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Abstract

Zero-shot anomaly detection (ZSAD) enables identifying and localizing defects in
unseen categories by relying solely on generalizable features rather than requiring any
labeled examples of anomalies. However, existing ZSAD methods, whether using fixed
or learned prompts, struggle under domain shifts because their training data are derived
from limited training domains and fail to generalize to new distributions. In this paper,
we introduce PILOT, a framework designed to overcome these challenges through two
key innovations: (1) a novel dual-branch prompt learning mechanism that dynamically
integrates a pool of learnable prompts with structured semantic attributes, enabling the
model to adaptively weight the most relevant anomaly cues for each input image; and (2)
a label-free test-time adaptation strategy that updates the learnable prompt parameters
using high-confidence pseudo-labels from unlabeled test data. Extensive experiments on
13 industrial and medical benchmarks demonstrate that PILOT achieves state-of-the-art
performance in both anomaly detection and localization under domain shift.

1 Introduction

Anomaly detection and localization is critical in safety-critical applications, including in-
dustrial inspection and medical diagnostics, where timely identification of rare deviations
from normal patterns can prevent costly failures and improve patient outcomes. Traditional
anomaly detection methods include supervised approaches that require labeled anomalous
examples and unsupervised techniques relying solely on normal data [6, 18, 23, 26, 27, 38].
Supervised methods require scarce and diverse anomaly labels, whereas unsupervised ap-
proaches avoid any need for anomalous samples by modeling only normal data, though they
depend on comprehensive, representative normal data from the target domain [9]. Zero-shot
Anomaly Detection (ZSAD) has emerged as a powerful approach by leveraging pretrained
vision—language models (VLMs) such as CLIP [37], which learns joint representations of
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images and text from large-scale image—text data, to identify anomalies in visual data with-
out requiring any target-domain annotations of normal or anomalous samples.

Early successful ZSAD approaches utilized CLIP by designing explicit textual prompts
that described both the object category and its condition, such as “normal bottle” or “anoma-
lous transistor”. By crafting a large number of prompts that described relevant combinations
of object category and condition, these methods enabled zero-shot classification and sig-
nificantly outperformed vanilla CLIP baselines [11, 14, 20]. These approaches are known
as fixed prompt methods because they rely on manually designed textual prompts. More
recent methods have shifted towards a single learnable prompt, where the prompt itself is
represented as a trainable embedding and optimized during training. This optimization is
performed using auxiliary data, which refers to anomaly detection datasets that are sepa-
rate from the target domain. For example, AnomalyCLIP [47] learns single object agnostic
prompt embeddings to capture generic anomaly patterns, while AdaCLIP [8] further inte-
grates visual knowledge into the prompt embeddings to enhance model adaptation.

Despite these advances, both fixed and single learnable prompt approaches remain vul-
nerable to domain shift, which refers to performance degradation when data distribution
in the target domain differs significantly from training data. Although pretrained VLMs
like CLIP have strong generalization ability, their performance can drop sharply when there
are significant differences between the data seen during pretraining and the target environ-
ment [5, 16]. Even when learnable prompt embeddings are further trained on auxiliary
anomaly detection datasets, that are different from the actual deployment domain, these
models often struggle to represent the full diversity of possible anomalies or adapt to new
categories encountered at test time. This limited generalization occurs for two main reasons:
first, the auxiliary and target datasets may have significant distribution differences, as we
empirically demonstrate in Appendix B.2; second, single prompt embeddings risk overfit-
ting to the patterns and features specific to the auxiliary dataset, which further reduces their
ability to handle unseen anomalies. As a result, prompts derived from narrowly defined aux-
iliary sources may fail to capture diverse visual features in the target data [33]. Therefore,
to address these challenges, we introduce a framework that learns and dynamically weights
multiple prompts, rather than relying on a fixed or single learnable prompt.

