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Abstract

The rapid advancement of diffusion models has significantly
improved high-quality image generation, making generated
content increasingly challenging to distinguish from real
images and raising concerns about potential misuse. In
this paper, we observe that diffusion models struggle to
accurately reconstruct mid-band frequency information in
real images, suggesting the limitation could serve as a
cue for detecting diffusion model generated images. Moti-
vated by this observation, we propose a novel method called
Frequency-gulded Reconstruction Error (FIRE), which, to
the best of our knowledge, is the first to investigate the in-
fluence of frequency decomposition on reconstruction error.
FIRE assesses the variation in reconstruction error before
and after the frequency decomposition, offering a robust
method for identifying diffusion model generated images.
Extensive experiments show that FIRE generalizes effec-
tively to unseen diffusion models and maintains robustness
against diverse perturbations.

1. Introduction

The advent of diffusion models (DMs) [18] has made high-
quality, controllable image generation significantly more
accessible. Subsequent works leverage large-scale multi-
modal learning [33, 34, 38], particularly involving text and
image pairs, to further diversify the scenarios in which DMs
can generate images. The realism of these generated images
has reached a level where they can deceive the human visual
system, raising concerns about the potential misuse of DMs
to create misleading content [21]. Therefore, the develop-
ment of effective methods to detect such generated images
is critical to mitigate the potential societal risks posed by
this technology.

Several works [5, 17, 48, 49] have been proposed specifi-
cally for detecting images generated by DMs. Among them,
a novel class of detection methods based on diffusion re-
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Figure 1. Comparison between existing reconstruction-based
methods and FIRE. Existing approaches [32, 43] proceed in two
steps: first, compute the reconstruction error of the image using
a pre-trained diffusion model, and then train a backend classifier
on the reconstruction error. FIRE integrates the classifier with the
diffusion model, allowing end-to-end learning and better align-
ment of the latent space for artifact generation and detection. Ad-
ditionally, FMRE can leverage frequency-guided reconstruction
to identify the information that the diffusion model struggles to re-
construct.

construction are proposed [7, 26, 27, 32, 43], highlighting a
promising research direction. These methods are founded
on the assumption that generated images, having under-
gone the diffusion process, are closer to the latent space in
DM. Consequently, they are less affected by reconstruction
through a second denoising process compared to real im-
ages. By utilizing the reconstruction error, these methods
can achieve satisfactory performance in detecting images
generated by various models, often with lightweight models
or even in a training-free manner. However, these methods
still face challenges in generalizing to unseen datasets [7].

When rethinking the significance of reconstruction error
representation in the diffusion process, we argue it indeed

12830



[0,120]

d((x,y),0) €
LM #

(120,128]

#3

(40,128]
#4

mask

frequency map !

real

adm

error

Figure 2. Analysis between results of images filtered by different masks and their reconstruction errors. (a) shows a real image
from ImageNet and a generated counterpart produced by a pre-trained ADM [12] model. (b)-(f) are the results of applying different
frequency masks to the image. Frequency maps are obtained by applying FFT to the images, with the low-frequency regions shifted to the
center. d((z,y),0) € represents points within a specific distance range from the center of the mask, which are set to 1 (preserved), while
the rest are filtered out (set to 0). (g) shows the reconstruction error using Stable Diffusion v1.5 [1]. The red circles highlight the halo
effect observed in filtered #5 and the reconstruction error. The reconstruction error of the real image visually resembles the band-pass
filtered #5 image. Notably, as explained in prior work [43], the reconstruction error for generated images is much lower than for real ones.
(To enhance print visibility, we apply 100% sharpening to the residual images in all figures presented in the main paper.)

reflects the parts of the image that the DM struggles to accu-
rately reconstruct. Therefore, existing reconstruction-based
methods can be viewed as a process of identifying which
parts of the image that are challenging to reconstruct. How-
ever, current approaches input the entire reconstruction er-
ror into a backend classifier, which also contains both po-
tential content biases and noise from the diffusion process.
This might be the reason why existing methods struggle to
generalize on unseen datasets [7]. Luo et al. [26] observe
that the reconstruction error predominantly manifests in
the high-frequency components of the image, yet their ap-
proach still lacks the refinement of the hard-to-reconstruct
information. Therefore, a critical research questions arise:
which specific parts of the image are particularly challeng-
ing for the DM to reconstruct?

