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Abstract

Image manipulation localization (IML) is a critical technique
in media forensics, focusing on identifying tampered regions
within manipulated images. Most existing IML methods re-
quire extensive training on labeled datasets with both image-
level and pixel-level annotations. These methods often strug-
gle with new manipulation types and exhibit low general-
izability. In this work, we propose a training-free IML ap-
proach using diffusion models. Our method adaptively se-
lects an appropriate number of diffusion timesteps for each
input image in the forward process and performs both con-
ditional and unconditional reconstructions in the backward
process without relying on external conditions. By comparing
these reconstructions, we generate a localization map high-
lighting regions of manipulation based on inconsistencies.
Extensive experiments were conducted using sixteen state-
of-the-art (SoTA) methods across six IML datasets. The re-
sults demonstrate that our training-free method outperforms
SoTA unsupervised and weakly-supervised techniques. Fur-
thermore, our method competes effectively against fully-
supervised methods on novel (unseen) manipulation types.

Introduction
Image manipulation localization (IML) aims to locate tam-
pered regions within an image. This technology has become
increasingly important due to the advancements in media
editing and generation methods, such as Photoshop and Gen-
erative AI techniques (Qiao et al. 2019; Xu et al. 2018;
Zhang and Chang 2023; Dhariwal and Nichol 2021a), to en-
sure media authentication. Traditional image manipulation
types fall into three categories: removal, where media con-
tent is removed and synthesized; splicing, which involves
inserting content from a different source into an image;
and copy-move, which involves relocating content within the
same image.

Even though fully-supervised IML methods have
achieved satisfactory localization performance on some
common IML datasets, they still have several drawbacks.
First, they require extensive training with datasets including
image and pixel-level annotations, which are costly. Second,
these methods perform poorly when localizing manipulation
types different from those in the training datasets, resulting
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Figure 1: (a) SSIM scores at various timesteps are shown
for forward and backward diffusion processes. For the for-
ward process, results with a high-pass filter are indicated
by a green line, and without a high-pass filter by an or-
ange line. The backward diffusion process is depicted with a
blue line. These scores are averaged across CASIAv1 (Dong,
Wang, and Tan 2010), Coverage (Wen et al. 2016), and
Columbia (Hsu and Chang 2006) datasets. (b) From left to
right: the tampered image, ground-truth mask, and three er-
ror masks (unconditional reconstruction vs. input, uncondi-
tional vs. conditional reconstruction, and unconditional vs.
conditional reconstruction with self-attention guidance).

in low generalizability and unsatisfactory performance in
real-world scenarios. Given the numerous and ever-growing
types of tampering, it is impractical to create datasets that
fully encompasses all tampering types for model training.

To address the aforementioned issues as well as improve
the generalizability of IML methods for real-world scenar-
ios, this work explores the possibility of a training-free
method for IML that does not require any training datasets
for learning. Our initial experiment is inspired by diffusion
purification methods (Nie et al. 2022; Wang et al. 2022),
which have demonstrated that diffusion models (DM), hav-
ing learned the clean data distribution, can effectively re-
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Figure 2: (a) Overview of our IML method. In the forward process, S(x0) is compared with each S(xt) using SSIM scores.
These scores help choose the appropriate T to remove manipulation traces while preserving the input image’s structure. Two
backward processes then aggregate the error maps starting from the backward timestep m, where SSIM is lowest. (b) The
conditional denoising is guided by both self-attention and similarity.

move adversarial attacks. As an extension of image purifi-
cation, the work of (Tailanián et al. 2024) shows that DM
can hide manipulation traces, resulting in decreased perfor-
mance of IML methods. Based on this idea and its success-
ful results, we propose the following hypothesis: Since DM
learns the clean data distribution using authentic images,
and forensic traces can be hidden after the diffusion reverse
process, can we use this property to locate possible manipu-
lations through the reconstruction inconsistencies?

