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 a b s t r a c t

Accurate detection of anomalies in medical images is of paramount importance for the early diagnosis and effec-
tive treatment of diseases. Nevertheless, the task is often impeded by the scarcity of labeled data, especially in 
specialized medical domains, which necessitates the development of few-shot learning methods that can general-
ize well from limited examples. Despite the strong representation capacity of recent pretrained models, existing 
few-shot anomaly detection methods still struggle in medical scenarios, as patch-level representations are often 
dominated by stable anatomical structures or repetitive textures rather than subtle pathological deviations. As a 
result, anomaly-relevant cues are suppressed at the representation level, giving rise to background-driven false 
positives even before anomaly scoring is applied. Moreover, the anomaly classification scores may be dispropor-
tionately influenced by localized prominent noise or artifacts, rather than accurately reflecting the true extent 
of abnormalities across the entire image, resulting in unreliable detection results.
 To address these challenges, we propose a novel few-shot medical image anomaly detection framework that 
incorporates two innovative Plug-and-Play modules: a Centroid Consultation Back (CCB) module, which refines 
patch-level representations by introducing intermediate semantic anchors that provide global contextual feed-
back, suppressing background-dominated responses while enhancing weak but consistent anomaly cues; and a 
Test-Time Self-Calibration (TSC) module, which calibrates anomaly scores at the decision level using test-time 
distribution statistics, ensuring that image-level predictions reflect the relative severity of abnormalities without 
modifying the underlying representations or requiring additional training.
 Evaluated on multi-modality datasets, our framework achieves state-of-the-art performance, with average AU-
ROCs of 82.16% (classification) and 96.50% (localization), offering a robust solution for clinical use. Homepage 
and code: https://wylab.sdu.edu.cn/syym/Few_shot_Medical_Anomaly_Detection_through_Centroi.htm.

1.  Introduction

Medical image anomaly detection assumes a pivotal role in the 
early diagnosis and treatment of diseases, where the accurate identi-
fication of abnormal regions enables doctors to detect lesions at an ear-
lier stage, thereby enhancing treatment efficacy and patient survival 
rates [1]. Nevertheless, the scarcity of medical image data presents a 
formidable challenge, given the close association with patient privacy 
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and the low proportion of abnormal data, which makes collecting large-
scale annotated data difficult [2]. As a result, this scarcity of annotated 
data circumscribes the application of traditional supervised learning ap-
proaches, which generally necessitate substantial amounts of labeled 
samples for reliable model training [3].

In this context, unsupervised learning methods have emerged, which 
do not require labeled data and can learn anomaly features directly 
from normal data. However, unsupervised methods also face numerous
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$K$


$\mathcal {D}_{\text {train}} = \{\mathbf {I}_i\}_{i=1}^K$


\begin {equation}\mathbf {F}_{\text {global}}, \mathbf {F}_{\text {local}} = \text {Encoder}_{\text {vis}}(\mathbf {I}) \label {Xeqn1-1}\end {equation}


$\mathbf {I} \in \mathbb {R}^{3 \times H \times W}$


$\mathbf {F}^{(l)} \in \mathbb {R}^{h_l \times w_l \times d_l}$


$\mathcal {M}$


\begin {equation}\mathcal {M} = \{\mathbf {F}^{(l)}_i \mid i=1,\ldots ,K; l=1,\ldots ,L\} \label {Xeqn2-2}\end {equation}


$K$


\begin {equation}\mathbf {F}_{\text {cent}} = \text {CCB}(\mathbf {F}_{\text {local}}) \label {Xeqn3-3}\end {equation}


$\mathbf {P}_{\text {n}}$


\begin {equation}\mathcal {L}_{\text {total}} = \mathcal {L}_{\text {patch}} + \mathcal {L}_{\text {triplet}} + \mathcal {L}_{\text {global}} \label {Xeqn4-4}\end {equation}


$\mathcal {L}_{\text {patch}}$


\begin {equation}\mathcal {L}_{\text {patch}} = -\frac {1}{N}\sum _{i=1}^{N} \log \left ( \frac {\exp (s_{pn}/\tau )} {\exp (s_{pn}/\tau ) + \exp (s_{pa}/\tau )} \right ) \label {Xeqn5-5}\end {equation}


$s_{pn} = \langle \mathbf {F}_{\text {cent}}^{(i)},\psi (\mathbf {P}_{\text {n}})\rangle $


$s_{pa} = \langle \mathbf {F}_{\text {cent}}^{(i)},\psi (\mathbf {P}_{\text {a}})\rangle $


$N$


$\tau $


$\psi $


$\mathcal {L}_{\text {triplet}}$


\begin {equation}\mathcal {L}_{\text {triplet}} = \max (0, \|(\mathbf {F}) - \psi (\mathbf {P}_{\text {n}})\|_2^2 - \|(\mathbf {F}) - \psi (\mathbf {P}_{\text {a}})\|_2^2 + m) \label {Xeqn6-6}\end {equation}


$m$


$\mathcal {L}_{\text {global}}$


\begin {equation}\mathcal {L}_{\text {global}} = -\frac {1}{N}\sum _{i=1}^{N} \log \left ( \frac {\exp (s_{gn}/\tau )} {\exp (s_{gn}/\tau ) + \exp (s_{ga}/\tau )} \right ) \label {Xeqn7-7}\end {equation}


$s_{gn} = \langle \mathbf {F}_{\text {global}}^{(i)},\psi (\mathbf {P}_{\text {n}})\rangle $


$s_{ga} = \langle \mathbf {F}_{\text {global}}^{(i)},\psi (\mathbf {P}_{\text {a}})\rangle $


$\mathbf {F}_{\text {global}}^{(i)}$


$i$


$1\times 1$


\begin {equation}\mathbf {P}_{\text {center}} = \text {CPK}(\mathbf {X}) \label {Xeqn8-8}\end {equation}


$\mathbf {X} \in \mathbb {R}^{B \times C \times H \times W}$


\begin {equation}\mathbf {Q} = \text {GumbelSoftmax}(\mathbf {P}_{\text {center}}, \gamma ) \label {Xeqn9-9}\end {equation}


$\gamma $


\begin {equation}\mathbf {C}^{(t+1)} = \text {Self-Attention}\left (\frac {\mathbf {Q}^{(t)} \mathbf {X}}{\sum \mathbf {Q}^{(t)}}\right ) \label {Xeqn10-10}\end {equation}


$\mathbf {C}^{(t)} \in \mathbb {R}^{B \times M \times C}$


$t$


\begin {equation}\mathbf {F}_{\text {cent}} = \mathbf {X} + f_{\text {recon}}(\mathbf {Q}^{(T)} \mathbf {C}^{(T)}) \label {Xeqn11-11}\end {equation}


$f_{\text {recon}}$


\begin {equation}\mathbf {W}_{ij} = \frac {\mathbf {F}_{\text {global}}^{(i)T} \mathbf {F}_{\text {global}}^{(j)}}{\|\mathbf {F}_{\text {global}}^{(i)}\| \|\mathbf {F}_{\text {global}}^{(j)}\|} \label {Xeqn12-12}\end {equation}