To address the question, we conduct a frequency anal-
ysis of real and generated images. As shown in Figure 2,
low-frequency information captures more of the color and
general content, while noise and edge details are embed-
ded in the high-frequency components. The mid-frequency
band (filtered #5 in Figure 2), which contains both high-
and low-frequency information, visually aligns well with
the patterns seen in the reconstruction error maps. Based
on this observation, we hypothesize that the reconstruc-
tion error—i.e., the hard -to-reconstruct information,
primarily resides in the mid-frequency region. Visual-

ization experiments in Section 4.5 corroborate this hypoth-
esis. Moreover, the mid-frequency component and recon-
struction error of real images exhibit stronger signals than
generated images. This suggests that real images contain
unique mid-frequency information that is particularly dif-
ficult to reconstruct. Intuitively, if we can isolate this mid-
frequency signal from the image, comparing the reconstruc-
tion errors before and after this isolation could serve as a
potential cue for detecting generated images.

Building on the above observation and hypothese, we
propose a novel Frequency-gulded Reconstruction Error
(FIRE) method for detecting DM-generated images. FIRE
consists of a Frequency Mask REfinement module (FMRE)
and a backend classifier. FMRE refines the localization of
the mid-frequency regions that are difficult for the DM to
reconstruct, and filters out such frequency component. The
backend classifier then evaluates the change in reconstruc-
tion error before and after isolating the mid-frequency com-
ponents, using this as a cue for classification. Notably, to
better align the frequency guidance with its subsequent im-
pact on the reconstruction result, we innovatively integrate
the reconstruction pipeline into the detection framework by
using only the autoencoder (AE) of a latent DM (LDM),
thus bypassing the complex denoising process. This end-to-
end learning approach better aligns the DM with the detec-
tion task, enhancing the consistency of the mask refinement
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process.
In summary, the contributions of our work are threefold:

* We are the first to integrate frequency decomposition into
reconstruction-based detection methods, identifying the
image components that contribute to higher reconstruc-
tion errors.

* We propose an innovative end-to-end learning approach
that better aligns the classifier with the task of detecting
images generated by DM.

» Extensive visualizations validate our hypothesis regard-
ing the frequency distribution of reconstruction errors,
and comprehensive experiments demonstrate the effec-
tiveness of our proposed method.

2. Related Works

2.1. Generated Image Detection

With advancements in Al-based image generation, numer-
ous detection methods have emerged to tackle the chal-
lenges of increasingly realistic synthetic images. The pri-
mary approach utilizes neural networks to capture artifacts
within images [4, 19, 24]. Zhong et al. [49] detect gener-
ated images by segmenting them into patches and examin-
ing inter-pixel correlations, while Tan et al. [40] introduce
Neighboring Pixel Relationships, which identify generated
content by analyzing local pixel distribution patterns during
upsampling.

Additionally, multimodal methods leverage semantic in-
formation to enhance detection [45, 50]. Chang et al. [8]
and Jia et al. [20] reformulate detection as a visual question
answering task, combining vision-language models such
as InstructBLIP [10] and ChatGPT [2] to improve perfor-
mance on unseen data. Shao et al. [37] propose HAMMER
for detecting and attributing manipulated content by exam-
ining subtle interactions between image and text.

Frequency domain analysis has also proven effective
[28, 41, 44], complementing spatial methods that struggle
with certain artifacts. Dolhansky et al. [13] use frequency-
based masking to extract common features, while Li et al.
[23] classify frequency components into semantic, struc-
tural, and noise levels to locate regions with distinctive fre-
quency distributions.