To verify this hypothesis, we start with feeding tampered
images into an unconditional DM, akin to the diffusion pu-
rification, to obtain the reconstructed images. A key issue
before this is choosing the appropriate number of diffusion
timesteps T . If T is too large, the reconstructed image may
deviate significantly from the input, introducing unwanted
artifacts. Conversely, if T is too small, the method might not
effectively remove the tampered traces. Previous purification
methods often use a fixed T for all images, which is clearly
suboptimal. Inspired by the high-pass (HP) filters (Fridrich
and Kodovsky 2012; Bayar and Stamm 2018) commonly
used in IML to enhance performance by filtering out image
content, we use HP filters to assess whether tampering traces
have been effectively removed. The green and orange lines
in Fig. 1(a) illustrate the Structural Similarity Index Met-
ric (SSIM) (Wang et al. 2004) at different timesteps in the
diffusion forward process, with and without the application
of HP filters. The SSIM scores are calculated between each
time-step-noised sample and the original input. Both trends
show a consistent decrease, indicating that more noise leads
to greater deviation from the original input. The SSIM with
HP filters (green curve) drop more rapidly, which helps in
selecting T that effectively removes tampered traces while
preserving the structure of the input image.

We obtained the reconstruction error map by comparing

the original input against the reconstructed image. Unfortu-
nately, the results did not align with our expectations and
assumptions, as shown in Fig. 1(b3), where the error map
covers the entire foreground region. This observation shows
that using DM directly cannot differentiate between the tam-
pered and authentic image regions. The underlying issue is
that while the DM can reconstruct the tampered image to
align with a clean distribution, leading to inconsistencies
in tampered regions, it fails to accurately reconstruct the
authentic pixel values, resulting in unexpected inconsisten-
cies in the authentic regions as well. To address this issue,
we modify the diffusion reverse process to start from the
same noised image xT and perform both conditional and
unconditional reconstructions. The conditional reconstruc-
tion is guided by the forged image, using similarity scores
SSIM (Wang et al. 2004) to reconstruct the tampered traces,
while the unconditional reconstruction generates a clean im-
age devoid of manipulation traces. We seek for a diffusion
reconstruction that minimizes inconsistencies in authentic
pixels, while ensuring that the error is concentrated solely
on the tampered regions, such that IML can be achieved.
We also ensure that both reverse diffusion processes use the
same random noise in the sampling step to minimize the im-
pact of noise randomness of the results.

The error mask between two backward processes focuses
more on the tampered region rather than the entire fore-
ground, as shown in the example in Fig. 1(b4). However,
there is one more challenge to overcome: Due to the global
guidance of the conditional generation by SSIM, the re-
sult still contains many false alarms. To address these false
positives, inspired by the self-attention (SF) guidance dif-
fusion model (Hong et al. 2023), which demonstrates that
self-attention masks from DM overlap with high-frequency
regions. We incorporate the guidance from both SF and
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SSIM into the conditional branch to direct the reconstruc-
tion more precisely towards the tampered regions. The final
error mask, shown in Fig. 1(b5), contains much less false
positives, achieving the best IML effects. Unlike traditional
guided diffusion methods, our conditional backward process
does not require any external conditions (such as class labels
or text), thereby demonstrating strong generalizability.

We also observed that the SSIM values between uncon-
ditional and conditional samplings along backward times-
tamps, shown by the blue curve in Fig. 1(a), initially de-
crease and then increase. This pattern is similar to what
was observed in (Che et al. 2024) with external conditions
(image-level labels). Based on this observation, and follow-
ing the approach in (Che et al. 2024), we obtain the final
error mask by aggregating the error maps starting from the
backward timestep when SSIM reaches its minimum. This
approach produces the best performance in our experiments.
Fig. 2 overviews our method.

We evaluated our IML method on six public datasets: five
standard datasets with common tampering types and one
novel dataset with unseen and more complex manipulation
types. The results show that our training-free method outper-
forms State-of-The-Art (SoTA) unsupervised and weakly-
supervised approaches. Additionally, our method competes
effectively with fully-supervised methods on unseen, novel
manipulation types, demonstrating stronger generalizability.

The contributions can be summarized as follows:
• We present a novel image manipulation localization ap-

proach that does not require any training or training data.
• The conditional backward process in our method oper-

ates without relying on external conditions, making the
approach more generalizable.

