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Efficient Anomaly Detection Using Counterfactual Shuffling on
Boundary Regions
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Abstract

Industrial anomaly detection is trained using only normal images, requiring a tight boundary around normality without anomaly
samples. Synthesis-based models can refine this boundary by injecting pseudo-anomalies, but this increases complexity and may
introduce unrealistic artifacts. To address these limitations, we propose a synthesis-free framework that produces anomalies directly
in feature space. An Adaptive Radius Field predicts boundary tightness, while a gradient-linked nudge pushes normal features
outside the learned boundary to create implicit anomalies. A similarity-constrained counterfactual shuffling module further produces
spatially inconsistent yet locally plausible features. Both are projected beyond the learned boundary and used to train the
discriminator. Experiment on MvtecAD, WFDD and MPDD datasets show improved image-level detection and pixel-level
localization only on normal data.
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Fig. 1. Framework of the Proposed Method Based on Counterfactual Shuffling on Boundary Regions

| . Introduction

Industrial anomaly detection aims to detect rare and sub-
tle defects using only normal training data [1]. Since accu-
rate normal-boundary modeling is more important than
standard classification, patch-based feature modeling has
become effective for capturing local texture and structural
deviations [2]. However, reconstruction and distribution-
based methods may miss subtle anomalies or depend
strongly on embedding calibration [3], while synthesis-
based methods can improve boundary sharpness but add
design complexity and may bias detection toward artificial
artifacts [4]. To overcome these limitations, we propose a
feature-space anomaly generation method without image

synthesis. It includes two mechanisms: an Adaptive Radius
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Field (ARF) with gradient-linked nudging to push features
beyond location-dependent normal boundaries, and sim-
ilarity-constrained counterfactual feature shuffling to disrupt

spatial consistency while preserving local feature statistics.

Il. Proposed Method

The proposed framework is summarized in Fig. 1, which
highlights both the training virtual anomaly generation and
the testing scoring path.

We follow [5] and extract intermediate feature maps
from a frozen backbone and map them to a task embedding
space using a adaptor that inserts a simple adaptor to re-
duce domain bias. To allow spatially varying boundary
tightness, we estimate a positive radius 7;; at each patch
location (i,5) using an Adaptive Radius Field head. Given
the spatial feature 7, the head ¢( - ) predicts a scalar radi-
us from each local feature. The radius is constrained to be
positive by applying the Softplus function and adding a

small constant epsilon (e=le-3) as mentioned in Eq. (1).
T = softplus(qb(F)ij)+ € q))

We generate two complementary types of virtual anoma-
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lies using only normal data. Both are applied during
training. The first one is a single gradient-linked step used
to move a normal feature outward in feature space. The

normalized step direction based on the detector loss L.,

as in Eq. (2).

Where ¢ is the gradient of the detection loss with respect
to the feature u, and u is the nudged feature obtained by
moving « a small step «. The direction from the center

is rescaled as shown in Eq. (3).

. ~ t
ulide = e+ (u— C)m (3
- 2

Where u/"“49¢ is the boundary-projected feature obtained

out

by taking the nudged feature, measuring its direction rela-
tive to the center ¢, and scaling it to the target distance
t, so that the resulting feature lies exactly on or just beyond
the learned normal boundary. The second one constructs
a counterfactual feature map by shuffling patch embed-
dings across spatial positions within the same image, as de-
fined in Eq. (4).

uf = (1*m,‘,)uk+mk((1*)\)uk+/\uj(k)) 4

The counterfactual feature uzf is constructed by shuffling
the original feature u;, with another feature u ;). The bina-
ry mask m,;{0,1} determines whether shuffling is applied
at location k, and AE[0,1] controls the interpolation
strength. We train discriminator D to classify normal fea-
tures as 0 and both virtual anomaly types as 1, with
weights w,,,, 4, and w,, their contributions during boun-
dary learning as given in the Eq. (5).
BCE(D(ul"##),1)+

out

Ldet = BCE(D(U)7O)+ wnudye

w,BCE(D(u,),1) (5)

Where BCE' denotes the binary cross entropy loss.

nudge
out

denotes the gradient-nudged feature and v/, de-

u out

notes the counterfactual shuffled feature. Boundary-con-

trastive and compactness loss as in Eq. (6) and Eq. (7).

