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ABSTRACT Few-shot anomaly detection in medical imaging remains challenging due to the scarcity
of labeled abnormal samples and the need for robust feature representations. We propose AnomaMed,
a novel multi-scale feature and prompt learning framework that extends Contrastive Language-Image
Pretraining (CLIP) for medical anomaly detection. We introduce Prompt Feature Fusion Modules, which
integrate multi-scale image and prompt feature fusion at different layers of a pretrained CLIP model,
enabling hierarchical feature refinement for improved anomaly localization. Additionally, we incorporate
self-attention-based prompt learning, dynamically refining textual representations to enhance text-image
alignment in few-shot settings. To further improve generalization, we introduce the Artificial Anomaly
Blending Module (AABM), which synthetically generates diverse medical anomalies, enabling the model
to learn a broader range of pathological patterns. We evaluate AnomaMed on three benchmark medical
imaging datasets, demonstrating state-of-the-art performance over existing vision-language models for few-
shot anomaly detection. Results confirm that AnomaMed significantly improves anomaly detection and
localization, validating the effectiveness of multi-scale feature fusion, self-attentive prompt learning, and
synthetic anomaly augmentation.

INDEX TERMS Medical image, prompt learning, vision language model, anomaly detection, few-shot
learning.

I. INTRODUCTION
Advancements in image processing and computer vision have
revolutionized the use of images and videos across agricul-
tural [1], construction [2], industrial [3], [4], [5], and medical
fields [6], [7]. In the medical domain, doctors increasingly
rely on automated procedures for disease diagnostics; how-
ever, the accuracy of these algorithms varies. These methods
can be broadly categorized into two groups: those following
conventional segmentation and classification techniques, and
those employing anomaly detection approaches [8]. Medical
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Image Anomaly Detection (MIAD) uses AI to automatically
identify abnormalities in medical images (e.g., X-rays, MRIs,
CT scans) that may indicate diseases. It reduces human errors
by consistently analyzing scans, detecting subtle anomalies,
and minimizing misdiagnosis caused by fatigue, oversight,
or judgment variability. However, obtaining medical image
data is challenging due to privacy laws, the need for
expert annotation, data imbalance, and hospital restrictions.
Consequently, most AI models [9], [10], [11] are trained
on normal patterns to detect and flag anomalies in medical
images. Recently, many research studies [12], [13], [14],
[15] have proven to be more accurate than professional
clinicians in detecting anomalies; however, such models
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require extensive datasets that must be densely annotated.
A typical MIAD process is visually depicted in Fig. 1.

To overcome the time and labor costs of developing
such models, we focus on AnomaMed, which can oper-
ate in few-shot settings without compromising detection
performance. For each medical task, we provide a few
normal images with artificially introduced anomalies during
training. Although [16], [17] demonstrates the use of pre-
trained CLIP knowledge for downstream classification tasks,
fine-tuning it for specific tasks such as anomaly detection
is impractical due to the extensive paired image-text data
required for training. Additionally, fine-tuning CLIP for
anomaly detection requires a deep understanding of prompt
engineering to craft accurate text inputs, as even slight
variations in word choice can compromise performance.

FIGURE 1. Typical medical image anomaly detection process. The
workflow includes input image acquisition, processing by an anomaly
detection model, segmentation of suspected regions, and final anomaly
localization.

Inspired by [18], we introduce context optimization
to automatically learn optimal prompt embeddings using
self-attention-refined context vectors, enhancing text-image
alignment for few-shot medical anomaly detection. Addi-
tionally, our Multi-Scale Image and Prompt Feature Fusion
Modules integrate vision-language knowledge, improving
hierarchical feature adaptation for anomaly detection and
localization in medical imaging.

