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Hybrid Dual-Heterogeneous Knowledge
Distillation Network for Anomaly Detection in
Retinal OCT Images

Muhao Xu, Hua Wei, Zihan Nie, Xueying Zhou, Baochen Fu, Hongmei Yan, Yi Wan and Weiye Song

Abstract—Unsupervised medical anomaly detection
aims to identify abnormal images by training exclusively on
normal samples, thereby enabling the detection of disease-
related irregularities without the need for large-scale la-
beled datasets. Current knowledge distillation-based meth-
ods typically detect anomalies by comparing feature dis-
crepancies between teacher and student networks. How-
ever, because these methods employ an optimization strat-
egy where the teacher and student architectures are highly
similar, the student network’s features tend to closely mir-
ror those of the teacher, leading to an identity mapping
issue. Moreover, the diversity of lesion types in retinal Op-
tical Coherence Tomography (OCT) images further compli-
cates anomaly detection. In this paper, we propose a novel
hybrid dual-heterogeneous knowledge distillation network
to overcome these challenges. Our approach consists of
a teacher network with an encoder-only architecture and
a student network that integrates an encoder with dual
decoders. This heterogeneous design effectively mitigates
the identity mapping problem, enhancing sensitivity to both
structural and logical anomalies. Specifically, our Multi-
Feature Model leverages convolutional and depthwise con-
volutional blocks to extract and integrate local features
for structural anomaly detection, while the Mamba UpNet
employs self-supervised learning to capture long-range
dependencies and global anomaly patterns. Extensive ex-
periments on two retinal OCT anomaly detection datasets
demonstrate that our method achieves state-of-the-art
performance, effectively handling diverse anomaly types.
The source code is available at https://github.com/Xmh-
L/HDHKD.

Index Terms— Anomaly localization, Knowledge Distilla-
tion, Unsupervised learning, Dual-Heterogeneous
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Fig. 1.  Comparison of Knowledge Distillation Strategies: (a) Nor-
mal Heterogeneous: A frozen CNN-based teacher encoder supervises
student architectures with heterogeneous decoders. Two variants are
depicted: one employs a CNN+Transformer decoder, while the other
utilizes a plain CNN encoder and decoder; both student decoders
are trainable. (b) Dual-Heterogeneous: A frozen CNN-based teacher
encoder transfers knowledge to a student model comprising a shared
CNN encoder and two distinct decoders—a standard CNN and a CNN
augmented with Mamba. Both decoders are jointly trained to enhance
representational diversity.

[. INTRODUCTION

Unsupervised anomaly detection (UAD) [1]-[3] has at-
tracted increasing attention in medical imaging, as it alle-
viates the need for costly and time-consuming annotations
that require clinical expertise. This is particularly important
for optical coherence tomography (OCT) [4], [5], a non-
invasive volumetric modality widely used in ophthalmological
diagnostics [6], [7], where annotation is especially challeng-
ing for rare or complex diseases and more demanding than
for natural images [8], [9]. Existing UAD methods can be
broadly divided into reconstruction-based and representation-
based approaches. Reconstruction-based methods [10], [11]
learn to reproduce normal samples but often suffer from
limited reconstruction accuracy, which reduces their ability
to distinguish subtle anomalies. Representation-based methods
[12], [13] focus on learning compact embeddings of normal
data, but they are usually less sensitive to global structural
anomalies, a limitation that is particularly critical for OCT
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images, where both local retinal layers and long-range tissue
organization need to be considered.

Recently, knowledge distillation-based methods [14], [15]
have demonstrated strong potential in anomaly detection. Dur-
ing training, a teacher network guides the student network to
learn feature representations exclusively from normal samples.
By transferring knowledge from a teacher trained on normal
data, these approaches effectively capture the distribution of
normal features. In testing, anomalies are identified by mea-
suring discrepancies between the representations produced by
the teacher and the student. However, a fundamental limitation
arises when the student network shares an identical or highly
similar architecture with its teacher. As discussed in RD4AD
[16], this structural homogeneity can lead to isomorphic map-
ping, where the student tends to replicate the teacher’s internal
representations rather than learning discriminative deviations.
Such identity-like behavior weakens anomaly sensitivity and
reduces the model’s ability to distinguish pathological re-
gions from normal structures. Subsequent studies, including
Hetero-AE [17] and EfficientAD [18], demonstrated that in-
troducing architectural or functional heterogeneity between
the teacher and student can effectively mitigate this issue
by promoting representational diversity and preventing direct
feature alignment. Furthermore, retinal OCT images present a
unique combination of fine-grained local structures and long-
range global dependencies. Conventional architectures often
favor one aspect—either local texture abnormalities or global
morphological deviations—resulting in unbalanced detection
performance. Convolutional networks are adept at modeling
localized structural disruptions but limited in capturing ex-
tended dependencies, whereas Mamba-like or global modeling
designs better handle large-scale contextual changes such
as diffuse layer disorganization or overall retinal thinning.
Therefore, a framework that simultaneously prevents identity
mapping and effectively integrates both local and global cues
is essential for achieving accurate and clinically meaningful
anomaly detection in retinal OCT imaging.

To address these challenges, we propose a novel hy-
brid dual-heterogeneous knowledge distillation network for
anomaly detection in retinal OCT images. Fig. 1 illustrates
the knowledge distillation strategies considered, including the
proposed dual-heterogeneous design. Our framework consists
of a teacher with an encoder-only architecture and a student
comprising a ResNet-based encoder with dual heterogeneous
decoders. Heterogeneity between the teacher and student mit-
igates identity mapping, while the additional heterogeneity
between the student’s encoder and decoders further regularizes
feature learning and enhances anomaly sensitivity. Specifically,
the dual-decoder structure is tailored to capture complemen-
tary cues: a convolutional upsampling branch extracts fine-
grained local structural anomalies, whereas the Mamba UpNet
models long-range dependencies and global patterns through
selective scanning, which is particularly suited for the layered
continuity of OCT images. The outputs are fused via the Multi-
Feature Model to exploit complementary strengths, resulting
in enhanced detection performance across both structural and
global anomalies. This dual-heterogeneous design not only al-
leviates the risk of trivial feature replication but also improves

the robustness, sensitivity, and accuracy of anomaly detection
in retinal OCT imaging.