• We conducted comprehensive evaluations of sixteen
SoTA methods using six IML datasets, encompassing un-
supervised, weakly-supervised, and fully-supervised ap-
proaches. The results demonstrate superior performance
on both standard and novel tampered datasets compared
to existing SoTA methods.

Related Work
Denoising Diffusion Probabilistic Model
The Denoising Diffusion Probabilistic Model (DDPM) (Ho,
Jain, and Abbeel 2020) has become popular because of its
superior generative capabilities compared to earlier gener-
ative models such as GANs (Goodfellow et al. 2020) and
VAEs (Kingma and Welling 2013). DDPM involves two
main processes: the forward process adds noise to the im-
age, while the backward process removes the noise to pro-
duce a clean image. DDPM has been widely used in me-
dia generation and editing (Dhariwal and Nichol 2021b;
Kawar et al. 2023; Zhang et al. 2024b), image segmenta-
tion (Wolleb et al. 2022; Amit et al. 2021), and image clas-
sification (Yang et al. 2023). In 2024, the study by (Yu et al.
2024) employed DDPM as the decoder and SegFormer (Xie
et al. 2021) as the encoder for IML task, necessitating exten-
sive training with labeled datasets. In contrast, our method is
training-free and relies solely on DDPM, without requiring
any external conditions.

Image Manipulation Localization (IML)
IML methods can be organized into three types: unsuper-
vised, weakly-supervised, and fully-supervised approaches.
Most unsupervised methods apply hand-crafted features
such as noise inconsistency (Mahdian and Saic 2009; Lyu,
Pan, and Zhang 2014; Wagner 2015), color filter array (Fer-
rara et al. 2012; Dirik and Memon 2009; Choi, Choi, and
Lee 2011), local mosaic consistency (Bammey, Gioi, and
Morel 2020), JPEG compression (Li, Yuan, and Yu 2009)
and camera fingerprint (Cozzolino and Verdoliva 2019). The
work by (Zhang et al. 2025) utilized implicit neural repre-
sentation (Sitzmann et al. 2020), for both unsupervised and
weakly supervised methods. Additionally, the study in (Zhai
et al. 2023) introduced self-consistency learning, another
approach to weakly supervised learning. Fully-supervised
IML methods (Chen et al. 2021; Yang et al. 2020; Wu,
AbdAlmageed, and Natarajan 2019; Liu et al. 2022; Guo
et al. 2023) require large datasets with both image and pixel-
level annotations. Most of these methods learn manipulation
traces by detecting anomalous features. (Kwon et al. 2022;
Zhang, Li, and Chang 2024) proposed a two-branch network
that can effectively detect both image editing and double
JPEG compression artifacts.

Most SoTA methods require extensive training. Although
some unsupervised methods do not require training, they of-
ten perform poorly even on standard manipulation types.
In this paper, we introduce a novel, simple, yet effective
method that does not require any training or datasets. Our
method demonstrates strong generalizability and enhanced
performance in real-life scenarios.

Preliminaries
The Denoising Diffusion Probabilistic Model (DDPM):
The DDPM (Ho, Jain, and Abbeel 2020) consists of two
main processes: the forward process, which adds noise, and
the backward process, which removes noise. In the forward
process, Gaussian noise is gradually added to the image x0

to obtain the noised image xt. The formula for the DDPM
forward process is:

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I), (1)

where αt = 1−βt and ᾱt =
∏t

i=1 αi. ϵ is the random noise
from normal distribution, and βt is the predefined variance
schedule at a timestep t.

In the backward process, the model removes the noise
from xt to obtain xt−1. The formula for the DDPM back-
ward process is represented as follows:

xt−1 =
1√
ᾱt

(
xt −

βt√
1− ᾱt

ϵθ(xt, t)

)
+ σtz, (2)

where z ∼ N (0, I) and σ2
t = βt. ϵθ(xt, t) represents the

predicted noise of xt using trained U-Net (Ronneberger, Fis-
cher, and Brox 2015).

