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Abstract

Magnetic Resonance Imaging (MRI) is a widely adopted
technology for acquiring detailed internal images of the
human body for diagnostic purposes. Given its sensi-
tive nature and diagnostic importance, the integrity of
MRI imagery must be preserved in both clinical and re-
search settings. However, the rapid advancement of gen-
erative Al technologies poses risks of adversarial manipu-
lation, potentially compromising diagnostic accuracy and
Jjeopardizing the entire medical imaging pipeline. To ad-
dress this emerging threat, we present a systematic in-
vestigation of state-of-the-art generative methods, includ-
ing Generative Adversarial Networks (GANs), diffusion
models, and autoregressive models, on MRI imagery, pro-
viding a comparative analysis of their generative perfor-
mance. We introduce MRI-Forensics, a curated bench-
mark dataset, and show that generative manipulations leave
distinct and quantifiable signatures in the frequency do-
main. With this assertion, we develop a new forensic detec-
tion framework that combines Autoregressive Image Mod-
els and Discrete Wavelet Transform (AIM-DWT) analysis
that reliably detects Al-generated manipulations. By in-
tegrating frequency-based decomposition with autoregres-
sive visual modeling, we demonstrate that AIM-DWT ef-
fectively extracts unique generative fingerprints from syn-
thesized MRI images. In extensive evaluations using MRI-
Forensics and an independent brain MRI dataset, experi-
mental results demonstrate the efficacy of our approach,
highlighting its potential to ensure diagnostic accuracy
and patient trust in medical imaging in the era of gener-
ative AlL. The code, pretrained weights for reproducibility,
and the MRI-Forensics dataset are available at https :
//github.com/amaha7984/AIM-DWT.

1. Introduction

MRI represents a significant advancement in medical imag-
ing, offering detailed insights into the internal structures of
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the human body. Unlike X-rays, which have limited utility
in visualizing soft tissues (e.g., muscles, ligaments, organs),
and Computed Tomography (CT) or Positron Emission To-
mography (PET) scans, which involve exposure to poten-
tially harmful ionizing radiation, MRI provides highly accu-
rate images with minimal or no health risks. Consequently,
MRI remains the preferred modality for critical diagnostic
evaluations. However, one persistent limitation of MRI is
patient movement during scans, which can introduce arti-
facts and complicate accurate diagnoses. To address this
issue, deep learning methods have been incorporated into
MRI reconstruction processes to mitigate motion artifacts,
thus enhancing diagnostic accuracy [18].

The potential for intentional image manipulation exacer-
bates concerns about diagnostic accuracy. Rapid advance-
ments in generative artificial intelligence (AI) pose the risk
of malicious alterations to MRI imagery that might evade
detection by human observers or existing diagnostic sys-
tems. Generative Al technologies, including GANs [15],
Diffusion Models [39], and Autoregressive Models [41], al-
though primarily intended for benevolent purposes, can be
exploited for unethical manipulation. Prior studies have ex-
plored the generation of synthetic medical imagery to ad-
dress data scarcity or restrictive data-sharing policies. For
example, Pinaya et al. [32] synthesized 3D brain MRI im-
agery using latent diffusion, achieving better performance
compared to GANSs. Similarly, Mueller-Franzes et al. [28]
proposed Medfusion, a latent DDPM model demonstrating
enhanced performance over GANSs in synthesizing Color
Fundus, X-ray, and colorectal imagery. Dhinagar et al.
[8] trained latent diffusion models for Alzheimer’s disease
diagnoses through brain MRI generation. Additionally,
Chang et al. [4] employed probabilistic diffusion mod-
els for generating high-resolution MRI images from low-
resolution inputs using the BraTS2020 T2-FLAIR dataset
of brain tumors. Studies by Lai et al. [22] and Gonccalves
et al. [14] demonstrated the effectiveness of StyleGANv2-
ADA [20] in generating brain and abdominal MRI images,
respectively. Other approaches include the use of Single
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Natural Image GANs (SinGANs) by Xu et al. [45] for syn-
thesizing prostate MRI images, and advanced stable dif-
fusion models by Saeed et al. [37] for generating multi-
sequence prostate MRI conditioned on text. Recent applica-
tions of autoregressive models include generating MRI se-
quences [23] and synthesizing contrast-enhanced brain tu-
mor images from non-contrast scans [16]. Given these ad-
vancements and their associated adversarial vulnerabilities,
it is crucial to develop forensic detection methods to differ-
entiate synthesized from authentic MRI imagery. Although