On the other hand, Test-Time Adaptation (TTA) techniques have demonstrated improved
model robustness in various computer vision tasks by refining model parameters on unla-
beled test data [29, 35, 39]. Although TTA is designed to address domain shift between
training and test data, applying naive TTA strategies — without tailoring them to the specific
task at hand — can inadvertently degrade performance. When used blindly, especially in tasks
such as detection or localization, the adaptation process may optimize surrogate objectives
that are misaligned with the true goals, often leading to suboptimal outcomes [30, 32, 41].
AnovL [13] was among the first to introduce TTA for anomaly localization refinement in
ZSAD scenarios, but its focus is limited to localization and relies on fixed prompts. These
limitations motivate us to explore how both anomaly detection and localization can be im-
proved under domain shift by effectively utilizing unlabeled target data. '.

To address these challenges, we propose a novel framework, Prompt Learning with
Integrated Label-Free Test-Time Adaptation for ZerO-ShoT Anomaly Detection (PILOT),
a framework designed to mitigate the limitations of current ZSAD methods under domain
shift. Instead of relying on a single learnable prompt, PILOT constructs a pool of learnable
prompts, allowing the prompts to adaptively learn from various anomalies present in the aux-

'We present the Related Works section in Section A of the Supplementary Material.
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iliary dataset. This design enables the model to adaptively weight the most relevant prompts
for each input image, allowing for more nuanced representations of diverse anomalies and
supporting more effective TTA. During inference, our label-free test-time adaptation strat-
egy updates all learnable prompts according to their alignment with each test image, using
high-confidence pseudo-labels generated from unlabeled target data. This targeted adapta-
tion facilitates rapid and reliable adjustment to new domains (i.e., the test domain) without
requiring any labeled data. In addition, to mitigate overfitting to the auxiliary dataset and
enhance adaptation stability, PILOT incorporates an attribute memory bank, which consists
of a curated set of fixed prompts that describe normal and anomalous states, leveraging pre-
trained semantic knowledge from the text encoder. This attribute memory bank serves as a
semantic anchor, helping to stabilize localization performance during TTA. Together, these
innovations enable PILOT to achieve robust anomaly detection and localization across a va-
riety of challenging real-world scenarios. Our contributions are summarized as follows:

e We propose a dual-branch prompt learning framework that dynamically weight the
most relevant prompts from both learnable prompt pool and attribute memory bank,
enabling the model to leverage the most relevant anomaly cues for each input image.

* To our knowledge, this is the first label-free TTA strategy in ZSAD that leverages
high-confidence pseudo-labels from unlabeled test samples to rapidly adapt prompt
parameters at inference, yielding improvements in both anomaly detection and local-
ization under domain shift.

* Extensive evaluation on industrial and medical benchmarks shows that our method
outperforms existing approaches in both anomaly detection and localization metrics.

2 Proposed Method

ZSAD involves detecting and localizing anomalies in images from categories not encoun-
tered during the training phase. Formally, in the training phase, we employ an auxiliary
dataset defined as Dyx = (I, yi,Gi)E‘i‘“x‘, where each image I; € RF>*W>3 is paired with
an image-level label y; € {0,1} (0 denotes normal and 1 denotes anomalous) and a pixel-

level anomaly mask G; € {0,1}*W_ In the inference phase, we consider an unlabeled tar-

get dataset Dy, = {It}zf", where each I, € RI>Wx3 For every I;, the model outputs an
anomaly score §; € [0, 1], (with values closer to 1 indicating higher abnormality likelihood),
along witha G, € [0, 1]V that spatially localizes potential anomalous regions at pixel level.
Crucially, the category sets of Dyyx and Dy, are strictly disjoint, ensuring that the target do-
main remains unseen during training and thus establishing a true zero-shot setting.

To address the limitations of existing approaches, we propose a dual-branch framework
that combines a learnable prompt pool P with an attribute memory bank ¢/. The training
phase of our PILOT framework, depicted in Fig. 1, highlights these two key components.
Further details on the inference phase are provided in Section 2.5, with in-depth descriptions
of each component in the following sections and the complete pseudocode in Appendix E.