2.2. Detection Based on Reconstruction Error

The advent of DMs [18] has spurred the development
of specialized detectors to identify DM-generated images.
Wang et al. [43] propose Diffusion Reconstruction Error
(DIRE), which differentiates real from DM-generated im-
ages by measuring reconstruction error. Ma et al. [27] en-
hance detection accuracy using multi-step error computa-
tion in their SeDID method. Ricker et al. [32] utilize au-
toencoder reconstruction error from latent DMs for a sim-
ple, training-free approach. Cazenavette et al. [7] develop

Fakelnversion to detect images generated by unseen text-
to-image DMs using text-conditioned inversion. Chen et
al. [9] introduce Reconstruction Contrastive Learning to
improve generalization by generating hard samples. Addi-
tionally, Luo et al. [26] propose LaRE2, leveraging Latent
Reconstruction Error (LaRE) with an Error-Guided Feature
Refinement module for more distinct error feature extrac-
tion.

Compared to existing methods, our approach is the first
to explore the impact of frequency decomposition on recon-
struction error. By exploring the hard-to-reconstruct fre-
quency bands hidden within the image, we build a robust
detector specifically targeting DM-generated images.

3. Method

In this section, we first provide foundational knowledge
on DDPM and the principles behind reconstruction error-
based detection methods. Then, we introduce our method
named Frequency-gulded Reconstruction Error (FIRE),
which leverages the observation that DMs struggle to recon-
struct mid-frequency information in real images. By com-
paring the differences between real and fake images after
frequency-guided reconstruction, FIRE determines whether
an image is generated by a DM. The overall framework of
FIRE is illustrated in Figure 3.

3.1. Diffusion Reconstruction Pipeline

Existing DMs can be summarized into two stages: the for-
ward process and the reverse process. In the forward pro-
cess, noise of increasing intensity is progressively added to
the input image:

Ty = Vagxo + V1 — Qe (1)

where ¢; ~ N(0,1) fort = 0,...,T. Here, z; represents
the noisy image at time step ¢, and x( represents the initial
image without noise. v/at denotes the noise scaling factor
at step ¢, and at = HZ:l as.

In the reverse process, the image is gradually denoised
back to its clean state, primarily through the use of a pa-
rameterized neural network that predicts the denoised result
at each time step ¢, as follows:

Ty — /1 — ageg(ay, t
Ti—1 = /-1 L at ozt )+\/1—Ozt—16t,
Vo
(2)

where a1 = 2=t fort = T,...,1, and €g(xy, 1) is the
predicted noise by the denoising neural network parameter-

ized by 6, typically implemented as a U-Net.
3.2. FIRE

As illustrated in Section 1. We hypothesize that the mid-
frequency components of real images are particularly dif-
ficult for DMs to reconstruct. Thus, if a real image has
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Figure 3. The overview of FIRE. We aim to extract the frequency bands from the image that the diffusion model struggles to
reconstruct, i.e. information that is abundant in real images but lacking in generated ones, and then compare the reconstruction errors
before and after the extraction to determine whether the image is real or generated. The original image first undergoes reconstruction
error computation using an LDM, where we substitute the AE of LDM for the reconstruction process to avoid introducing the denoising
pipeline. To effectively extract the frequency band information that is difficult for the diffusion model to reconstruct, we propose the
Frequency Mask REfinement Module (FMRE). The reconstruction error is then computed for the pseudo-generated image with such
information removed. Finally, the two reconstruction error maps are concatenated along the channel dimension and fed into the classifier.

frequency map

Figure 4. The architecture of our proposed FMRE, which consists
of a shared encoder and two independent decoders.

these mid-frequency components removed, its reconstruc-
tion error will be smaller than that of the unaltered image.
In other words, by stripping away some of the inherent
information that differentiates real images from generated
ones, the modified real image becomes more similar to a
generated image—we term this a pseudo-generated im-
age. Intuitively, the difference between a real image and
its pseudo-generated version will be greater than the differ-
ence between a generated image and its pseudo-generated
version. Hence, this frequency-guided difference can serve
as a cue for distinguishing real from generated images.

To this end, we propose FIRE, which distinguishes
real images from DM-generated ones by comparing re-
construction error differences between an image and its
pseudo-generated version. First, we apply FFT to image
x and center the low-frequency components. Then, a Fre-
quency Mask Refinement module (FMRE) identifies mid-
frequency regions that are difficult for the DM to recon-
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struct. The frequency mask is applied to obtain a band-pass
filtered pseudo-generated image ;.. Both the original and
pseudo-generated images are then input to the DM for re-
construction.