Al-driven manipulations have been reported in healthcare,

no incidents specifically involving MRI imagery manipula-

tion have yet been documented. Nevertheless, the growing
prominence of generative Al indicates imminent risks that
must be addressed.

Due to the challenges in accessing MRI datasets, restric-
tions on publicly available data, and the lack of existing
forensic detection methods, we present the following key
contributions:

* MRI-Forensics dataset: We introduce MRI-Forensics,
a new forensic benchmark dataset comprising 6,306 au-
thentic and 37,836 synthetic prostate MRI images, gen-
erated using six state-of-the-art generative models. The
dataset is accompanied by extensive evaluations of gener-
ative performance, including frequency-domain analysis,
which reveal model-specific spectral fingerprints.

¢ AIM-DWT framework: We develop AIM-DWT, a novel
forensic detection framework that combines autoregres-
sive modeling with Discrete Wavelet Transform (DWT)
analysis to extract subtle generative fingerprints from syn-
thesized MRI imagery.

* Cross-model robustness: Through cross-model gener-
alizability evaluations, we demonstrate that AIM-DWT
outperforms existing forensic detection methods when
tested across unseen generative model families.

* Cross-dataset generalization: Extending our evaluation
to a publicly available brain MRI dataset by generating
synthetic brain MRI images, we show that AIM-DWT,
trained solely on prostate MRI data, generalizes effec-
tively across datasets in detecting synthesized brain MRI
imagery without retraining.

2. Related Work

As mentioned previously, while several generative methods
have been applied to synthesize MRI imagery, there is no
prior work specifically addressing the forensic detection of
synthesized MRI images. In the general forensic detection
domain, several methods based on deep learning principles
have recently shown success. In the early era of GAN de-
velopment and the need to address their adversarial effects,
Marra et al. [26] discovered that GANSs leave distinctive fin-
gerprints in images. These can be extracted by applying a
denoising filter to the generated image, computing the resid-
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ual difference, and averaging over multiple samples. This
concept was extended by Yu et al. [48], who used an autoen-
coder instead of a denoising filter to extract GAN-specific
fingerprints for detecting generated content. More recently,
Corvi et al. [7] adapted this approach to detect images gen-
erated by Diffusion models by extracting their unique fin-
gerprints. While numerous methods exist for detecting gen-
erated images, they often lack generalizability across differ-
ent generators. To address this, Wang et al. [43] proposed a
CNN-based detector trained on ProGAN-generated images.
They showed that pretraining on large datasets and applying
post-processing strategies such as JPEG compression and
Gaussian blur can improve the detection of images gener-
ated by more advanced GANs. However, with the rapid
rise of diffusion models, Wang et al. [44] demonstrated
that prior methods failed to detect diffusion-generated con-
tent effectively. To mitigate this, they introduced the DIRE
representation, computed as the difference between an in-
put image and its reconstruction via DDIM [40], which
substantially improves detection performance for diffusion-
generated images.

