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Abstract

This technical report presents Deep Layer SubspaceAD
(DL-SubspaceAD) for the CVPR 2026 VAND 4.0 Chal-
lenge Industrial Track (Regular setting). We focus on
training-free unsupervised anomaly detection built on foun-
dation models and adopt SubspaceAD, which has recently
achieved strong performance. SubspaceAD detects anoma-
lies using a low-dimensional subspace constructed from
features extracted from arbitrary layers of a frozen foun-
dation model. By selecting deeper layers for SubspaceAD
than in the original formulation, we obtain substantially
improved performance. For binarizing anomaly maps, we
employ MEBin and SAMFiner, which were used in the
top-performing RoBiS method at VAND 3.0. On the offi-
cial leaderboard, our method achieves 8-category average
SegF'1 scores of 46.88% on TESTpivate and 45.36% on
TESTPrivathixcd-

1. Introduction

1.1. Background

Anomaly detection and segmentation in industrial imagery
aim to identify and localize subtle deviations from nom-
inal product appearance. The problem is difficult be-
cause defects are rare and visually diverse, and sufficient
defective examples are often unavailable during develop-
ment. Under this setting, unsupervised learning from nor-
mal images alone is the dominant paradigm; on stan-
dard benchmarks such as MVTec AD [1] and VisA [13],
many methods—including memory bank approaches such
as PatchCore [9]—have reported strong performance.

By contrast, on MVTec AD 2 [4], a successor bench-
mark designed to reflect more realistic capture conditions,
resolutions, and defect scales, fine defects and distribu-

tion shift due to illumination changes are key challenges,
and methods that excel on earlier benchmarks can suffer
large accuracy drops. MVTec AD 2 targets high-resolution
industrial images and provides, in addition to the public
test split with released ground truth (TESTpypic), private
test splits (TESTpyiyvate and TESTp ivateMixed) €valuated
on undisclosed labels; the mixed private split emphasizes
greater diversity of imaging conditions. In such settings,
aggressive resizing can weaken defect cues, and how con-
tinuous score maps are converted into final binary masks
strongly affects performance, so both representation density
and downstream binarization matter.

At CVPR 2025, VAND 3.0 [3] elicited a wide range
of solutions for MVTec AD 2. For example, ISVL [11]
combines multi-scale feature embeddings with prototype-
based reconstruction in a hybrid framework aimed at local-
ization under difficult conditions involving transparent ob-
jects and illumination variation. RoBiS [8] trains detectors
on high-resolution inputs with Swin-Cropping and pseudo-
illumination augmentation, and achieves high SegF1 as an
industrial pipeline that refines binary masks with MEBin [5]
and SAMFiner. SuperAD [12] builds a memory bank
from DINOV2 features and estimates anomalous pixels by
nearest-neighbor search alone, demonstrating that a concise
training-free design can still be competitive.

However, many strong VAND 3.0 methods rely in prac-
tice on category-dependent designs, such as switching pre-
processing, binarization, or training procedures per object
category.

1.2. Challenge description

The CVPR 2026 VAND 4.0 Industrial Track evaluates
anomaly segmentation on MVTec AD 2 [4]. As with
MVTec AD and VisA, the dataset assumes learning and val-
idation from normal images, while incorporating scenarios
closer to deployment—for example, by emphasizing dis-



tribution shift through imaging conditions that differ from
training—to narrow the gap between research benchmarks
and field requirements. In the Regular setting, only the
defect-free Train set is used per object category; the Vali-
dation set may be used to estimate thresholds and related
quantities, but images from TESTpp);. must not be used
for training. Overall performance is based on pixel-level
F1 (SegF1), measured on both TESTp,iyate (normal and
anomalous images captured under the same illumination
as training) and TEST pyjvateMixed (Normal and anomalous
images under diverse illumination, including conditions not
seen during training); methods are ranked by the average
rank over 8 categories on these two splits. The challenge
further requires that model design be category-agnostic: hy-
perparameters and the overall architecture must be shared
across all object categories or adapt automatically to the
inspected object. Thus, VAND 4.0 uses the same primary
metric as VAND 3.0—SegF1 on MVTec AD 2—while ex-
plicitly requiring category-agnostic designs, which is a ma-
jor difference from the previous edition.

