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Abstract. Detecting covariate shift is critical for building reliable vi-
sion systems. While most prior work focuses on improving robustness to
shift, explicitly detecting covariate shift remains underexplored. Existing
approaches typically rely on fully supervised training, requiring labeled
examples from both original and shifted distributions, which is often im-
practical. In this paper, we show that covariate shift detection can be
effectively addressed with weaker supervision using Positive–Unlabeled
(PU) learning. However, under covariate shift, in-distribution and shifted
data overlap significantly, making classical PU methods unstable and sen-
sitive to noise. To overcome this challenge, we introduce Spectral PU
Neighborhood Annotation (S-PUNA), a geometry-aware frame-
work that progressively discovers shifted data by leveraging the local
manifold structure of visual features. Extensive experiments show that
S-PUNA achieves state-of-the-art performance in PU settings and re-
markably matches the performance of fully supervised methods. More-
over, our approach transfers robustly across different types of shifts,
demonstrating strong generalization capabilities. Code is available at
https://github.com/fira7s/S-PUNA.

Keywords: Covariate shift · Positive Unlabeled Learning · Pseudo la-
beling

1 Introduction

Modern Deep Neural Networks (DNNs) are usually trained on a source distribu-
tion and tested on data assumed to follow a similar distribution. A central ob-
jective of classical machine learning research has been to improve generalization
under mild distributional shifts, commonly referred to as covariate shift, where
the input distribution PX changes but P (Y | X) stays the same. Many works
therefore focus on domain generalization [42], domain adaptation [1], and robust-
ness to small input perturbations [18]. In contrast, under a semantic shift [38]
(for example when a model trained on animals is tested on objects) the predic-
tions become unreliable. In such cases, the goal is not to generalize but to detect
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the shift and raise an alert. Thus, models should be invariant to covariate shift
but sensitive to semantic shift.

In this work, we argue that detecting covariate shift itself is also an important
problem that has been less studied. In many real applications, knowing that the
data distribution has changed is critical. For example, detecting AI-generated
data often relies on identifying small distribution differences [39, 43]. Similarly,
in finance [11], healthcare [15], or sensor systems [27], gradual covariate shifts
can signal that model predictions may become unreliable.

Existing approaches are predominantly fully supervised. For example, recent
work such as DisCoPatch [6] trains a dedicated discriminator to distinguish be-
tween real and synthetic images. While effective, such methods require labeled
examples from both distributions, limiting their applicability when negative sam-
ples are unavailable or expensive to curate. This raises a fundamental question:

Are we forced to rely on fully supervised training for covariate shift detection,
or can we relax the level of supervision?

We propose to address covariate shift detection through the lens of Posi-
tive–Unlabeled (PU) learning. This field studies binary classification when only
labeled positive examples and unlabeled data are available. This paradigm natu-
rally arises in anomaly detection [35], medical diagnosis [3], or out-of-distribution
detection [20], where negative labels are scarce or unreliable. Surprisingly, to the
best of our knowledge, PU learning has not been systematically investigated for
covariate shift detection.

However, directly applying classical PU risk minimization in the presence of
covariate shift is problematic. Standard PU methods rely on unbiased risk esti-
mators that assume sufficient separability between positive and negative distri-
butions. Under covariate shift, the distributions may overlap significantly, leading
to a small total variation distance and high intrinsic Bayes risk. In this regime,
global risk estimation becomes unstable and prone to high variance.

We argue that in covariate-shifted PU settings, the negative distribution
should not be estimated globally. Instead, it should be progressively discovered
through its local geometric structure. Motivated by the manifold hypothesis, we
treat the unlabeled dataset as a mixture of low-dimensional submanifolds cor-
responding to positive and shifted negative components. Rather than directly
estimating risk differences, we iteratively uncover the negative manifold by prop-
agating reliable local neighborhood information from positive anchor points.

To operationalize this idea, we introduce Spectral PU Neighborhood An-
notation (S-PUNA), a geometry-aware pseudo-labeling framework for covari-
ate shift detection as illustrated in Figure 1. S-PUNA initializes from labeled
positives and iteratively expands both positive and negative anchor sets using
confidence-controlled k-nearest neighbor propagation in feature space. Unlike
classical k-NN-PU [40] that propagates only positive labels, S-PUNA symmet-
rically constructs both classes, progressively refining the decision boundary.

A key challenge in iterative pseudo-labeling is preventing semantic drift. We
address this through a novel spectral entropy stopping criterion. By monitoring
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the eigenvalue distribution of the covariance matrix of the discovered negative
set, we measure its intrinsic dimensionality and structural complexity. The it-
erative expansion stops once the spectral entropy stabilizes, indicating that the
negative manifold has been sufficiently captured without invading overlapping
regions.

Finally, we train a DNN classifier to distill the non-parametric neighborhood
structure to maximize latent separation and distinguish positive from shifted
components.

Our contributions are summarized as follows:

– We are the first to use PU for detecting changes in covariates and to provide
theoretical insights on this new problem.