While MediCLIP [19] also leverages CLIP for anomaly
detection, AnomaMed introduces multi-scale feature fusion
and self-attention-based prompt learning, enabling dynamic
prompt refinement instead of relying on static token rep-
resentations. Moreover, AnomaMed integrates the AABM
in the training phase to synthetically generate anomalies,
improving model generalization in low-data settings. Previ-
ous models [4], [20], [21], [22] copy normal regions and
paste them onto other normal regions to create disease-like
patterns. However, this leads to model overfitting, and the
anomalies do not appear realistic. Therefore, we utilized
a diffusion model to blend artificial anomalies, mimicking
real disease patterns more effectively. By incorporating
self-attention and multi-scale feature fusion, AnomaMed

achieves better text-image alignment, anomaly localization,
and interpretability in few-shot scenarios.

We validate AnomaMed on diverse datasets covering
various medical imaging types, demonstrating superior
performance over existing anomaly detectionmodels. Results
highlight its potential to assist medical professionals in
real-world diagnostics. The main contributions of our work
are:
• AnomaMed, a few-shot medical anomaly detection
framework extending CLIP with multi-scale feature
fusion and self-attentive prompt learning;

• AABM employing diffusion models to synthesize
realistic anomalies and improve generalization;

• Self-Attention-Based Prompt Learning to dynami-
cally refine textual prompts and enhance text–image
alignment in few-shot settings; and

• Prompt Feature Fusion Modules to hierarchically
integrate multi-scale image–text features for improved
anomaly localization.

The subsequent sections present the related work and pro-
posed methodology in detail, followed by the experimental
evaluation, and conclude with the final remarks.

II. RELATED WORK
MIAD has gained significant attention due to its potential
to assist clinicians in identifying abnormalities in medical
images such as X-rays,MRIs, and ultrasound scans. The chal-
lenge of limited labeled data, particularly for abnormal cases,
has driven research toward few-shot learning and vision-
language models. This section reviews key works in MIAD,
focusing on anomaly detection, vision-language pretraining,
and synthetic data augmentation, while highlighting the gaps
addressed by our proposed AnomaMed framework.

Early approaches to MIAD, such as those by Baugh et al.
[9] and Naval Marimont and Tarroni [11], utilized unsu-
pervised and self-supervised learning to detect anomalies
without requiring extensive labeled datasets. Baugh et al. [9]
proposed a multi-task learning approach to localize medical
anomalies by synthesizing tasks, achieving robust perfor-
mance on diverse imaging modalities. However, their method
struggles with subtle anomalies due to limited feature
granularity. Similarly, Naval Marimont and Tarroni [11]
employed implicit field learning for unsupervised anomaly
detection, but their approach lacks adaptability to few-shot
settings, limiting its applicability in data-scarce scenarios.

Recent advancements have leveraged vision-language
models, such as Contrastive Language-Image Pretraining
(CLIP), to improve anomaly detection by aligning image
and text representations. Tiu et al. [16] demonstrated
expert-level pathology detection in chest X-rays using self-
supervised CLIP-based learning, achieving high accuracy
without annotated data. However, their method requires large-
scale pretraining and struggles with fine-grained anomaly
localization. Similarly, You et al. [17] introduced CXR-CLIP,
a CLIP-based model for chest X-ray analysis, which excels in
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classification but lacks mechanisms for precise localization
in few-shot settings. MediCLIP [19], a CLIP adaptation
for medical anomaly detection, improves performance by
fine-tuning on medical datasets but relies on static prompt
embeddings, limiting its flexibility for dynamic text-image
alignment.

To address the scarcity of abnormal medical data, synthetic
anomaly generation has emerged as a critical technique.
Methods like CutPaste [4] and PatchSVDD [5] generate
anomalies by copying and pasting normal regions to create
disease-like patterns. While effective in some contexts, these
approaches often produce unrealistic anomalies, leading
to overfitting and poor generalization, as noted in our
manuscript. AnoDDPM [13] employs Denoising Diffusion
Probabilistic Models (DDPM) to generate anomalies, offer-
ing more realistic variations. However, AnoDDPM’s anoma-
lies lack medical specificity, reducing their effectiveness for
MIAD. Cai et al. [10] proposed a dual-distribution discrep-
ancy approach for chest X-ray anomaly detection, combining
synthetic anomalies with self-supervised refinement, but their
method is computationally intensive and less effective in low-
data regimes.