$\mathbf {F}_{\text {global}}^{(i)} \in \mathbb {R}^d$


$i$


$k$


\begin {equation}k_i = \max \left (k, \sum _{j=1}^{N} \mathbb {I}(\mathbf {W}_{ij} > \theta ) - 1\right ) \label {Xeqn13-13}\end {equation}


$\theta = \text {percentile}(\mathbf {W}, \beta )$


\begin {equation}\mathbf {W}_{ij}^{\text {adaptive}} = \begin {cases} \mathbf {W}_{ij} & \text {if } j \in \mathcal {N}(i) \\ 0 & \text {otherwise} \end {cases} \label {Xeqn14-14}\end {equation}


\begin {equation}\mathbf {s}^{(t+1)} = \alpha \mathbf {P} \mathbf {s}^{(t)} + (1 - \alpha ) \mathbf {s}^{(0)} \label {Xeqn15-15}\end {equation}


$\mathbf {s}^{(0)}$


$(1-\alpha )\mathbf {s}^{(0)}$


$k$


$\mathcal {K}$


\begin {equation}\mathbf {s}^{\text {opt}} = \sum _{k \in \mathcal {K}} w_k \mathbf {s}^{(k)} \label {Xeqn16-16}\end {equation}


\begin {equation}\hat {s}_i = \left ( \frac {s_i^{\text {opt}} - \min _j s_j^{\text {opt}}}{\max _j s_j^{\text {opt}} - \min _j s_j^{\text {opt}}} \right ) (\max _j s_j^{(0)} - \min _j s_j^{(0)}) + \min _j s_j^{(0)} \label {Xeqn17-17}\end {equation}


\begin {equation}s_{\text {anomaly}} = \text {sim}(\mathbf {F}_{\text {img}}, \mathbf {F}_{\text {text}}) \label {Xeqn18-18}\end {equation}


$\mathbf {F}_{\text {img}}$


$\mathbf {F}_{\text {text}}$


\begin {equation}s_{\text {memory}} = \frac {1}{|\mathcal {M}|}\sum _{\mathbf {F}_{\text {mem}}\in \mathcal {M}}\text {sim}(\mathbf {F}_{\text {cent}}, \mathbf {F}_{\text {mem}})e \label {Xeqn19-19}\end {equation}


\begin {equation}s_{\text {fused}} = \frac {2 \cdot s_{\text {anomaly}} \cdot s_{\text {memory}}}{s_{\text {anomaly}} + s_{\text {memory}}} \label {Xeqn20-20}\end {equation}


\begin {equation}\hat {s}_{\text {final}} = \text {TSC}\left (\max (\mathbf {S}_{\text {map}})\right ) \label {Xeqn21-21}\end {equation}


$\mathbf {S}_{\text {map}}$


$\hat {s}_{\text {final}}$


$240\times 240$


$\gamma = 0.1$


$M=20$


$\mathcal {K}=\{11,13,15\}$


$\beta =0.7$


$\alpha =0.9$


$M$


$M$


$M$


$M=20$


$\mathcal {K}$


$\mathcal {K}$


$\gamma $


$\gamma $


$\gamma \geq 0.2$
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challenges, which require a large amount of normal data to train the 
model to ensure that the model learns effective feature representa-
tions[4]. Furthermore, the training process often requires extensive 
computing resources, which not only increases hardware costs but also 
limits their scalability in real-world medical scenarios [5].

In recent years, few-shot learning have gradually gained attention 
in medical image anomaly detection, which aims to effectively train 
models using limited labeled data to improve model generalization [6]. 
Current few-shot approaches have evolved along three main directions: 
feature representation methods that model normal feature distributions, 
reconstruction-based approaches that identify anomalies through re-
construction errors, and distillation frameworks that leverage teacher-
student discrepancies. While these methods have shown promising re-
sults, they collectively face significant challenges in medical applica-
tions.

Specifically, under such limited supervision, models often struggle 
to learn representations that align with clinically meaningful anomaly 
cues, as subtle pathological variations are easily overshadowed by dom-
inant anatomical structures in medical images [7], making it difficult 
to distinguish subtle pathological features from complex background 
noise, leading to high false positive rates [8]. In medical images, such 
background noise typically corresponds to normal but visually dominant 
anatomical structures or repetitive textures, which tend to overshadow 
subtle pathological variations in the learned representation space un-
der limited supervision. As a result, anomaly-relevant cues can be sup-
pressed at the representation level, causing background-driven false pos-
itives to emerge even before any anomaly scoring is applied. More-
over, existing methods are highly susceptible to local imaging artifacts 
and anatomical variations, which can further distort anomaly scores at 
the decision stage and result in unreliable detection outcomes [9].The 
sparse supervision in few-shot settings further exacerbates these issues, 
as decision boundaries tend to lie within the noise manifold, making 
them vulnerable to being dilated by acquisition artifacts into an irre-
ducible false-positive regime.

To address these challenges, we propose a novel framework incor-
porating two complementary Plug-and-Play modules. Inspired by recent 
advances in vision-language models for anomaly detection [10,11], we 
leverage the potential of multimodal learning for improving anomaly 
detection performance. Our framework explicitly targets two sources of 
misalignment in few-shot medical anomaly detection: representation-
level dominance of anomaly-irrelevant structures and decision-level dis-
tortion of anomaly scores under test-time variability. For the challenge 
of distinguishing subtle pathological features from background noise, 
we propose the Centroid Consultation Back (CCB) module, which re-
fines patch-level representations by introducing intermediate semantic 
anchors that provide global contextual feedback. This design enables the 
model to better capture clinically relevant pathological patterns while 
effectively suppressing background interference. Furthermore, to mit-
igate the adverse effects of local noise and artifacts on anomaly scor-
ing, we introduce the Test-Time Self-Calibration (TSC) module. Rather 
than modifying representations, this module calibrates anomaly scores 
at the decision level using test-time distribution statistics, ensuring that 
anomaly scores accurately reflect the true abnormality level across the 
entire image, rather than being disproportionately influenced by local-
ized artifacts. In addition, we compute training loss by integrating both 
global and local features, which are compared against textual features, 
thereby enhancing the overall precision and reliability of the anomaly 
detection process.

Our framework was extensively experimented on six medical image 
datasets spanning five imaging modalities. The results demonstrate that 
the CCB module significantly reduces false positives and improves the 
detection of subtle anomalies, while the TSC module ensures the accu-
racy and consistency of anomaly scores. Our framework achieves state-
of-the-art performance in both anomaly classification and localization 
with an average AUROC of 82.16% and 96.50% respectively, signifi-
cantly outperforming existing methods. This demonstrates the signif-

icant advantages of our framework in few-shot anomaly detection in 
medical images, providing a robust and efficient solution for clinical 
anomaly detection.

The key contributions are:

• We propose a novel framework for few-shot anomaly detection in 
medical images. This framework integrates global and local features 
and compares them with textual features to optimize the compu-
tation of anomaly maps, significantly improving the accuracy and 
reliability of anomaly detection.