– We introduce S-PUNA, a geometry-aware framework that progressively
uncovers the shifted distribution through local manifold expansion.

– We propose a principled spectral entropy stopping criterion that detects early
contamination and prevents pseudo-labeling drift under covariate overlap.

– We provide theoretical insights into why spectral entropy signals help prevent
annotation contamination.

– We build new covariate shift benchmarks and demonstrate state-of-the-art
performance, approaching fully supervised methods, while showing strong
transferability across diverse shifts.

Fig. 1: Overview of S-PUNA. Given a PU dataset D, we use a pre-trained DNN Φ(·)
that maps samples to the latent feature space Φ(X). S-PUNA then performs iterative
k-NN pseudo-labeling. k-NN expands both pseudo-positive X̃P,U and pseudo-negative
X̃U,N samples symmetrically. The process is stopped using the spectral-entropy crite-
rion. The PU classifier g(·) is trained to separate positives and negatives.

2 Related Works

Domain generalization. Domain adaptation (DA) [1] and domain generaliza-
tion (DG) [42] also study changes in distribution, but their objective is funda-
mentally different from ours. In DA/DG, covariate shift is usually treated as a
nuisance: the goal is to learn representations or classifiers that generalise and re-
main accurate and invariant across domains. In contrast, our goal is not to adapt
to the shifted distribution or to improve task accuracy in the event of a shift;
rather, it is the shift itself that is the target to be detected. This distinction
is important because methods designed for DA/DG may deliberately remove
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or obscure domain-specific information, whereas our method must preserve and
exploit this information to detect the presence of a shift.

Covariate Shift Detection. While the problem is often included within
broader discussions of general OOD detection [38], isolating and detecting these
non-semantic shifts remains an under-explored challenge. Fully supervised strate-
gies like DiscoPatch [6] require the unrealistic assumption that the specific co-
variate shifts are represented in the training set. Meanwhile, standard OOD
algorithms like [2] and spatial anomaly detection methods like PatchCore [32]
and SimpleNet [25] excel in semantic or localized tasks but prove ineffective for
image-level covariate shift detection (see Appendix F for detailed results).

Positive-Unlabeled (PU) learning. PU learning enables binary classifi-
cation using only labeled positives and an unlabeled mixture [3]. Modern ap-
proaches rely on disambiguation-free empirical risk estimators. For instance,
nnPU [21] prevents overfitting by enforcing non-negative risk constraints, DCPU
[24] handles biased or disjoint positive sets, and DistPU [41] mitigates negative-
prediction bias by aligning predictions with the class prior through entropy min-
imization. PU formulations have also been applied to open-world OOD detection
by treating nominal data as positives and deployment data as an unlabeled mix-
ture [5, 30]. Most existing methods assume a semantic shift between the P and
N, which simplifies the PU framework. While some works [7, 22,33] address PU
under covariate shift, they focus on classifier generalization between train and
test sets rather than using the PU framework for shift detection.

3 Preliminaries and mathematical Insights

3.1 Distribution Shift Detection

Fig. 2: Covariate shifts in ImageNet benchmarks. Comparison of natural im-
ages (ImageNet, ImageNet-V2) against synthetic corruptions (ImageNet-C), stylized
rendering (ImageNet-R), and generative data (GenImage) for the classes Paddy cat
(Near shifts are represented in green while Far shifts are in red).

Notations and preliminaries. Let X be the set of all possible inputs (usually
points in Rd, i.e. d-dimensional vectors). Let Y = {1, 2, . . . ,K} be the set of
possible class labels (there are K different classes). During training we receive
a dataset Dtrain = {(x1, y1), (x2, y2), . . . , (xn, yn)} where each pair (xi, yi) is
supposed to come from the same joint distribution Ptrain(X,Y ). We train a
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classifier fθ by minimizing the average training loss:

θ̂ = argmin
θ

1

n

n∑
i=1

ℓ
(
fθ(xi), yi

)
(1)

Here ℓ(·, ·) denotes a loss function. Classical learning theory assumes that fu-
ture test samples (X,Y ) follow the same distribution: Ptest(X,Y ) = Ptrain(X,Y ).
In practice this assumption rarely holds, leading to distribution shift. Detect-
ing and handling such shifts is essential for reliable machine learning systems.
Two main types are commonly distinguished: Semantic shift and Covariate
shift.

Semantic Shift occurs when the label distribution differs between training
and test data, i.e., Ptest(Y ) ̸= Ptrain(Y ). This setting is closely related to Out-of-
Distribution (OOD) detection, where test samples are drawn from a distribution
Ptest defined on the same input space X but involving unseen semantic classes.
The OOD literature typically distinguishes two regimes [37]: Far OOD where
the new classes are semantically very different from those seen during training,
and Near OOD where they remain semantically similar. Near-OOD detection is
generally more challenging due to the stronger semantic overlap with the training
classes.