The training objective is to minimize the difference be-
tween the predicted and ground-truth noise, as shown by the
following equation:

L(θ) = Et,x0∼data,ϵ∼(0,I)
[∥ϵ− ϵθ(xt, t)∥2]. (3)
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Classifier and classifier-free guidance: Traditional DDPM
often produce random outputs that may not meet specific
real-world needs. To address this, conditional DDPM are
introduced using either classifier guidance (Dhariwal and
Nichol 2021b) and classifier-free guidance (Ho and Sali-
mans 2022). For classifier guidance, a separate classifier
p(c|xt) is trained to predict a condition c from xt. Let sc
denote the classifier guiding scale and ϵ̃(xt, c, t) denote the
conditional output based on condition c on timestep t. The
classifier guidance is given by:

ϵ̃(xt, c, t) = ϵθ(xt, t)− sc · σt∇xt log p(c|xt). (4)

The main drawback of classifier guidance is the need to
train a standalone classifier. To address this, a classifier-free
method is introduced in (Ho and Salimans 2022). Let sf
denote the classifier-free guiding scale. The classifier-free
guidance is:

ϵ̃(xt, c, t) = ϵθ(xt, t) + sf · (ϵθ(xt, c, t)− ϵθ(xt, t)). (5)

Refer to the original papers (Ho, Jain, and Abbeel 2020;
Dhariwal and Nichol 2021b; Ho and Salimans 2022) for de-
tailed derivation.

Method
Fig. 2(a) shows the overall pipeline of our method, which is
both training-free and condition-free. Our method includes
a single forward process that adds noise to the image and
two backward processes that reconstruct the image with and
without manipulation traces. Let t denote a timestep where
t ∈ [0, T ], with T being the final timestep. During the for-
ward process, samples are denoted as xt. In the conditional
and unconditional backward processes, samples are denoted
as xct and xut , respectively. Let Act denote the self-attention
map, and Mct denote the corresponding attention mask.

In the forward process, let S(·) denote the steganalysis
rich model (SRM) filters (Fridrich and Kodovsky 2012).
The SSIM values between S(x0) and each S(xt) are used
to adaptively select an appropriate T to add noise, with the
goal of removing tampered traces while preserving the over-
all structure of the input image.

Starting from the same noised image xT , the two back-
ward processes diverge: unconditional denoising produces a
clean image without tampered traces, as the pre-trained dif-
fusion model has learned a clean data distribution from un-
tampered images. In contrast, conditional denoising recon-
structs the image with tampered traces, guided by the forged
input and self-attention. SSIM scores are then calculated be-
tween the two denoised samples, S(xct) and S(xut

), to de-
termine the appropriate reverse timestep m for starting the
aggregation of error maps, following the approach of (Che
et al. 2024). The error map is computed using squared error.

Adaptive Number of Diffusion Timesteps Selection
The number of diffusion timestep T for adding noise plays
a crucial role in our method. If T is too large, it would cause
significant deviation from the input image, resulting in un-
expected artifacts. Conversely, if T is too small, it cannot ef-
fectively remove the tampered areas, leaving manipulation

traces in the unconditional reconstruction. Previous purifi-
cation methods (Wang et al. 2022; Nie et al. 2022; Tailanián
et al. 2024) select a fixed T for all images, which is clearly
inappropriate. Inspired by the previous IML methods (Bayar
and Stamm 2018; Chen et al. 2021; Zhou et al. 2018) that
use high-pass filters to suppress image content, based on the
idea that manipulation traces are more likely to be detected
in the filtered results rather than in the image content. As
discussed in the introduction and Fig. 1(a), high-frequency
information is removed more quickly than image content in
the diffusion forward process. Therefore, we use SRM fil-
ters (Fridrich and Kodovsky 2012) to process each xt as
S(xt), and the SSIM scores between each S(xt) and S(x0)
are used to adaptively select an appropriate T . The basic idea
is that when the SSIM using high-pass filters approaches 0,
the SSIM without high-pass filters remains higher. This en-
sures that the forward process effectively removes manip-
ulation traces while preserving the overall structure of the
image. As illustrated in the examples in Fig. 2(a), the adap-
tively selected T causes the filtered image S(xT ) to resem-
ble random noise, while the image sample xT still retains
the overall structure. The reason for using SSIM is that it
provides a clear cut-off value to indicate when two images
are dissimilar (when the score is 0), whereas other metrics,
such as mean square error (MSE), do not offer this property.
We select 0.2 as the SSIM threshold to determine the ap-
propriate T , meaning that when SSIM falls below 0.2, that
timestep is selected as T .