2.1 Learnable Prompt Pool

A successful recent approach for CLIP-based ZSAD employs a single learnable prompt, de-
fined as a pair of sequences (p", p®) representing normal and anomalous states, respectively,
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Figure 1: Overview of PILOT’s training phase. The left panel shows the main workflow.
The right panel details the Learnable Prompt Pool P and Attribute Memory Bank /.

for binary anomaly classification [47]. Formally, this prompt can be represented as:

p"=[v',... vt “[normal state] object”], p® = [v',... v*,“[anomalous state] object”] (1)

where L is the number of learnable prefix vectors, and each v() € RY is a d-dimensional vec-
tor trained jointly with the model. These vectors form a “soft prompt,” intuitively acting as
special tokens whose values steer the model’s attention without modifying its core parame-
ters, follows the prefix-tuning paradigm, which guides VLMs while keeping the main model
weights frozen [24, 28]. The placeholders “[normal state]” and “[anomalous state]” filled
with descriptors of the object’s condition, such as “flawless” and “damaged.”

Despite its simplicity and effectiveness, relying solely on a single learnable prompt for
all input images limits generalization under domain shift, as discussed in the introduction,
because a single pair of prompts often fails to adequately represent the diversity of anomaly
patterns encountered in different scenarios. To address this limitation, we propose extending
this single prompt to a learnable prompt pool, containing multiple learnable prompts, each
associated with additional embeddings for adaptive weighting and alignment. Formally, the
proposed prompt pool is defined as P = {(p}, p{, sk, re) }x_,, where K = |P| is the cardi-
nality of the prompt pool. Each (p},p{) is constructed similarly to previous works, and
the additional learnable embeddings s; and r; enable adaptive weighting of the prompts and
alignment with the input image features. Here, sy is a modulation vector for prompt k, applied
element-wise to the image feature x5 to adaptively emphasize information relevant to that
prompt, while r; provides a prompt-specific reference for measuring similarity. These em-
beddings facilitate an adaptive emphasis on prompts that best align with the diverse patterns
present in the auxiliary dataset. To achieve this adaptive prompt weighting, we introduce a
prompt-querying function, which computes prompt relevance scores given an image feature
Xels € R4 produced by the CLIP vision encoder, i.e. fyisual, from an image 7; in Dyyy,:

Ol (xc1s> P) = {O‘k = sim (xcls © Sk, rk) }szla (2)
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where “©” denotes element-wise multiplication, and sim(-,-) represents cosine similarity.
Intuitively, og quantifies how well the image content aligns with the k-th prompt pair; this
is realized by weighting the image feature x| with the attention mask s; and measuring its
similarity to the associated reference embedding r;. The higher the score o is, the more
similar the input image is to the k-th prompt (p}, p{). These scores are then used to form
weighted combinations of the prompt token sequences as p”" = ):le oypy, pt = ):le o4py.
The resulting p" and p* are subsequently encoded using the CLIP pretrained text encoder to
obtain the final text embeddings T, = fiext(p") and T, = fiext(p“), which are employed for
downstream anomaly scoring and localization. This process is visualized in Figure 1.
Although the text encoder fiex is frozen to preserve CLIP’s rich pretrained textual repre-
sentations, we employ a prefix-tuning strategy to enable effective fine-tuning and adaptation
of CLIP. Inspired by similar prefix-tuning methods [24], we introduce additional learnable
parameters to fix;. More specifically, as is shown in Figure 1, layer-wise prefix vectors are
defined as {WE»Z) eERY|j=1,....J, £=1,...,L'}, where fix consists of a total of J' trans-
former layers, and J < J’ denotes the number of initial layers to which learnable vectors are
appended. L’ represents the number of learnable vectors per layer. Specifically, these prefix
vectors are prepended as additional tokens to the input sequence at the first J transformer
layers, leaving the original transformer layers unchanged. At each layer j, these vectors