Our contributions can be summarized as follows:

e We introduce a hybrid dual-heterogeneous knowledge
distillation network for anomaly detection in retinal OCT
images, which effectively mitigates the identity mapping
problem through the innovative design of the student
network’s encoder-decoder architecture.

e We introduce the Multi-Feature Model, which utilizes
convolutional layers and depthwise convolutional blocks
to enable robust feature extraction and interaction, ren-
dering it particularly effective for detecting structural
anomalies.

e We introduce the Mamba UpNet integrates self-
supervised mechanisms to capture long-range dependen-
cies and enhance the detection of logical anomalies.

[l. RELATED WORK
A. Feature Representation-based Methods

Feature representation-based anomaly detection methods
focus on extracting meaningful feature representations from
data and using these representations for anomaly detection.
By leveraging deep learning, they are capable of effectively
capturing complex structures and non-linear relationships,
making them particularly well-suited for high-dimensional and
unstructured data. DeepSVDD [19] introduced a deep one-
class classification framework that learns a compact repre-
sentation of normal data in a latent space. Anomalies are
identified based on their distance from the center of the
learned hypersphere. While this approach effectively captures
the essential characteristics of normal data, it assumes that
the normal data distribution can be compactly represented by
a hypersphere. This assumption may not hold for complex
or multi-modal data distributions, potentially limiting the
method’s applicability in such cases. Furthermore, the model
may exhibit reduced sensitivity to anomalies that are subtle
or located near the boundary of the normal data distribution.
PaDiM [20] proposed a statistical approach for anomaly
detection, modeling feature representations using multivariate
Gaussian distributions. By calculating the Mahalanobis dis-
tance between test samples and the learned normal distribution,
PaDiM enhances detection performance. However, the reliance
on Gaussian assumptions limits its effectiveness in handling
complex, non-Gaussian data distributions.

To address these challenges, Glow [21] was explored for
anomaly detection, utilizing normalizing flows to model the
distribution of normal data. By evaluating the likelihood of
test samples, anomalies can be detected. This method pro-
vides greater flexibility in modeling complex data distributions
but requires careful tuning of the flow architecture to bal-
ance model performance and computational cost. In parallel,
PatchCore [12] introduces an efficient patch-based approach,
utilizing a greedy algorithm to select the most representative
features from the normal dataset. This method strikes a balance
between detection accuracy and computational efficiency by
reducing memory consumption and accelerating the detection
process. However, it may struggle to detect anomalies in

Authorized licensed use limited to: SHANDONG UNIVERSITY. Downloaded on January 19,2026 at 02:12:00 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2025.3650072

AUTHOR et al.: TITLE

sparsely sampled or low-frequency regions of the feature
space, as these subtle anomalies may be excluded during
feature selection. Fine-tuning the number of retained features
is also necessary to ensure optimal performance.

These methods have made significant advancements in the
field of anomaly detection. However, they continue to face
challenges in balancing detection accuracy, computational
efficiency, and adaptability to complex data distributions.

B. The Reconstruction-based Methods

Reconstruction-based methods have become a prominent
approach in anomaly detection, stemming from the assumption
that models trained solely on normal data will struggle to
reconstruct anomalous instances. Schlegl et al. demonstrated
that models minimizing reconstruction errors for normal data
will exhibit poor performance when tasked with reconstruct-
ing anomalies, leading to increased reconstruction errors for
abnormal samples [22]. Autoencoders (AEs) are widely used
in this domain to learn normal data distributions, with de-
viations from this norm signaling potential anomalies [23].
Despite their effectiveness, reconstruction-based methods face
challenges when anomalies share characteristics with normal
data, resulting in low reconstruction errors even for anomalous
samples. To address this, Zong et al. introduced a hybrid
autoencoder that combines both reconstruction and adversarial
training to improve anomaly detection by leveraging unsuper-
vised and adversarial learning mechanisms [24].

Furthermore, the issue of overfitting normal data can lead
to poor generalization when confronted with novel types of
anomalies. To mitigate this, adversarial training has been
incorporated into reconstruction-based methods, encouraging
models to focus on harder-to-reconstruct features, thereby
improving their robustness [25].

C. Distillation-based Methods

Distillation-based methods are increasingly employed for
anomaly detection, relying on a teacher-student framework
where a pre-trained teacher network transfers knowledge to
a student network. Anomalies are detected based on the dis-
crepancies between the outputs of the two networks. Bergmann
et al. used this framework by leveraging the uncertainty
of student networks, employing these discrepancies as an
anomaly score to identify outliers in data [14]. However,
this approach can be limited when anomalies are subtle or
when the output differences between the two models are
insufficient to highlight these anomalies effectively. To address
these limitations, Salehi et al. proposed a multi-resolution
knowledge distillation approach, which uses the intermediate
activations between a complex teacher model and a simpler
student model. By capturing the differences in features across
multiple resolutions, this approach enhances the ability of the
student model to differentiate between normal and anoma-
lous data, thus improving anomaly detection [15]. However,
challenges arise when the test data significantly differs from
the training data distribution, as this can hinder effective
knowledge transfer, resulting in reduced generalizability.