2. Methodology

2.1. Model design

2.1.1. Approach

SuperAD, a top-performing method at the VAND 3.0 Chal-
lenge, is a training-free approach that stores strong visual
features extracted from DINOvV2 in a memory bank and
estimates anomalous regions by nearest-neighbor search
against test image features. This result shows that, with-
out additional training, appropriately leveraging foundation
model representations can yield feature spaces effective for
industrial anomaly detection. Motivated by this perspective,
we focus on statistical modeling of normality that directly
exploits foundation model features.

Our method adopts SubspaceAD [7], a recent approach
proposed for CVPR 2026. SubspaceAD extracts patch fea-
tures from normal images using a frozen foundation model
and applies PCA to estimate a low-dimensional subspace
in which normal patch features predominantly lie. At in-
ference time, patch features from a test image are recon-
structed in this subspace, and the reconstruction residual
with respect to the original features serves as the anomaly
score. This design builds a per-category normality refer-
ence from normal images alone, without additional neural
network training or a large memory bank.

2.1.2. Architecture

Our pipeline comprises four stages: (i) DINOv3 feature ex-
traction at native resolution, (ii) per-category construction
of a PCA-based normal subspace, (iii) generation of a con-
tinuous anomaly map from PCA reconstruction residuals,
and (iv) binarization with MEBin and SAMFiner.

As the feature extractor, we use DINOv3 ViT-
7B/16 [10], which consists of 40 Transformer blocks. Be-
cause MVTec AD 2 contains anomalies that are very small
relative to image size, we do not uniformly resize images
to a low resolution; instead, we feed DINOv3 inputs at the
original image resolution. Since a ViT processes images as
fixed-size patches, we apply zero padding only to the right
and bottom edges when necessary.

To construct the per-category PCA normal subspace, we
convert all Train set images into patch features with DI-
NOvV3 and average features from layers 39, 40 (out of 40)
at each patch location. We then apply PCA to all patch fea-
tures obtained from normal training images and select the
number of principal components per category so that the cu-
mulative explained variance reaches 99%. This layer choice
applies to ViT-7B/16 the trend observed in the layer ablation
on DINOv3 ViT-H+/16 in Sec. 4.3.1, where deeper layers
yielded the highest accuracy.

At inference time, we project patch features extracted
from a test image into the PCA subspace of the correspond-
ing category. We compute the squared norm of the differ-
ence between the original features and their reconstruction
in the PCA subspace, and use it as the patch-wise anomaly
score.

Finally, we convert the continuous anomaly map into
a binary anomaly map. We apply MEBin and SAMFiner
from RoBiS as post-processing. MEBin extracts candi-
date anomalous regions from the continuous map, and
SAMFiner refines them using the segmentation capability
of SAM [6]. Unlike the original RoBiS paper, we do not use
test-set- or category-dependent processing; we apply a uni-
fied procedure across all settings. Specifically, we use ViT-
H as the SAM backbone in SAMFiner and retain only the
highest-confidence mask among the confidence-weighted
masks produced by SAM.

2.1.3. Training

Our method requires no training. The frozen DINOv3
weights are fixed; the only quantities estimated per cate-
gory are PCA statistics computed from patch features of all
normal images in the Train set.

3. Dataset & Evaluation

3.1. Benchmark dataset utilization

We use the industrial dataset MVTec AD 2. Pre-processing
follows Sec. 2.1.2: native resolution input with minimal
zero padding only; we do not apply data augmentation.

3.2. Evaluation criteria

We measure anomaly detection performance with SegFl1.
Computing SegF1 requires a binary anomaly map derived
from the continuous anomaly map; we generate it with
MEBin and SAMFiner from RoBiS. For the binary anomaly



Table 1. SegF1 scores (in %) on TESTprivate and
TESTp ivateMixea On the VAND 4.0 Industrial Track leaderboard.