{wg-é) ?:1 (illustrated as green blocks within the fix; module of Figure 1) are added before
the standard, frozen token embeddings (represented as gray blocks in the the fiexx module
of Figure 1) prior to the self-attention mechanism in in each frozen transformer layer. This
approach enables adaptation of the model’s internal representations without modifying the
pretrained CLIP parameters, thereby preserving their robustness and generalization capabili-
ties. Furthermore, as is illustrated in Figure 1, PILOT fine-tunes only the final d-dimensional
projection layer within the vision encoder fyisua- By restricting updates exclusively to this
projection layer, we substantially reduce memory overhead and computational complexity.
This targeted fine-tuning strategy also mitigates the risk of overfitting to auxiliary datasets,
maintaining the strong generalization properties inherent to CLIP [15].

2.2 Attribute Memory Bank

Although the learnable prompt pool P aims to provide adaptive and diverse representations
tailored to the auxiliary dataset, it may still be susceptible to overfitting when deployed on
target domains. To mitigate this issue, we further introduce a fixed attribute memory bank
comprising attribute embeddings extracted from the pretrained CLIP text encoder fiex (prior
to applying our modifications). Recent works, such as WinCLIP [20], have demonstrated
the robustness of fixed textual prompts by encoding multiple natural-language templates.
Inspired by this, we construct our attribute memory bank from a set of descriptive natural-
language templates (e.g., “A bright photo of a [State] object”), where [State] indicates de-
scriptive attributes of the object’s condition (e.g., “normal”, “corroded", or “contaminated").

Each attribute template is passed through the frozen CLIP text encoder fi.x, without any

(©)

additional learnable tokens w;', to produce a fixed attribute embedding, formally defined as

U= { Uc, 8c } —_» Where C is the number of attribute embeddings, and each u. € R? rep-
resents the EOS-token embedding of the corresponding template. Unlike WinCLIP, which
averages embeddings across multiple prompts, we associate each attribute embedding u,
with a learnable modulation vector g, similar to the learnable prompt pool. Similar to how
s adapts the image features for each prompt, g. dynamically modulates the contribution of
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each attribute according to the input image. Specifically, given an image feature x5, we
introduce the attribute-querying function to compute attribute relevance scores as below:

Oatt (xclm u) = {ﬁc = sim (xcls © & uc) }f:p 3

where “®” denotes element-wise multiplication, and sim(-,-) is the cosine similarity. Here,
u. itself serves as the reference embedding for each attribute, as it is obtained directly from
the pretrained fiex; and already contains rich semantic information. Each score . quantifies
the alignment between the image and the c-th attribute embedding. The resulting scores
{ [Bc}le quantify the alignment between the input and each attribute. Following [19], we
inject i.i.d. Gumbel noise into the attribute logits and apply the entmax 1.5 operator [36] to
obtain a sparse yet differentiable weighting over the most prominent cues:

C
{¢.1<_, = entmax 1.5(B, + noise), Z o.=1, ¢.>0. 4)
c=1

We then compute the attribute text embedding as a weighted combination. T,;; = Zle Ocuc,
T,; € R The injected noise promotes exploration and prevents premature convergence to
a single attribute, allowing the model to capture diverse and complementary semantic cues.
By providing stable, pretrained semantic cues, the attribute memory bank acts as a seman-
tic anchor during TTA discussed in Section 2.5. This mechanism helps to counteracts the
potential overfitting and instability of learnable prompts, ensuring the model retains reliable
semantic references even as it adapts to new domains.

2.3 Prompt Aggregation via Orthogonal Projection

Following [45], to robustly leverage both the stable semantics from the attribute embedding
T, and the adaptive semantics from the learnable prompts (7, for normal and 7, for anoma-
lous), we aggregate these representations using an orthogonal projection operation instead
of simple averaging or concatenation. For each prompt embedding 7., (where (-) € {n,a}),
we decompose it into components parallel and orthogonal to Tg;;:

n v
™ ©)

This construction anchors the fused embedding in the robust attribute space, while enriching
it with only those cues from the learnable prompt that are complementary to the attribute.
Geometrically, T(f‘)15 preserves all the core semantics provided by T, and selectively incor-
porates novel information from 7. that lies in the orthogonal complement. Further analysis
can be found in Appendix E.8. This parameter-free aggregation prevents redundancy and
enhances robustness to distributional shift, especially during TTA, as shown in Table 11.