Prompt learning has become a cornerstone for adapting
vision-language models to specific tasks. Zhou et al. [18]
introduced context optimization for vision-language models,
enabling learnable prompt embeddings to improve down-
stream tasks. While effective for natural image classification,
their approach does not account for the complex patterns
in medical images. Our self-attention-based prompt learning
builds on this by dynamically refining prompts with multi-
head self-attention, enhancing text-image alignment for few-
shot MIAD. Similarly, Xiang et al. [12] proposed SQUID,
a deep feature in-painting method for anomaly detection, but
it lacks the multi-scale feature integration critical for precise
localization in medical imaging.

Despite these advancements, existing methods face chal-
lenges in few-shot MIAD, including limited adaptabil-
ity to diverse medical imaging modalities, reliance on
static prompts, and unrealistic synthetic anomalies. Our
AnomaMed framework addresses these gaps by integrat-
ing multi-scale feature fusion, self-attention-based prompt
learning, and the AABM. By leveraging DDPM with Perlin
noise-based masks, AABM generates realistic anomalies,
while multi-scale feature fusion and dynamic prompt learn-
ing enhance localization and generalization, outperforming
prior methods like MediCLIP [19], AnoDDPM [13], and
CutPaste [4] across diverse datasets.

III. PROPOSED METHOD
We propose AnomaMed, a multi-scale feature and prompt
learning framework for few-shot anomaly detection. It inte-
grates self-attention-based prompt learning, hierarchical
feature fusion, and synthetic anomaly generation to enhance
CLIP for improved anomaly localization. The AnomaMed
pipeline is shown in Fig. 2.

A. PROBLEM STATEMENT
Detecting medical anomalies from images when only a few
labeled examples are available is a difficult challenge. Medi-
cal images often contain subtle and diverse abnormalities, yet
collecting large, well-annotated datasets is time-consuming
and constrained by privacy and expert availability. Existing
vision–language models like CLIP are powerful but not
naturally tuned to capture these fine details or to adapt
when training data is scarce. Our work addresses this gap
by creating a framework that can learn from very limited
abnormal samples, generate realistic synthetic anomalies to
enrich training, and combine image and text information at
multiple scales to accurately identify and localize anomalies
across different types of medical images.

B. ARTIFICIAL ANOMALY BLENDING MODULE (AABM)
The AABM generates synthetic medical anomalies to mimic
fractures, proliferative abnormalities, tumors, and cysts,
enhancing anomaly detection in few-shot settings. AABM
employs a Denoising Diffusion Probabilistic Model (DDPM)
[23] to perturb normal images, introducing structured patho-
logical variations. The forward diffusion process adds noise
folllowing q(xt |x0) = N (xt ;

√
ᾱtx0, (1 − ᾱt )I ). while

the reverse process reconstructs images via pθ (xt−1|xt ) =
N (xt−1;µθ (xt , t), 6θ (xt , t)), where µθ (xt , t) is estimated by
a neural network. Anomalies are introduced by modifying
the variance using an anomaly strength factor s, leading to
pθ (x ′t−1|xt ) = N (x ′t−1;µθ (xt , t), (1+ s)6θ (xt , t))

where increasing s generates more distinct abnormalities
resembling fractures, abnormal proliferations, and mass
formations. The proposed method used pre-trained weights
of the DDPM model. To ensure realistic anomaly placement,
AABM applies Perlin noise-based masks to blend anomalies
into normal images:

A = M ⊙ I + (1− δ)(M ⊙ I )+ δ(M ⊙ P) (1)

where I is the normal image, P is the generated anomaly,M is
the mask,⊙ is the element-wise multiplication operation and
δ controls blending opacity. Adaptive thresholding ensures
anomalies align with medically relevant regions. AABM
image examples are presented by Fig. 3.