• We introduce the Centroid Consultation Back (CCB) module to re-
fine patch-level representations by suppressing anomaly-irrelevant 
anatomical structures and enhancing subtle pathological cues under 
limited supervision.

• We propose the Test-Time Self-Calibration (TSC) module, which cal-
ibrates anomaly scores at inference time to correct decision-level dis-
tortions caused by local noise and artifacts.

• Extensive experiments on multiple medical image datasets demon-
strate that this framework achieves an average AUROC of 82.16% 
on anomaly classification and 96.50% on anomaly localization, sig-
nificantly outperforming existing methods.

2.  Related works

Medical image anomaly detection methods mainly fall into three 
paradigms: feature representation, image reconstruction, and knowl-
edge distillation, each addressing the unsupervised setting-learning 
solely from normal data-through different mechanisms [12].

2.1.  Feature representation-based methods

Feature representation-based approaches detect anomalies by mod-
eling the distribution of normal features and identifying deviations. 
PatchCore [13] improves efficiency via feature subsampling but may 
miss subtle pathological patterns in low-density regions, which is criti-
cal for medical imaging.

Memory-guided methods [14] introduce prototype memories to 
model normal pattern diversity, reducing over-representation and im-
proving anomaly separation, while MOCCA [15] captures multi-scale 
normality through hierarchical distributions but remains sensitive to 
inter-patient anatomical variation.

Despite their effectiveness, these methods often struggle to jointly 
preserve fine-grained pathological details and global contextual consis-
tency, limiting robustness across heterogeneous anatomical presenta-
tions.

2.2.  Reconstruction-based methods

Reconstruction-based methods identify anomalies through elevated 
reconstruction errors when decoding normal patterns. Autoencoder-
based approaches [16] preserve structural information but are sensitive 
to imaging artifacts, while GAN-based inpainting methods [17] struggle 
with diffuse or boundary-less pathologies.

Recent works reconstruct semantic features instead of raw pixels 
to mitigate these issues. ADTR [18] employs transformers to restrict 
anomaly reconstruction while preserving normal representations. More-
over, Hetero-AE [19] introduces a heterogeneous auto-encoder archi-
tecture for medical anomaly detection. By using a convolutional neural 
network (CNN) as the encoder and a hybrid CNN-Transformer network 
as the decoder, Hetero-AE enables the model to capture intrinsic in-
formation from normal data while enlarging the difference on abnor-
mal samples, addressing the challenges of pixel-wise reconstruction and 
overfitting.

Nevertheless, reconstruction-based methods remain limited by their 
reliance on global reconstruction metrics and their tendency to halluci-
nate plausible tissue patterns, which can obscure subtle anomalies.
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Fig. 1. Overview of the anomaly detection framework for few-shot medical images. CLIP-encoder extracts global CLS features and local patch features simultaneously 
from input images. The CCB module refines patch-level representations by introducing global semantic feedback, suppressing background-driven responses and 
enhancing subtle anomaly cues. During the test phase, the TSC module calibrates anomaly scores at the decision level using test-time distribution statistics, mitigating 
the influence of localized noise and artifacts. Global and local features are jointly aligned with textual representations to optimize both localization and classification 
objectives.

2.3.  Distillation-based methods

Distillation-based approaches detect anomalies by amplifying dis-
crepancies between teacher and student representations. RD4AD [20] 
exploits multi-scale discrepancies but inherit biases from domain-
agnostic teachers and often suppress fine-grained lesion details.

IKD [21] further addresses overfitting by distilling informative fea-
tures, while reverse distillation variants [22] introduce latent anomaly 
suppression to mitigate abnormal pattern leakage.

Overall, distillation-based methods often struggle to provide 
anatomy-aware guidance and stable anomaly scoring, leading to blurred 
lesion boundaries and elevated background false positives due to insuf-
ficient integration of global context and local pathology.

3.  Method

3.1.  Visual language model workflow

Our proposed few-shot medical image anomaly detection framework 
builds upon a pre-trained vision-language model (CLIP) [23] and in-
tegrates two Plug-and-Play modules that operate at different stages of 
the detection pipeline: the Centroid Consultation Back (CCB) module 
for representation refinement and the Test-Time Self-Calibration (TSC) 
module for anomaly score calibration.

Given a support set of 𝐾-shot normal images train = {𝐈𝑖}𝐾𝑖=1, we 
extract multi-scale visual features using the CLIP image encoder with 
the V-V attention mechanism proposed in CLIP-Surgery [24], which en-
hances local feature sensitivity while preserving the original represen-
tation structure. For each image, the encoder outputs a global feature 
vector and patch-level features, which together form the basis for sub-
sequent representation refinement and anomaly scoring:
𝐅global,𝐅local = Encodervis(𝐈) (1)

To support few-shot inference, intermediate visual features extracted 
from normal samples are cached as reference statistics rather than ex-
plicit prototypes. For each input image 𝐈 ∈ ℝ3×𝐻×𝑊 , the encoder pro-
duces intermediate feature maps 𝐅(𝑙) ∈ ℝℎ𝑙×𝑤𝑙×𝑑𝑙  from multipl e layers, 
which are stored in a memory bank :

 = {𝐅(𝑙)
𝑖 ∣ 𝑖 = 1,… , 𝐾; 𝑙 = 1,… , 𝐿} (2)

The memory bank caches multi-scale visual features extracted from 
𝐾 normal training images and provides a lightweight normality prior 

at inference time. Rather than performing hard retrieval, we aggregate 
similarities over the cached normal patterns to obtain a stable normal-
reference score that complements the image-text anomaly evidence.

Subsequently, the CCB module processes the patch-level features to 
produce refined representations that emphasize anomaly-relevant vari-
ations while suppressing dominant background structures:
𝐅cent = CCB(𝐅local) (3)

For the text branch, learnable prompts for both normal and abnormal 
classes are encoded by the CLIP text encoder. Following PromptAD [7] 
and AdaCLIP [25], the normal prompts 𝐏n are fully learnable, while 
abnormal prompts combine a fixed manually-designed component and 
a learnable component to enrich anomaly semantics.