T\ = Tuu + (T() — Projy, (1)), Proj, () =

2.4 Training Objectives

To achieve both accurate anomaly detection and precise localization, we jointly optimize
image-level classification and pixel-level segmentation objectives. Joint training allows the
two tasks to reinforce each other, as global context aids localization while fine-grained cues
improve classification. All training is performed on the auxiliary dataset D,,,. Given the
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aggregated text embedding T(f ;” and the global visual feature x5, we compute the anomaly

score and corresponding image-level loss:
§ =0 (sim(xas, T})),  Limage = BCE($, y) (6)

where o(-) denotes the sigmoid function, sim(-,-) is cosine similarity, and BCE is the bi-
nary cross-entropy loss comparing the predicted score y to the ground-truth image label
y € {0,1}. For pixel-level localization, following [47], we extract patch features {X ")
RH XWXd}me M from a set M of selected layers in fyisua- Each X (m) is formed by reshaping
the patch token sequence into a spatial grid of size H x W with d-dimensional embeddings.
For each m € M, we compute an anomaly map using the aggregated text embedding:

A

G = o (sim(X"), T)),  Lpina = Y [Focal(G™, G) +Dice(G™, G)] (7)

1
|M| memM

where G ¢ [0,1]7>W is the predicted anomaly probability map for layer s, G is the ground-
truth pixel-level mask, Focal(+,-) denotes the focal loss [31], and Dice(-,-) denotes the Dice
loss [40]. This combination balances pixel-wise discrimination and overlap accuracy. The
final training objective combines both terms Lpior = Limage + Lpixel-

2.5 Test-Time Adaptation

A central challenge for robust ZSAD, as outlined in the Introduction, is achieving reli-
able adaptation to target domains that may differ significantly from the auxiliary dataset.
While fine-tuning on D, can calibrate model representations, substantial domain shifts of-
ten cause conventional approaches to overfit or fail to generalize, especially in the absence
of labeled data from the target domain. To overcome these obstacles, we propose a TTA
strategy that enables the model to adjust to new domains using only unlabeled target data,
without compromising the integrity of previously learned representations.

The core idea of our TTA strategy is to identify a subset of highly reliable predictions
(high-confidence pseudo-labels) from the target dataset and leverage these predictions to
update model parameters. Specifically, for each image I; in the unlabeled target dataset Dtar,
we compute the anomaly score as Jt = o (sim(xcls’,, T'( ~)fus)), where x’,_ is the CLIP visual
feature for /; and T(f‘)lb denotes the fused prompt embedding selected and aggregated for /;
using model parameters trained on D,,x. We then identify the most reliable samples by
selecting the top and bottom p-fractions of scores:

A=Topppp {Fiti, N =Botpps {5}, ®)

where B = |Dy,| and 0 < p < 0.5. Pseudo-labels are then defined by §, = 1 if t € A, and
¥ = 0if r € N. Adaptation is performed by optimizing an image-level binary cross-entropy
loss on the selected samples, i.e., Limage = BCE(J;,3;) fori € AUN.

