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Abstract

Anomaly Detection (AD) in images identifies defective regions
by scoring against a model of normality learned from defect-
free data. Current state of the art methods encode images
via a frozen Vision Foundation Model (VFM) backbone and
score them by their Nearest-Neighbor (NN) distance to a
memory bank of normal samples. Recently, due to the parallel
evolution of VEM encoders and scoring mechanism, the need
to disentangle their individual contributions has emerged, in
order to guarantee the deployment of the best performing model
in specific industrial production environments. In our work,
we analyze AD within a metacognitive perspective, we freeze
the backbone and swap the scorer, replacing NN distance with
a Mahalanobis score over a Gaussian distribution. By doing
that, we can evaluate two different metacognitive functions of
the scoring mechanisms: monitoring how far an observation is
from the learned model of normality via a threshold-free metric,
and deciding when the difference justifies an action according
to a threshold. We show that these two metacognitive functions
can dissociate. We further notice that replacing a NN memory
bank with a simpler Mahalanobis model improves pixel-level
monitoring (+8.00 AU-PROg.05 on MVTec AD 2) while
degrading the segmentation performance after the thresholding
step (—13.46 F4). Lastly, we show that a threshold derived by
Extreme Value Theory (EVT) recovers that loss without using
anomalous data: the I difference between the two scorers
narrows from 13.46 to 0.61 points on MVTec AD 2, with
consistent gains on MVTec AD and VisA.

Code — https://github.com/Restuccia- Group/metacog-ad

Introduction

The work of Flavell (1979) proposes a model of cognitive
monitoring to understand how humans access their inner
thoughts and knowledge to supervise and control their own
cognitive progress. This concept was later decomposed into
a two-level framework by Nelson and Narens (1990), where
they formalize metacognition as two interacting levels: an
object level that performs the cognition and a meta level
that holds a model of the object level. The two levels are
connected by monitoring, the flow of information from the
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object level to the meta level, and control, the commitment to
an action based on that information. Monitoring and control
can fail independently: a subject could monitor correctly by
producing an accurate judgment, but still fail to produce a
good decision (Ackerman and Thompson 2017).
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Figure 1: The metacognitive reading: Anomaly Detection
is a two-level system: a frozen encoder as the object level,
and a scorer as the meta level that monitors it. The threshold
commits to a decision from the meta level’s output.

This paradigm appears in modern Artificial Intelligence
(AD) systems: a model operates on the knowledge that it ac-
quired during the training, but it can’t recognize when a new
input falls outside that knowledge. Out-of-Distribution (OOD)
detection addresses this by measuring how much the model’s
outputs deviate from the training distribution (Hendrycks and
Gimpel 2017; Sayyed et al. 2026). In structural Anomaly
Detection (AD) the objective is to localize defective regions.
To do so, the anomaly scorer compares the patch features of a
frozen Vision Foundation Model (VFM) with its learned rep-
resentation of normal data and produces a per-pixel anomaly
map (Roth et al. 2022; Zhang et al. 2025; Roming et al. 2026).
Key Issue. The best performing scorers in structural AD are
often based on memory banks: collections of patch features
extracted from normal training images and queried by Nearest-
Neighbor (NN) distance. Since the encoder and the scorer are
evaluated together it is difficult to separate their individual
impact on anomaly ranking and localization.
Metacognitive Perspective. In this setup we can see the
frozen VFM as the object level: it produces patch features
but it is not able to score them. The scorer is the meta level,
holding a learned model of the object level’s outputs. The
patch features are the monitoring signal described by Nelson
and Narens (1990), since they carry the information from
the object level to the meta level, and the anomaly score



is the judgment that the meta level produces from them.
Threshold-free metrics such as AU-PRO evaluate the quality
of the monitoring signal by integrating the per-region overlap
over a range of false-positive rates. Deploying the system
however requires choosing a single threshold, and even if the
ranking is correct, the threshold can be placed at the wrong
level. Fleming and Lau (2014) identify this as the dissociation
between metacognitive sensitivity and bias, and recommend
evaluating them with dedicated metrics. Segmentation F}
depends on both the ranking and the threshold, so it can’t show
which of the two is responsible when the performance changes.
In this work, we report both AU-PRO and segmentation
F, and show that their performance gap can be shrunk by
improving the threshold estimation.