Conditional Backward Process
Due to unexpected inconsistencies in authentic pixels when
calculating the error directly from the unconditional recon-
struction and the input, we modified the diffusion backward
process into two branches, with the error now calculated be-
tween these two backward processes. By applying both con-
ditional and unconditional backward processes to the same
noised image xT and ensuring that both use the same ran-
dom noise at each timestep, we aimed to resolve these in-
consistencies and improve localization performance.

For unconditional denoising, the process simply starts
from xT and gradually removes noise without any guidance,
as described in Eq. (2). Our primary contribution lies in in-
troducing conditional denoising without apply any external
conditions, aiming to reconstruct an image that retains ma-
nipulation traces. This allows the inconsistency between the
conditional and unconditional branches to effectively high-
light the tampered regions.

Similarity guidance is employed to direct the reconstruc-
tion using the forged input, with the aim of guiding the
model to reconstruct the image as closely as possible to the
forged one, thereby preserving the tampered traces. Simi-
lar to (Wang et al. 2022; Tailanián et al. 2024), we define
the similarity metric as D(·) and the similarity guidance is
given by:

ϵ̃(xct , d, t) = ϵθ(xct , t)− sdt
· σt∇xct

D(xt, xct), (6)

which is similar to classifier guidance shown in Eq. (4). The
key difference is that the separate classifier is replaced by
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the similarity metric. Here, ϵ̃(xct , d, t) represents the condi-
tional output guided by the similarity d. xt and xct are sam-
ples in forward and conditional backward process, respec-
tively. sdt

is the guidance scale that is proportional to added
noise and it can be expressed as sdt

= sd ·
√
1− ᾱt/

√
ᾱt,

Where sd is a pre-defined initial guidance scale.

Self-attention Guidance: Using solely Eq. (6) for condi-
tional reconstruction results in unsatisfactory localization
outcomes because the similarity guidance is applied glob-
ally to the entire image, leading to false alarms in the untam-
pered regions. To address this issue and focus the reconstruc-
tion error more on the tampered region, we draw inspiration
from (Hong et al. 2023), which demonstrates that the self-
attention map from the diffusion U-Net overlaps with high-
frequency details in the image. Since manipulation traces are
most likely found in high-frequency regions, such as edge
inconsistencies, we incorporate self-attention guidance into
the conditional reconstruction. The self-attention in U-Net
is implemented as multi-head self-attention (Vaswani et al.
2017), with the number of attention heads denoted by N . Let
Qh

t denote the query, Kh
t denote the key and V h

t denote the
value. The attention on the hth head at timestep t is:

A(Qh
t ,K

h
t , V

h
t ) = softmax(Qh

t (K
h
t )

T /
√
d) · V h

t . (7)

The stacked self-attention maps across all attention heads
at timestep t is Ast ∈ RN×(HW )×(HW ), where H and
W denote the height and width, respectively. Then, Ast
is processed by global average pooling (GAP), reshaping
Reshape(·) and upsampling Upsample(·) to match the di-
mensions of image sample xct . The final aggregated atten-
tion Act from all attention heads at timestep t is:

Act = Upsample(Reshape(GAP(Ast))). (8)

As shown in Fig. 2(b), once we have the attention map,
we can use the activated information to guide the generation,
thus the reconstruction can focus more on these regions. The
basic idea is to apply Gaussian blur only to the activated
regions and then use the residual information between the
blurred and unblurred image samples to guide the generation
in a classifier-free manner. Let M i

ct denote the binary mask
value, and Ai

ct denote the self-attention map value at the ith
pixel. Given an attention mask threshold τ , we first threshold
Act to a binary mask Mct using:

Mct =

{
M i

ct = 1, if Ai
ct > τ,

M i
ct = 0, otherwise.