Global and refined local visual features are jointly aligned with 
textual representations through a multi-objective learning scheme, en-
abling consistent optimization of image-level classification and pixel-
level localization without introducing additional supervision. To align 
visual and textual features, we employ a multi-objective loss function 
consisting of three complementary components:
total = patch + triplet + global (4)

where patch denotes the patch-level image-text contrastive loss that 
maximizes the similarity between local image features and normal text 
features while minimizing similarity to abnormal text features:

patch = − 1
𝑁

𝑁
∑

𝑖=1
log

( exp(𝑠𝑝𝑛∕𝜏)
exp(𝑠𝑝𝑛∕𝜏) + exp(𝑠𝑝𝑎∕𝜏)

)

(5)

where 𝑠𝑝𝑛 = ⟨𝐅(𝑖)
cent, 𝜓(𝐏n)⟩, 𝑠𝑝𝑎 = ⟨𝐅(𝑖)

cent, 𝜓(𝐏a)⟩, 𝑁 is the number of 
samples, 𝜏 is the temperature parameter scaling the logits, and 𝜓 is 
global feature projector consisting of two layers of fully connected resid-
ual branches with ReLU activation. triplet represents the triplet margin 
loss that enhances the discrimination between normal and abnormal 
features:

triplet = max(0, ‖(𝐅) − 𝜓(𝐏n)‖22 − ‖(𝐅) − 𝜓(𝐏a)‖22 + 𝑚) (6)

where 𝑚 is the margin value that controls the separation degree between 
positive and negative pairs.

global indicates the global feature alignment loss:

global = − 1
𝑁

𝑁
∑

𝑖=1
log

( exp(𝑠𝑔𝑛∕𝜏)
exp(𝑠𝑔𝑛∕𝜏) + exp(𝑠𝑔𝑎∕𝜏)

)

(7)
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where 𝑠𝑔𝑛 = ⟨𝐅(𝑖)
global, 𝜓(𝐏n)⟩, 𝑠𝑔𝑎 = ⟨𝐅(𝑖)

global, 𝜓(𝐏a)⟩, 𝐅
(𝑖)
global represents 

the global [CLS] token feature of the 𝑖th sample. This ensures consis-
tency between global image features and text representations in both 
normal and abnormal semantic spaces.

3.2.  Centroid consultation back (CCB) module

The Centroid Consultation Back (CCB) module is designed to re-
fine patch-level representations under limited supervision by correct-
ing representation-level dominance of anomaly-irrelevant structures. 
Rather than using centroids as explicit decision references for feature 
matching or anomaly scoring, as in prototype- or clustering-based meth-
ods, CCB treats centroids as intermediate semantic anchors that aggre-
gate global contextual statistics and actively modulate local representa-
tions through a feedback mechanism. Specifically, the assignment-based 
aggregation groups patches according to the consistency of their feature 
responses rather than spatial proximity, allowing semantically coherent 
but spatially scattered anomaly cues to be jointly integrated into the 
same centroid representation. As a result, centroid features capture low-
variance semantic modes under few-shot supervision, providing a stable 
global context that feeds back to local patches and improves anomaly 
separability at the representation level.

This consultation mechanism enables subtle pathological cues to be 
enhanced while suppressing visually dominant but anomaly-irrelevant 
background patterns. At its core, CCB decouples centroid estimation 
from anomaly decision. The centroids are not used as explicit refer-
ence embeddings for similarity-based classification; instead, they serve 
as context carriers that mediate information exchange between local 
patches and global feature statistics.

The technical workflow begins with center probability prediction 
using the Centroid Predictor Kernel (CPK), which is implemented as a 
lightweight 1 × 1 convolutional assignment predictor. CPK predicts as-
signment logits that indicate the affinity between each spatial location 
and a fixed set of latent centroid slots, from which centroid features 
are subsequently constructed via weighted aggregation of local features. 
These logits are optimized jointly with the backbone in an end-to-end 
manner.

𝐏center = CPK(𝐗) (8)

where 𝐗 ∈ ℝ𝐵×𝐶×𝐻×𝑊  is the input feature map. To stabilize optimiza-
tion under few-shot supervision, we employ Gumbel-Softmax sampling 
to obtain stochastic hard assignments:
𝐐 = GumbelSoftmax(𝐏center, 𝛾) (9)

where 𝛾 denotes the assignment temperature that controls the sharpness 
of the stochastic routing.

Given the current assignment matrix, centroid features are computed 
as weighted aggregations of local features and iteratively refined:

𝐂(𝑡+1) = Self-Attention
(

𝐐(𝑡)𝐗
∑

𝐐(𝑡)

)

(10)

where 𝐂(𝑡) ∈ ℝ𝐵×𝑀×𝐶 denotes the centroid features at iteration 𝑡.
This stochastic assignment avoids reliance on fixed initialization or 

warm-up strategies, while enabling flexible aggregation of local fea-
tures. The iterative refinement is not intended to form stable clusters, 
but to progressively integrate global contextual information into the 
centroid representations.

After refinement, the globally-enhanced centroid features are broad-
cast back to the spatial domain to correct local representations:
𝐅cent = 𝐗 + 𝑓recon(𝐐(𝑇 )𝐂(𝑇 )) (11)

where 𝑓recon is a lightweight reconstruction projection. This residual 
consultation step injects global semantic context into local features with-
out altering their spatial structure, yielding representation-level correc-
tion rather than explicit re-clustering. The consultation mechanism en-
ables subtle pathological cues to be enhanced while suppressing visually 
dominant but anomaly-irrelevant background patterns.

Fig. 2. Workflow of the Test-Time Self-Calibration (TSC) module. TSC operates 
exclusively on anomaly scores at inference time and does not modify visual 
representations. Initial scores are calibrated via similarity-aware propagation to 
suppress localized noise while preserving global score ordering.

The detailed procedure of the Centroid Consultation Back (CCB) 
module is summarized in Algorithm 1. 

Algorithm 1 Centroid Consultation Back (CCB).
Require: Input feature 𝐗 ∈ ℝ𝐵×𝐶×𝐻×𝑊 , centroids 𝑀 , iterations 𝑇 , temperature 

𝛾
Ensure: Enhanced feature 𝐘 ∈ ℝ𝐵×𝐶×𝐻×𝑊

1: 1. Center Initialization
2: 𝐏 ← Conv1×1(𝐗) ⊳ Predict center probabilities
3: 𝐐 ← GumbelSoftmax(𝐏, 𝜏 = 𝛾) ⊳ Hard assignment
4: 𝐂 ←WeightedAverage(𝐗,𝐐) ⊳ Initial centroids
5: 2. Iterative Refinement
6: for 𝑡 = 1 to 𝑇  do
7:  𝐒 ← Similarity(𝐂,𝐗) ⊳ Cosine similarity
8:  𝐐 ← Softmax(𝐒∕𝛾) ⊳ Update assignments
9:  𝐂 ←WeightedAverage(𝐗,𝐐) ⊳ Update centroids
10: end for
11: 3. Global Context Integration
12: 𝐂refined ← SelfAttention(𝐂) ⊳ Enhance centroids with global context
13: 4. Feature Reconstruction
14: 𝐗recon ← Broadcast(𝐂refined,𝐐) ⊳ Map back to pixel space
15: 𝐘 ← 𝐗 + Conv1×1(𝐗recon) ⊳ Residual connection
16: return 𝐘

3.3.  Test-time self-calibration (TSC)

Inspired by calibration approaches such as MUSC [9] and Batch-
Normalization [26], which optimize anomaly scores using multiple test 
samples simultaneously without explicitly requiring supervision or re-
training, the Test-Time Self-Calibration (TSC) module also leverages a 
multiple samples inference setup.