Recent studies [2, 10, 47] have shown that while advanced
deep learning methods are effective in many cases, they
can fail when synthetic images closely resemble real ones.
To address this limitation, frequency analysis methods such
as the Fourier Transform [5], Discrete Wavelet Transform
(DWT) [25], and Discrete Cosine Transform (DCT) [1]
have been proposed to extract subtle frequency-based noise
signatures for forensic discrimination. A recent foren-
sic survey [24] highlights that vision-language models like
CLIP [34] are among the most powerful approaches in the
current forensic landscape. For instance, Ojha et al. uti-
lized CLIP’s ViT [9] to extract visual features and per-
formed classification using cosine similarity in the feature
space. Similarly, AIDE [46] and RINE [21] are recent ad-
vanced forensic frameworks that leverage CLIP’s ViT ar-
chitecture. AIDE combines frequency-aware low-level fea-
tures extracted via DCT [1] with semantic features from
OpenCLIP, fusing them through an MLP for classification.
In contrast, RINE concatenates CLS tokens from multiple
ViT [9] layers and refines them using a Trainable Impor-
tance Estimator (TIE), applying supervised contrastive and
binary classification losses.

In line with these advancements and recognizing the lack
of forensic detection research in MRI imagery, the present
study proposes a novel forensic detection framework that
integrates autoregressive modeling with frequency analysis.
The details of the proposed method are presented in the fol-
lowing section.

3. The Proposed Approach

The contributions of the present study are twofold: (1)
the introduction of a new MRI-based forensic dataset, and



(2) the development of a novel forensic detection frame-
work utilizing advanced autoregressive models. The sub-
sequent subsections detail the preparation of the foren-
sic dataset, provide relevant background on autoregressive
methods, and present the architecture of our proposed de-
tection methodology.

3.1. MRI-Forensics Dataset

We construct a dataset using selected state-of-the-art gener-
ative models from three predominant model families: Gen-
erative Adversarial Networks (GANs), Diffusion Models,
and Autoregressive Models, under an unconditional gen-
eration setup. We utilize an MRI dataset (owned by us),
primarily focused on prostate imagery, originally stored in
DICOM format. To obtain a standardized set of images for
generative model training, we converted the DICOM files to
high-quality JPEG images using the dcmj2pnm utility from
the DCMTK toolkit [11]. To ensure a clean MRI dataset,
we applied image hashing based on image pixel contents to
remove duplicates, resulting in 6,306 unique images. These
images were subsequently resized to 256 x 256 size to
maintain consistency and generalizable training. From the
GAN family, we selected ProGAN [19] and StyleGANVv2-
ADA [20], due to their proven effectiveness and widespread
adoption in generative forensics. ProGAN [19] incremen-
tally trains GANs by progressively adding layers to genera-
tor and discriminator networks, facilitating the stability and
quality of generated images. Similarly, StyleGANv2-ADA
[20] improves data efficiency through adaptive discrimina-
tor augmentation, enabling stable training even with limited
datasets.

For diffusion-based generative modeling, we adopt DiT

[31], which integrates diffusion models with Vision Trans-
formers (ViT) [9], replacing the conventional U-Net archi-
tecture [35]. DiT leverages transformer-based self-attention
mechanisms to efficiently capture long-range dependencies
in image data, improving both the scalability and the fidelity
of generated images. We specifically selected DiT variants
with XL/2 and L/2 architectures due to their generative per-
formance in our experimental evaluation.
Autoregressive generative models have increasingly gained
attention for their computational efficiency and robust gen-
erative capabilities. We utilize the recently proposed Ran-
domized Autoregressive Visual Generation (RAR) model
[49], which uniquely combines autoregressive generation
with randomized token sampling strategies. This random-
ization allows the model to efficiently generate high-quality
images by reducing memory consumption and accelerating
inference speed. We selected the XXL and XL backbone
architectures for their suitability in synthesizing MRI im-
agery.

In total, we generated 37,836 synthetic MRI images us-
ing these six model configurations. Consequently, the MRI-
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Forensics Dataset comprises 44,142 images: 6,306 authen-
tic MRI images and 37,836 synthetic images. A compre-
hensive experimental analysis of these generative models is
presented in Section 4.