Our Analysis. Starting from SuperADD (Roming et al. 2026),
the SOTA memory-bank model, we fix the VFM backbone
and replace NN distance to the patches with Mahalanobis
distance to a Gaussian fitted on normal patches. Despite the
reduction in FLOPs and memory usage, the Mahalanobis
scorer remains competitive with the memory bank baseline.
On MVTec AD 2 (Heckler-Kram et al. 2026) the new scorer
improves monitoring (AU-PROy ¢5) but degrades control
(segmentation F}) under the dataset’s threshold: as in the
metacognitive literature, the two dissociate. An Extreme
Value Theory (EVT)-based threshold recovers most of the
gap without using anomalous data. In summary, our main
contributions are as follows:

@ We associate the Nelson—Narens metacognitive architec-
ture to AD from frozen VFMs, identifying analogies. Fol-
lowing Fleming and Lau (2014), we separate monitoring
sensitivity (threshold-free metrics) from decision calibration
(thresholded metrics), and show that they can dissociate.

® We show that fitting a single Gaussian per layer over the
patch tokens achieves spatial anomaly localization without a
memory bank, with ~ 78 times lower scoring cost per token.
The Mahalanobis scorer improves mean AU-PROy o5 from
56.81 of the NN model to 64.81 (4+8.00) on MVTec AD 2.
@ We propose an unsupervised segmentation threshold based
on EVT. On MVTec AD 2 it improves segmentation F} score
from 19.88 to 49.39 for the Mahalanobis scorer (+29.51),
and from 33.34 to 50.00 for the NN one (+16.66), with
larger gains on MVTec AD (421.48 and +29.57) and VisA
(+32.68 and +39.95).

® We conduct comprehensive evaluations across the
MVTec AD, MVTec AD 2, and VisA datasets, showing
that the calibration gap between published thresholds and
achievable performance is consistent across datasets.

Related Work

Memory Bank methods. Memory-bank based approaches
store encoded patches of normal samples, and score them via
NN distance to this bank. PatchCore (Roth et al. 2022) intro-
duces k-Nearest Neighbor (KNN) matching multi-resolution
Convolutional Neural Network (CNN) feature maps and
makes the approach practical at scale by combining locally-
aware mid-level wide ResNet (Zagoruyko and Komodakis
2016) features with greedy coreset subsampling, shrinking
the memory bank by up to 100x with negligible loss in accu-
racy. Recent foundation-model approaches such as Anoma-

IlyDINO (Damm et al. 2025), SuperAD (Zhang et al. 2025),
and SuperADD (Roming et al. 2026) apply the same coreset
subsampling idea directly to Vision Transformer (ViT) patch
tokens extracted from self-supervised DINO family back-
bones (Oquab et al. 2024; Siméoni et al. 2026), thus improving
few-shot and zero-shot performance without any task-specific
training. While effective, memory-bank approaches suffer
from a memory and computational bottleneck during infer-
ence; despite the coreset selection, the model still requires
storing thousands of patch descriptors, and looking them up
via NN search becomes a bottleneck, particularly in latency-
or memory-constrained deployment.