Category TESTPrivate TESTPrivateMixed
can 1.30 0.58
fabric 70.91 68.59
fruit jelly 47.88 45.97
rice 61.90 61.35
sheet metal 75.43 72.71
vial 44.90 44 .98
wallplugs 3.38 3.31
walnuts 69.32 65.41
Average 46.88 45.36

map, SegF1 is computed from pixel-level precision and re-

call:
2 - Precision - Recall

SegF1 — (1

Precision + Recall

Following the challenge evaluation protocol, the final
ranking is determined by the average of the ranks of mean
SegFl on TESTPrivate and TESTPrivateMixed:

Ila“nk(Seg]:?]'l)rivate) + rank(SegF 1PrivateMixed)

rankgnal = 5
2

3.3. Evaluation setting

Our method follows the Regular setting. We do not use
any images from TESTpp;. of MVTec AD 2 for train-
ing; we build the Subspace AD normal subspace using only
the Train set of each target category. Hyperparameters and
model architecture are shared across all categories; we do
not employ category-dependent design.

4. Results

4.1. Performance metrics

Tab. 1 reports results on TESTpyyate and
TEST privateMixed-  Our method achieves 46.88% on
TESTprivate and 45.36% on TESTp ivateMixed- The gap
between the two splits is 1.52 percentage points in SegF1.

4.2. Comparison

Tab. 2 compares our method with approaches from VAND
3.0. Our method achieves performance comparable to Su-
perAD, a VAND 3.0 method, while using a single design
shared across all categories, whereas VAND 3.0 methods
are tuned per category.

4.3. Ablation study

The official DINOvV3 repository releases pretrained weights
for multiple model sizes; the largest is ViT-7B/16 and the

next largest is ViT-H+/16. Although ViT-7B/16 is expected
to yield better anomaly detection due to stronger generic
representations, its large parameter count and slow infer-
ence make it impractical for rapid experimentation. We
therefore iterate on ViT-H+/16 and transfer effective de-
sign choices to ViT-7B/16. This section reports layer ab-
lations for PCA on DINOv3 ViT-H+/16 and an ablation of
SAMFiner on DINOv3 ViT-7B/16.

4.3.1. Layer ablation

We evaluate 16 configurations on ViT-H+/16, selecting
pairs of layers every two layers across all 32 layers. For
each configuration, we average features from the two se-
lected layers and apply PCA to build the normal subspace.
Tab. 3 shows results on TESTp,11;c when varying the se-
lected layers (MEBin only). Performance varies substan-
tially with layer choice. The best result is obtained with
layers 31, 32, achieving mean SegF1 of 49.30%. In addi-
tion to 31, 32, deeper pairs such as 29, 30 also perform
comparatively well, suggesting that features from deeper
layers of foundation models such as DINOv3 are impor-
tant for anomaly detection. Based on these results, the best
configuration on ViT-H+/16 uses the last two of 32 layers
(31, 32); we apply the same policy to ViT-7B/16 by aver-
aging layers 39, 40 out of 40.

4.3.2. Post-processing ablation

Tab. 4 reports SegF1 on TESTpyp;. for DINOv3 ViT-
7B/16 with and without SAMFiner. Applying SAMFiner
improves SegF1 by 3.8 percentage points (from 51.51% to
55.31%).

5. Discussion

5.1. Challenges & Solutions

The challenge disallows category-dependent design. Ini-
tially, following the official SubspaceAD implementation,
we used intermediate-to-final layers (55%—70% depth) for
subspace fitting and applied data augmentation such as ro-
tation and exposure changes. While some categories im-
proved, others degraded, lowering mean SegF1 overall. We
concluded that improving model generality is more impor-
tant than fixing individual failure modes, and focused on
layer selection based on the observation that ViTs cap-
ture different representations at different depths [2]. As
shown in Sec. 4.3.1, layer ablation confirmed that deeper
features are effective; on ViT-7B/16, using the last two lay-
ers 39, 40 out of 40 yielded strong performance. This sug-
gests that, on difficult settings such as MVTec AD 2 where
robustness is required, selecting layers that capture seman-
tic representations of foundation models is important.