Critically, during TTA, we update only the parameters associated with the learnable
prompt pool, including the learnable prompts, their corresponding embeddings s; and 7y.
All other model parameters, such as those in the attribute memory bank and the core CLIP
architecture, remain fixed. The updates for each learnable prompt are weighted by the at-
tention scores defined previously (see Section 2.1), meaning prompts with higher attention
scores for a given input contribute more significantly to parameter updates. We limit adapta-
tion strictly to the image-level objective because, as shown in our experiments (Section 3.2),
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pseudo-labels derived at the image level exhibit considerably higher reliability compared to
those at the pixel level. Pixel-level pseudo-labeling can be adversely affected by spatial ambi-
guity and noise exacerbated by domain shifts. By focusing adaptation solely on image-level
labels, we reduce the risk of propagating noisy pseudo-labels, ensuring stable, unsupervised
adaptation in the target domain. Our experimental results demonstrate that applying such a
strategy improves both pixel-level and image-level detection on the target domain.

3 Experiments

Benchmarks. To demonstrate the effectiveness of our method, we conduct experiments on
13 widely used benchmarks spanning industrial inspection and medical imaging. Specif-
ically, we evaluate on six industrial datasets: BTAD [34], VisA [48], MVTec AD [2],
DAGM [44], SDD [42], and DTD-Synthetic [1] and seven medical datasets, subdivided
into detection-only (HeadCT [25], BrainMRI [22], Br35H [17]) and localization (ISIC [12],
CVC ColonDB [43], CVC ClinicDB [4], Kvasir [21]). The medical datasets for anomaly
localization contain only anomalous samples and lack normal data; since our TTA strategy
requires normal samples, results are reported without TTA (see Appendix H). To ensure strict
zero-shot evaluation, auxiliary datasets exclude all target data. More specifically, for a fair
comparison, we followed the related literature [8, 47], and used MVTec AD [2] as the auxil-
iary dataset when reporting the performance on all other datasets, while when reporting the
performance on MVTec AD, we trained the model on VisA [48] as the auxiliary dataset.
Baseline. We compare PILOT with the most recent SOTA methods, including SAA[7],
CoOp [46], WinCLIP [20], APRIL-GAN [10], AnomalyCLIP [47], and AdaCLIP [8].
Evaluation Metrics. Following standard practices in zero-shot anomaly detection litera-
ture such as [10, 47], we evaluated our method using the AUROC. Additionally, we report
APs for anomaly detection and use AUPRO [3] to assess pixel-level anomaly localization
performance. Results are provided at both dataset-level and domain-level averages.

3.1 Comparison with State-of-the-Art

As reported in Table I, PILOT establishes state-of-the-art performance across all bench-
marks for both image-level anomaly detection and pixel-level localization in the zero-shot
setting. This can be benefited from PILOT comprehensive approach in addressing critical
challenges prevalent in ZSAD, that explicitly tackles domain shift in test phase. Prior ap-
proaches [7, 20] rely solely on predefined prompts, which may not generalize well to unseen
domains, whereas methods such as [8, 10, 46, 47] employ lightweight visual adapters or a
single learnable prompt to capture anomaly cues, but often overfit to the auxiliary training
set, limiting robustness under distribution shift. PILOT distinguishes itself by dynamically
identifying the most relevant prompts for each input and refining only those learnable prompt
parameters during inference using high-confidence pseudo-labels from the unlabeled target
data. Note that while existing baselines can utilize the proposed image-level TTA strate-
gies, these often degrade pixel-level localization performance and do not yield consistent
improvements across both detection and localization tasks. On the contrary, PILOT uniquely
achieves gains in both image-level and pixel-level metrics under TTA, a phenomenon ana-
lyzed in detail in Section 3.2. We also compare against state-of-the-art full-shot methods in
Appendix F.1, which show that PILOT achieves image-level accuracy on par.
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Table 1: Model performance on public benmarks. The top section reports image-level results
(AUROC, AP), and the bottom section reports pixel-level results (AUROC, AUPRO). Best

entries are marked with bold and second-best entries with underline.
Industrial Image-level Anomaly Detection (AUROC, AP)