C. SELF-ATTENTION-BASED PROMPT LEARNING
CLIP relies on static prompt embeddings, which aremanually
designed or learned in isolation without contextual inter-
actions between tokens. While effective for natural image
classification, such prompts struggle to capture subtle and
fine-grained variations in medical images, where textual
alignment with complex pathological features is crucial.
To address this limitation, we introduce Self-Attention-Based
Prompt Learning, which enables dynamic refinement of
prompt representations, improving text-image alignment for
few-shot medical anomaly detection.

In our approach, the prompt structure follows the for-
mulation of [18], p = [V1][V2] . . . [VM ][CLS], where [V ]
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FIGURE 2. Complete workflow of the proposed AnomaMed framework for few-shot medical anomaly detection. The pipeline integrates (1) the Artificial
Anomaly Blending Module (AABM) to synthesize diverse anomalies, (2) self-attention-based prompt learning for dynamic text–image alignment, and (3)
multi-scale image–prompt feature fusion to refine hierarchical representations and produce accurate anomaly maps.

FIGURE 3. Visualization of medical anomaly localization results using AnomaMed.

FIGURE 4. Overview of self-attention-based prompt learning, where learnable context tokens are refined via
multi-head self-attention to produce enhanced prompts p′ for improved text–image alignment in few-shot anomaly
detection.

represents learnable context tokens, and [CLS] is a fixed
class token corresponding to medically relevant categories
such as healthy and disease. Unlike static prompts, these
learnable embeddings are optimized during training to
capture complex medical patterns. To balance expressiveness
and computational efficiency, we set the maximum number
of learnable tokens to M = 12. This ensures sufficient

representation capacity while maintaining training stability
and preventing overfitting.

To further enhance representation learning, we integrate
a multi-head self-attention (MHSA) mechanism, allowing
context-aware refinement of prompt embeddings. Given an
input prompt embedding matrix C ∈ Rnctx×d , where
nctx is the number of prompt tokens and d is the
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embedding dimension, self-attention is applied as:Q,K ,V =
CWq,C Wk ,C Wv, and A = softmax

(
QKT
√
d

)
V , where

Q,K ,V represent the query, key, and value projections, and
Wq,Wk ,Wv ∈ Rd×d are trainable weight matrices. This
process enables the model to capture dependencies among
prompt tokens, refining their contextual understanding.
The final self-attention-enhanced prompt representation is
formulated as:

p′ = [prefix,A, suffix] (2)

where A represents the attention-refined prompt embeddings,
ensuring amore adaptive and semantically rich representation
of medical features.

Incorporating self-attention into prompt learning enhances
context-aware feature refinement, text-image alignment, and
few-shot generalization, improving semantic consistency,
accurate anomaly mapping, and reducing reliance on manual
prompt design. Fig. 4 illustrates how learnable context
tokens are refined through multi-head self-attention to
produce enhanced prompt embeddings for improved text-
image alignment in medical anomaly detection.

D. MULTI-SCALE IMAGE AND PROMPT FEATURE FUSION
MODULES
The standard CLIP model is optimized for image-text
classification but lacks the capability for precise anomaly
detection and localization. To address this, we introduce
Multi-Scale Image and Prompt Feature Fusion Modules,
which enhance hierarchical feature extraction by incorporat-
ing multi-resolution spatial and contextual information from
both image and text modalities. These modules are applied at
layers 12, 20, and 24 of the CLIP image encoder, capturing
both low-level structural variations and high-level semantic
features to improve anomaly localization.

Given a medical image I ∈ RH×W×3 from the support
setD, we extract multi-scale feature representations using the
CLIP vision encoder. The feature maps from the 12th, 20th,
and 24th layers are denoted as:

{F12(I ),F20(I ),F24(I )}, Fj(I ) ∈ RHj×Wj×Cj (3)

where Hj,Wj,Cj represent the height, width, and number of
channels at layer j.

To integrate these multi-scale image features with textual
prompt embeddings, we introduce a multi-scale feature
fusion module 9j(·), which maps each extracted feature
into a shared representation space, aligning it with the
self-attention-enhanced prompt embeddings An and Aa.
The transformed feature representation is given by: Zj =
9j(Fj(I )), Zj ∈ RHj×Wj×C , where Zj represents the adapted
feature at layer j. The fusion process consists of a 1 ×
1 convolution for dimensionality transformation, followed
by a 3 × 3 convolution to incorporate spatial dependencies.
A ReLU activation introduces non-linearity to enhance
feature expressiveness.