The TSC module (Fig. 2) addresses the tendency of localized noise or 
artifacts to disproportionately inflate image-level anomaly scores in few-
shot settings. Unlike graph-based smoothing or kNN similarity propaga-
tion methods that typically rely on neighborhood-based score aggrega-
tion across similar samples, TSC formulates calibration as a constrained 
score redistribution process that preserves the global ordering of the 
original scores while attenuating isolated extreme responses. The opti-
mization is fully training-free and operates only during inference.

The calibration process begins by constructing a similarity graph 
based on global visual representations:

𝐖𝑖𝑗 =
𝐅(𝑖)𝑇
global𝐅

(𝑗)
global

‖𝐅(𝑖)
global‖‖𝐅

(𝑗)
global‖

(12)

where 𝐅(𝑖)
global ∈ ℝ𝑑 denotes the [CLS] feature of the 𝑖th test sample. 

These similarities are used only to define score proximity, rather than 
to propagate features or semantic labels.

Instead of relying on fixed 𝑘-nearest neighbors or heuristic thresh-
olds, we adopt an adaptive neighborhood strategy that balances local 
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connectivity and global sparsity:

𝑘𝑖 = max

(

𝑘,
𝑁
∑

𝑗=1
𝕀(𝐖𝑖𝑗 > 𝜃) − 1

)

(13)

where 𝜃 = percentile(𝐖, 𝛽) controls graph sparsity. This adaptive selec-
tion avoids excessive smoothing while ensuring sufficient contextual 
support for calibration.

The adjacency matrix is constructed as:

𝐖adaptive
𝑖𝑗 =

{

𝐖𝑖𝑗 if 𝑗 ∈  (𝑖)
0 otherwise

(14)

To calibrate anomaly scores, we employ a PageRank-style iterative 
update:

𝐬(𝑡+1) = 𝛼𝐏𝐬(𝑡) + (1 − 𝛼)𝐬(0) (15)

where 𝐬(0) denotes the initial anomaly scores. This procedure redis-
tributes anomalous evidence, mitigating the impact of isolated extreme 
values without enforcing global smoothing. The restart term (1 − 𝛼)𝐬(0)
anchors the propagation to the original anomaly evidence, preventing 
the iterative process from drifting toward spurious consensus under 
noisy similarity neighborhoods and ensuring convergence to a stable, 
order-preserving fixed point.

For robustness, we compute calibrated scores over a multi-𝑘 set 
and aggregate them via a weighted average:
𝐬opt =

∑

𝑘∈
𝑤𝑘𝐬(𝑘) (16)

Finally, a distribution-preserving normalization rescales the cali-
brated scores:

𝑠̂𝑖 =
⎛

⎜

⎜

⎝

𝑠opt𝑖 − min𝑗 𝑠
opt
𝑗

max𝑗 𝑠
opt
𝑗 − min𝑗 𝑠

opt
𝑗

⎞

⎟

⎟

⎠

(max
𝑗
𝑠(0)𝑗 − min

𝑗
𝑠(0)𝑗 ) + min

𝑗
𝑠(0)𝑗 (17)

This step preserves the global ordering and statistical range of the 
original scores, allowing TSC to function as a score calibration procedure 
that stabilizes image-level predictions under test-time variability.

To further justify the choice of the PageRank-based update in TSC, 
we compare it with alternative score-level propagation operators im-
plemented within the same calibration framework, including kNN av-
eraging, Laplacian smoothing, and label propagation, under identical 
similarity graphs and initial anomaly scores.

The results, reported in Table S-3 of the Supplementary Material, 
demonstrate that the PageRank (random walk with restart) operator 
consistently achieves higher image-level AUROC under this controlled 
setting. This comparison directly validates our design choice: when em-
ployed as a score-level calibration operator, the restart-based propaga-
tion provides a more reliable mechanism for redistributing anomaly ev-
idence, effectively mitigating isolated extreme responses while preserv-
ing globally informative anomaly ordering.

3.4.  Testing

The testing phase of our framework is designed to leverage both 
the learned representations and the stored normal patterns for robust 
anomaly detection. The process begins with feature extraction, where 
test images are encoded through the CLIP backbone to obtain multi-scale 
visual features, which are subsequently enhanced by the CCB module.

In the few-shot setting, all test samples are treated as unlabeled, and 
no abnormal samples are accessed or used for calibration. Specifically, 
we first compute an image-level anomaly score based on image–text 
alignment, which reflects the degree of semantic deviation from normal 
textual descriptions:
𝑠anomaly = sim(𝐅img,𝐅text) (18)

where 𝐅img and 𝐅text denote the global visual and textual features, re-
spectively.

A key component of the testing pipeline is the use of the normal 
memory bank as a reference for estimating normality, rather than as a 
direct anomaly decision criterion.

𝑠memory =
1

||

∑

𝐅mem∈
sim(𝐅cent,𝐅mem)𝑒 (19)

This score reflects the overall consistency of the test sample with 
normal patterns and serves as a stabilizing normality prior, rather than 
a nearest-neighbor or prototype matching score.

Subsequently, the memory-based similarity is then fused with the 
direct anomaly score derived from image-text feature comparison using 
harmonic mean integration:

𝑠fused =
2 ⋅ 𝑠anomaly ⋅ 𝑠memory
𝑠anomaly + 𝑠memory

(20)

The harmonic fusion balances text-guided anomaly evidence with 
the normality prior, preventing isolated background responses from 
dominating the final score.

The framework simultaneously generates pixel-level anomaly maps 
for precise localization while producing image-level classification 
scores. The final anomaly score is obtained through a two-step process: 
first extracting the maximum value from the anomaly map as the initial 
score, then refining it through the TSC module:

𝑠̂final = TSC
(

max(𝐒map)
)

(21)

where 𝐒map represents the pixel-wise anomaly score map, and 𝑠̂final de-
notes the final calibrated anomaly score.

4.  Experimental setup

4.1.  Datasets

All experiments are carried out on the BMAD benchmark [27], which 
includes five different medical imaging modalities and anatomical re-
gions: BrainMRI [28–30], LiverCT [31,32], retinal OCT [33,34], chest 
X-ray [35], and digital histopathology [36]. The detailed information of 
each subset is listed in Table S-1 and Section 1 of the Supplementary 
Materials.

4.2.  Competing methods and baselines

We compare our method with representative state-of-the-art 
anomaly detection (AD) approaches under different training assump-
tions. Specifically, we consider two categories of baselines: (i) few-
normal-shot methods, including CLIP [8], MedCLIP [37], WinCLIP [38], 
SimpleNet [39], MSFlow [40], URD [41], MHKD [42], INCTRL [43] 
and INP-Former [44] (INCTRL and INP-Former only support image-
level anomaly detection, and thus we report its image-level AUROC 
only); and (ii) fully unsupervised methods that utilize all normal data, 
including CFlowAD [45], RD4AD [46], PatchCore [13], MKD [2], Di-
nomaly [47], FSR [48], E2AD [49] and EDC [50] (E2AD and EDC only 
support image-level anomaly detection, and thus we report its image-
level AUROC only).