/

'rpse = R($p88)7

' = R(x),

3)
“)

where R(-) represents the reverse and reconstruction pro-
cess of a DM. Notably, recent work [32] has shown that the
denoising process is not critical for the image generation de-
tection task, and satisfactory performance can be achieved
by using only the AE of LDM to compute the reconstruc-
tion error. Following this insight, we use only the encoder
and decoder of a LDM to replace the entire diffusion recon-
struction pipeline:

R = Digm (&1am(+)), )

where &lgm and Dy, denote the encoder and decoder of
the LDM, respectively. This design reduces training costs,
which has driven existing methods to use a two-step pro-
cess: reconstructing the image with a DM and then sepa-
rately training on the reconstruction. Our approach directly
links the detection module with the AE, enabling end-to-
end training that aligns the learned representations of the
detector with the latent space of the DM.

Once we obtain the reconstructed images ., and 2,
we compute their reconstruction error as follows:
!/
A, =lz" — x|, (6)
!
Azpsc = |xpse - mpse|7 (7)



where | - | denotes the absolute difference. Finally, we con-
catenate the two reconstruction error maps and feed them
into a binary classifier for final prediction:

y/ == ecls (Cat(Aara Azpse ))7 (8)

where 0. represents the binary classifier, cat(-, -) denotes
concatenation along the channel dimension, and y’ is the
predicted label.

3.3. Frequency Mask Refinement Module

Our frequency mask refinement module uses an encoder-
decoder architecture. The encoder has four convolutional
layers (3 x 3 kernel, stride 2, padding 1), and the de-
coder includes one convolutional layer (3 x 3 kernel, stride
2, padding 1) followed by a PixelShuffle operation [39].
The encoder £ encodes the frequency spectrum after FFT,
and two decoders, Dyyiq and Dyyiq_c, generate two distinct
masks: mpiq for mid-frequency regions and mpyiq for
complementary high- and low-frequency regions.

Mmid = Dmid (6(~7:(x)))7 (9)
Mmid.c = Dmid,c(g(F(x)))7 (10)

where F(-) denotes the Fast Fourier Transform. The mask
Mmiq 1S used to isolate the mid-frequency information that
is challenging for the DM to reconstruct, and m,;q_c is used
to produce the pseudo-generated image:

Tmid = fﬁl(]:(x) ® mmid)a (11)
Tpse = ]:_1(-7:(:17) ® mmidL)» (12)

where F~1(-) denotes the Inverse Fast Fourier Transform,
® denotes element-wise multiplication. The overall archi-
tecture of the module is shown in Figure 4.

3.4. Loss Function

Given an image, we aim for the frequency mask refine-
ment module to precisely locate the mid-frequency band
that aligns with the reconstruction error map. Intuitively, we
transform the extracted mid-frequency components back to
the spatial domain using IFFT and need to align them with
the reconstruction error of raw image using the following
mid-frequency reconstruction alignment loss:

['mi(Lrec :Hx’mid - A.L”% (13)

Additionally, based on our prior spectral analysis,
we have a preliminary understanding of the difficult-to-
reconstruct frequency distribution in real images. We want
the mid-band and complementary masks, predicted by the
frequency mask refinement module, to capture the desired
frequency bands and remain complementary to some extent.
To accelerate model convergence and ensure that the pre-
dicted masks align with our expectations, we predefine two

ideal masks. Given a frequency spectrum f € R1*256x256
with a center point at o = (128, 128), the predefined mid-
frequency mask is:

1 ifd 40,12
Mmzd(u, U) — 1 ((u7lv)7 O) G [ 03 0}7 (14)
0 otherwise,
Mmiac =1— Mmia, (15)

where d(-, -) represents the Euclidean distance between co-
ordinates, and 1 € 11%256%256  Therefore, we apply the
following mask refinement loss to the learned masks:

Mmid,c”%

‘Cmask :”mmzd - Mmzd”g + Hmmid,c - (16)

+ ||1 — Mmid — mmidﬁ”%a

Finally, the overall loss objective of our method minimizes
the combination of the mid-frequency reconstruction align-
ment error, the mask refinement loss, and the cross-entropy
loss:

L= )\Oﬁmid,rec + )\lﬁmask + )\2£ce, (17)

where L. is the cross-entropy loss for training the binary
classifier, and we use ResNet-50 as the backbone network:

Lee =—[(ylog(y) + (1 —y)log(l —y)),  (18)

where y represents the true label, 3 is the predicted label,
and A\g, A1, A2 are balancing factors for the three loss terms.