3.2. Background

Our method, termed AIM-DWT, is based on the recent
autoregressive vision frameworks AIM [12] and AIMv2
[13], and the frequency analysis method, Discrete Wavelet
Transform (DWT) [25]. AIM formulates image modeling
as a causal token prediction task. Unlike masked recon-
struction, AIM tokenizes input images into non-overlapping
patches and processes them using a GPT-style Transformer
decoder [33]. AIMv2 [13] introduces a scalable autoregres-
sive framework for multimodal modeling, using vision and
text encoders followed by a causal decoder. The AIMv2
vision encoder adopts a ViT backbone [9] with patch tok-
enization and prefix attention masking, allowing strong im-
age representation learning without global tokens. In this
work, we adapt the vision encoder architecture from AIMv2
for an unimodal image classification task, using its design
as a strong backbone for subband processing.

Similarly, 2D DWT facilitates multi-resolution image de-
composition, which is essential for identifying frequency-
specific features. Mathematically, the decomposition at
scale j is represented as:

=Y cinbin(t) + > dj iy (t),
k

Jj'23 k

)

where c;j, represent low-frequency approximation coef-
ficients, d;/ . are high-frequency detail coefficients, and
¢ x(t), ¥ k(t) denote scaling and wavelet functions re-
spectively.

3.3. Method: AIM-DWT

Our proposed AIM-DWT framework, illustrated in Fig-
ure 1, employs the 2D DWT [25] using the Haar wavelet
at decomposition level 1 with symmetric padding. DWT
is selected over DCT and FFT due to its ability to localize
features in both spatial and frequency domains [36], making
it suitable for capturing fine-grained and localized anoma-
lies in medical imagery. This DWT process decomposes
the input MRI image into four distinct frequency subbands:
a low-frequency approximation band (LL) and three high-
frequency detail bands, LH (horizontal), HL (vertical), and
HH (diagonal). Each subband is then patchified (as shown
in Figure 1, with patches depicted as color-coded rounded
rectangles) to enable token-level modeling and feature ex-
traction. These patch embeddings from each subband are
independently processed through a shared prefix-attention
vision encoder based on the AIMv2 architecture [13]. We
hypothesize that this isolated subband processing enhances



It
RN

2D Haar DWT
(signal processing)

MRI Image

HL

Prefix-Attention Vision Encoder
(applied to each subband)

HH
Wavelets Subbands

Patch Embedding (Patchify)

Forgery
Fingerprint

Sequence
f Extraction

of .
Embeddings /

Attention-Based Pooling

Classification Head

Generated MRI Identification

Figure 1. Overview of the proposed AIM-DWT architecture. The input MRI image is decomposed into four frequency subbands, LL
(low-frequency), LH (horizontal), HL (vertical), and HH (diagonal), using 2D Haar DWT. Each subband is patchified and processed inde-
pendently through a shared prefix-attention Vision Encoder (AIMv2). Attention-based pooling is applied to each subband’s embeddings,
followed by concatenation for forgery fingerprint extraction. The final classification head identifies generated MRI images.

the model’s ability to capture subtle artifacts present in gen-
erated content. This encoder is based on the ViT archi-
tecture [9], and incorporates prefix attention, SwiGLU [38]
feedforward blocks, and RMS normalization [50]. The en-
coder does not utilize a class token or static pooling; instead,
it outputs patch-level embeddings for each subband.

To aggregate these embeddings into compact representa-
tions, we apply a learnable multi-head attention-based pool-
ing module, inspired by AIM [12]. For each subband
s € {LL,LH,HL,HH}, the output embedding ps is ob-
tained by:

ps = Concat(heady, . .

N
head;, = Z

=1

., heady),

exp(q, Wypi) 2

N
Zj:l exp(qy, Wip;)

where p; are the patch embeddings, ¢y, is a learnable query,
and W}’f , W} are key and value projection matrices.

The resultant feature representations from each fre-
quency subband are concatenated to form a comprehensive
generative fingerprint embedding. Mathematically, it can be
written as:

W];)pia

3)

where || denotes concatenation. This embedding is passed
to a lightweight classification head for final prediction.

Prnal = [PrL || prw || prL || PHE]
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This design enables the model to capture and fuse multi-
scale spatial-frequency representations from each subband,
guided by autoregressive feature learning and dynamic at-
tention.