Reverse distillation methods have also been proposed to
combine distillation with reconstruction, as seen in the RD
framework by Deng et al. By incorporating an encoder-decoder
architecture, this method aims to improve anomaly detection
by refining the feature learning process through the recon-
struction of the input data [16]. While these techniques offer
improvements, they still struggle with issues related to feature
compression and the loss of detailed information, which are
crucial for detecting subtle anomalies. Guo et al. addressed
these issues with a template-based reconstruction method,
THFR, which uses normal templates to guide the recovery
process of abnormal instances [26]. This method improves
anomaly detection by enhancing the quality of reconstruc-
tion. However, a significant challenge remains: if the normal
template is not sufficiently representative of the test image,
the reconstruction may degrade, potentially lowering detection
accuracy. Moreover, this method may mask subtle anomalies
by reconstructing them to appear normal, which emphasizes
the need for a careful balance between the template guidance
and the model’s sensitivity to anomalies.

IIl. PROPOSED METHOD
A. Overview of the Framework

Retinal diseases exhibit highly diverse and often unpre-
dictable morphological patterns. Even within a single diag-
nostic category, OCT manifestations can vary substantially
across patients and disease stages, producing pronounced intra-
class heterogeneity. Such variability increases the intrinsic
sample complexity of the problem and implies that effective
anomaly detectors must be sensitive to abnormalities that
appear at multiple spatial scales and in a wide variety of forms.
To address these requirements, we propose a Hybrid Dual-
Heterogeneous Knowledge Distillation Network for anomaly
detection in OCT retinal images. As illustrated in Fig. 2, the
overall framework consists of a Teacher network and a Student
network. The Teacher network follows an Encoder-Only archi-
tecture, while the Student network comprises a ResNet-based
Encoder, two functionally distinct Decoders (Conv Upsample
and Mamba UpNet), and a Multi-Feature Model. The dual-
heterogeneous design effectively mitigates the commonly en-
countered “identity mapping” issue in conventional knowledge
distillation, thereby significantly enhancing the detection of
both structural and global anomalies. Given an input OCT
image X € RE*H*W  the Teacher network first extracts
high-level feature representations f; € RET*HrxXWr yig jts
encoder. These features not only serve as informative teacher
representations for anomaly detection but also provide distilled
supervision signals for the Student network.

The Student network is composed of the ResNet-based
Encoder and two complementary Decoders. Specifically, the
encoder produces multi-scale feature maps 5‘1, 5‘27 5’3. These
multi-scale features are subsequently fused via convolutional
operations and reconstructed using the Conv Upsample and
Mamba UpNet decoders. Finally, the Multi-Feature Model
aggregates the reconstructed outputs to effectively address
diverse anomaly types: the Conv Upsample decoder is tailored
for detecting local structural anomalies, whereas the Mamba
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Fig. 2. Overview architecture of proposed Hybrid Dual-heterogeneous Knowledge Distillation Network.A spark icon indicates modules involved in

training, while a snowflake icon denotes networks that are frozen.

UpNet decoder is designed to capture global anomalies with
long-range dependencies. Ultimately, the discrepancy between
the outputs of the Teacher and Student networks drives the
anomaly detection process.

B. Teacher Network: Encoder-Only

The architecture of our teacher network Fpr comprises
convolutional layers interleaved with average pooling layers.
Drawing inspiration from the Efficient Anomaly Detection
[18] framework, our network is designed so that each neuron in
the output layer covers a receptive field of 33 x 33 pixels. This
configuration minimizes the likelihood that anomalies in one
region will impact distant, unrelated areas, thereby enhancing
the precision of anomaly localization. Notably, Fr is distilled
from a pre-trained WideResNet-101 model [27], leveraging the
extensive ImageNet dataset.

During the distillation process, the Mean Squared Error
(MSE) is adopted as the loss function to guide the learning
of Fr. To further improve our model, we employ a batch size
of 32 during training and adopt the PatchCore [12] feature
post-processing strategy, which fuses features from two layers
into a 384-dimensional representation. Its encoder is capable of
extracting high-dimensional features that embody richer spatial
structure and semantic information, a property that is critical
for detecting various complex pathological abnormalities in
retinal OCT images. We obtain the features f; € R"*wx¢ by
feeding the training images z into F7p, formally defined as:

ft = Pr(z). (D

Subsequently, the feature map f; is employed to supervise
the Student network.

C. Student Network: Encoder & Dual-Decoders

To overcome the identity mapping issue inherent in homoge-
neous networks used in traditional knowledge distillation, we
introduce a heterogeneous architecture in the Student network.
Specifically, the encoder is designed differently from that of
the teacher network by employing a ResNet backbone, while
the decoders are distinct from the student encoder.

The student encoder is built upon a ResNet backbone and
includes four sequential blocks, each comprising a convo-
lution, normalization, and activation sequence. The outputs
from ResNet Block1, ResNet Block2, and ResNet Block3 are
individually processed by a convolution layer and then merged
via the concatenation operator (denoted by C). The fused
features are subsequently passed through Block4 to generate
the final features representation fg.. The specific formula is
expressed as:

S; = Conv(ResNetBlock; (X)), i=1,2,3,
Sf = ConCat(S’l, SQ, 53),

fse = BlOCk4(Sf),

(©))

where ResNetBlock;(-) denotes the i-th residual block,
Conv(-) represents the convolution operation, and C(-) stands
for concatenation.

In the Student Decoder structure, we employ two decoding
branches for the input feature f. and integrate them through a
feature fusion module to obtain the final output feature Y. As
illustrated in the Fig. 2, the Student Decoder consists of the
Conv Upsample Branch, Mamba UpNet Branch, and Multi-
Feature Model.

Conv Upsample Branch: This branch progressively re-
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stores spatial resolution and focuses on local anomaly detec-
tion. Specifically, the input feature X undergoes multiple up-
sampling operations, each followed by a convolutional layer to
refine spatial features. The cascaded ‘“upsample-convolution”
structure enhances feature resolution while preserving high-
level semantics, facilitating the capture of fine-grained details.
The output of this branch, denoted as Xj,ca1, 1S computed as

follows: ,
fs = Conv(Upsample(fse)),

, 3)
fiocal = Conv(Upsample( f )) (

Algorithm 1 Student Decoder — Conv Upsample Branch and
Mamba UpNet Branch
Require: Student encoder feature f,., number of Mamba
modules Nyamba
Ensure: Local feature map fioca1, Global feature map feiobal
1: procedure CONVUPSAMPLEBRANCH( f.)