(9)

For the Gaussian blur process, we follow the method out-
lined in (Hong et al. 2023) to generate blurred samples xbt
from xct . This approach helps mitigate the side effects of
reducing Gaussian noise when applying Gaussian blur, as
discussed in (Hong et al. 2023). Finally, Mct is used to ob-
tain the masked blurred samples x̂bt , where only the regions
with high activation in self-attention are blurred. The resid-
ual information is then used to guide the generation. Let ⊙
denote element-wise multiplication, and ϵ̃(xct , a, t) denote
the guided output using self-attention guidance a, and sf be

the self-attention guidance scale. The masking and final self-
attention guiding process is:

x̂bt = (1−Mct)⊙ xct +Mct ⊙ xbt , (10)

ϵ̃(xct , a, t) = ϵθ(xct , t)+sf ·(ϵθ(xct , t)−ϵθ(x̂bt , t)). (11)

This allows using the masked residual information to guide
the generation, making the denoising process concentrate
more on the masked region.

The complete conditional denoising process incorporates
both similarity and self-attention guidance, applying guid-
ance from both global and local perspectives. The final con-
ditional generation output guided by both a and d is:

ϵ̃(xct , a, d, t) = ϵθ(xct , t) + sf · (ϵθ(xct , t) (12)
− ϵθ(x̂bt , t))− sdt · σt∇xct

D(xt, xct).

Error Map Aggregation
Unlike the forward process, where SSIM consistently de-
creases, in the backward process, SSIM first decreases and
then increases. This behavior, also noted in (Che et al. 2024)
using external conditions, occurs because the unconditional
branch initially reconstructs tampered information into a
clean distribution, while the conditional branch works to re-
verse manipulation traces, leading to a decrease in SSIM.
Once SSIM reaches its minimum, both branches have re-
constructed the tampered regions and start to reconstruct the
original information, causing SSIM to rise. Following (Che
et al. 2024), we aggregate error maps starting from the re-
verse timestep m (where SSIM is lowest). We calculate the
error map using the squared error formula: (xct − xut)

2.
The final aggregated error map is the average of all error
maps from reverse timestep m to 0. The final localization
map E(xu, xc) is obtained by:

E(xu, xc) =

∑m
t=0(xct − xut)

2

m+ 1
. (13)

Experimental Results
We first present the experimental setup, including imple-
mentation details, datasets, and evaluation metrics. We then
compare the IML performance of our method against State-
of-The-Art approaches. Finally, we provide ablation studies.

Experimental Setup
Datasets: We use six IML datasets for evaluation: CASIAv1
(Dong, Wang, and Tan 2013), Colombia (Hsu and Chang
2006), Coverage (Wen et al. 2016), NIST16 (Guan et al.
2019), CIMD (Zhang, Li, and Chang 2024) and Mag-
icBrush (Zhang et al. 2024a). The first five datasets con-
tain only standard manipulation types, which are splicing,
copy-move, and removal. MagicBrush, however, is a novel
instruction-guided manipulation dataset that features previ-
ously unseen and more complex tampered types, such as
color changes, action changes, and object alterations. This
dataset is closer to real-world manipulations and is particu-
larly valuable for evaluating a model’s generalizability. For
the CIMD dataset, we applied the uncompressed subset,
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Method CASIAv1 Columbia Coverage NIST16 CIMD Average
AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP

NOI1 0.586 0.140 0.539 0.387 0.580 0.168 0.511 0.115 0.680 0.060 0.579 0.174
CFA1 0.498 0.100 0.641 0.445 0.533 0.133 0.503 0.101 0.427 0.016 0.520 0.159
MCA 0.542 0.117 0.513 0.270 0.536 0.124 0.520 0.083 0.521 0.020 0.526 0.123
NoisePrint 0.514 0.091 0.563 0.359 0.515 0.123 0.450 0.114 0.543 0.018 0.517 0.141
IVC 0.531 0.109 0.511 0.291 0.532 0.140 0.532 0.092 0.561 0.021 0.533 0.131
CFA2 0.531 0.104 0.530 0.411 0.524 0.143 0.480 0.095 0.510 0.017 0.515 0.154
NOI2 0.574 0.135 0.559 0.353 0.598 0.161 0.519 0.089 0.506 0.018 0.551 0.151
NOI4 0.535 0.106 0.536 0.313 0.537 0.130 0.494 0.085 0.634 0.043 0.547 0.135
BLK 0.541 0.112 0.624 0.416 0.598 0.154 0.583 0.136 0.494 0.027 0.568 0.169
Ours 0.587 0.162 0.682 0.461 0.622 0.208 0.556 0.160 0.690 0.068 0.627 0.212

Table 1: Evaluation results of unsupervised methods for the Standard Manipulation task. Average scores are calculated across
five datasets, with the best and second-best performances highlighted in bold and underlined.