4. Experiments

This section presents two experimental evaluations: Sub-
section 4.1 evaluates the generative quality of selected gen-
erative models on the MRI dataset, while Subsection 4.2
assesses the forensic detection performance of the AIM-
DWT method compared to relevant baselines on the MRI-
Forensics dataset.

4.1. Evaluation of Generative Models

4.1.1. Baselines and Experimental Setup

As detailed previously in Section 3.1, we selected Pro-
GAN [19], StyleGANv2-ADA [20], DiT XL2 and DiT L2
[31], and RAR XXL and RAR XL [49]. Each model was
trained using its respective official codebase and environ-
ment configuration. For quantitative evaluation, we adopted
the Fréchet Inception Distance (FID) [17] and Kernel Incep-
tion Distance (KID) [3]. FID quantifies the statistical simi-
larity between real and generated image distributions using
Inception features, and KID provides an unbiased kernel-
based alternative. For visual analysis, we employed Princi-



pal Component Analysis (PCA) [30], t-distributed Stochas-
tic Neighbor Embedding (t-SNE) [42], and Uniform Man-
ifold Approximation and Projection (UMAP) [27]. PCA
emphasizes global variance, t-SNE focuses on local cluster-
ing structure, and UMAP preserves both global and local
data structures.

4.1.2. Results

Fig. 4 presents example images of real and generated MRIs
from each generative model in the MRI-Forensics dataset,
and Table | summarizes the performance across generative
metrics. Consistent with the broader generative Al litera-
ture, DiT-XL2 [31] achieved the lowest FID (15.3322), in-
dicating the highest overall distributional similarity to real
MRI images. ProGAN obtained the best KID (0.0028 +
0.00028), and RAR-XL achieved the highest IS (3.2852
+ 0.1146). The high IS but comparatively elevated FID
of RAR-XL indicates that despite producing visually sharp
and diverse images, their overall statistical distribution dif-
fers from real MRI imagery. These observations are further
visualized using the dimensionality reduction techniques
shown in Fig. 2: PCA (subfigure (a)), t-SNE (subfigure
(b)), and UMAP (subfigure (c)). While PCA shows lim-
ited separation between real and generated samples, t-SNE
and UMAP offer clearer clustering. For instance, ProGAN-
generated images closely resemble real magnetic resonance
images, as corroborated by their strong FID and KID scores
relative to StyleGANv2-ADA. UMAP (subfigure (c)) shows
a slightly better ability to separate generated images from
real ones, particularly highlighted with StyleGANv2-ADA-
generated imagery.

To investigate whether generative models imprint distinc-
tive spectral fingerprints in MRI imagery observable in the
frequency domain, we follow the methodology proposed by
Corvi et al.[6]. Specifically, we apply a pretrained denois-
ing filter[51] to 1,000 generated images from each model
in the MRI-Forensics dataset to extract noise residuals. We
then compute the normalized power spectra of these resid-
uals using the 2D Fourier transform [5] and average them
across samples. Fig. 3 presents the resulting 2D power spec-
tra for each generative model, along with those of the real
MRI imagery. Consistent with prior findings, each genera-
tive model leaves distinct spectral patterns, supporting the
hypothesis that generation artifacts, though visually sub-
tle, manifest in the frequency domain. Notably, DiT-XL/2
and DiT-L/2 exhibit nearly identical spectral curves, reflect-
ing their architectural similarity, whereas models such as
ProGAN produce more pronounced and distinctive spectral
profiles. It is noteworthy that the higher the generative fi-
delity, as indicated by lower FID scores, the more similar
the spectral curves between real and generated images. As
shown in Fig. 3, DiT-XL/2 [31], which achieves the best
FID score (15.33), displays spectral patterns that closely re-
semble those of real images, with only subtle deviations.
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Table 1. Quantitative evaluation of generated images using Fréchet
Inception Distance (FID) and Kernel Inception Distance (KID).
Lower FID and KID values indicate better quality.