2: Uy < Conv(Conv(Upsample( fse)))
3: return U,

4: end procedure

5: procedure MAMBAUPNETBRANCH(U1, Npamba)
6: for i = 1 to Npamba do

7: felobal < MAMBAMODULE(U7)
8: end for

9: end procedure

10: procedure MAMBAMODULE(U7)

11 Uwp < Upsample(Uy)

12: Upe = PATCHEXPAND (Uyp)

13: Upn < LayerNorm(Upe)

14: Ug — SS2D(U1H)

15: fatobal <= Dropout(Conv(Uss + Upe))
connection add (&)

16: return fglobal

17: end procedure

18: procedure PATCHEXPAND(U.p)

19: T" + LinearProj(Uyp)

20: Upe +— RearrangeToGrid(T")

21: return Uy,

22: end procedure

23: procedure SS2D(Uyy,)

24: Dyp <~ SCANDIRECTION(Uj,, up)

25: Dgown < SCANDIRECTION(Uy,, down)

26: Dieft + SCANDIRECTION(Uyy, left)

27: Dyight < SCANDIRECTION (U, right)

28: Uss <— MergeDirections(Dyp, Ddown, Dieft, Dright)

29: return Uy

30: end procedure

> skip

Mamba UpNet Branch:

To increase the sensitivity to global anomalies, the branch
uses a stack of four Mamba UpNet structures. Mamba Up-
Net consists of multiple stacked modules, each comprising
dilated convolution, PatchExpand, 2D-Selective-Scan, multi-
scale pooling, and feature rearrangement operations to effec-
tively capture global context. The 2D-Selective-Scan (SS2D)
module [28] first decomposes the input image into independent
sequences in the four directions (up, down, left and right). This

ensures broad spatial coverage of the information and enables
multi-directional feature capture. Next, feature extraction is
performed by applying the formulas of the state space model.
This process allows information from different directions to be
integrated, while preserving important contextual information
and filtering out irrelevant content. This achieves a global
sense field while maintaining linear complexity. Finally, scan-
ning and merging operations reconfigure these sequences to
produce an output image matching the size of the original.
PatchExpand linearly projects the features of each token into a
higher-dimensional channel space, thereby doubling the chan-
nel capacity. The expanded channels are then rearranged into
a finer spatial grid, which restores resolution while preserving
feature coherence. The global feature map fyional is obtained
by the steps outlined in Algorithm 1.

Multi-Feature Model: After extracting features from both
branches, the Multi-Feature Model integrates fiocal and fglobal
at the feature level to fully exploit both local and global
information. In this process, fiocal and fglona are indi-
vidually transformed via convolution and then concatenated
() to yield f,,. Subsequently, f,, undergoes max pooling
(MaxPool), depthwise separable convolution (DWConv), and
upsampling (Upsample). This output is then element-wise
multiplied (®) with f,, to enhance feature interactions, and
the final fused feature Y is obtained through an additional
convolution operation, which is computed as:

fm = ConCat(Conv( faiobal), Conv( fiocal)),
fm» = Upsample(DWConv(MaxPool(f.,))), 4)

fsa = Conv(fm @ fmr).

During the training process, we guide the student network
learning by calculating the L2 loss between f; and fs4, which
is formulated as:

L=|fi — foall 5)

IV. EXPERIMENTS
A. Dataset

Retinal OCT 2017 Dataset [34] was acquired from the
Spectralis OCT system (Heidelberg Engineering, Germany)
and serves as a valuable benchmark for retinal image anomaly
detection. It comprises four categories: choroidal neovascu-
larization (CNV), diabetic macular edema (DME), Drusen,
and normal. For balanced evaluation, the publisher partitions
the data into a training set of 26,315 normal images and
a test set of 1,000 images—250 normal and 750 abnormal
(covering CNV, DME, and Drusen). Our model is trained
solely on normal images to capture standard retinal features,
and its performance is subsequently evaluated on the complete
test set, ensuring a comprehensive assessment of its anomaly
detection capabilities.

Retinal OCT 2022 Dataset [35] was obtained from Cirrus
OCT (Carl Zeiss Meditec, Inc., Dublin, CA), comprising 31
OCT volumes from 18 healthy individuals and 100 OCT
volumes from 50 patients diagnosed with retinal edema. Both
oculus sinister and oculus dexter were included in the OCT
volumes of both healthy and affected individuals, with no

Authorized licensed use limited to: SHANDONG UNIVERSITY. Downloaded on January 19,2026 at 02:12:00 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Journal of Biomedical and Health Informatics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2025.3650072

IEEE TRANSACTIONS AND JOURNALS TEMPLATE

TABLE |
QUANTITATIVE RESULTS ON RETINAL OCT 2017 DATASET FOR ANOMALY DETECTION.

Method | AUROC Fl-score ACC  SEN  SPE
AE [29] 77.79 85.79 78.28 9438 41.70
VAE [30] 80.04 85.55 77.63 95.32 37.45
Ganomaly [10] 83.53 88.65 81.60 95.86 38.80
f-AnoGAN [31] 83.35 84.73 77.50  89.89  49.36
PaDim [20] 90.67 89.84 85.10 87.87 76.80
SALAD [32] 96.42 93.42 90.64 95.69 79.15
STFPM [33] 96.86 95.80 93.70  95.60  88.00
MKD [15] 96.72 94.60 91.60 97.60 73.60
RD4AD [16] 97.64 96.40 9460 9640 89.20
Hetero-AE [17] 98.94 97.10 9576  97.46  90.64
PatchCore [12] 97.52 96.96 96.61 97.65 91.25
EfficientAD [18] 98.95 97.01 96.68 9851 91.40
Ours 99.72 99.07 98.60 99.07 97.20
exclusion criteria based on age, gender, or ethnicity. Each OCT TABLE Il
volume has a voxel size of 512 x 1024 x 128, covering an KEY EXPERIMENTAL SETTINGS FOR REPRODUGIBILITY.
approximate region of 6 mm x 2mm X 6 mm in the central Item Setting
macula. After preprocessing, the training dataset consists of gi’;ﬁ:gvork E’fTorch b4l
3965 B-scan images from healthy individuals, while the test Hardware NVIDIA A100 GPU

dataset contains 6059 normal and 6734 abnormal B-scan
images, which were manually labeled and extracted from the
OCT volumes of the patients.