Covariate Shift refers to a change in the input distribution while the condi-
tional labeling function remains unchanged: Ptest(X) ̸= Ptrain(X), Ptest(Y |
X) = Ptrain(Y | X). In this case, the optimal classifier is theoretically unchanged,
but empirical risk minimization may become biased since the training data no
longer reflect the marginal distribution encountered at test time. As with seman-
tic shift, one can distinguish between Near Shift, where Ptest(X) differs only
slightly from Ptrain(X), and Far Shift corresponding to larger changes in input
statistics. This distinction primarily reflects the difficulty of the shift rather than
a strict quantitative measure in X .

3.2 Background and Mathematical Insights

Classical Binary Classification. Let (X,Y ) ∼ P be a random pair taking values
in X × {−1,+1}, where P denotes the joint data-generating distribution. We
denote by πp = P(Y = +1), and πn = P(Y = −1) = 1 − πp , the class priors,
and by P+ = PX|Y=+1 and P− = PX|Y=−1 , the class-conditional distributions.

Given a hypothesis class H of measurable functions f : X → R and a loss
function ℓ : R × {−1,+1} → [0, 1], the population (true) risk of a classifier f is
defined as

R(f) = E(X,Y )∼P [ℓ(f(X), Y )]. (2)

Using the law of total expectation, this can be decomposed as

R(f) = πp EX∼P+ [ℓ(f(X),+1)] + πn EX∼P− [ℓ(f(X),−1)]. (3)

In practice, P is unknown and we observe an i.i.d. training sample such that
D = {(xi, yi)}ni=1 ∼ Pn.
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The empirical risk is defined as

R̂n(f) =
1

n

n∑
i=1

ℓ(f(xi), yi). (4)

Empirical Risk Minimization (ERM) selects f̂ ∈ argminf∈H R̂n(f).

Positive–Unlabeled (PU) Classification In PU learning, we do not observe labeled
negative examples. Instead, we observe: a labeled positive set XP = {xp

i }
np

i=1 ∼
(P+)np , and an unlabeled set XU = {xu

j }
nu
j=1 ∼ (PX)nu , where the marginal

distribution satisfies
PX = πpP

+ + πnP
−. (5)

Similarly to [14] a key observation is that the negative component of the risk
can be recovered from the mixture structure. Indeed, by linearity of expectation
and (5),

EX∼PX
[ℓ(f(X),−1)] = πpEX∼P+ [ℓ(f(X),−1)] + πnEX∼P− [ℓ(f(X),−1)]. (6)

Rearranging yields:

πnEX∼P− [ℓ(f(X),−1)] = EX∼PX
[ℓ(f(X),−1)]− πpEX∼P+ [ℓ(f(X),−1)]. (7)

Substituting (7) into (3) gives the unbiased PU risk :

Rpu(f) = πpEX∼P+

[
ℓ(f(X),+1)− ℓ(f(X),−1)

]
+ EX∼PX

[ℓ(f(X),−1)]. (8)

Importantly, Rpu(f) = R(f) for all f , hence minimizing Rpu is equivalent to
minimizing the true risk.

An empirical estimator of (8) is

R̂pu(f) =
πp

np

np∑
i=1

ℓ̃(f(xp
i )) +

1

nu

nu∑
j=1

ℓ(f(xu
j ),−1), where (9)

ℓ̃(f(x)) = ℓ(f(x),+1)− ℓ(f(x),−1). (10)

Rademacher Generalization Bound Let H be a class of functions taking values
in [0, 1]. We can define its empirical Rademacher complexity:

Rn(H) = Eσ

[
sup
f∈H

1

n

n∑
i=1

σif(xi)

]
, where σi are i.i.d. Rademacher variables.

(11)
A standard uniform convergence result (see, e.g., Theorem 3.1 of [28]) states

that for any δ > 0, with probability at least 1− δ,

sup
f∈H

|R(f)− R̂n(f)| ≤ 2Rn(H) +

√
log(1/δ)

2n
. (12)
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This inequality provides a distribution-dependent control of the generalization
gap.

Applying (12) separately to the positive and unlabeled samples yields, with
probability at least 1− δ,

Rpu(f) ≤ R̂pu(f) + 2πpRnp
(H) + 2Rnu

(H)

+ πp

√
log(1/δ)

2np
+

√
log(1/δ)

2nu
. (13)

Thus, the excess risk is controlled by the complexity of the hypothesis class and
the sample sizes np and nu.

Bayes Optimal Risk and Total Variation Assume now balanced classes:

πp = πn =
1

2
. (14)

Define the regression function η(x) = P(Y = +1 | X = x).
We can define the Bayes classifier, as in [4], by f∗(x) = 1{η(x) ≥ 1/2}, which

minimizes R(f) over all measurable classifiers.
Its risk is

R(f∗) = E[min(η(X), 1− η(X))]. (15)

Using the identity

min(a, b) =
1

2
(a+ b− |a− b|), (16)

and the fact that

∥P+ − P−∥TV =
1

2

∫
|p+(x)− p−(x)|dx, (17)

one obtains the classical result from statistical decision theory:

R(f∗) =
1

2

(
1− ∥P+ − P−∥TV

)
. (18)

Equation (18) shows that the intrinsic difficulty of the classification problem
is entirely governed by the total variation distance between the class-conditional
distributions. If the distributions overlap significantly, ∥P+ − P−∥TV is small
and the Bayes error is large. If they are well separated, ∥P+−P−∥TV approaches
1 and the Bayes error approaches 0.