In our experiments, \y and \; are set to %, and )\, is set to
3

2,
4. Experiment

In this section, we first describe the experimental details and
then provide comprehensive experimental results to validate
the effectiveness of FIRE.

4.1. Setup

Baselines. We compare our method against a set of state-
of-the-art detectors. All methods use the official open-
source code for training and inference on our experimen-
tal datasets. CNNDet [42] employs a CNN to detect im-
ages at the RGB level, revealing that generated images can
be effectively identified by convolutional classifiers. AER-
OBLADE [32] adopts a training-free detection approach by
calculating the reconstruction error after it passes through
the AE of LDM. DIRE [43] explores image-level DDIM
reconstruction error as detection cues. Fakelnversion [7]
utilizes the latent noise map from the inversion process of
Stable Diffusion, guided by prompts, along with the recon-
structed image as additional input signals for detection.
Datasets. We conduct experiments on two datasets, Diffu-
sionForensics [43] and a self-collected dataset.
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Eval set (}Teri‘“nj::h‘g’d LSUN-B. w ADM Imagenet w ADM
mCe‘::}?(;d Model CNNDet[42] AEROBLADE[32] DIRE[43] Fakelnversion[7] FIRE(ours) CNNDet AEROBLADE DIRE Fakelnversion FIRE(ours)
Tmagenet{1 1] ADM[12] 73.4/57.6 99.1/98.3 99.4/96.4 100.0/99.8 100.0/100.0 99.6/99.3 100.0/100.0 100.0/100.0 100.0/100.0 100.0/100.0
SD-v1[33] 67.3/53.4 98.7/197.4 98.3/95.2 99.7/97.6 100.0/100.0 87.2/84.7  99.7/98.3 100.0/99.6  100.0/100.0 100.0/100.0
ADM 96.8/93.7 100.0/100.0 100.0/100.0  100.0/100.0  100.0/100.0 76.0/54.2  98.4/97.5 100.0/99.7  100.0/100.0 100.0/100.0
DDPM[ 18] 75.3/55.1 98.9/97.8 100.0/100.0  100.0/100.0  100.0/99.8 68.4/45.1  99.1/98.2 100.0/97.7  100.0/100.0 100.0/100.0
IDDPM|29] 76.2/49.5 99.7/98.2 100.0/100.0 99.8/98.4 100.0/100.0 77.6/53.8  99.5/98.7  100.0/100.0 98.6/97.9  100.0/100.0
PNDM[25] 81.1/49.0 99.2/97.9 99.7/88.6 100.0/99.7 100.0/100.0 73.2/38.7  97.9/97.4  100.0/100.0 100.0/100.0 100.0/100.0
SD-v1[33] 69.7/49.7 99.6/98.4 100.0/99.8 100.0/100.0  100.0/100.0 66.8/54.3  99.3/98.1  100.0/100.0 100.0/100.0 100.0/100.0
LSUN-B.[46] |SD-v2[33] 78.7/50.4 98.3/97.5 100.0/100.0  100.0/100.0  100.0/100.0 82.4/63.1  99.0/97.8  100.0/100.0 100.0/99.9 100.0/100.0
LDM[33] 59.4/49.2 99.8/98.5 100.0/100.0  100.0/99.8 100.0/100.0 60.8/47.5  98.6/97.7 100.0/98.6  100.0/100.0 100.0/100.0
VQD[15] 71.5/51.9 98.5/97.2 100.0/99.8 100.0/100.0  100.0/100.0 72.1/50.2  99.8/98.4  100.0/100.0 100.0/99.7 100.0/100.0
IF[35] 78.0/50.3 99.3/97.6 100.0/100.0  100.0/99.9  100.0/100.0 75.6/49.8  98.9/97.3  100.0/100.0 100.0/99.9 100.0/100.0
DALLE-2[31] 78.3/67.1 99.0/98.1 100.0/98.2  100.0/100.0  100.0/100.0 77.1/57.3  99.2/98.5 100.0/99.9  100.0/100.0 100.0/100.0
Mid. 86.1/74.6 97.9/97.3 100.0/100.0  100.0/99.8 100.0/100.0 87.9/73.2  98.7/97.9  100.0/100.0 100.0/99.7 100.0/100.0
Average 76.3/57.8 99.08/98.0 99.8/98.3 100.0/99.6  100.0/100.0 77.3/59.3  99.1/98.1 100.0/99.7  99.9/99.7  100.0/100.0

