images.
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This image has been evaluated by multiple forensic methods. It may
contain noticeable synthetic patterns but could also exhibit realistic
attributes. As a p ional expert in sy ic image fc ics, please
give a brief assessment and state whether you judge this image to be
real or synthetic.

This is a photograph of a gray-brown tabby cat. The cat is lying on the ground, slightly
on its side, with its front paws naturally extended in front of it, in a relaxed and
composed posture. Its fur is thick and displays typical tabby markings, primarily in
shades of gray, brown, and black. The cat's eyes are light green, looking directly at the
camera, with a calm but slightly alert expression; its ears are erect, indicating good
health and alertness. The background is simple and dark, highlighting the subject and
making the cat stand out. The overall image conveys a sense of quietness, composure,
and a touch of dignity. This is a real photograph.

(%)

This image has been evaluated by multiple forensic methods. It may

contain noticeable synthetic patterns but could also exhibit realistic 7N
attributes. As a professional expert in sy ic image fc ics, please

give a brief assessment and state whether you judge this image to be -
real or synthetic.

The cat in this image exhibits noticeable inconsistencies in texture and detail,

displaying characteristics typical of a synthetically generated image. Specifically,

while the cat's fur generally shows a tabby pattern, the local texture is overly smooth

and repetitive, lacking the randomness and variations in layering expected of real

fur. In the areas of the front paws and abdomen, the fur edges show unnatural

blending and blurred transitions, as if they have been averaged by an algorithm. It

can be concluded that this image more closely matches the visual characteristics of

an image generated by a generative model than a real photograph. J

a) Closed-source large model detection

b) Single-turn large model detection

This image has been evaluated by multiple forensic methods. It may
contain noticeable synthetic patterns but could also exhibit realistic
attributes. As a p ional expert in synthetic image ics, please
give a brief assessment and state whether you judge this image to be
real or synthetic.

The image appears to depict a cat with a mix of realistic and synthetic elements. The
fur texture and lighting seem somewhat unnatural, suggesting digital manipulation or
synthesis. The eyes lack the depth and detail typically seen in high-resolution
photographs of real cats. Additionally, the overall composition and background
appear overly smooth, which is common in synthetic images. These observations
indicate that the image likely contains synthetic components. Further forensic
analysis would be beneficial for confirmation.

Method: Local Patch Analysis using Clipping-based High-frequency Enhancement
was applied to this image. From this method's perspective, what kinds of traces or
features might be revealed, and based on them, would you judge the image to be
real or synthetic?

Local Patch Analysis using Clipping-based High-frequency Enhancement likely
succeeded in identifying synthetic traces by focusing on minute inconsistencies in
texture and detail. This method enhances high-frequency details, revealing unnatural
patterns or edges that are not present in natural images. In the cat image, such
analysis might have detected anomalies in fur texture, where synthetic rendering
often fails to replicate the complex interplay of light and shadow accurately.
Additionally, the eyes and whiskers could exhibit sharpness or uniformity not typical
in real photographs due to digital creation or manipulation. The background's
interaction with the subject may also lack the subtle gradients and noise found in
genuine images, further aiding in the detection of synthetic elements through
enhanced local patch comparisons.

Method: Quick Semantic Judgment of 'Obvious Fake' Images was applied to this
image. From this method's perspective, what cues might be noticed, and would these
lead you to judge the image as real or synthetic?

~
ah

~
“h

Method: Frequency-based Statistical Anomaly Detection was applied to this image. From ~a
this method's perspective, what frequency-domain patterns might be observed, and would
you judge the image as real or synthetic? ah

After six rounds of conversation

Frequency-based Statistical Anomaly Detection likely succeeded in identifying this image
as synthetic due to its uniform noise distribution and the central bright spot, which may not
align with natural frequency patterns found in real-world images. The symmetrical and
consistent texture around the anomaly suggests artificial generation rather than organic
randomness. Real images typically exhibit more complex and varied frequency

distributions, reflecting diverse textures and edges. The synthetic image's smooth gradients
and lack of high-frequency details further indicate it was likely created by an algorithm,
which tends to produce less chaotic and more predictable patterns compared to natural

scenes. This method effectively detects such discrepancies by analyzing the statistical
properties of frequencies present in the image.

You have reviewed 8 forensic perspectives, with some suggesting synthetic signals /
while others did not. Please weigh both the supporting and missing evidence across

evaluations. Based on your reasoning, provide a final judgment on whether the ah
image is real or synthetic.

After reviewing the forensic perspectives, it's evident that the image exhibits synthetic
characteristics, primarily due to the GAN generation process. While five out of eight
methods detected synthetic elements, suggesting the presence of subtle artifacts, a closer
analysis reveals additional clues. The fur texture, particularly around the neck area [50,
100, 150, 150], appears unnaturally smooth, lacking the fine detail typical of real fur. The
lighting on the cat face seems inconsistent, with overly soft shadows under the chin [90,
110, 130, 140], indicating possible rendering issues. The paws, especially the left one [0,
170, 160, 240], show an unnatural blurring, hinting at forgery. These areas, combined with
the overall uniformity of the background, strongly suggest digital manipulation. Despite
some methods missing these signals, the cumulative evidence from the detected and
inferred artifacts confirms the synthetic nature of the image. Therefore, based on the
analysis of both detected and undetected synthetic clues, the image is conclusively
synthetic. J