Method Training Data Size MagicBrush
AUC AP

Mantra-Net 64K 0.426 0.156
PSCC-Net 100K 0.375 0.140
CAT-Net 858K 0.392 0.155
Hifi-Net 1,710K 0.480 0.169
CR-CNN 12.5K 0.515 0.193
MVSS-Net 12.5K + NMA 0.578 0.270
WSCL 12.5K 0.516 0.170
Ours None 0.543 0.206

Table 2: Evaluation results for the Novel Manipulation task
for both fully supervised and weakly supervised methods.
NMA refers to Naive Manipulation Augmentation, which
includes techniques such as cropping and pasting squared ar-
eas, and utilizing OpenCV inpainting functions (Telea 2004;
Bertalmio, Bertozzi, and Sapiro 2001). The best and second-
best performances are highlighted in bold and underline, re-
spectively.

which is intended for evaluating image editing IML meth-
ods.

Evaluation metrics: We use two thresholding-agnostic met-
rics for evaluation: Area Under the Receiver Operating
Characteristic curve (AUC) and Average Precision (AP).
These two evaluation metrics do not require predefined
thresholds, making the evaluation more fair.

Implementation details: Our method does not require train-
ing or external conditions. We used the pre-trained diffu-
sion model from (Dhariwal and Nichol 2021b), which was
trained on ImageNet (Deng et al. 2009). The method is im-
plemented using Pytorch (Paszke et al. 2019) on an A40
GPU. For the diffusion model itself, we did not modify any
of the diffusion settings except for the diffusion timestep T .
For our proposed components, we set the initial similarity
scale to sd = 104, and the threshold for selecting the appro-
priate T is set to 0.2. In self-attention guidance, the guidance
scale sf is set to 1.3, the attention threshold τ is 1.3, and the
blur sigma is 3.

Comparison with SoTA Methods
We conducted a comprehensive comparison with sixteen
state-of-the-art (SoTA) methods, spanning unsupervised,
weakly-supervised, and fully-supervised approaches. Cru-
cially, all selected methods have open-source code, ensuring
a fair evaluation. The unsupervised methods include (Mah-
dian and Saic 2009; Lyu, Pan, and Zhang 2014; Wagner
2015; Ferrara et al. 2012; Dirik and Memon 2009; Li, Yuan,
and Yu 2009; Bammey, Gioi, and Morel 2020; Choi, Choi,
and Lee 2011; Cozzolino and Verdoliva 2019), with the first
six being implemented by MKLab (Zampoglou, Papadopou-
los, and Kompatsiaris 2017). For weakly-supervised meth-
ods, we evaluate (Zhai et al. 2023). The fully-supervised
methods include (Bayar and Stamm 2018; Kwon et al. 2022;
Liu et al. 2022; Wu, AbdAlmageed, and Natarajan 2019;
Guo et al. 2023; Chen et al. 2021). Using their open-source
code, we generated localization maps and applied the same
evaluation code to obtain quantitative results, maintaining
consistency for a fair comparison. Abbreviations for each
method follow those used in prior work.

Comparison using standard manipulation datasets: Ta-
ble 1 provides evaluation results on five standard IML
datasets for unsupervised methods. In most cases, our
training-free method achieves the best localization perfor-
mance across almost all datasets, except for the AUC score
on the NIST16 dataset. Regarding the AUC performance
on NIST16, our method does not outperform BLK, as
all images in NIST16 are JPEG compressed, and BLK is
specifically designed for JPEG format. Additionally, our
method achieves significantly higher average performance
than other approaches, demonstrating much stronger local-
ization ability.