Table 1. Comparisons of our FIRE and other competitive state-of-the-art detectors. We evaluate models on the offical Diffusion-
Forensics dataset [43]. All the modles are re-trained with the official codes. We report AUC (%) and ACC (%) (ACC/AUC in the table).

Train set LAIONI[36] + DALLE-3 LAION + Kan.3
Eval set[Model CNNDet AEROBLADE DIRE Fakelnversion FIRE(ours) CNNDet AEROBLADE DIRE Fakelnversion FIRE(ours)
DALLE-3[6] 52.1/49.8  55.6/52.7  56.2/53.9 74.1/65.9  78.3/72.6 44.8/48.9 51.2/49.7 45.4/47.7 64.5/61.2  76.6/72.0
Kan.3[3] 46.3/50.0 53.5/51.0 52.4/49.6  68.3/62.7  74.5/68.7 51.5/47.6  56.6/53.8  55.2/52.1 78.7/73.8 86.5/79.9
Mid. 50.6/50.0  47.6/50.2  53.1/50.2  59.6/54.5 66.2/64.7 45.6/50.0 48.6/49.9  52.1/49.8 65.0/58.2  71.4/66.9
SDXL[30] 48.4/50.1  53.3/49.6  53.2/52.6 72.1/694  70.2/67.2 47.8/50.0 53.2/49.5 51.2/49.6 70.7/66.4  79.8/73.7
Vega[16] 50.0/50.0  52.8/49.5  47.2/47.0 69.7/65.1 70.6/67.2 47.3/50.0 51.3/50.0 48.3/49.9 73.5/68.6  76.2/71.9
Average 49.5/50.0  52.6/50.6  52.4/50.7 68.8/63.5 72.0/68.1 47.7/49.3  52.2/50.6  50.4/49.8 70.5/65.6  78.1/72.9

Table 2. Performance comparison of FIRE and baselines on updated generation methods. Each model is loaded with weights pre-
trained on the ImageNet subset of DiffusionForensics, then fine-tuned and tested on specific datasets. We report AUC (%) and ACC (%)

(ACC/AUC in the table).

DiffusionForensics is a relatively simple open-source
benchmark. We chose to use the LSUN-bedroom and
ImageNet subsets for experiments. LSUN-bedroom sub-
set collects bedroom images from LSUN-Bedroom [46]
and generates fake images using various DMs, including:
ADM [12], DDPM [18], IDDPM [29], PNDM [25], SD-v1
[33], SD-v2 [33], LDM [33], VQ-Diffusion [15], IF [35],
DALLE-2 [31], and Midjourney '. The training set con-
sists of 40,000 real images and 40,000 ADM-generated im-
ages. For each subset, we select 1,000 real and 1,000 gener-
ated images for testing. Additionally, the ImageNet subset
is crafted to evaluate models in general scenarios. Specif-
ically, they use ADM [12] and SD-v1 [33] to generate im-
ages. We also use 40,000 real and 40,000 ADM-generated
images for training, with 5,000 real and 5,000 generated im-
ages selected for testing across both ADM and SD-v1 sub-
sets.

Self-collected dataset. To assess the performance of our
model in more realistic scenarios, we follow [7] and form
a new dataset using several novel DMs. For real images,
we randomly sample 10,000 images from LAION [36] for
training, with 1,000 images for testing. For generated im-
ages, we use prompts from Midjourney and generate 10,000
images using several open-source text-to-image models for

Ihtt ps://www.midjourney.com

training, with 1,000 for testing. These models include:
DALLE 3 [6], Kandinsky 3 [3], Midjourney', SDXL [30],
and Segmind Vega [16].