Model FID | KID |
ProGAN [19] 177662 0.0028 + 0.00028
StyleGANV2-ADA [20]  40.1445  0.0070 & 0.00046
DIiT-XL2 [31] 15.3322  0.0052 =+ 0.00043
DIiT-L2 [31] 18.5579  0.0061 + 0.00038
RAR-XXL [49] 274211 0.0121 £ 0.00056
RAR-XL [49] 27.6076  0.0123 + 0.00058

In contrast, other models exhibit visibly larger discrepan-
cies. These observations further underscore the relevance
of our AIM-DWT framework, which leverages frequency-
aware subband representations to capture such subtle gen-
erative fingerprints for effective forensic detection.

4.2. Evaluation of Forensic Detection

To assess the effectiveness of our proposed AIM-DWT
framework, we conducted comprehensive experiments on
the MRI-Forensics dataset, comparing against current state-
of-the-art forensic detection methods. The evaluation aims
to measure not only the accuracy of detecting synthesized
MRI images but also the robustness and generalizability of
each method across different generative models. By exam-
ining cross-model and cross-dataset scenarios, we provide
insights into how well forensic detection techniques capture
the distinct artifacts left by various generative approaches.
The following subsections detail the experimental setup,
baselines, and the results of these evaluations, highlighting
AIM-DWT’s performance relative to established methods.

4.2.1. Baselines and Experimental Setup

For comparative analysis, we selected the most relevant and
state-of-the-art forensic detection methods: CNNSpot [43],
DIRE [44], AIDE [46], and RINE [21]. To the best of
our knowledge, none of these methods have been previ-
ously evaluated on synthesized MRI imagery. We trained all
models, including our proposed AIM-DWT, under a binary
classification setting to enable the detection of synthesized
MRI images. All baseline implementations were sourced
from their official public repositories. Interested readers are
encouraged to refer to the original repositories for detailed
setup information.

For AIM-DWT, experiments were conducted using Python
3.9.20 and PyTorch 2.5.1. The model was trained using
AdamW optimizer with a learning rate of 0.0001, betas set
to (0.9, 0.99), a weight decay of 0.006, and warm anneal-
ing cosine restarts. All computations were performed on a
node equipped with eight NVIDIA A100-PCI GPUs, each
with 80 GB of HBM2 memory. The dataset was split into
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Figure 2. Dimensionality reduction analysis on synthetic MRI images generated by selected generative models. Red points represent

generated MRI images, and blue points represent real MRI images
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Figure 3. Average 2D power spectra of noise residuals from syn-
thetic MRI images generated by different models in the MRI-
Forensics dataset. Each spectrum reveals model-specific fre-
quency fingerprints, computed from the squared FFT magnitude
of 1,000 residuals per model.

4,806 real and 4,806 fake images for training, and 1,500
real and 1,500 fake images for validation. For evaluation,
we report accuracy on detecting synthesized images, mea-
suring how effectively each method identifies fake images
among 6,306 generated samples. To evaluate generalizabil-
ity, cross-generator experiments were performed: models
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RAR-XXL

Figure 4. Example images from the MRI-Forensics dataset.

were trained on images generated by one model or family
and tested on images from another.

4.2.2. Results

Table 2 reports cross-model generalizable detection per-
formance on the MRI-Forensics dataset. AIM-DWT out-
performs all baseline methods in most cases, achieving
100% accuracy when trained and validated on ProGAN [19]
(4,806 training and 1,500 validation samples) and tested on
the full set of 6,306 images generated by all other mod-
els. This strong performance can be attributed to AIM-
DWT’s hybrid design, which combines autoregressive mod-
eling with DWT-based frequency analysis, enabling it to
capture both global spectral patterns and subtle genera-



tive artifacts that other methods often miss. The few ex-
ceptions highlight interesting nuances in model-specific
strengths. For instance, CNNSpot [43] slightly outperforms
AIM-DWT on RAR-XL-generated images, likely because
CNNSpot’s convolutional architecture is highly sensitive to
local pixel-level inconsistencies, which may be more pro-
nounced in RAR-XL outputs. Similarly, RINE [21] per-
forms marginally better when detecting ProGAN-generated
images in one setting, possibly due to its reliance on resid-
ual noise analysis, which aligns well with the distinct ar-
tifacts left by ProGAN’s older architecture. In contrast,
diffusion-based models and newer autoregressive genera-
tors tend to produce more subtle or less structured artifacts,
where AIM-DWT’s frequency-domain analysis provides a
clear advantage.