To associate the transformed visual features with self-
attention-refined prompt embeddings, we compute cosine

Algorithm 1 AnomaMed: Few-Shot Medical Anomaly
Detection
Require: Normal image set I , query image Iq, text descrip-

tions Tn, Ta, CLIP encoders fv, ft , learnable prompts
[V1, . . . ,VM ], training steps T , learning rate η

Ensure: Anomaly map Sa, anomaly score Aq
1: Step 1: Artificial Anomaly Blending (AABM)
2: for each I ∈ D do
3: Generate synthetic anomaly via DDPM:

x ′t−1 ∼ N
(
µθ (xt , t), (1+ s)6θ (xt , t)

)
4: Blend anomaly P into I :

A = M ⊙ I + δ (M ⊙ P)

5: end for
6: Step 2: Self-Attention-Based Prompt Learning
7: Initialize prompts:

p = [V1, . . . ,VM ][CLS]

8: Compute embeddings C .
9: Apply self-attention:

A = softmax
(
QKT
√
d

)
V

10: Refine prompt:

p′ = [prefix,A, suffix]

11: Step 3: Multi-Scale Feature Fusion
12: for each j ∈ {12, 20, 24} do
13: Extract CLIP features Fj(I ).
14: Transform via 9j:

Zj = 9j
(
Fj(I )

)
15: Compute similarity with prompts:

Snj, Saj =
exp

(
(Zj,A)/τ

)∑
A
exp

(
(Zj,A)/τ

)
16: end for
17: Compute anomaly maps:

Sn, Sa = 1
3

∑
j

Upsample(Snj, Saj)

18: Step 4: Training and Optimization
19: Compute loss:

L = Lfocal
(
[Sn, Sa],Y

)
+ Ldice(Sa,Y )

20: Update model:

θ ← θ − η∇θL

21: Step 5: Inference
22: Extract features Fj(Iq), compute Sn, Sa.
23: Compute anomaly score:

Aq = max(Sa)

24: return Sa, Aq.
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similarity between Zj and the textual representations:

S(h,w)nj =

exp
(
(Z (h,w)
j

⊗
An)/τ

)
∑

A∈{An,Aa}
exp

(
(Z (h,w)
j

⊗
A)/τ

) ;

S(h,w)aj =

exp
(
(Z (h,w)
j

⊗
Aa)/τ

)
∑

A∈{An,Aa}
exp

(
(Z (h,w)
j

⊗
A)/τ

) (4)

where
⊗

represents cosine similarity, and τ is a temper-
ature scaling parameter. The similarity matrices Snj and
Saj are computed for each adapted multi-scale feature.
To integrate multi-scale information, the similarity matrices
from layers 12, 20, and 24 are upsampled to match
the original input resolution and averaged as Sn, Sa =
1
3

∑
j∈{12,20,24}

Upsample(Snj, Saj), where the resulting multi-

scale anomaly maps Sn and Sa highlight normal and
anomalous regions, respectively.

To optimize the learnable self-attention-enhanced prompts
and fusion modules, we define the objective function:L =
Lfocal([Sn, Sa],Y ) + Ldice(Sa,Y ), where Lfocal represents
Focal Loss to handle class imbalance, and Ldice represents
Dice Loss for precise segmentation of anomaly regions. The
notation [Sn, Sa] denotes channel-wise concatenation.
During inference, the query image is processed through

the Multi-Scale Image and Prompt Feature Fusion Modules
at layers 12, 20, and 24, and the pixel-wise anomaly map is
obtained from Sa, where the maximum value in Sa is used as
the image-level anomaly score.

The overall training and inference procedure of the pro-
posed AnomaMed framework is summarized in Algorithm 1.

IV. EXPERIMENTS
This section describes the datasets used to train and evaluate
our model. We then present both qualitative and quantitative
results, along with graphical patterns observed in the data.
The section concludes with ablation studies.