3.3 Implications for Covariate Shift Detection

Under covariate shift, the marginal distribution of X changes while P (Y | X)
remains fixed. When P+ and P− differ substantially, the total variation term
in (18) captures this shift directly.
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Combining (13) with (18), we obtain the high-probability bound

Rpu(f̂) ≤
1

2

(
1− ∥P+ − P−∥TV

)
+ 2πpRnp

(H) + 2Rnu
(H)

+πp

√
log(1/δ)

2np
+

√
log(1/δ)

2nu
. (19)

This inequality highlights two sources of difficulty: Intrinsic difficulty, gov-
erned by ∥P+−P−∥TV , which reflects distributional overlap and the estimation
error, governed by Rademacher complexity and sample size.

In extreme classical shift scenarios used in PU, where P+ and P− have
nearly disjoint supports, ∥P+ − P−∥TV ≈ 1, and the intrinsic Bayes error is
small. However, in our case ∥P+ − P−∥TV ≈ 0, hence the covariate shift might
complicate all the training.

4 Spectral-PU Neighborhood Annotation (S-PUNA)

In the covariate shift regime, the class-conditional distributions P+ and P−

may exhibit substantial overlap in the ambient space, leading to a small total
variation distance ∥P+ −P−∥TV . As shown in Section 3.2, the Bayes risk scales
as R(f∗) = 1

2 (1− ∥P+ − P−∥TV ), implying that when ∥P+ − P−∥TV is small,
the intrinsic classification problem is difficult.

To mitigate this effect, we propose Spectral–PU Neighborhood Anno-
tation (S-PUNA), a progressive, geometry-aware pseudo-labeling framework.
Rather than estimating the negative distribution globally, S-PUNA exploits the
local manifold structure of the unlabeled data to iteratively uncover regions that
are statistically inconsistent with the positive anchor distribution. This results
in a gradual expansion of a reliable negative support estimate. The Appendix A
gives a deeper theoretical overview of the soundness of our proposed approach.

4.1 Iterative k-NN-Based Pseudo-Labeling

Our method is a two-stage process as illustrated in Figure 1: an initialization
phase of the k-NN, followed by symmetric manifold expansion.

Let us consider that we have two sets of pseudo-annotations, one for positive
and one for unlabeled negative data, which we denote as: X̂ (t0)

U,P = ∅, X̂ (t0)
U,N =

∅ for the first iteration t0. Then for the next iterations t = t0 + 1, . . . , T , we
maintain the current annotated sets:

X (t)
P = XP ∪ X̂ (t−1)

U,P , X (t)
N = X̂ (t−1)

U,N . (20)

Baseline and Sets Initialization. All samples features ϕ(x) are extracted from
the sixth block of a pre-trained Vision Transformer (ViT) [13]. This specific
intermediate representation is chosen for its efficacy in capturing the geometric
nuances of covariate shifts (see Appendix D for a comparative analysis of feature
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layer sensitivity). Our technique starts by constructing a k-nearest neighbor (k-
NN) index on Positive Domain (PD) training features, Xtrain. For each sample
x in the unlabeled pool XU , we compute an initial distance score sorig(x) as the
minimum distance from the sample to its k-nearest neighbors in Xtrain. We then
initialize the positive (PD) and negative (covariate) sets for the first iteration t0
by ranking the pool according to these scores:

X̂ (t0)
U,c =

{
{x ∈ XU | x is among top α lowest sorig(·)}, if c = P

{x ∈ XU | x is among top α highest sorig(·)}, if c = N
(21)

where α represents a small number of features used to seed the initial pseudo-
labeled sets. For subsequent iterations t = t0 + 1, . . . , T , the current annotated
sets are maintained as: X (t)

P = XP ∪ X̂ (t−1)
U,P , X (t)

N = X̂ (t−1)
U,N and X (t)

U =

X (t−1)
U /(X̂ (t)

U,N ∩ X̂ (t)
U,P ).

Neighborhood Search and Scoring. At each iteration t, we compute two separate
distance metrics for each candidate sample x ∈ X (t)

U :

1. dP (x): the mean distance from the sample features ϕ(x) to its k-nearest
neighbors in the positive bank X (t)

P .
2. dN (x): the mean distance from the sample features ϕ(x) to its k-nearest

neighbors in the negative bank X (t)
N .

Using these distances we calculate a score for ranking:

st(x) = dood(x)− did(x). (22)

Set Expansion. The set is progressively expanded by ranking the candidates
based on st(x). We select the top β samples for each class to be added to the
respective sets:

X̂ (t)
U,c = X̂ (t−1)

U,c ∪

{
{x | x has top β highest st(x)}, if c = P

{x | x has top β lowest st(x)}. if c = N
(23)

β is a fixed parameter we set during the whole algorithm that controls the
number of samples added to the sets at each iteration.