L, = E, {max(o, d(uy)— )\cr;)] (6)

Ly = Ey[max(0, mr+ d(u,)—d(u%))]

Where r, is the predicted radius, A, is a scaling factor
controlling boundary tightness, m is a margin factor, and
E), denotes the expectation. To prevent degenerate radii,

we regularize the ARF as shown in Eq. (8).

Larf :ﬁmean|7a_r0|+ (8)
ﬁt'{l(”ri*F 1i 7%‘1”1 + HUH 17 7'i,i”l)

Where r predicted radius, r, is a target radius, 3,,.qn

weights of the constraint, and 3,, weights of a total varia-
tion regularization. The overall training objective is defined
as the sum of the detection, compactness, boundary-con-
trastive, and ARF regularization losses, given in Eq. (9).

L= Ldet +L + Lbr:l + PYL(I,r‘f (9>

cmp
Where L is the total training loss composed of the de-

tection loss L., L., 1S a compactness loss, L, is a

emp
boundary-contrastive loss that separates normal and virtual
anomalies, and L, ; is an ARF regularization term weight-
ed by 7=0.1. which jointly enforce normal feature compact-
ness and separation from both nudged and counterfactual
negatives. At test time, only the backbone, adaptor, and

discriminator are needed as shown in Fig. 1.

lll. Experimental Results

We evaluate the proposed method on MVTecAD,
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Table 1. Comparison with Existing Methods on MVTecAD, WFDD, and MPDD Datasets(Image AUROC/Pixel AUROC)

Datasets DSR BGAD PatchCore PatchGuard Proposed Method

MVTecAD 98.2/95.8 97.9/98.2 99.1/98.1 88.2/92.7 99.6/98.8
WFDD 95.1/87.9 97.1/98.5 96.3/98.1 84.2/94.6 99.7/99.2
MPDD 81.0/76.2 91.8/98.1 93.5/98.9 85.4/93.8 98.0/99.4
Image Mask Heatmap Image Mask Heatmap

T2l 2. AMH A|Zs} (a) MVTecAD dataset (b) MPDD dataset
Fig. 2. Qualitative visualizations on (a) MVTecAD dataset (b) MPDD dataset

WEDD, and MPDD using standard normal-only training
images. We report image-level and pixel-level AUROC,
while Fig. 2 shows qualitative anomaly maps with the input
image, ground truth mask, and predicted heatmap.
MVTecAD contains 15 classes, WFDD includes 4 wo-
ven-fabric classes, and MPDD focuses on fine-grained met-
al defects. We use a frozen WideResNet-50 backbone with
adaptor, a Softplus-based Adaptive Radius Field head, and
a discriminator. Training is performed for 640 epochs with
batch size 8 and image size 288 on a single RTX A6000
GPU. During training, two types of virtual anomalies are
generated, and the discriminator learns to classify normal
features as 0 and virtual anomalies as 1. Table 1 shows
that our method achieves the best overall image-level and
pixel-level AUROC on all three datasets, demonstrating

improved detection and localization.

IV. Conclusion

We propose a normal-only anomaly detection framework
that generates virtual anomalies directly in feature space.

It combines two mechanisms an ARF-guided gradient

-

nudge that pushes normal embeddings beyond local boun-
daries, and counterfactual shuffling that swaps semantically
similar but spatially distant features to create hard
negatives. Across MVTecAD, WFDD, and MPDD, the
method consistently improves performance without syn-

thetic image generation and with efficient inference.
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