Parametric Modeling methods. Parametric approaches
avoid storing a memory bank, and instead summarize nor-
mal representations directly as the parameters of a statistical
model, so that the inference cost is independent of the num-
ber of normal training images. Rippel et al. (2021) model
the distribution of CNN features with a single multivariate
Gaussian per feature stage and score queries via Mahalanobis
distance. Due to global average pooling, they operate in a
rank-deficient regime, thus they resort to data augmentation
techniques and Ledoit-Wolf shrinkage (Ledoit and Wolf 2004)
to stabilize covariance matrix estimation. To introduce spatial
localization that Rippel et al. (2021) lacks, PaDiM (Defard
et al. 2021) fits position-conditioned Gaussians to the multi-
layer CNN feature vector. SubspaceAD (Lendering, Akdag,
and Bondarau 2026) evaluates parametric modeling in the
few-shot setting: rather than fitting a full-rank Gaussian per
patch position, it fits a single low-rank PCA subspace to the
covariance matrix, scoring anomalies by the magnitude of
the reconstruction residual orthogonal to that subspace.
Threshold calibration. Producing a segmentation mask from
a continuous anomaly map requires choosing a threshold.
Many papers only report F1"?*, sweeping the threshold over
the labeled test set (Roth et al. 2022; Akcay et al. 2022;
Zhang et al. 2025). This metric evaluates ranking quality,
not a deployable decision rule. MVTec AD 2 (Heckler-Kram
et al. 2026) instead proposes thresholding at ;i + 30, esti-
mated on defect-free validation images. This is a simple
idea, but it implicitly assumes that the score tail is Gaussian.
MEBin (Huang et al. 2025) avoids using labels and a val-
idation set by sweeping thresholds on each test image and
picking the range where the count of connected components
plateaus. Their criterion depends on the test data rather than
a model of normality. U-Flow (Tailanian, Pardo, and Musé
2024) calibrates the threshold just on normal data against a
fixed budget of expected false detections per image. Their
threshold derivation is tied to the normalizing flow likelihood,
and doesn’t transfer to other scoring methods. We use an FPR
budget without tying the threshold to a specific scoring model.
We fit the tail of the score distribution on normal images
using EVT, as described in the thresholding section.
Metacognition. Nelson and Narens (1990) split cognition
into an object level and a meta level, connected by monitoring
and control. The relation is asymmetric: the object level has
no model of the meta level, the same way as a VFM that
produces features but cannot score them. Since monitoring
is logically independent of control, the two can succeed
or fail independently. Fleming and Daw (2017) formalize



self-evaluation as a second-order inference on a coupled but
distinct decision system, which is why the quality of the meta
level is not fixed by the quality of the object level. Monitor-
ing is cue-based and inferential: Koriat (1997) shows that
judgments are driven by proxy cues, not direct access to
the underlying state, and Ackerman and Thompson (2017)
generalize this into a meta-reasoning framework. An anomaly
scorer works in the same way: it never observes defectiveness,
just features that correlate with it. Fleming and Lau (2014)
decompose metacognitive performance into sensitivity and
bias, recommending that they are evaluated separately. Koriat
(1997) reports that repeated study improved resolution while
impairing calibration, the same dissociation we observe be-
tween AU-PRO and thresholded F;. Fixing the backbone and
varying only the scorer isolates the contribution of the meta
level from that of the object level.

Methodology

Our pipeline is divided into three main stages: a frozen
encoder that turns an image into a grid of patch tokens, a
scorer that maps each token to a scalar anomaly score, and a
threshold that turns the resulting score map into a binary mask.
We keep the encoder stage identical to SuperADD (Roming
et al. 2026), the winner of the VAND 4.0 CVPR challenge on
the MVTec AD 2 dataset, which we use as our baseline by
running their published code unmodified.

Shared pipeline. Given a test image, we downscale and
tile it into 640 x 640 patches with 128 px overlap. Each
tile is processed by a frozen DINOv3 backbone (Siméoni
et al. 2026). We extract patch tokens at four equally spaced
depths (25%, 50%, 75%, and 100% of the network depth).
Overlapping regions are coupled, and per-tile token grids
are unified into a single spatial feature map Z, € R xWxd
per layer, where z;(p) € R is the token at position p. The
scorer maps each token z,(p) to a scalar anomaly score s¢(p),
producing one anomaly map per token extraction layer. The
four per-layer maps are bilinearly upsampled to the original
image resolution and then combined by unweighted mean,
S(p) = § > 4ez se(p). To turn S into a binary segmentation
mask, a threshold ¢ is applied and the resulting mask is
post-processed with anomaly region filling.

Mahalanobis distance scorer. We replace the memory bank
of the baseline with a single parametric density model per
layer: a d-dimensional Gaussian N (11¢, 2;) fitted to all normal
training tokens at layer ¢, pooled over every spatial position
and every training image. Unlike Rippel et al. (2021), who
pool features globally, and PaDiM (Defard et al. 2021), which
fits one Gaussian per position, we fit a single Gaussian over
all grid tokens while retaining spatial localization; unlike
SubspaceAD (Lendering, Akdag, and Bondarau 2026), the
full-rank distance requires no choice of subspace dimension.
Fitting. The standard covariance estimator requires storing
all n tokens to compute the mean and covariance, using
O(nd) space. We accumulate the token count, the sum ) . z;
and the sum of outer products Zl,% ZZT to compute them
without storing all the tokens. Then we can calculate the
mean and covariance in closed form: p, = %ZZ z; and