This iterative expansion differs from classical k-NN-based PU approaches,
which typically only propagate positive labels. Here, both classes are progres-
sively constructed, leading to a symmetric refinement of the decision boundary.

Geometric Interpretation. Under the cluster assumption, points belonging to the
same class lie on a low-dimensional manifold. As iterations proceed, the negative
set expands along directions of maximal discrepancy from the positive support.
This progressively increases the effective separation between the empirical sup-
ports of P+ and P−.
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4.2 Spectral Entropy Stopping Criterion

A key challenge in iterative pseudo-labeling is preventing semantic drift. To
detect when the discovered negative set has saturated its intrinsic structure, we
monitor its spectral complexity.

Let Σt denote the empirical covariance matrix of ϕ(x) for x ∈ X̂ (t)
U,N :

Σt =
1

|X̂ (t)
U,N |

∑
x∈X̂ (t)

U,N

(ϕ(x)− µt)(ϕ(x)− µt)
⊤, (24)

where µt is the mean of the features ϕ(x) for x ∈ X̂ (t)
U,N . Let {λ(t)

1 , . . . , λ
(t)
d } be

its eigenvalues normalized such that
∑

i λ
(t)
i = 1.

We define the spectral entropy :

H(Λt) = −
d∑

i=1

λ
(t)
i log λ

(t)
i . (25)

Interpretation. Spectral entropy quantifies the dispersion of variance across prin-
cipal directions. Low entropy indicates concentration on a narrow manifold; high
entropy reflects a richer, more isotropic structure. As the negative manifold is
progressively uncovered, H(Λt) increases.

We stop when H(Λt) < H(Λt−1), indicating that the geometric expansion
has stabilized. This prevents the algorithm from invading regions where P+ and
P− overlap, which would artificially decrease ∥P+ − P−∥TV .

Theoretical Justification. This stopping criterion prevents semantic drift. As
formalized in Lemma 1, this inevitably disperses the mixture’s spectrum and
strictly decreases spectral entropy.

Lemma 1 (Spectral Entropy Decrease). Let ΣN , ΣP ≻ 0 be arbitrary
within-class covariance matrices, and let µP and µN be arbitrary means real
vectors. Let us assume that ∆µ = µP − µN ̸= 0. For a contaminated mixture
X ∼ (1−ε)N (µN , ΣN )+εN (µP , ΣP ), its spectral entropy satisfies S(ε) < S(0)
for all sufficiently small contamination levels ε > 0.

The full proof is provided in Appendix A.

4.3 Knowledge Distillation into Deep Networks

After convergence, we obtain the pseudo-labeled dataset Danno = X (t)
P ∪ X̂ (t)

U,N .
We train a parametric classifier gω on top of embeddings ϕ(x), e.g., a multi-

layer perceptron. The training objective is:

L(ω) = − 1

|Danno|
∑

(x,ŷ)∈Danno

CE
(
gω(ϕ(x)), ŷ

)
. (26)
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Why Distillation Helps. The k-NN procedure is a non-parametric estimator with
low bias but high variance. Distilling its pseudo-labels into a DNN induces a
smoother decision boundary, reducing variance while preserving local geometry.
Importantly, the learned DNN is optimized to keep the local geometry that comes
from the k-NN, allowing for a good separation between positive and negative.

5 Experimental results

In this section, we evaluate our proposed method S-PUNA and test its ro-
bustness under severe covariate shift across diverse datasets. We benchmark
S-PUNA against classical positive-unlabeled (PU) risk minimization estima-
tors as well as neighborhood-based baseline methods. Complete implementation
details and hyperparameters are provided in the Appendix B.3. In Section 5.3,
we analyze 21 methods using ResNet and ViT architectures to evaluate how su-
pervised and unsupervised techniques perform in detecting covariate shift. We
provide some examples of downstream applications of S-PUNA in Appendix I.

5.1 Datasets and Metrics

We evaluate our proposed method across three primary image classification
benchmarks characterized by significant covariate shifts: ImageNet-1K [10],
TinyImageNet [10], and EuroSAT [16].

ImageNet-1K Benchmarks. Using ImageNet-1K as the Positive Domain (PD)
baseline, we test our approach on four shifted datasets. ImageNet-V2 [31] (near
shift) replicates the original data collection process while introducing subtle sta-
tistical biases. ImageNet-R [17] (far shift) provides adversarial and rendered
versions (e.g., paintings, sketches) of ImageNet classes, preserving semantic con-
tent while altering the visual domain. ImageNet-C (far shift) [18] applies 15
types of algorithmic perturbations, including noise, blur, and weather effects,
across five severity levels. Finally, GenImage (near shift) [44] consists of Ima-
geNet classes regenerated via various generative models, introducing synthetic
distributional shifts.