Implementation details. For the data preprocessing, we
apply a series of random augmentations, including flip,
crop, color jitter, grayscale, cutout, noise, blur, jpeg, and
rotate. Each image is resized to 256 x 256 along the short-
est side. During training, the batch size is set to 16, and we
use the Adam optimizer with an initial learning rate of 1e-4.
We train for 100 epochs, and all experiments are conducted
on a single NVIDIA A100 GPU. We adopt two widely used
metrics for image generation detection: Area Under ROC
(AUC) and accuracy (ACC), to evaluate the effectiveness of
models. It is worth mentioning that we use the AE from SD-
v1.5 [1] to compute reconstruction errors. Stable Diffusion
uses a variational autoencoder (VAE) [22] with Kullback-
Leibler regularization.

4.2. Comparison to Baselines

4.2.1. Performance on DiffusionForensics

Table | shows the performance of different detection
models under various generation methods on the LSUN-
Bedroom and ImageNet datasets. We observe that existing
detectors, such as CNNDetection, exhibit significant per-
formance drops when dealing with unseen datasets and un-
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seen diffusion methods. While DIRE and Fakelnversion
reach satisfactory performance, they still show slight drops
in a few unseen domains. In comparison, our FIRE method
achieves an average 100% AUC and ACC across all tests.

4.2.2. Performance on Newer Generation Models

The above results demonstrate that the DiffusionForensics
dataset is not a challenging task for our method. We
then evaluate models on the five newer generation meth-
ods, as shown in Table 2. The results show that CN-
NDet, AEROBLADE, and DIRE exhibit obvious deficien-
cies in cross-model generalization. The result suggests a
fundamental limitation of these methods when handling un-
seen generation models. In contrast, our proposed FIRE
method achieved significant performance improvements in
all test scenarios. Specifically, FIRE outperform the next-
best method Fakelnversion by 3.2% AUC and 4.6% ACC
when trained on LAION + DALL-E 3, and by 7.6% AUC
and 7.3% ACC on LAION + Kandinsky 3. These exper-
iments reveal that FIRE strikes a better balance between
performance and generalization.

4.3. Ablation Study

In this section, we conduct several ablation studies to eval-
uate the contribution of each component in the model and
explore the impact of different predefined frequency masks.

Mask DALLE-3 Kan3 Mid. SDXL Vega
#1 58.5 573 558 621 55.2
#2 73.4 684 616 685 627
#3 62.7 569 544 668 543
#4 76.5 722 658 694  68.9

#5 (Ours) 78.3 745 662 702  70.6

Table 3. Detection performance using different preset frequency
masks, measured in AUC.

Lmoask  Lmidree DALLE3 Kan3 Mid. SDXL Vega
v 68.3 63.1 626 677 654

v 54.3 556 534 553 513
Ve v 78.3 745 662 70.2 70.6

Table 4. Ablation study on objective terms, measured in AUC.

4.3.1. Influence of Predefined Frequency Mask

To verify that our predefined frequency mask M,,;q in-
deed helps the model focus on the mid-band frequency that
DMs struggle to reconstruct, we designed an ablation study.
We use different preset frequency masks as shown in Fig-
ure 2. We then applied these different mask settings and
train on LAION + DALL-E 3 for performance compari-
son, as shown in Table 3. As indicated in the table, the

real LSUN-B.
w. adm w. adm

imagenet dalle3 midjourney

Figure 5. Visualization of Filtered Frequency Maps in FMRE.
(a) highlights frequency bands the model focuses on, likely con-
taining hard-to-reconstruct information. (b) shows the residual fre-
quency map post-filtering, used for pseudo-generated images. The
model primarily focuses on mid-band frequencies, supporting the
hypothesis in Section 3.1. Additionally, (a) and (b) are comple-
mentary, indicating that (a) can be fully decoupled from (b).