Brain MRI (Br35H) Dataset [36] collection contains a
total of 3,000 two-dimensional T1/T2 MRI slices, of which
1,500 have been designated as tumourous and the remain-
ing 1,500 as non-tumorous. To conform to the unsupervised
anomaly detection setting, we used 500 non-tumorous slices
for training; the remaining 1,000 non-tumorous slices together
with the 1,500 tumorous slices were retained for testing. This
split emphasizes the model’s ability to detect tumor-related
deviations from a normal training distribution while preserving
a realistic balance of normal and pathological examples at test
time.

Chest CT Dataset comprises 10,810 axial slices collected
from 110 patients presenting a spectrum of thoracic abnormal-
ities (including, but not limited to, small-cell lung carcinoma,
lung adenocarcinoma, fibrous hyperplasia, and granulomatous
lesions). Imaging was acquired on commonly used clinical
scanners (GE Discovery STe 16 and Siemens Biograph Vision
600). For the UAD protocol, only normal slices were included
in the training set (4,456 images); the remaining 6,354 slices
were reserved for evaluation.

PET Dataset includes a total of 10,000 PET slices, span-
ning diverse physiological and pathological conditions such
as inflammatory responses, metabolic hyperactivity, and ma-
lignant uptake regions. Data acquisition was performed using
Siemens Biograph Vision 600 scanners under standardized
8F-FDG protocols. For the anomaly detection task, 4,000

256 x 256
WideResNet-101 (ImageNet pretrained, frozen)
ResNet-family encoder (scratch)

Input resolution
Teacher backbone
Student backbone

Decoders Conv Upsample & Mamba UpNet
Loss Feature-level L2
Optimizer Adam

1x107* -5 1x107% @

0.95x Training epochs (StepLR, y=0.1)
Weight decay 1x107°

Batch size 1

Dropout 0.2 (decoder)

Training epochs 80,000

Evaluation metrics  AUROC, F1, ACC, SEN, SPE
Post-processing Bilinear upsampling of anomaly map

Learning rate

normal PET slices were used for training, and 6,000 slices
(3,000 normal and 3,000 abnormal) were used for evaluation.
All PET slices were reconstructed with attenuation correction
and rescaled to 256 x 256 for network input.

B. Implementation Details

The proposed method has been implemented in PyTorch
and executed on machines equipped with NVIDIA A100
GPUs. All input images were resized to 256 x 256 prior to
training and evaluation. Following established practice for the
considered OCT benchmarks, we adopted a one-model-per-
category protocol: a separate student model was trained for
each anomaly category to enable fair comparison with prior
work. Dataset splits (training / validation / test) follow the
predefined partitions provided with each public dataset.
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PaDim RD4AD

Input

DME CNV

DRUSEN

Patch Core

Efficient AD Ours Ground Truth

Fig. 3. Visualization of anomaly localization results on different categories of the Retinal OCT 2017 dataset.

The training configuration for each student model is as fol-
lows. Student models were trained from scratch with a ResNet-
family encoder and two decoder branches (Conv Upsample
and Mamba UpNet). The teacher encoder was initialized
from a WideResNet-101 model pretrained on ImageNet and
was kept frozen during student training; the teacher therefore
provides fixed feature-level supervision. For specific details
of a repetitive nature, refer to Table II. During inference, the
anomaly score map .A is bilinearly upsampled to the original
image resolution for visualization and pixel-level localiza-
tion. Complete training and evaluation scripts, environment
specification (requirements/conda), and pretrained weights are
provided in the accompanying code release to facilitate exact
reproduction.

Evaluation metrics:

e AUROC (Area Under the ROC Curve):

1
AUROC = / TPR(FPR)dFPR,
0

TP FP
Trh= TP+ FN’ FPR= FP+TN’
¢ Accuracy (ACC):
TP+ TN
ACC = TP+TN +FP+FN’
« Sensitivity (SEN):
TP
SEN = TP+ FN’
o Specificity (SPE):
TN
PE=———.
s TN+ FP

e Fl-score:
2 Precision - Recall

F1=
Precision + Recall ’
TP TP
Precision = m, Recall = m,

where TP (True Positives) denotes correctly identified posi-
tive samples, TN (True Negatives) denotes correctly identified
negative samples, FP (False Positives) denotes negative sam-
ples incorrectly classified as positive, and FN (False Negatives)
denotes positive samples incorrectly classified as negative.

TABLE llI
QUANTITATIVE COMPARISON WITH DIFFERENT ANOMALY DETECTION
METHODS ON RETINAL OCT 2022 DATASET.