A key finding is that training on images generated by
specific models influences generalization. For example,
models trained on ProGAN exhibit higher generalization,
while models trained on other generators perform worse
when tested on ProGAN-generated images. This may be
attributed to differences in generative quality: lower KID
scores may indicate fewer detectable artifacts, making de-
tection harder. We hypothesize that training forensic models
with lower KID score generative output can enhance gen-
eralizability. Even in non-optimal cases, AIM-DWT con-
sistently delivers better performance across evaluations. It
is noteworthy that blank entries in Table 2 indicate cases
where all images generated from a given model were used
for training and validation, leaving no samples available for
testing from the same model.

Real Brain MRI

ProGAN

DIiT-XL2

Figure 5. Example images of Brain MRI Imagery Generated from
Publicly Available Dataset [29]

4.2.3. Cross-Dataset Evaluation on Brain MRI

To further assess generalizability, we evaluated AIM-DWT
on a different dataset. Due to the lack of publicly avail-
able generated MRI imagery, we used a brain MRI dataset
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released by [29], containing 7,023 real images. We trained
ProGAN and DiT-XL/2 to generate an equal number of syn-
thetic images (7,023 each). Example outputs are shown
in Figure 5. On this dataset, ProGAN achieved an IS of
2.4064 + 0.0213, FID of 36.0138, and KID of 0.0245 +
0.0008. DiT-XL/2 obtained an IS of 2.4004 + 0.0354, FID
of 51.7182, and KID of 0.0482 + 0.0013. Table 3 presents
the detection performance of all methods on the brain MRI
dataset. We used the same model weights trained on the
MRI-Forensics dataset (prostate MRI only). AIM-DWT
outperforms nearly all baselines in identifying generated
brain MRI images. Since we now have both real and fake
brain MRI imagery, we report accuracy and Area Under
the ROC Curve (AUC). AIM-DWT achieves the best AUC
overall, and its accuracy on real image detection remains
comparable to top baselines.

Notably, all baseline methods experience a significant drop
in detecting ProGAN-generated brain MRI images when
trained on DiT-XL/2 images. In contrast, AIM-DWT
achieves near-optimal performance with 99.26% accuracy
in this setting, demonstrating its robust cross-dataset gener-
alization capability.

5. Conclusion

The growing capabilities of generative Al pose significant
risks to medical imaging, particularly MRI, where adversar-
ial manipulations can lead to misdiagnosis. In response to
the lack of existing forensic methods for this domain, we in-
troduce MRI-Forensics, a new dataset comprising real and
synthesized prostate MRI images generated using advanced
models from GAN, Diffusion, and Autoregressive fami-
lies. Through frequency-domain analysis of noise resid-
uals in the MRI-Forensics dataset, we show that different
generative models leave distinct spectral patterns in MRI
imagery. We then proposed AIM-DWT, a forensic detec-
tion framework that integrates autoregressive modeling with
DWT-based frequency analysis. This integration proved ef-
fective in capturing a wide spectrum of generative finger-
prints, from visually apparent to deeply subtle artifacts, pro-
duced by advanced generative models. Extensive experi-
ments demonstrated that AIM-DWT achieves state-of-the-
art performance on the MRI-Forensics dataset and consis-
tently outperforms existing detection methods in both cross-
model and cross-dataset evaluations. Notably, despite being
trained solely on prostate MRI data, AIM-DWT generalizes
robustly to brain MRI imagery, highlighting its adaptability.
In conclusion, our study establishes a foundation for future
research in the forensic detection of MRI imagery and con-
tributes to the trustworthiness and integrity of Al-assisted
diagnostics.