A. DATASETS AND IMPLEMENTATION DETAILS
We evaluated AnomaMed on three datasets: BrainMRI [24],
CheXpert [25], and BUSI [26]. BrainMRI contains 2D brain
MRI images of normal and tumor cases. CheXpert includes
224,316 chest radiographs from 65,240 patients, labeled with
14 diagnostic categories as positive, negative, or uncertain.
BUSI consists of 780 ultrasound images from 600 female
patients (ages 25–75), collected in 2018, categorized as
normal, benign, or malignant, with ground truth annotations
for breast cancer detection and segmentation.

We implemented AnomaMed using PyTorch with a fixed
random seed of 100, training and evaluating on images
resized to 224 × 224. The CLIP model, based on ViT-
L-14 with features extracted from layers 12, 20, and 24,
incorporates AABM for synthetic anomaly generation and
self-attention-based context optimization prompt learning

with a maximum of 12 learnable tokens. The key hyperpa-
rameters for the proposed method are summarized in Table 1.

TABLE 1. Key hyperparameters for the proposed approach.

B. RESULTS
Fig. 5 illustrates the medical anomaly localization results
obtained usingAnomaMed, organized in three columns. Each
column displays representative images from a specific dataset
along with the corresponding localization results. The first
column shows samples from the BUSI dataset, the second
from CheXpert, and the third from BrainMRI.

Table 2 reports the few-shot anomaly detection perfor-
mance (Image-AUROC %) of AnomaMed and baseline
methods across three medical imaging datasets: BrainMRI,
CheXpert, and BUSI, under varying shot settings (k =
4, 8, 16, 32).

AnomaMed consistently achieves the best results across
all datasets and settings. On BrainMRI, it reaches up to
98.0% AUROC with just 32 training samples, outperforming
the next-best method (MediCLIP) by a notable margin.
Similar trends are observed on CheXpert and BUSI, where
AnomaMed achieves 75.1% and 93.0% AUROC, respec-
tively, at k = 32. Notably, AnomaMed shows strong
performance even in low-shot settings (k = 4), highlighting
its robustness in data-scarce scenarios.

These results confirm that the multi-scale feature fusion,
self-attention-based prompt learning, and AABM module
work together to provide a robust and effective framework for
few-shot medical anomaly detection across diverse imaging
modalities, delivering 2–3 % gains over MediCLIP on
BrainMRI andBUSI and about 1–2%on the harder CheXpert
set, and demonstrating strong cross-modality generalization
even in low-shot settings.

Fig.6 visually complements the tabulated results by
highlighting the consistent performance gains of AnomaMed
across datasets and increasing shot counts, making overall
trends and method comparisons easier to interpret.
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FIGURE 5. Visualization of medical anomaly localization results using AnomaMed.

AnomaMed demonstrates superior performance in few-
shot anomaly localization on the BUSI dataset, consistently
surpassing existing methods in effectively localizing lesion
regions, as presented in Table 3.

Compared with baseline anomaly detection approaches,
which primarily rely on single-scale visual features or
handcrafted anomaly patterns, AnomaMed demonstrates
more stable and accurate performance across datasets
and shot settings. This improvement can be plausibly

explained by the proposed multi-scale feature fusion,
which captures both fine-grained structural variations and
higher-level contextual cues essential for detecting subtle
medical abnormalities. In addition, the self-attention-based
prompt learning mechanism dynamically refines textual
representations, enabling more effective alignment between
image regions and anomaly-related semantics, particularly
in low-shot scenarios. The Artificial Anomaly Blend-
ing Module further enhances generalization by exposing
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TABLE 2. Few-shot anomaly detection performance (Image-AUROC %): Comparison of AnomaMed and other methods across three datasets.

FIGURE 6. Few-shot anomaly detection performance across different datasets and methods. The plots illustrate Image-AUROC (%) versus the number of
shots (k) for BrainMRI, CheXpert, and BUSI datasets. The bottom-right panel focuses exclusively on AnomaMed’s performance.