Dataset SAA CoCoOp WinCLIP  APRIL-GAN  AnomalyCLIP  AdaCLIP PILOT

MVTec AD (64.2,87.0) (88.2,94.5) (91.9,96.4) (86.5,93.2) (91.6,96.3) (91.3,95.8) (92.1, 96.6)
VisA (67.5,76.2) (63.2,68.5) (78.5,81.4) (78.2,81.3) (81.8, 85.1) (81.6,84.1) (84.1,85.7)
BTAD (59.4,89.2) (67.0,77.6) (68.4,71.1) (73.8,68.9) (83.8,88.4) (90.4,90.7) (95.3,96.8)
SDD (68.9,37.9) (75.1,65.3) (84.5,77.6)  (80.0,71.7) (85.5, 81.7) (81.4,72.8) (87.9,85.7)
DAGM (87.3,88.6) (87.7,74.8) (91.9,79.7)  (94.6, 84.0) (96.1,90.2) (97.3,93.1) (98.5,92.8)
DTD-Synthetic  (94.6,93.7) (92.4,94.8) (93.4,92.8) (86.7,95.2) (93.7,97.3) (97.5,98.2) (97.7,98.4)
Mean (73.7,78.8) (78.9,79.3) (84.8,83.2) (83.3,82.4) (88.8, 89.8) (89.9,89.1) (92.6,92.7)

Medical Image-level Anomaly Detection (AUROC, AP)
HeadCT (46.8,68.0) (78.4,78.8) (81.8,80.2)  (89.1,89.4) (91.0,92.3) (86.5,81.3) (94.5,96.0)
BrainMRI (344,76.7) (61.3,449) (86.6,91.5)  (89.3,90.9) (93.2,94.7) (93.2,89.7) (97.3,97.9)
Br35H (33.2,67.3) (86.0,87.5) (80.5,82.2) (93.1,92.9) (95.3, 96.0) (92.1,90.9) (96.7,97.7)
Mean (38.1,70.7) (75.2,70.4) (83.0,84.6) (90.5,91.1) (93.2,94.3) (90.6, 87.3) (96.2,97.2)
Industrial Pixel-level Anomaly Localization (AUROC, AUPRO)

MVTec AD (75.5,38.1) (44.4,11.1) (85.1,64.6) (87.6,44.0) (90.7, 78.7) (89.4,37.8) (90.3, 80.2)
VisA (76.5,31.6) (42.1,12.2) (79.6,56.8) (94.2,86.8) (95.3,85.1) (95.5,77.8) (96.0, 87.2)
BTAD (65.8,14.8) (28.1,6.5) (72.7,27.3)  (60.8,25.0) (94.4,73.6) (94.8,32.5) (96.3,74.9)
SDD (78.8,6.6)  (24.4,8.3) (68.8,24.2) (79.8,65.1) (90.7, 66.6) (71.7,17.6) (92.4,73.4)
DAGM (62.7,32.6) (17.5,2.1) (87.6,65.7)  (82.4,66.2) (95.6,91.0) (91.1,62.3)  (96.0, 91.4)
DTD-Synthetic  (76.7,60.6)  (14.8,3.0) (83.9,57.8)  (95.3,86.9) (97.8,91.1) (98.2,86.2) (98.0,90.2)
Mean (72.7,30.7)  (28.6,7.2) (79.6,49.4)  (83.4,62.3) (94.1, 81.0) (90.1,52.4) (94.8, 82.9)

3.2 Effect of Test-Time Adaptation

Table 2 presents a comparison of all methods evaluated under a unified TTA protocol, where
each method adapts learnable parameters across the test set using high-confidence pseudo-
labels following PILOT’s label-free strategy. This fair setup reveals a key limitation of
image-level TTA strategies in existing ZSAD models: while they can yield modest improve-
ments in detection, they often destabilize pixel-level localization due to indiscriminate pa-
rameter updates guided by global objectives. This is particularly evident in methods like
AnomalyCLIP, which use a single learnable prompt across all test images. In these cases,
high-confidence pseudo-labels are often insufficient to represent the diversity of anomaly
patterns in the target domain, resulting in imbalanced adaptation (see Appendix F.2) and
degraded fine-grained localization. Thus, image-level TTA alone struggles to maintain the
alignment between visual and semantic cues necessary for precise localization, especially
in complex scenarios. AAnother significant limitation is conventional TTA methods’ sus-
ceptibility to noisy pseudo-labels, which propagate errors and degrade both detection and
localization performance. PILOT’s adaptive prompt weighting addresses this by localizing
the impact of label noise—updates concentrate on prompts closely aligned with each input,
thus minimizing negative effects on the overall prompt pool.