=23, 2z —pepg - The time complexity is O(nd?) in

both cases, but by doing it in one pass we use O(d?) space
(52.47 MB across the four layers) instead of O(nd) (4.7-
16.8 GB for ViT-H+ on MVTec AD 2). Because each training
image contributes H x W tokens, n > d, the covariance
matrix is guaranteed to be full-rank without the synthetic
data augmentations and shrinkage of Rippel et al. (2021) or
the augmentations SubspaceAD requires to compensate the
few-shot setting (Lendering, Akdag, and Bondarau 2026).
Scoring. Given the fitted parameters (p, E[l), we score a
token z by Mahalanobis distance

sep) = /(= ) TS (2 — ). (M

Cost. The fitted model is a vector of size d and a d x d
matrix per layer, over 4 layers, independent of the size of the
training set. At inference, scoring a token has cost O(d?).
The memory bank baseline stores a coreset of m vectors per
layer and scores each token by NN search with cost O(md)
per query. In the default ViT-H+ case, with d = 1280 and

m = 10° the Mahalanobis scorer is 73—51 = % A~ 78X
cheaper per token against brute-force search.

Thresholding. To deploy the model, it needs to be able to
commit to a decision, so we need to binarize the anomaly
map S. Let V. be the set of defect-free images of category
¢, held out from the images used to fit u, and X,, and let
H, = {S(p) : p € I, I € V.} be the pool of per-pixel
anomaly scores. We set an acceptable per-pixel FPR o« on
normal data and set the threshold at the 1 — « quantile of
H,.. We write « as o, = 1 — ®(k), where @ is the standard
normal cumulative distribution function. At this FPR budget,
the quantile is far into the tail, where the empirical estimate is
unreliable. Therefore we fit a Generalized Pareto Distribution
(GPD) to the excesses above u = Qg.g9(H ) by peaks-over-
threshold (Coles et al. 2001) and get the threshold from the
fitted tail: ¢, = ¢1_q, ., the 1 — oy, quantile of the fitted GPD,
estimated per category. We measure the FPR on held-out
normal images by 5-fold cross-validation. On a 640 x 640
image, k = 3 admits ~ 553 false-positive pixels, and k = 5
targets 0.1 pixels but delivers 0.9-3.6; we use & = 4 which
admits ~ 18-20 pixels, yielding the tightest reliable budget.

Experiments

Experimental setup. We evaluate the models on
three datasets. MVTec AD (Bergmann et al. 2019),
MVTec AD 2 (Heckler-Kram et al. 2026), introduced as
its successor to address the saturation on the original one,
and VisA (Zou et al. 2022). We run each model configuration
with three seeds and report their mean and standard deviation.
As the backbone we use DINOv3 (Siméoni et al. 2026) ViT-S,
ViT-B, ViT-L, ViT-H+, all with patch size 16; Fig. 2 reports
every size, while Tables 1 and 2 uses ViT-H+. We evaluate
the monitoring sensitivity with AU-PRO and image AUROC,
and the decision calibration with segmentation F; with four
thresholding rules: percentile (Qg9), 30 rule (u+30), EVT
tail rule (EVT t.), and the oracle F["®* as the performance
ceiling. All the table comparisons are made with a two-sided
Welch’s t-test with Holm-Bonferroni correction, applied to
the per-category differences.
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Dataset NN Mahalanobis NN Mahalanobis NN Mahalanobis NN Mahalanobis
VisA 11.0840.03 11.67<0.01 14.5440.01 16.01+0.01 47.22;0‘19 55.96;0‘01 55.4510.04 60.52<0.01
MVTec AD  22.6510.03 25.66<0.01 30.7210.05 33.4110.02 52.201074 62.9810'03 66.6810.04 67.92<0.01

MVTec AD2 10.8240.00 1271001 33.3440.05 19.88+001 50.00L, 5, 49.39L , 63.1540.08 56.42<0.01

Table 1: Segmentation F} (%) across thresholds compared to the F1"®* oracle, values reported as mean = std across 3 seeds; best
values in bold. { marks significant improvements over the baseline (p < 0.01, Welch’s ¢-test, Holm-Bonferroni corrected).
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Figure 2: MVTec AD 2 test set accuracy over FLOPs. The
two plots dissociate: the Mahalanobis scorer leads on monitor-
ing (AU-PROy ¢5) while using less compute, but on control
(segmentation F at t.) its advantage disappears.