Method AUROC AUPRC ACC

AE [29] 86.99 84.76 80.34
VAE [30] 87.63 84.69 81.56
AnoVAEGAN [37] 86.87 83.54 80.36
GANomaly [10] 88.96 90.88 81.19
Deep-SVDD [19] 80.7 81.44 74.78
f-AnoGAN [31] 89.75 91.03 80.99
P-Net [38] 93.87 95.15 86.64
KD_AD [15] 93.98 94.68 86.16
PaDim [20] 84.14 83.63 77.39
SCVAE-AC [35] 97.02 97.38 91.49
RD4AD [16] 95.54 95.26 89.48
PatchCore [12] 94.25 95.41 86.72
EfficientAD [18] 97.05 97.14 91.58
Ours 97.42 97.56 92.36
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TABLE IV
COMPARISON OF ANOMALY DETECTION PERFORMANCE (AUROC AND F1-SCORE) ACROSS CT, MRI, AND PET DATASETS.
W CT | MRI | PET
Method
AUROC F1 AUROC F1 AUROC F1
AE [29] 62.75 65.06 85.82 87.82 66.91 70.34
GANomaly [10] 75.06 69.01 88.45 90.64 78.59 71.16
PaDiM [20] 54.84 67.86 91.69 92.38 62.37 72.95
PatchCore [12] 87.74 82.52 93.62 94.07 86.42 84.13
MKD [15] 87.24 79.73 94.65 95.23 84.64 83.46
RD4AD [16] 86.81 81.89 94.90 95.81 82.55 84.71
EfficientAD [18] 84.46 80.97 96.13 97.46 83.34 79.68
Ours 87.94 82.95 96.38 97.67 86.96 85.52
To further demonstrate the effectiveness of our method, we
Input present qualitative comparisons in Fig. 3, where we show

RD4AD
Patch Core
Efficient AD

Fig. 4. Visualization of anomaly localization results on different cate-
gories of Retinal OCT 2022 dataset.

C. Anomaly detection and localization

Results on Retinal OCT 2017 Dataset

Table I presents a comparison of our approach (Ours)
with state-of-the-art anomaly detection methods, including
AE, VAE, Ganomaly, f-AnoGAN, PaDim, SALAD, STFPM,
MKD, RD4AD, Hetero-AE, PatchCore, and EfficientAD. We
report commonly used metrics in anomaly detection: Area
Under the ROC Curve (AUROC), Fl1-score, Accuracy (ACC),
Sensitivity (SEN), and Specificity (SPE). As shown in Table I,
our proposed method achieves the highest AUROC (99.70%),
outperforming all competing approaches by a notable mar-
gin. In particular, our model also attains the highest F1-
score (99.07%), accuracy (98.60%), sensitivity (99.07%), and
specificity (97.02%), indicating its robust ability to capture
various abnormal patterns in retinal structures. Moreover, the
overall performance is consistently strong across all metrics,
highlighting the superiority of our hybrid distillation-based ap-
proach in balancing local structural cues and global contextual
information.

the anomaly maps generated by PaDim, RD4AD, PatchCore,
EfficientAD, and our method on representative examples of
CNV, DME, and Drusen. The final column illustrates the
ground truth annotations (highlighted in red boxes). From
Fig. 3, it can be observed that our method generates clearer
and more concentrated heatmaps for the abnormal areas,
accurately localizing the lesions in CNV, DME, and Drusen
images. Compared with other methods, which often produce
over-smoothed or diffused activation regions, our proposed
approach leverages dual-heterogeneous knowledge distillation
to effectively learn discriminative features. This allows it to
distinguish between normal retinal structures and pathological
variations with higher fidelity, further confirming our method’s
superior anomaly detection performance.

Results on Retinal OCT 2022 Dataset

To validate the effectiveness of the proposed method, we
performed experiments on the Cirrus retinal OCT 2022 dataset
and compared our approach against various anomaly detection
methods. For a fair comparison, all methods are evaluated
under the same data splits and metrics. From Table III, we
observe that traditional autoencoder-based methods (AE, VAE)
achieve relatively modest performance on all three metrics,
likely due to their limited capacity for representing complex
structural and global anomaly patterns. GAN-based methods
(GANomaly, f~-AnoGAN) demonstrate some improvements in
detection accuracy but still struggle to capture multi-scale
anomaly features comprehensively. Deep-SVDD, which relies
on a single feature center for anomaly measurement, demon-
strates comparatively lower AUROC and AUPRC scores.
KD_AD, both incorporating knowledge distillation or multi-
branch architectures, exhibits better discriminative ability but
still faces challenges in modeling long-range dependencies and
detecting global logical anomalies. PatchCore and RD4AD,
which perform well in industrial anomaly detection, show
certain advantages but face difficulties in identifying the
more intricate OCT anomalies. SCVAE-AC and EfficientAD
perform relatively well across the metrics. Nevertheless, our
proposed method achieves further improvement, obtaining
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TABLE V
PERFORMANCE COMPARISON OF DIFFERENT MODEL CONFIGURATIONS ON RETINAL OCT DATASETS

Module Configuration

| Retinal OCT 2017 | Retinal OCT 2022

Conv Upsample = Mamba UpNet  Multi-Feature Model = SS2D | AUROC ACC AUROC ACC
v 96.93 93.65 95.26 88.87
v v 98.05 96.18 96.29 90.96
v v v 99.02 97.70 96.86 91.63

v v 97.84 96.02 95.78 90.88

v v v 98.36 96.66 96.57 91.33
v v v 99.27 98.41 97.19 92.08
v v v v 99.72 98.60 97.42 92.36

97.42%, 97.56%, and 92.36% on these three metrics, re-
spectively, outperforming all compared methods. The dual-
heterogeneous knowledge distillation framework effectively
avoids the identity mapping problem by introducing architec-
tural discrepancies between the teacher and student networks.
In this teacher-student paradigm, the student network not
only inherits the teacher’s representational capabilities but
also enhances them with specialized decoders, resulting in
robust performance on both structural and global anomaly
detection tasks. This confirms the efficacy and robustness
of our approach in handling diverse types of anomalies in
retinal OCT imaging scenarios. Fig. 4 presents our results of
abnormal localization on retinal OCT 2022, from which it can
be seen that our method is able to locate abnormalities on
the retina more accurately compared to EfficientAD, yielding
optimal results.

Cross-Modality Evaluation on CT, MRI, and PET
Datasets.