TinyImageNet Benchmarks. For TinyImageNet (PD), we consider two shifted
variants: TinyImageNet-C [18] (far shift), which applies corruptions simi-
lar to ImageNet-C, and TinyImageNet-V2 (near shift), a filtered version of
ImageNet-V2 containing only the 200 overlapping classes.

EuroSAT Benchmarks. To demonstrate the versatility of our method beyond
object-centric domains, we evaluate it on the EuroSAT satellite dataset (PD).
We consider two shifted variants: EuroSAT-C(far shift) [29], which simulates
synthetic atmospheric and sensor-based degradations, and a new dataset intro-
duced in this study, EuroSAT-D(near shift). The latter consists of regenerated
versions of EuroSAT images to address synthetic generative shifts. Further de-
tails on dataset construction are provided in Appendix B.4 .

Metrics and Evaluation. We report standard covariate shift detection met-
rics: Area Under the Receiver Operating Characteristic curve (AUROC), Area
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Under the Precision-Recall curve (AUPR), and the False Positive Rate at a
95% True Positive Rate (FPR95).

In our analysis, we distinguish between near-shift datasets, which exhibit
moderate covariate shifts that are distributionally close to the PD data (and
thus more challenging to detect), and far-shift datasets, which represent severe
shifts that are more easily identifiable. We provide a comprehensive discussion
on this taxonomy in Appendix H.

5.2 Baselines and Implementation Details

For evaluation, images are projected into a dense feature space extracted from
the sixth block of a ViT pre-trained on in-domain data. We select this specific
intermediate layer as it captures structural nuances of covariate shifts while
mitigating the task-specific overfitting prevalent in deeper layers (see Appendix
D).

We benchmark S-PUNA against several state-of-the-art PU learning meth-
ods, including Dist-PU [41], DC-PU [24], and saPU [9], all of which are op-
timized using the same ViT feature embeddings. Additionally, we compare our
approach against pseudo-labeling strategies such as LaGAM [26] and a naive
k-NN baseline [40] that propagates labels from the positive set.

For S-PUNA, the iterative expansion process terminates when the absolute
difference in spectral entropy between consecutive steps, H(Λt)−H(Λt−1), falls
below the threshold of 0.0. An ablation study regarding all of the hyperparam-
eters of S-PUNA is provided in Appendix C. Upon convergence, the learned
structural information is distilled into an MLP via standard cross-entropy train-
ing. Results using a ResNet instead of the ViT are detailed in Appendix G.

5.3 From supervised to unsupervised Covariate shift detection

To assess the effectiveness of various detection paradigms, we conduct an ex-
tensive benchmark in Appendix F, evaluating 14 OOD detection methods, 5
anomaly detection methods, and 3 diffusion-based techniques across both ResNet
and ViT architectures. We further compare these against two supervised ap-
proaches: DiscoPatch [6] and DRCT [8].

Fig. 3: Overview of the performance
of ood detection methods on covariate
shifted datasets of imagenet1k

Our results indicate that supervised tech-
niques achieve superior performance on
near-shift scenarios, with an average
AUROC of 89.8%. However, on far-
shift datasets, these methods are out-
performed by the majority of unsuper-
vised techniques. Among the unsuper-
vised approaches, logit-based methods
such as ReAct [34] and ASH [12] yield
the weakest results, suggesting that high-
level class probabilities often discard the
subtle structural cues necessary for robust
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detection. While feature-based methods like MDS [23], hybrid approaches like
ViM [36] and diffusion based methods like DiffPath [19] show marginal improve-
ments, these findings highlight that current OOD detection methods struggle on
covariate shift when restricted to purely unsupervised internal signals.

5.4 Results

ImageNet. Table 1 summarizes the covariate shift detection performance on
ImageNet-1K for both near and far shift scenarios.

Classical PU-based baselines exhibit a significant performance gap between
the two regimes. For instance, Dist-PU improves from 84.48% AUROC in near-
shift cases to 96.70% in far-shift cases, confirming that the latter is consid-
erably easier to identify. However, its near-shift performance remains insuffi-
cient, with a high FPR95 of 35.05%. Similar trends are observed for saPU and
LaGAM, while DC-PU struggles across both regimes, particularly regarding
FPR95 (85.80% near, 89.38% far).

In contrast, S-PUNA consistently outperforms all baselines. Under near-
shift conditions, our method achieves 97.89% AUROC—surpassing the strongest
baseline (Dist-PU) by over 13%—while simultaneously reducing the FPR95
from 35.05% to 9.69% (a −25.3% improvement). S-PUNA also achieves the
highest AUROC under far-shift (98.51%). On average, our approach yields 98.20%
AUROC (a +7.61% gain over Dist-PU) and reduces the average FPR95 to
8.52%, outperforming the best baseline by nearly 18%. Unlike prior methods,
our approach maintains high stability across both shift types, demonstrating su-
perior robustness.

Table 1: Comparison of methods on Imagenet with Near Covariate Shift and Far
Covariate Shift (w/ C: with classifier; w/o C: without classifier; C: classifier). We
report AUROC, AUPR, and FPR95 (%). Results are shown as mean ± std.