Despite these contributions, some limitations remain in our
study. Our evaluations are conducted under an uncondi-
tional generation setup. The generalization of AIM-DWT to



Table 2. Cross-Generator Detection Accuracy on MRI-Forensics. The table shows the classification accuracy for detecting generated
images as fake, evaluating the generalization capability of each detection method when trained on one type of generative model and tested
on others.

Model Training Testing on Generative Models Individually
ProGAN StyleGANV2 DiT XL2 DiT L2 RAR XXL RAR XL
ProGAN [19] - 99.95 99.98 99.97 100.0 100.0
StyleGANV2 [20] 5.38 - 99.59 99.49 99.30 99.38
CNN. [43] DiT XL2 [31] 3.04 90.85 - 99.97 100.0 100.0
T RAR XXL [49] 0.13 5.17 74.12 80.57 - 100.0
ProGAN [19] - 99.98 99.98 99.96 100.0 100.0
StyleGANV2 [20] 0.92 - 99.69 99.60 99.87 99.93
/ DiT XL2 [31] 0.13 97.14 - 99.96 100.0 100.0
DIRE [44] RAR XXL [49] 0.09 0.37 70.18 76.64 - 100.0
ProGAN [19] - 80.99 71.95 71.58 73.76 73.28
StyleGANV2 [20] 1.73 - 1.44 1.47 7.28 7.20
DiT XL2 [31] 14.15 36.62 - 97.51 83.63 83.44
AIDE [26] RAR XXL [49] 13.08 24.52 24.94 27.10 - 99.86
ProGAN [19] - 75.20 64.40 66.70 100.0 100.0
StyleGANV2 [20] 2.30 - 53.50 60.40 100.0 100.0
RINE [21] DiT XL2 [31] 1.60 17.20 - 99.90 100.0 100.0
RAR XXL [49] 0.20 0.50 27.70 31.90 - 100.0
ProGAN [19] - 100.0 100.0 100.0 100.0 100.0
StyleGANV2 [20] 75.07 - 100.00 99.95 99.98 99.98
DiT XL2 [31] 78.43 99.81 - 99.97 100.0 100.0
AIM-DWT RAR XXL [49] 3.50 39.12 98.26 98.57 - 99.98

Table 3. Cross-generator detection on Brain MRI dataset. Models are trained on prostate MRI (MRI-Forensics) and tested on a distinct
domain. Metrics: real/fake accuracy and AUC.

Testing on ProGAN [19] Testing on DiT XL2 [31]
Method Training Real Acc. Fake Acc. AUC Real Acc. Fake Acc. AUC
ProGAN 99.35 99.83 99.99 99.35 99.99 99.99
CNNSpot [43] pirxL2 9915 189 9592 9915 99.99 9967
DIRE [44] ProGAN 99.18 99.91 99.75 99.18 100.0 99.87
DiT XL.2 99.38 2.56 96.63 99.38 99.90 99.77
AIDE [46] ProGAN 81.43 64.43 82.46 81.43 60.56 79.85
DiT XL2 80.58 41.42 68.27 80.58 92.60 95.24
RINE [21] ProGAN 87.10 100.0 99.98 87.10 96.80 97.23
DiT XL.2 99.20 38.80 94.80 99.20 99.80 99.95
ProGAN 97.38 100.0 100.0 97.38 100.0 100.0
AIM-DWT - pirxio 9935 9926  99.96  99.35 99.99  100.0
conditional generation settings, higher-resolution inputs, or tecting certain model-specific artifacts.

other MRI modalities, for instance, contrast-enhanced se-
quences, remains to be explored. While AIM-DWT con- Acknowledgment
sistently outperforms baseline methods, we observe that it

does not consistently achieve the best result in every cross- This work was supported in part by the National Sci-
model scenario, suggesting room for improvement in de- ence Foundation under Grants CNS-2018611 and CNS-
1920182.
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