real

LSUN-B.
w. adm

imagenet
w. adm

dalle3

midjourney
__
(a)x (b) Xmia (©) A, (d)A

Xpse

Figure 6. Visualization of Mid-Band Frequency Information
and Reconstruction Errors. (a) shows original images. (b) dis-
plays images after applying IFFT to mid-band frequencies ex-
tracted by FMRE. (c) represents reconstruction errors of (a), while
(d) shows those of pseudo-generated images. The reconstruc-
tion error for frequency-filtered pseudo-generated images is sig-
nificantly lower than for real images, with real images showing a
more pronounced change in error before and after filtering.

experimental results confirm that the key information for ef-
fectively distinguishing real images is indeed hidden in the
mid-frequency components of the image.
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Figure 7. Detection performance of FIRE and baselines when han-
dling perturbed images, measured in AUC.

4.3.2. Influence of Loss Terms

In this section, we conduct ablation studies on each objec-
tive term of the model, with the experiment also conducted
on LAION + DALL-E 3. The results are shown in Ta-
ble 4. We first ablate the £, sk, meaning the model lacks
the guidance of the predefined frequency mask and must
spontaneously discover the frequency regions correspond-
ing to the reconstruction error map. The results show that
the model’s performance drops under this setting, indicat-
ing that the predefined frequency mask helps the model bet-
ter locate the frequency regions corresponding to the recon-
struction error. Next, we ablate the L£,,;4_rec, resulting in
a significant performance degradation. Since our method
relies on the alignment between the reconstruction error
and the extracted mid-frequency information, L£,,;4_rec 1S
crucial to the overall approach. Removing it reduces the
method to a simpler approach similar to DIRE [43]. These
analyses demonstrate that each objective term contributes to
the overall performance.

4.4. Robustness to Unseen Perturbations

In real-world scenarios, the images to be detected are of-
ten post-processed, such as through quality compression or
cropping. In this section, we evaluate the robustness of our
method to various perturbations. Following previous works
[14, 47], we use the LAION + DALL-E 3 dataset and apply
JPEG compression (quality factor q), center cropping (crop
factor f and subsequent resizing), Gaussian blur, and Gaus-
sian noise (both with standard deviation o). The results are
shown in Figure 7. In the figure, we report the performance
of several SOTA methods and our approach under varying
levels of image perturbation. We find that our method out-

performs other detectors across most metrics. Only under
severe blur conditions does our model perform worse than
Fakelnversion, likely because blurring destroys much of the
high-frequency information in the image, reducing the gap
between real and generated images in terms of reconstruc-
tion error, making it harder for the model to distinguish. In
future work, we plan to design a more robust frequency re-
finement scheme to improve the robustness of FIRE.

4.5. Visual Analysis

To better understand our model’s behavior, we visualize the
frequency maps decoded by two decoders of FMRE in Fig-
ure 5. The results show that the model mainly focuses on
mid-band frequencies, supporting our hypothesis that these
frequencies are crucial for distinguishing real from gener-
ated images.

In Figure 6, we further visualize mid-band frequency
information and the corresponding reconstruction errors.
Results indicate that reconstruction errors for frequency-
filtered pseudo-generated images are significantly lower, as
filtering reduces complex textures in the mid-band. This
change is more pronounced in real images, suggesting that
our model effectively captures frequency information that
DMs struggle to reconstruct. Additional visualizations are
in Section 7.

5. Conclusion

In this paper, we first analyze that real images contain
inherent information that current DMs struggle to recon-
struct, particularly concentrated in the mid-band frequency
regions. Based on this observation, we propose a frequency-
guided reconstruction error detection method, FIRE. FIRE
captures such mid-band frequency information and removes
it, detecting generated images by comparing the changes in
reconstruction error before and after the removal. Unlike
existing reconstruction-based approaches that rely on sepa-
rate steps for calculating reconstruction errors and training
classifiers, FIRE enables end-to-end learning, aligning the
feature space for artifacts generation and detection. Exten-
sive experiments demonstrate that FIRE outperforms state-
of-the-art baselines, achieving superior performance both
on standard datasets and under challenging conditions with
perturbed images. We believe that FIRE offers a promising
direction for improving the robustness and generalization
for DM-generated image detection.
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