To further evaluate the generalization capability of the
proposed framework beyond retinal OCT images, we extended
our experiments to three additional modalities: chest CT, brain
MRI, and whole-body PET. All experiments followed the
same unsupervised training protocol as in the OCT setup,
where only normal samples were used for model training. For
fairness and consistency, a one-model-per-category setting was
maintained, and the same input resolution and preprocessing
pipeline were applied across all datasets. Table IV summarizes
the AUROC and F1-scores of representative anomaly detection
baselines and our proposed model across the three modalities.
The proposed method consistently achieves superior or com-
parable performance, reaching AUROC scores of 87.94% on
CT, 96.38% on MRI, and 86.96% on PET datasets. These
results not only surpass strong baselines such as PatchCore
and RD4AD but also demonstrate remarkable cross-modal
robustness without any re-training or fine-tuning.

The AUROC for the CT dataset was relatively lower
compared to OCT and MRI. This can be attributed to two
main factors. First, CT images typically have lower soft-tissue
contrast and higher noise levels than OCT and MRI, making
subtle abnormalities harder to capture in an unsupervised
anomaly detection setting. Second, the CT dataset contains
multiple types of pathologies with substantially different ap-
pearance patterns and difficulty levels, which increases intra-
dataset variability and further challenges anomaly detection

performance. Notably, the performance gain is attributed to
the proposed dual-heterogeneous distillation design, which
effectively mitigates isomorphic mapping between teacher and
student networks, thereby enhancing feature diversity and
anomaly separability. Furthermore, the complementary local
and global representation modeling through the Conv Up-
sample and Mamba UpNet decoders contributes to improved
lesion localization and robustness under different anatomical
contexts. Together, these findings highlight that the proposed
method generalizes effectively across heterogeneous imaging
modalities, underscoring its potential for broad clinical appli-
cability and cross-domain deployment.

TABLE VI
PERFORMANCE COMPARISON OF PRE-TRAINED ENCODER
BACKBONES ON RETINAL OCT DATASETS

Retinal OCT 2017  Retinal OCT 2022

Dataset
Backbone

AUROC ACC AUROC ACC

ResNet18 98.17 97.76 97.02 92.06
ResNet34 98.64 97.95 97.15 91.96
ResNet50 99.02 98.12 97.16 92.16
ResNeXt50 99.65 98.54 97.38 92.49
WideResNet50 99.72 98.60 97.42 92.36

V. DISCUSSION
A. Ablation Study

An extensive ablation study was conducted on the Retinal
OCT 2017 and Retinal OCT 2022 datasets to evaluate the
contribution of each major component in the proposed frame-
work. The results of the experiment are shown in Table V.
Four primary configurations were examined: (1) the baseline
model employing only the Conv Upsample decoder; (2) Conv
Upsample combined with the Mamba UpNet; (3) Mamba Up-
Net integrated with the Multi-Feature Model (MFM); and (4)
the full model incorporating all three components. It is worth
noting that SS2D, a key submodule within the Mamba UpNet,
was also individually analyzed to quantify its contribution to
long-range context modeling.

The baseline configuration achieves AUROC / ACC scores
of 96.93% / 93.65% on Retinal OCT 2017 and 95.26%
/ 88.87% on Retinal OCT 2022. Introducing the Mamba
UpNet alongside the Conv Upsample decoder leads to a
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marked improvement, indicating that the selective state-space
modeling capability of Mamba effectively enhances global
anomaly recognition. When the Mamba UpNet is paired
with the Multi-Feature Model (without the Conv Upsample
branch), the model maintains competitive performance (AU-
ROC / ACC = 98.36% / 96.66% on Retinal OCT 2017 and
96.57% / 91.33% on Retinal OCT 2022), demonstrating the
benefit of multi-scale feature fusion for precise structural
anomaly detection. The complete configuration—integrating
Conv Upsample, Mamba UpNet, and MFM—achieves the
highest performance across both datasets, with AUROC / ACC
values of 99.72% / 98.60% on Retinal OCT 2017 and 97.42%
/ 92.36% on Retinal OCT 2022. This consistent improvement
confirms that each component contributes complementary
strengths: the Conv Upsample branch captures localized fine
details, Mamba UpNet (empowered by SS2D) models long-
range dependencies efficiently, and the Multi-Feature Model
fuses hierarchical representations for balanced local—global
learning. Their combined effect enables the student network
to better approximate the teacher’s representational manifold
while maintaining heightened sensitivity to diverse types of
anomalies. This synergy substantiates both the empirical per-
formance gains and the theoretical rationale of the proposed
dual-heterogeneous framework.

Further, the dedicated SS2D ablation within the Mamba
UpNet verifies its critical role in efficient global depen-
dency modeling—its removal leads to a measurable decline
in AUROC, underscoring the necessity of this module within
the overall decoder architecture. The synergistic integration
of these components allows the student network to more
accurately mimic the teacher network’s representation while
simultaneously addressing the diverse nature of anomalies,
thus corroborating both the empirical improvements and the
theoretical motivations for our proposed approach.

The feature residual distribution between the teacher and
student networks inherently provides a statistical interpretation
of anomaly likelihood. Given that normal features follow a
compact distribution learned from normal-only data, deviations
with higher residual magnitudes correspond to lower probabil-
ity density regions, which implicitly quantify the uncertainty
and rarity of the observed features. This perspective aligns
with probabilistic formulations in density-based anomaly de-
tection and provides an intuitive explanation for how our
model discriminates between normal and abnormal patterns
without requiring an explicit Bayesian formulation.