Method Near Shift Far Shift Average

AUROC↑ AUPR↑ FPR95↓ AUROC↑ AUPR↑ FPR95↓ AUROC↑ AUPR↑ FPR95↓

k-NN [40] 54.40±0.00 90.92±0.00 62.63±0.00 74.79±0.00 60.78±0.00 80.84±0.00 64.59±0.00 75.85±0.00 71.73±0.00
Dist-PU [41] 84.48±0.40 87.33±0.30 35.05±0.93 96.70±0.11 96.51±0.14 18.06±0.58 90.59±0.25 91.92±0.22 26.56±0.75
saPU [9] 82.93±0.27 85.83±0.26 69.58±1.01 95.09±0.46 87.53±3.17 26.78±2.33 89.01±0.37 86.68±1.72 48.18±1.67
Dc-PU [24] 60.61±2.44 65.26±1.70 85.80±1.03 70.51±3.96 41.98±4.34 89.38±10.83 65.56±3.20 53.62±3.02 87.59±5.93
LaGAM [26] 83.01±0.54 86.40±0.56 65.30±1.96 96.50±0.13 94.36±1.66 17.46±0.71 89.75±0.33 90.38±1.11 41.38±1.33

S-PUNA w/o C (ours) 95.81±0.00 97.66±0.00 19.22±0.00 95.95±0.00 97.93±0.00 19.92±0.00 95.88±0.00 97.79±0.00 19.57±0.00
S-PUNA w/ C (ours) 97.89±0.13 98.81±0.08 9.69±0.48 98.51±0.08 99.20±0.05 7.36±0.49 98.20±0.10 99.00±0.06 8.52±0.48

TinyImageNet. On the TinyImageNet benchmark (Table 2), most baselines per-
form exceptionally well under near-shift conditions; for instance, Dist-PU achieves
99.96% AUROC and 0.15% FPR95. S-PUNA surpasses these results, reaching
perfect near-shift performance (100.00% AUROC, 0.00% FPR95). Our method
also provides the strongest far-shift results (99.64% AUROC, 1.20% FPR95),
slightly improving upon the best-performing baseline, LaGAM (99.59% AU-
ROC, 1.39% FPR95). On average, S-PUNA consistently improves all metrics
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Table 2: Comparison of methods on Tiny-ImageNet with Near Covariate Shift
and Far Covariate Shift (w/ C: with classifier; w/o C: without classifier; C: clas-
sifier). We report AUROC, AUPR, and FPR95 (%). Results are shown as mean ± std.

Method Near Shift Far Shift Average

AUROC↑ AUPR↑ FPR95↓ AUROC↑ AUPR↑ FPR95↓ AUROC↑ AUPR↑ FPR95↓

k-NN [40] 82.00±0.00 50.65±0.00 78.39±0.00 95.82±0.00 28.19±0.00 96.96±0.00 88.91±0.00 39.42±0.00 87.68±0.00
Dist-PU [41] 99.96±0.00 99.98±0.00 0.15±0.04 99.46±0.11 96.14±0.62 2.81±0.60 99.71±0.06 98.06±0.31 1.48±0.32
saPU [9] 91.73±0.01 96.37±0.01 19.14±0.01 92.07±0.17 71.47±1.97 33.44±0.40 91.90±0.09 83.92±0.99 26.29±0.21
Dc-PU [24] 95.93±2.90 97.82±1.52 16.43±13.11 82.95±5.58 35.21±14.85 61.76±21.21 89.44±4.24 66.52±8.19 39.09±17.16
LaGAM [26] 99.93±0.01 99.96±0.01 0.22±0.01 99.59±0.21 95.35±3.03 1.39±0.78 99.76±0.11 97.66±1.52 0.81±0.39

S-PUNA w/o C (ours) 100.00±0.00 100.00±0.00 0.00±0.00 99.54±0.00 99.62±0.00 1.20±0.00 99.77±0.00 99.81±0.00 0.60±0.00
S-PUNA w/ C (ours) 99.90±0.10 99.92±0.08 0.02±0.04 99.64±0.11 99.46±0.15 1.51±0.50 99.77±0.11 99.69±0.12 0.77±0.27

across the board compared to the state-of-the-art.
EuroSAT. Results on the EuroSAT dataset (Table 3) reveal a critical vulnera-
bility in traditional PU methods. While several baselines achieve high AUROC
under near-shift conditions (Dist-PU: 99.78%), their performance degrades sub-
stantially under far-shift scenarios—Dist-PU, for example, drops to 89.46% AU-
ROC with a significant 49.97% FPR95. In contrast, S-PUNA achieves perfect
separation in the far-shift regime (100.00% AUROC, 0.00% FPR95), marking
a +10.54% AUROC gain and a −49.97% reduction in FPR95 over the best
baseline. Averaged across both regimes, S-PUNA reaches 99.90% AUROC and
0.33% FPR95, substantially outperforming LaGAM’s average metrics (92.79%
AUROC, 28.92% FPR95). These results confirm the superior robustness of our
geometry-aware approach across varying shift severities. Please refer to Appendix
E for transfer experiments and robustness across shifts.