The experimental results for the baseline methods are primarily de-
rived from Huang et al. [51] who collated and supplemented the ex-
perimental results of BMAD [27], while the results for SimpleNet [39], 
msflow [40], URD [41], MHKD [42], INCTRL [43], INP-Former [44], Di-
nomaly [47], FSR [48], E2AD [49] and EDC [50] are obtained through 
our experiments under the same benchmark settings.

In addition, we discuss several CLIP-based medical AD methods with 
different supervision assumptions. MadCLIP [52] adopts a stronger few-
shot supervised setting by using both normal and abnormal samples dur-
ing training (e.g., 4 normal + 4 abnormal), which differs from the few-
normal assumption in our work; its results are included for reference and 
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interpreted accordingly. We also qualitatively discuss AnoCLIP [53], 
whose official implementation is not publicly available.

It is notable that the comparison methods used in the paper are pri-
marily based on single-inference, where each image is processed inde-
pendently, which is different from the ohers that depend on multiple 
samples inference to optimize anomaly scores. In our approach, though 
the TSC module improves performance by calibrating across a set of 
samples, when only a single test sample is available, the CCB module 
and the overall framework continue to operate effectively, providing 
robust anomaly detection.

4.3.  Evaluation metric

We adopt the Area Under the Receiver Operating Characteristic 
Curve (AUROC) as the evaluation criterion for both image-level anomaly 
detection and pixel-level anomaly localization. AUROC summarizes the 
trade-off between the True Positive Rate (TPR) and the False Positive 
Rate (FPR) across all possible decision thresholds.

4.4.  Implementation details

All experiments were executed on a single NVIDIA A100 40 GB GPU 
with CUDA 12.2 and PyTorch 2.6. We adopt the CLIP with ViT-B/16+ 
vision transformer, pre-trained on the 400M image-text pairs of LAION-
400M [54]. The encoder contains 86M parameters, employs a patch size 
of 15×15 pixels, and produces 768-dimensional patch embeddings. All 
weights are frozen; no gradient updates are applied.

The general and object-customized text prompts are provided in Sec-
tion 2 of the Supplementary Material. All images are resized to 240 × 240
and normalized using ImageNet [55] statistics.

For the CCB module, the Gumbel–Softmax temperature is set to 
𝛾 = 0.1 to balance exploration and exploitation during stochastic cen-
troid assignment, and the number of centroids is fixed to 𝑀 = 20 across 
all experiments. For the TSC module, we employ multiple neighborhood 
scales  = {11, 13, 15} for adaptive graph construction. The similarity 
threshold is set to the 70th percentile (𝛽 = 0.7) to ensure sparse yet 
meaningful connectivity, and the PageRank restart probability is fixed 
to 𝛼 = 0.9 to balance local consistency and global score fidelity. Abla-
tion studies for these hyperparameters are reported in Section 4.4 and 
the Supplementary Material.

Unless otherwise specified, the three loss terms are equally weighted 
during training. We empirically observe that the proposed framework 
is insensitive to moderate variations in loss weighting. An additional 
analysis on loss-weight robustness and gradient magnitudes is provided 
in Tables S-7 and S-8 of the Supplementary Material.

4.5.  Computational efficiency

We analyze the computational efficiency of the proposed framework 
by comparing its inference time with representative baseline methods 
reported in Table 1. As summarized in Table S-4, the proposed method 
maintains competitive per-image inference latency, while introducing 
only a modest overhead compared to backbone-only inference, despite 
incorporating both representation refinement (CCB) and test-time score 
calibration (TSC).

We further analyze the computational cost and scalability of the 
proposed TSC module. As summarized in Tables S-5 and S-6 in the 
Supplementary Material, the proposed framework exhibits stable and 
predictable runtime behavior. Specifically, the dataset-level calibration 
introduced by TSC scales approximately linearly with the test-set size, 
while the per-image feature extraction and anomaly map generation re-
main unchanged.

5.  Results and discussion

5.1.  Evaluation on image and pixel level tasks

We comprehensively compare our framework against state-of-the-art 
methods under few-normal (few-shot) and full-normal settings (Tables 1 
and 3). Our method shows significant progress across six medical imag-
ing datasets, especially in data-scarce few-shot scenarios.

As shown in Table 1, our method consistently outperforms existing 
approaches under the 4-shot setting on both image-level and pixel-level 
tasks. The improvement is particularly pronounced on datasets with sub-
tle or diffuse anomalies, reflecting the complementary roles of CCB in re-
fining local representations and TSC in stabilizing image-level anomaly 
scores. Notably, while some methods benefit from domain overlap on 
specific datasets (e.g., ChestXray), our framework maintains robust per-
formance across modalities, indicating stronger generalization under 
limited supervision.

Fig. 3 shows that the proposed method produces compact and accu-
rate anomaly maps with minimal background activation across modali-
ties. This behavior is consistent with the design of CCB, which suppresses 
visually dominant but anomaly-irrelevant structures while preserving 
coherent lesion boundaries.

In all visualizations, there are almost no false positives outside the 
abnormal region, demonstrating the high specificity of our method in 
distinguishing abnormal from normal tissue, which is particularly im-
portant for clinical diagnosis, as it reduces the workload for doctors in-
terpreting images and avoids unnecessary further examinations due to 
false positives.

However, to better understand the limitations of the proposed 
method, we further analyze representative failure cases on datasets with 
pixel-level annotations. Fig. 4 presents representative false positive and 
false negative cases. False positives mainly arise from strong structural 
variations, while false negatives correspond to extremely subtle or low-
contrast lesions, reflecting intrinsic challenges of medical anomaly de-
tection under limited supervision.

Since the proposed TSC module calibrates image-level anomaly 
scores at test time, we further examine whether the method overly de-
pends on the availability of the entire test set. Specifically, we randomly 
partition the BrainMRI test set into 1, 2, and 3 non-overlapping sub-
sets of equal size, using a stratified strategy to preserve the normal-to-
abnormal ratio across subsets, and apply the complete inference pipeline 
independently to each subset. Table 2 shows that reducing test-set size 
results in only marginal performance variation, indicating that TSC does 
not rely on specific test-set distributions.

Fig. 5 illustrates that high anomaly scores arise from coherent seman-
tic deviations rather than isolated intensity extremes. This observation 
supports effective image-level discrimination by showing that abnor-
mality is determined by globally consistent semantic patterns instead of 
local grayscale outliers.

Under the full-normal setting (Table 3), the proposed method 
achieves performance comparable to or exceeding representative un-
supervised baselines across multiple datasets. This result indicates that 
the framework does not rely on extreme data scarcity to be effective, 
and remains robust when more normal training data are available. To-
gether with the few-shot results, this suggests that the proposed design 
generalizes across different data availability regimes.

5.2.  CCB visual analysis

Fig. 6 provides a qualitative illustration of the effect of the CCB 
module on feature representations. Compared with the original CLIP 
features, CCB effectively suppresses scattered background responses 
while enhancing spatially coherent lesion structures, resulting in more 
anatomically consistent feature maps. This observation supports the role 
of CCB as a representation-level refinement module that operates on 
patch-level features prior to anomaly scoring. Additional qualitative 
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Table 1 
AUROC(%) Performance under Few-normal (4-shot) Settings.