Table 2. SegF1 (in %) on TESTprivate / TESTprivateMixea for VAND 3.0 methods and ours. ISVL, RoBiS, and SuperAD use category-

dependent designs; ours is category-agnostic.

Category ISVL RoBiS SuperAD Ours
can 17.03/9.21 1.86/0.84 17.3/19 1.30/0.58
fabric 84.95/81.76 87.46/73.37 77.4/653 70.91/68.59
fruit jelly 68.1/67.76  53.63/52.62 41.3/409 47.88/45.97
rice 66.34/66.93 63.86/63.23 609/61.2 61.90/61.35
sheet metal 69.69/69.74 70.98/70.92 59.5/59.7 75.43/72.71
vial 44.01/42.12 48.73/48.83 42.8/40.8 44.90/44.98
wallplugs 11.99/6.24  14.38/3.40 13.7/6.7 3.38/3.31
walnuts 68.34/67.65 67.13/5894 69.1/69.1 69.32/65.41
Average 53.81/51.43 51.00/46.52 47.8/43.2 46.88/45.36

Table 3. Layer ablation on DINOv3 ViT-H+/16 on TESTpybiic.
Mean SegF1 (in %) with MEBin only.

Layer TESTPuth
1,2 9.06
3,4 9.99
5,6 10.37
7,8 12.31
9,10 12.76
11,12 19.66
13,14 25.36
15,16 27.09
17,18 30.91
19,20 31.24
21,22 33.94
23,24 32.93
25,26 34.47
27,28 37.79
29,30 42.82
31,32 49.30

Table 4. Effect of SAMFiner on DINOv3 ViT-7B/16: SegF1 (in
%) on TESTPubliC.

TESTpublic
MEBin 51.51
MEBin + SAMFiner 55.31

5.2. Model Robustness & Adaptability

We attribute robustness to illumination variation partly to
using features from deep layers such as 39,40 in DI-
NOv3 ViT-7B/16. As shown in Tab. I, the gap between
TESTprivate and TESTp ivateMixed 18 only 1.52 percent-
age points in SegF1, indicating strong robustness to imag-
ing conditions. Deeper layers are believed to encode more

semantic representations, which may explain this behavior;
detailed analysis remains future work.

5.3. Future Work

Our training-free approach leveraging foundation model
representations achieves competitive accuracy. However,
we use only a subset of the deepest layers. If each layer
captures complementary representations, combining them
may further improve performance. Finer analysis of per-
layer features and methods that exploit foundation model
representations more fully remain important directions.

6. Conclusion

This report summarizes our anomaly segmentation method
for MVTec AD 2 submitted to the CVPR 2026 VAND
4.0 Industrial Track (Regular setting). Under the class-
agnostic constraint, we extract dense patch features at na-
tive resolution with frozen DINOv3 ViT-7B/16, estimate a
per-category normal subspace by PCA from normal train-
ing images only, and form continuous anomaly maps from
SubspaceAD-style reconstruction residuals without addi-
tional neural training. Layer selection is fixed to the av-
erage of the last two layers 39, 40 out of 40 on ViT-
7B/16, guided by ablations on the lighter ViT-H+/16 back-
bone on TESTppiic. For binarization, we use MEBin and
SAMFiner from RoBiS.

On the official private test leaderboard, we achieve 8-
category average SegF1 scores of 46.88% on TESTpivate
and 45.36% on TESTpyivateMixed (Tab. 1). With the same
model design, performance on TESTp iyateMixed degrades
only modestly under changed illumination, indicating rea-
sonable robustness under SegF1, while large score variation
across categories remains; analyzing failure modes and im-
proving low-scoring categories are key next steps. Richer
integration of multi-layer features and further generaliza-
tion of the binarization pipeline, as outlined in the Discus-
sion, are directions for future work.
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