Comparison on the MagicBrush dataset: Table 2 shows
the evaluation results comparing fully-supervised and
weakly-supervised IML methods on MagicBrush (Zhang
et al. 2024a), a recent IML dataset containing new tam-
pered types. For methods trained on a dataset size of 12.5K,
CASIAv2 (Dong, Wang, and Tan 2013) was used as the
training set, while other methods used their own synthetic
datasets. Table 2 shows results demonstrating that even
fully-supervised methods trained on large datasets often
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Figure 3: Visualization results are shown from top to
bottom: the tampered images, ground-truth masks, results
of the fully-supervised method Mantra-Net (Wu, AbdAl-
mageed, and Natarajan 2019), the unsupervised method
NOI1 (Mahdian and Saic 2009), the weakly-supervised
method WSCL (Zhai et al. 2023), and our training-free
method.

struggle to adapt to new manipulation types, exhibiting
low generalizability. In contrast, our training-free method
delivers competitive results without any training images.
Although MVSS-Net outperforms our method, it employs
naive manipulation augmentation (NMA), such as cropping
and pasting squared areas, and utilizing OpenCV inpaint-
ing functions (Telea 2004; Bertalmio, Bertozzi, and Sapiro
2001), thereby increasing its training data diversity beyond
the 12.5K samples.

Visualization: Fig. 3 presents the visualization of the IML
results. Compared to other methods, our approach offers im-
proved coverage of the tampered regions, despite not requir-
ing any training. However, because our method is training-
free and does not rely on datasets or pixel-level masks for
supervision, it struggles to define the edges of the tampered
regions precisely. We plan to address this limitation in our
future work.

Ablation Study
We conduct ablation studies using CASIAv1 (Dong, Wang,
and Tan 2013) to demonstrate the effectiveness of the pro-
posed components.

Effectiveness of conditional guidance: We assess the im-
pact of conditional guidance, focusing on similarity and self-
attention guidance. As shown in Table 3, using only simi-
larity guidance does not produce satisfactory results. This
is because similarity guidance directs reconstruction glob-
ally, leading to unintended false alarms, as explained in the
introduction and method sections. On the other hand, us-
ing only self-attention guidance significantly improves per-
formance. The best results are achieved when both similar-
ity and self-attention guidance are combined, underscoring

Unconditional Similarity Self-attention AUC AP

✓ 0.544 0.102
✓ ✓ 0.514 0.109
✓ ✓ 0.573 0.127
✓ ✓ ✓ 0.587 0.162

Table 3: Ablation study on different conditions.

T T = 10 T = 50 T = 100 T = 200 Adap

AUC 0.532 0.577 0.558 0.467 0.587
AP 0.119 0.155 0.143 0.107 0.162

Table 4: IML performance comparisons using various fixed
timesteps T and our adaptive T .

the importance of both. In summary, similarity guidance in-
creases the inconsistency between the two branches in the
tampered area, while self-attention guidance focuses more
on the tampered area and reduces false positives. Both are
essential for optimal performance.

Adaptive diffusion timestep selection: Our method adap-
tively selects an appropriate diffusion timesteps T to add
noise to the input image, thereby avoiding the issue of T
being too low or too high. As shown in Table 4, increasing
T initially improves performance but eventually causes a de-
cline. Although there might be an optimal fixed T , finding
it would require extensive experimentation. In contrast, our
adaptive approach achieves the best performance without the
need for such experiments.

Conclusion
In this work, we introduce a novel training-free method
for Image Manipulation Localization (IML) using diffusion
models. Our method adaptively selects an appropriate num-
ber of diffusion timesteps for each input image, adding noise
in the forward process. In the reverse process, starting from
the same noised sample, we perform both conditional and
unconditional reconstructions without relying on external
conditions. The localization maps are generated from in-
consistencies between the two reverse processes. We con-
ducted comprehensive evaluations against 16 state-of-the-art
(SoTA) methods across six IML datasets. Our method not
only demonstrated superior performance on standard image
manipulation types but also showed remarkable generaliz-
ability to unseen manipulation types, all without the need
for model training or reliance on external datasets.

Limitations of this work include the inaccurate localiza-
tion boundaries due to the absence of pixel-level annotation
for supervision. Future work could focus on developing an
effective method to address the issue of inaccurate localiza-
tion edges in a training-free manner.
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