Shot Method
 HIS  ChestXray  OCT17  BrainMRI  LiverCT  RESC
 Image  Image  Image  Image  Pixel  Image  Pixel  Image  Pixel

few-normal

 CLIP [8]  63.48  70.74 98.59  74.31  93.44  56.74 97.20  84.54  95.03
 MedCLIP [37]  75.89  84.06  81.39 76.87  90.91  60.65  94.45  66.58  88.98
 WinCLIP [38]  67.49  70.00  97.89  66.85  94.16  67.19  96.75 88.83  96.68
 SimpleNet [39]  51.10  64.32  63.80  47.20  69.20  57.00  46.90  55.30  55.41
 msflow [40]  63.57  60.22  87.34  45.70  67.40 68.89  69.89  86.70  92.68
 URD [41]  63.47  52.05  51.71  43.28  62.03  61.55  62.87  70.60  64.30
 MHKD [42]  51.68  55.09  61.14  64.62 95.38  57.55  95.57  50.76  83.27
 INP-Former [44]  40.49  52.39  49.76  47.59  47.41  62.54  42.38  40.72  40.85
 INCTRL [43]  62.89  71.42  51.78  71.20  /  61.45  /  61.41  /
 ours 69.06 75.38  99.01  86.70  95.73  69.89  97.93  92.91 95.85

Fig. 3. Visualization of anomaly localization across modalities: (a) BrainMRI (b) LiverCT (c) RESC. Each row shows the input image, the anomaly map generated 
by our method, and the corresponding ground truth.

Fig. 4. Representative failure cases on localization datasets. Each row shows one false positive (FP) and one false negative (FN) example from BrainMRI, LiverCT, 
and OCT (RESC), including the input image, the predicted anomaly map, and the ground truth (for FN).
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Fig. 5. Visualization of heatmaps on anomaly classification across modalities: (a) HIS (b) ChestXray (c) OCT17. Each row shows the input image, the anomaly map 
generated by our method, and the corresponding ground truth, where the area within the red frame is abnormal, and the images without the red frame are normal 
samples.

Fig. 6. Visual comparison of original features and CCB-enhanced features. From left to right: the input image, original features (CLIP output), features after processing 
the CCB module, and the dot product response of the original and CCB features.

Table 2 
Effect of test set partitioning on image-level performance on Brain-
MRI.

 Test Set Partition  Samples per Subset  Image-level AUROC (%)
 1 subset  3715  86.70
 2 subsets  1858  86.43
 3 subsets  1239  85.89

analysis of feature responses before and after CCB processing is shown 
in Fig. S-2 of the Supplementary Material.

Fig. 7 further visualizes the effect of CCB on patch-level feature dis-
tributions using t-SNE on BrainMRI. Compared with the original CLIP 
features, CCB produces more structured and compact feature manifolds, 
where abnormal patches are less entangled with dominant anatomical 
patterns. Notably, it can be observed that normal features tend to form 
several distinct clusters, although the boundaries are not always sharply 
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Table 3 
AUROC(%) Performance under full-normal settings.

Setting Method
 HIS  ChestXray  OCT17  BrainMRI  LiverCT  RESC
 Image  Image  Image  Image  Pixel  Image  Pixel  Image  Pixel

 CFlowAD [45]  54.54  71.44  85.43  73.97  93.52  49.93  92.78  74.43  93.75

full-normal-shot

 RD4AD [46]  66.59  67.53  97.24  89.38  96.54  60.02  95.86  87.53  96.17
 Patchcore [13]  69.34  75.17 98.56  91.55 96.97  60.40  96.58  91.50 96.39
 MKD [2]  77.74  81.99  96.62  81.38  89.54  60.39  96.14  88.97  86.60
 Dinomaly [47]  70.47  74.68  98.34  90.99  97.33 73.32  97.65  94.17  95.81
 FSR [48]  68.81  72.88  72.32  91.22  96.21  57.50 97.72 94.32  93.49
 EDC [50]  58.91  73.86  94.65  82.48  /  63.21  /  89.53  /
 E2AD [49]  60.50  69.00  76.43  65.20  /  54.64  /  71.76  /
 ours 71.37 80.56  99.73 91.27  96.25  85.90  98.77  96.88  96.73

Fig. 7. t-SNE visualization of patch-level features on the BrainMRI dataset before and after applying the CCB module. (a) Original CLIP features without CCB. (b) 
Features refined by the CCB module.

Fig. 8. Histogram of anomaly score distribution. (a) Original score; (b) TSC-optimized score. Orange: normal samples; Green: anomaly samples.

defined. This clustering pattern suggests that the CCB module enhances 
the model’s ability to distinguish between different normal regions, such 
as cortex and white matter, and abnormalities, leading to more accurate 
anomaly detection by focusing on subtle pathological features rather 
than being overwhelmed by dominant anatomical structures.

5.3.  TSC score calibration analysis

Fig. 8 illustrates the effect of TSC on anomaly score distributions. 
Before calibration, normal and abnormal samples exhibit heavily over-
lapping score modes, making threshold selection unstable. After TSC, 
scores are reorganized through similarity-based propagation, leading to 
clearer separation between normal and abnormal samples without sac-
rificing sensitivity.

5.4.  Ablation study

Table 4 reports the ablation results under the few-shot setting and 
highlights the complementary roles of the proposed components. Using 

Table 4 
Component contribution in few-shot settings.
𝑉 𝐿𝑀      AUROC (Image)  AUROC (Pixel)
✓  79.33  92.13
✓ ✓  79.54  94.54
✓ ✓  84.23  92.13
✓ ✓ ✓  85.36  94.54
✓ ✓ ✓ ✓  86.70  95.73

the pretrained vision–language backbone alone yields limited perfor-
mance, indicating that direct feature transfer is insufficient for robust 
medical anomaly detection.

Introducing CCB improves pixel-level AUROC by refining local rep-
resentations and suppressing background-dominated responses, which 
also leads to more spatially consistent anomaly activations. This 
representation-level correction provides a cleaner and more reliable ba-
sis for subsequent image-level scoring.
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Fig. 9. Effect of CCB module across different numbers of iterations. From left to right: original image, differences after the first iteration, after the second iteration, 
after the third iteration, and after the fourth iteration. Brighter colors indicate greater differences, showing significant effects after the first iteration with minimal 
impact from subsequent iterations.

Table 5 
Results under different 𝑀 (AUROC%).

𝑀  Image  Pixel
 5  85.98  95.85
 10  84.20  95.73
 20  86.70  95.73
 25  86.07  95.54
 30  85.09  95.59

Building on these refined features, TSC further improves image-level 
AUROC by calibrating anomaly scores at the decision level, reducing the 
influence of isolated high responses and stabilizing global abnormality 
assessment. When combined, CCB and TSC consistently enhance both 
localization and classification performance, demonstrating their syner-
gistic effect.

Incorporating global information yields the best overall results, sug-
gesting that integrating local refinement, score calibration, and global 
context is critical for few-shot medical anomaly detection. The detailed 
architectural configurations for each ablation setting are provided in 
Figs. S-4–S-7 of the Supplementary Material.