TABLE 3. Few-shot anomaly localization performance (Pixel-AUROC %): Comparison of AnomaMed and other methods on the BUSI dataset.

the model to diverse and realistic synthetic anomalies
during training, reducing overfitting commonly observed

in conventional augmentation strategies. Together, these
components explain the consistent performance gains of
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AnomaMed over baseline methods across different medical
imaging modalities.

C. ABLATION STUDIES
To evaluate the efficacy of the key components in
AnomaMed, we conduct ablation studies on the BrainMRI
dataset using Image-AUROC (%) as the evaluation metric
(Table 4). The analysis focuses on two core components:
self-attention-based prompt learning and multi-scale image
feature fusion.

We first examine the effect of prompt token length while
fixing the image encoder to the final (24th) layer. Increasing
the token length from 8 to 12 improves performance from
94.28% to 94.71%, indicating that more expressive prompt
representations better capture anomaly-related semantics.
This validates the necessity of sufficient learnable context
tokens for effective prompt learning.

We then evaluate multi-scale feature fusion by varying
encoder layer combinations with the token length fixed at 12.
Multi-layer configurations consistently outperform single-
layer or shallow-layer settings. The best result of 97.77% is
achieved using layers 12, 20, and 24, confirming that com-
bining mid-level structural and high-level semantic features
is critical for accurate anomaly detection. The performance
drop observed with simpler configurations demonstrates that
multi-scale fusion is an essential component. In addition
to component-level ablations, Table 5 reports zero-shot
anomaly detection results across different train–test dataset
combinations using a fixed support set of k = 16. These
results provide further insight into the generalization ability
of AnomaMed when applied to unseen medical imaging
domains.

TABLE 4. Performance of various token lengths and image encoder layers
on BrainMRI with Image-AUROC (%).

TABLE 5. Zero-shot anomaly detection results of AnomaMed with
k = 16 support set.

Overall, the ablation results confirm that both self-
attention-enhanced prompt representations and multi-scale
feature fusion are necessary for achieving robust few-shot
anomaly detection in AnomaMed.

V. DISCUSSION
While AnomaMed achieves strong performance in few-
shot medical anomaly detection, several limitations merit
discussion. First, the framework relies on a CLIP backbone
pretrained on natural images, which may limit its ability
to capture fine-grained medical semantics, especially for
rare or subtle abnormalities. Incorporating medical-specific
vision–language pretraining could further enhance domain
alignment.

Second, although the AABM module improves general-
ization, the generated anomalies are not explicitly guided
by anatomical or pathological priors, which may affect
realism in complex clinical cases. Future work could integrate
anatomy-aware or pathology-conditioned diffusionmodels to
address this limitation.

Finally, AnomaMed currently operates on 2D images and
assumes a fixed data distribution. Extending the framework
to 3D and longitudinal imaging data, as well as incorporating
domain-adaptive or continual learning strategies, would
improve robustness and facilitate deployment in evolving
clinical environments.

VI. CONCLUSION
This study explores a novel avenue in MIAD under few-shot
settings, introducing AnomaMed, a multi-scale feature and
prompt learning framework. By integrating Prompt Feature
Fusion Modules, self-attention-based prompt learning, and
the AABM, our approach enhances anomaly localization
and generalization. AnomaMed outperforms existing models
on BrainMRI, CheXpert, and BUSI, covering a broad
range of medical imaging modalities, including MRI, X-
ray, and ultrasound. Our findings validate its effectiveness,
establishing AnomaMed as a promising clinical tool for
medical diagnostics, paving the way for real-world appli-
cations in healthcare. Looking ahead, future work will
focus on adopting a report-based vision–language framework
that leverages descriptive radiological reports instead of
class-level labels, enabling joint diagnosis and explanation
generation. Further extensions include applying AnomaMed
to 3D and longitudinal medical imaging, integrating domain-
adaptive and continual learning for evolving clinical settings,
and developing anatomy-aware anomaly synthesis to improve
the realism and specificity of generated abnormalities.
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