The choice of encoder architecture in the student network
plays a pivotal role in hierarchical feature extraction and
consequently affects anomaly sensitivity. In our framework,
the encoder is responsible for capturing multi-scale represen-
tations of retinal images, which is crucial for distinguishing
subtle pathological deviations from normal anatomy. We eval-
uate the performance of various pre-trained encoder backbones
on two Retinal OCT datasets, as summarised in Table VI. In
this study, the student network’s encoder is initialized with
five distinct architectures—ResNetl8, ResNet34, ResNet50,
ResNeXt50, and WideResNet50—to investigate the influence
of hierarchical feature quality on anomaly detection perfor-
mance. Each of these backbones provides a different capacity

and style of feature learning: deeper ResNets offer more layers
for abstraction, ResNeXt introduces parallel feature groups
(cardinality) within residual blocks, and WideResNet expands
the width (number of channels) per layer.

Our experimental results clearly indicate that increasing the
complexity of the backbone architecture leads to incremental
improvements in performance. For example, ResNet18 attains
an AUROC of 98.17% and an ACC of 97.76% on the Retinal
OCT 2017 dataset, while progressively more advanced mod-
els such as ResNet34 and ResNet50 show superior metrics.
The WideResNet50, the most powerful among the evaluated
backbones, achieves the highest performance, underscoring its
enhanced capacity to capture subtle variations and complex
patterns inherent in retinal images. The more sophisticated
encoder like WideResNet50 provides richer, more discrim-
inative representations that enable the decoders to operate
more effectively, thereby mitigating the identity mapping issue
common in conventional architectures. This synergy between a
robust encoder and the subsequent decoders is fundamental to
the improved anomaly detection performance observed across
the datasets.

TABLE VII
COMPUTATIONAL EFFICIENCY ANALYSIS EXPERIMENTS ON THE
RETINAL OCT 2017 DATASET

Number of
Method AUROC  Parameters (Fi_,ﬁ)lgs)
(x10)
Baseline+FCN 97.45 46.6 594
Baseline+Transform 99.23 69.7 775
Baseline+Conv 98.36 26.2 265
Baseline+Mamba(Ours) 99.72 30.9 285

B. Complexity Analysis

To systematically evaluate the computational efficiency of
the proposed Mamba UpNet within the dual-decoder frame-
work, we conducted a controlled component replacement
study on the Retinal OCT 2017 dataset. In this experiment,
the Mamba UpNet was individually replaced with alternative
decoder structures—namely a fully connected network (FCN),
a Transformer block, and a standard convolutional (Conv)
branch—while keeping the remainder of the network and
training settings identical. The comparison was performed in
terms of AUROC, the number of trainable parameters, and
floating-point operations (FLOPs). All FLOPs were computed
with an input resolution of 256 x 256 using the same profiling
tool and conventions for fair comparison, excluding pre-
and post-processing costs. As summarized in Table VII, the
Baseline+Transformer configuration achieved a competitive
result, yet at the cost of substantial computational demand,
requiring 69.7 x 10° parameters and 775 x 10° FLOPs. The
Baseline+FCN variant produced moderate accuracy (97.45%)
but incurred the highest FLOPs, demonstrating that dense
fully connected operations on high-dimensional features are
computationally inefficient. The Baseline+Conv design sig-
nificantly reduced both parameters and FLOPs but exhibited
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limited accuracy (98.36%), indicating that purely convolu-
tional decoders fail to capture global context effectively. By
contrast, our Baseline+Mamba configuration achieved the best
overall balance—yielding the highest AUROC (99.72%) with
only 30.9 x 10° parameters and 285 x 10° FLOPs—thus
achieving superior accuracy—efficiency trade-offs. The FCN
variant flattens spatial features into a dense vector, resulting
in extremely high-dimensional matrix multiplications and pro-
hibitive FLOPs. In contrast, convolutional decoders maintain
low local complexity but require multiple layers or enlarged
kernels to approximate long-range dependencies, which limits
representational richness. Mamba, leveraging selective state-
space modeling, captures long-range dependencies through
recurrent and convolutional operations with linear complexity
in sequence length. This design allows Mamba to retain the
representational benefits of global attention while maintaining
computational efficiency closer to convolutional decoders.

Despite the efficiency advantages of the Mamba UpNet,
several practical limitations remain. The reported FLOPs and
parameter counts are theoretical indicators—they do not di-
rectly translate to real-world inference latency or energy con-
sumption, which depend on GPU kernel efficiency, memory
bandwidth, and batch-level parallelism. The present evalu-
ation uses a one-model-per-category setting; while suitable
for benchmarking, such design may increase storage and
maintenance overhead when scaling to multi-class clinical
systems.

In summary, the experimental and analytical results consis-
tently demonstrate that Mamba provides a superior balance
between modeling capacity and computational efficiency. It
effectively captures global contextual dependencies at sub-
stantially lower complexity than Transformer-based alterna-
tives and achieves higher accuracy than purely convolutional
designs. These findings validate the suitability of Mamba
as a decoder backbone for large-scale retinal OCT anomaly
detection and motivate further research into optimizing mem-
ory footprint and real-time deployment strategies for clinical
applications.

VI. CONCLUSION

In this paper, we propose a novel hybrid dual-heterogeneous
knowledge distillation network for anomaly detection in retinal
OCT images. The proposed method addresses key challenges
in existing anomaly detection techniques, particularly the iden-
tity mapping problem and the difficulty in detecting diverse
anomaly types in retinal OCT imaging scenarios. Furthermore,
cross-modality evaluations on chest CT, brain MRI, and PET
datasets confirmed the generalization capability of the pro-
posed framework, highlighting its robustness and transferabil-
ity across diverse imaging modalities. Looking forward, we
aim to develop a unified and generalizable framework for med-
ical anomaly detection capable of handling multiple imaging
modalities within a single model. Such a universal paradigm
is expected to enhance cross-domain adaptability and reduce
dependence on large-scale annotated datasets, while main-
taining high sensitivity and specificity. Integrating uncertainty
estimation and probabilistic anomaly scoring mechanisms will

further improve interpretability and clinical reliability. Ulti-
mately, our contributions lay a solid foundation for advancing
toward a universal, clinically deployable anomaly detection
system that can support efficient, automated, and reliable
analysis across diverse medical imaging scenarios.
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