Table 3: Comparison of methods on EuroSAT with Near and Far Covariate Shift.
(w/ C: with classifier; w/o C: without classifier; C: classifier). We report AUROC,
AUPR, and FPR95 (%). Results are shown as mean ± std.

Method Near Shift Far Shift Average

AUROC↑ AUPR↑ FPR95↓ AUROC↑ AUPR↑ FPR95↓ AUROC↑ AUPR↑ FPR95↓

k-NN [40] 58.86±0.00 84.80±0.00 13.91±0.00 81.03±0.00 83.11±0.00 58.47±0.00 69.95±0.00 83.96±0.00 36.19±0.00
Dist-PU [41] 99.78±0.13 99.95±0.03 0.72±0.46 89.46±0.50 96.48±0.26 49.97±2.81 94.62±0.31 98.22±0.14 25.35±1.64
saPU [9] 96.71±0.93 99.30±0.21 7.55±3.58 86.75±0.62 95.81±0.15 54.38±1.06 91.73±0.78 97.56±0.18 30.97±2.32
Dc-PU [24] 68.96±3.53 87.87±0.59 90.89±6.73 60.22±4.34 85.05±1.43 94.48±3.06 64.59±3.93 86.46±1.01 92.68±4.90
LaGAM [26] 99.33±0.56 99.86±0.14 3.01±3.39 86.24±0.90 96.28±0.27 54.83±3.24 92.79±0.73 98.07±0.21 28.92±3.32

S-PUNA w/o C (ours) 84.40±0.00 38.02±0.00 55.76±0.00 100.00±0.00 100.00±0.00 0.00±0.00 92.20±0.00 69.01±0.00 27.88±0.00
S-PUNA w/ C (ours) 99.79±0.05 96.08±0.70 0.65±0.36 100.00±0.00 100.00±0.00 0.00±0.00 99.90±0.03 98.04±0.35 0.33±0.18

5.5 Ablation and Sensitivity Analysis

Classifier head contribution. Across all datasets, we observe that the classifier
head often improves over the S-PUNA w/o C variant; when it does not, its per-
formance remains comparable within the metric ± the standard deviation.
Effect of the proportion of shifted data. Previous experiments considered the
standard 1:1 composition of the unlabeled pool, corresponding to 50% shifted
samples in Table 4. Using the same features extracted from block 6 of the ViT, we
conducted additional experiments on ImageNet-1K and its associated near- and
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Table 4: AUROC across different shifted-sample ratios in INet1K.

Method
Average AUROC

Block 11 Block 6

p = 5% p = 25% p = 50% p = 75%

DCPU 62.23 73.08 68.00 65.56 72.19
DistPU 82.08 71.04 86.40 90.59 92.17
LaGAM 79.35 85.08 87.45 89.75 90.92
SAPU 79.38 60.24 75.53 89.01 92.03
S-PUNA w/c 97.03 91.61 95.75 98.20 95.53

far-shifted datasets with shifted-sample proportions of 5%, 25%, and 75%. Ta-
ble 4 reports the average AUROC for covariate-shift detection across all datasets.
S-PUNA consistently outperforms the PU-learning baselines for every considered
proportion of shifted data.
Effect of ViT layer selection. We also compared features extracted from blocks
6 and 11 of the ViT for shift detection on ImageNet-1K, while keeping the S-
PUNA pipeline and all hyperparameters unchanged. The corresponding results
are reported in the first column of Table 4. S-PUNA continues to outperform
the PU-learning baselines when block-11 features are used, indicating that its
improvement is not merely an artifact of selecting block 6. Nevertheless, block 6
provides the best overall performance. Additional results are in Appendix D.

6 Conclusion

In this work, we investigated the efficacy of various paradigms for covariate
shift detection. Our analysis demonstrates that while fully supervised approaches
perform reasonably well, traditional unsupervised covariate shift detection meth-
ods—relying on internal signals like logits or feature statistics fail significantly in
the near shift regime. Because covariate shifts preserve semantic content and in-
troduce only subtle distributional changes, these unsupervised signals are unable
to reliably distinguish shifted samples from in-distribution data.

To bridge this gap, we proposed a weakly supervised alternative based on the
Positive–Unlabeled (PU) learning framework. To mitigate the instability of clas-
sical PU risk estimators under significant distributional overlap, we introduced
Spectral PU Neighborhood Annotation (S-PUNA). This geometry-aware
method progressively discovers shifted samples through local neighborhood ex-
pansion within the feature manifold.

Extensive experiments across multiple benchmarks confirm that S-PUNA
consistently outperforms existing PU baselines and even surpasses fully super-
vised models in several settings. Our findings suggest that strictly supervised
signals are not a prerequisite for reliable covariate shift detection; rather, by ef-
fectively leveraging the intrinsic geometric structure of feature representations,
weakly supervised PU learning can achieve highly robust and state-of-the-art
performance.
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