Monitoring quality. We report the threshold-free metrics
in Table 2. On MVTec AD 2 the Mahalanobis scorer improves
the mean AU-PROy 5 from 56.81 to 64.81 over the memory
bank (4+8.00, p < 0.001). On VisA the Mahalanobis scorer
leads the mean AU-PROg 3 with 95.27 vs. 93.60 of the NN
(+1.67, p < 0.001), and on MVTec AD the NN leads with
95.88 versus 95.51 of the Mahalanobis (40.36, p < 0.001).
Image AUROC is close on all 3 datasets, always in favor
of the memory bank, but this difference is only statistically
significant on MVTec AD (p < 0.001). Overall, across the six
threshold-free comparisons, the Mahalanobis scorer proves
that its monitoring signal is competitive with the memory
bank’s, improving ranking on two out of three datasets for
AU-PRO, at a fraction of the scoring cost. Figure 2 shows that
the Mahalanobis scorer has better AU-PROg o5 per FLOP
at every backbone size. In the Fleming and Lau (2014) the
metacognitive sensitivity of the Mahalanobis scorer is higher
on VisA and MVTec AD 2, and slightly lower on MVTec AD.
Decision calibration. Table 1 reports the segmentation F}
at different operating points. The p—+ 30 rule would deliver
a per-pixel FPR of 1.35 x 1073 if the scores were Gaussian.
On MVTec AD 2, the true FPR on held-out normal images is
1.9 x 1073 for NN and 4.6 x 10~3 for Mahalanobis, because
the mean and variance are set by the center of the distribution,
not the tail. This difference is reflected in the segmentation F}
score: on MVTec AD 2 p+30 costs the Mahalanobis scorer
13.46 more segmentation F} score points than the NN one
(19.88 vs 33.34, p < 0.001) despite the higher AU-PROy 5.
This is the sensitivity-bias dissociation of Fleming and Lau
(2014): the ranking improved, but the threshold did not. The

EVT threshold improves the Mahalanobis scorer by 29.51
points of segmentation F; (p < 0.001) and the NN one by
16.66 (p = 0.128). Under the EVT threshold the gap between
the scorers narrows from 13.46 to 0.61 (p = 0.169). At the
oracle threshold the NN still leads on Fj by 6.73 (63.15 vs.
56.42), so about half the deficit was threshold placement,
and the other half remains even at the oracle threshold. On
MVTec AD and VisA the Mahalanobis scorer holds a small
but significant lead under 430 (p < 0.001 for both), and
the EVT threshold makes both methods better. The NN
scorer gains 21.48 points on AD and 32.68 on VisA, and the
Mahalanobis one 29.57 and 39.95, with all four significant
(p < 0.001). Unlike MVTec AD 2, the EVT rule separates
the scorers on the other two datasets: the Mahalanobis scorer
is 10.78 points better than the NN on MVTec AD (p = 0.003)
and 8.74 points better on VisA (p < 0.001); at the oracle
threshold the gap on MVTec AD narrows to only 1.24.

AU-PRO Image AUROC
Dataset NN Mahalanobis NN Mahalanobis
VisA 93.604008 95270, 96.801016 96.530.01
MVTec AD  95.88L . 9551001 99.211,, 97.94 001

MVTec AD 2 56.81i0_23 64.812[“)1 85.03i0_42 83.68i0_03

Table 2: Threshold-free monitoring, mean =+ std across 3
seeds; best in bold. We report AU-PROy o5 for MVTec AD 2,
AU-PROg 3 for MVTec AD and VisA. { marks a significant
NN-Mabhalanobis difference (p < 0.01, Welch’s t-test).

Discussion and Conclusion

Analyzing AD through the monitoring—control framework
of Nelson and Narens (1990) shows that on the same signal
monitoring can improve while control degrades, and that
control can be independently recovered. With the encoder
fixed, a Mahalanobis scorer raises AU-PROg o5 by 8.00 points
on MVTec AD 2 at a fraction of the scoring cost, and an
EVT tail threshold recovers its thresholded F; on all three
datasets without anomalous data. Threshold calibration should
therefore be evaluated and reported separately from ranking
quality.
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