Moreover, we analyze the impact of the number of centroids 𝑀 in the 
CCB module on BrainMRI. As shown in Table 5, moderate values of 𝑀
achieve the best trade-off between representation capacity and stability, 
with 𝑀 = 20 yielding the highest image-level AUROC while maintaining 
strong pixel-level performance. Too few centroids limit tissue coverage, 
whereas excessive centroids introduce redundancy without further ben-
efit.

Fig. 9 visualizes feature changes across CCB iterations. Most repre-
sentation refinement occurs in the first iteration, while subsequent iter-
ations produce marginal differences. This observation justifies using a 
single iteration for efficiency without compromising performance.

In Table 6, we analyze the effect of neighborhood size  in the TSC 
module. Intermediate values achieve the best average performance, in-
dicating a balance between local consistency and global propagation, 
while extremely small or large neighborhoods degrade robustness across 
datasets.

Table 7 reports the sensitivity of CCB to the assignment temperature 
𝛾. Performance remains stable over a wide range, with only minor fluc-
tuations for 𝛾 ≥ 0.2, indicating robust hard assignment behavior, where 
larger values overly soften assignments and reduce centroid discrimina-
tion.

Fig. 10 shows that performance consistently improves as more train-
ing samples are provided. Fig. 10(a) shows the results of the whole 

Table 6 
AUROC(%) performance under different  settings.
  HIS  ChestXray  OCT17  BrainMRI  LiverCT  RESC  Average
 1 3 5  66.91  73.13 98.85  85.62  69.71  91.86  81.01
 3 5 7 69.04  73.11  98.69  87.24  69.82  92.92  81.80
 5 7 9 69.04  73.2  98.61 87.04  69.83  93.05  81.80
 7 9 11 69.04 74.64  98.57  86.94  69.85 92.93  78.68
 9 11 13  69.06  74.39  98.58  86.76  69.87  92.8  81.91
 11 13 15  69.06  75.38  99.01  86.7 69.89  92.91  82.16 
 13 15 17  69.02  74.27  99.01  86.61  69.90  92.74 81.93
 15 17 19  68.97  74.47  98.54  86.39  69.90  92.6  81.81

Table 7 
AUROC(%) on BrainMRI under different 𝛾 settings.

𝛾  Image  Pixel
 0.05  86.53  95.67
 0.1  86.7  95.73
 0.2  86.69  95.71
 0.5  85.57  94.71

model, where performance steadily increases with more shots. Fig. 10(b) 
presents the results without the CCB module, where performance also 
improves as the number of shots increases, but the enhancement is less 
pronounced. We adopt the 4-shot setting as a balance between data effi-
ciency and detection accuracy, as it provides strong performance while 
minimizing the need for excessive labeled samples.

To examine whether the proposed modules depend on a specific 
backbone architecture, we conduct a backbone analysis using three rep-
resentative feature extractors: ResNet50, ViT-B/16, and CLIP. For each 
backbone, we evaluate the base model as well as its variants with CCB, 
TSC, and their combination, under the same experimental protocol.

As shown in Table 8, both CCB and TSC consistently improve perfor-
mance across different backbone choices. Notably, the gains brought 
by CCB mainly manifest at the pixel level, indicating its effective-
ness in refining local representations, while TSC primarily improves 
image-level performance by calibrating global anomaly scores. When
combined, CCB and TSC yield complementary improvements across all 
backbones, with the most significant gains observed on CLIP-based fea-
tures, reflecting the strong alignment between vision and language rep-
resentations in the medical anomaly detection task. 
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Fig. 10. Impact of training set size on performance: (a) the whole model and (b) model without CCB.

Table 8 
Backbone analysis under different module configurations. Results 
are reported in terms of AUROC (%) on BrainMRI dataset.

Backbone
 Base  +CCB  +TSC  +CCB+TSC
 Image  Pixel  Image  Pixel  Image  Pixel  Image  Pixel

 ResNet50  51.6  55.55  53.28  56.52  53.6  55.55  53.79  56.52
 ViT-B/16  75.42  90.91  76.64  91.99  77.45  90.91  79.24  91.99
 CLIP  79.33  92.13  79.54  94.54  84.23  92.13  85.36  94.54

Table 9 
Performance on texture-oriented subsets of industrial anomaly detection 
benchmarks (image-level AUROC %).
 Dataset  Category  Base  +CCB  +TSC  +CCB +TSC

MVTec AD

 Grid  99.50  99.83  99.83  99.32
 Leather  100.0  100.0  100.0  100.0
 Carpet  100.0  100.0  100.0  100.0
 Wood  95.96  96.31  96.44  97.02
 Tile  100.0  100.0  100.0  100.0

VisA
 Chewinggum  97.06  97.58  97.68  98.08
 Fryum  91.22  92.10  92.80  92.92

5.5.  Generalization to texture-dominated industrial anomaly detection

To further clarify the applicability boundary of the proposed frame-
work, we additionally evaluate our method on texture-oriented subsets 
of industrial anomaly detection benchmarks, including MVTec AD and 
VisA, as reported in Table 9. These subsets are selected because their 
anomaly patterns are primarily characterized by subtle texture irregu-
larities, which are visually closer to medical imaging anomalies than 
geometry-driven industrial defects.

Across both benchmarks, we observe consistent performance im-
provements brought by CCB and TSC over the base configuration, while 
the combined model generally achieves the best results. This indicates 
that the proposed feature refinement and score calibration mechanisms 
are effective when anomalies manifest as distributed texture deviations 
rather than explicit structural defects.

Qualitative heatmap visualizations for these subsets are provided in 
S-3 in the Supplementary Material for further inspection, which serve as 
auxiliary evidence showing that the proposed framework extends nat-
urally to texture-dominated scenarios, which aligns with the medical-
focused motivation of this work. 

6.  Conclusion

In this work, we present a CLIP-based few-shot medical image 
anomaly detection framework that addresses two common failure modes 
under limited supervision: background-driven false positives at the rep-
resentation level and unstable image-level anomaly scores caused by 
localized noise. By introducing the CCB module for feature refinement 
and the TSC module for score correction, the proposed method achieves 

strong and consistent performance across multiple medical imaging 
modalities. A key strength of the framework lies in the explicit sepa-
ration between feature correction and score calibration. CCB enhances 
subtle pathological cues through global contextual consensus, while TSC 
stabilizes image-level decisions in a training-free manner. This design 
yields robust few-shot performance and remains stable across different 
backbones and hyper-parameter choices.

However, the framework still faces limitations, including occasional 
false positives from atypical anatomical structures, reduced sensitivity 
to extremely low-contrast lesions, and a mild dependence on test-set 
availability due to transductive calibration. Future work will explore 
incorporating lightweight anatomical priors and extending test-time cal-
ibration toward more flexible inference settings.

Overall, this work provides a practical and modular solution for few-
shot medical image anomaly detection, offering reusable components 
for future medical AI research.
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