¢) Multi-turn forensic detection

Figure 4: Representative detection results on fake images. Red text denotes incorrect predictions where synthesized images
are misclassified as real, while green text denotes correct identification of synthesized images.
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This image has been evaluated by multiple forensic methods. It may
contain noticeable synthetic patterns but could also exhibit realistic
attributes. As a professional expert in synthetic image forensics, please

This image has been evaluated by multiple forensic methods. It may
contain noticeable synthetic patterns but could also exhibit realistic
attributes. As a professional expert in synthetic image forensics, please

give a brief assessment and state whether you judge this image to be - give a brief assessment and state whether you judge this image to be L)
real or synthetic. real or synthetic.
The background of the image is a uniform blue-green plane, on which multiple red and The image features a uniform blue-green background, upon which various red and
white star-shaped and snowflake-shaped decorations are regularly arranged. These white star and snowflake-shaped decorative elements are neatly arranged. The
decorations are mostly five-pointed stars and six-pointed snowflakes; some are decorations primarily consist of five-pointed stars and six-pointed snowflakes, some
suspended by thin strings, while others appear to be laid flat on the background. The é suspended by thin lines, while others rest on the background surface. The overall
overall composition is symmetrical and grid-like, with strong color contrast (red/white layout exhibits clear symmetry and order, presenting a grid-like arrangement. The red
vs. blue-green), clean edges, and the decorations have distinct geometric facets and - and white colors create a strong yet harmonious visual contrast against the blue-green
decorative textures. The overall style is reminiscent of holiday decorations. background. From a visual perspective, the image appears natural in its composition,
lighting, and texture, with no obvious signs of artificial synthesis or generation. 0
a) Closed-source large model detection b) Single-turn large model detection

This image has been evaluated by multiple forensic methods. It may
contain noticeable synthetic patterns but could also exhibit realistic :
attributes. As a ional expert in synthetic image ics, please : Method: Frequency-based Statistical Anomaly Detection was applied to this image. From .
give a brief assessment and state whether you judge this image to be -l this method's perspective, what frequency-domain patterns might be observed, and would

real or synthetic. : you judge the image as real or synthetic?

After six rounds of conversation

Frequency-based Statistical Anomaly Detection likely succeeded in identifying this image
as synthetic due to its uniform and artificial pattern. The image exhibits a highly
symmetrical and repetitive structure, with a central bright spot radiating outward in a
consistent manner. This symmetry is uncommon in natural images, which typically display

The image appears to be synthetic due to the uniformity and perfection of the
decorative elements, such as the stars and snowflakes. The lighting is consistent and
lacks natural shadows or highlights that would typically occur in a real-world

setting. Additionally, the background is a solid, untextured blue, which is uncommon more randomness and variability in their frequency components. The smooth gradient and
in photographs of physical objects. These factors suggest the image was likely lack of noise or irregularities further suggest a synthetic origin. Natural images often
created or heavily edited using digital tools. contain subtle textures and imperfections that contribute to a more complex frequency
: spectrum. The absence of these features in the image makes it stand out as anomalous
Method: Local Patch Analysis using Clipping-based High-frequency Enhancement : when analyzed through frequency-based statistical methods, leading to its correct
was applied to this image. From this method's perspective, what kinds of traces or /7 identification as synthetic.
features might be revealed, and based on them, would you judge the image to be P S : You have reviewed 8 forensic perspectives, with some suggesting synthetic signals N
real or synthetic? while others did not. Please weigh both the supporting and missing evidence across
o L . i evaluations. Based on your reasoning, provide a final judgment on whether the
Local Patch Analysis using Clipping-based High-freq Ent likely image is real or synthetic.
succeeded in identifying synthetic traces due to the uniformity and perfection of the
ornaments' edges and patterns. The stars and snowflakes exhibit unnaturally sharp, : . X X o .
clean lines with no imperfections or texture variations typically found in real objects. : Ihe image s synthetic. Six out of eight forensic perspectives identified it as such due to
The lighting is consistent across all elements, lacking subtle shadows or highlights : several recurring artifacts. The stars and snowflakes exhibit unnaturally uniform lighting
that would suggest depth and material properties. Additionally, the background's . and sha.dows, suggesting digital rendering rather tha.n physlca} object§. The edges of thfe
smooth gradient lacks noise or texture, further indicating digital creation. The : decorations appear ove.rly sharp and lack the subtle lmperfectl?n§ typical ofre.a] Tnatfenals.
method enhances high-frequency details, revealing these inconsistencies that are : The background's consistent blue hue lacks natural texture variations, further indicating
characteristic of computer-generated images, thus confirming the synthetic nature of : synthesis.\n\nRegions likely forged include the entire image, with specific focus on the
(i e, . stars and snowflakes. Their perfect symmetry and identical light reflections are improbable
) : in a real photograph. For example, the red star at [310, 309, 475, 504] shows no signs of
Method: Quick Semantic Judgment of 'Obvious Fake' Images was applied to this ~ wear or environmental interaction, reinforcing.its synt]‘wti(‘: natur.e. Simil.ar]y, the‘white
image. From this method's perspective, what cues might be noticed, and would these . e e e 22, 228, ) h'as aldcalized de§ 18n 11'1c0n§1st§m W.nh physical
el g il (e g oy e e SR 7Y . snowflakes. These elements collectively confirm the image's artificial origin. l

¢) Multi-turn forensic detection

Figure 5: Representative detection results on fake images. Red text denotes incorrect predictions where synthesized images are
misclassified as real, yellow text denotes insufficient confidence in the model’s current conclusion and thus requires further
verification, whereas green text denotes correct identification of synthesized images.
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