3.3 Module Ablation

Table 3 evaluates individual components of PILOT across industrial datasets, highlighting
how our design stabilizes pixel-level predictions during TTA. Using a single prompt, similar
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Table 2: Comparison of PILOT vs. state-of-the-art on industrial benchmarks. Img and Pix
denote image-level and pixel-level metrics, respectively. “w/o TTA” and “w/ TTA” indicate
performance without and with TTA, respectively. Arrows indicate change in performance:
T(increase > 0.5), |(decrease < —0.5), and o(no significant change, £0.5).

Dataset | APRIL-GAN | AnomalyCLIP | AdaCLIP | PILOT
| wioTTA wITIA | wioTTA w/TTA | wioTTA w/TTA | wioTTA w/ TTA
MVTec AD Img | (86.5,93.2) (82.9/,89.8]) | (91.6,963) (89.2],95.00) | (91.3,95.8) (90.1],95.80) | (90.2,95.7) (92.11,96.67)

Pix | (87.6,44.0) (86.0),42.0]) | (90.7,78.7) (88.1],73.5]) | (89.4,37.8) (87.0/.29.5]) | (89.4,79.2) (90.31,80.21)

Img | (78.2,813) (84.51,88.01) | (81.8,85.1) (84.31,85.81) | (81.6,84.1) (83.07,85.01) | (82.0,84.1) (84.11,85.71)

VisA Pix | (94.2,86.8) (92.0,84.0]) | (95.3,85.1) (85.5),82.6]) | (95.5,77.8) (93.8],72.6]) | (94.8,85.6) (96.01,87.21)
BTAD Img | (73.8,68.9) (76.91,73.21) | (83.8,88.4) (85.71,93.01) | (90.4,90.7) (91.67,92.51) | (90.0,91.6) (95.31,96.81)
Pix | (60.8,25.0) (58.00,23.0]) | (94.4,73.6) (94.10,72.0]) | (94.8,32.5) (93.0/,255]) | (94.9,73.0) (96.31,74.91)
DD Img | (80.0,71.7) (79.90,71.60) | (85.5,81.7) (85.70,81.80) | (81.4,72.8) (83.07,74.01) | (87.3,85.2) (87.91,85.71)
Pix | (79.8,65.1) (77.50,63.0) | (90.7,66.6) (89.90,63.8]) | (71.7,17.6) (66.7),12.5]) | (88.7,69.6) (92.41,73.41)
DAGM Img | (94.6,84.0) (95.00,84.50) | (96.1,90.2) (97.31,92.01) | (97.3,93.1) (96.80,92.20) | (97.1,91.8) (98.51,92.81)

Pix | (824,662) (80.5),64.0)) | (95.6,91.0) (93.1],90.2]) | (91.1,62.3) (90.2].58.8]) | (95.8,91.8) (96.00,91.40)

Img | (86.7,95.2) (85.00,93.5)) | (93.7.973) (93.20,96.95) | (97.5,98.2) (97.50,98.40) | (95.3,98.0) (97.71,98.47)

DTD-Synthetic .
Pix | (95.3,86.9) (93.5/,84.5]) | (97.8,91.1) (93.3],83.4]) | (98.2,86.5) (94.9],73.3]) | (97.3,89.9) (98.01,90.20)

Table 3: Module ablation for PILOT on industrial datasets. SLP: Single Learnable Prompt;
+Attr: SLP + Attribute Memory Bank; Full: SLP + Attr + Query & Prompt Pool (Full
model). Metrics: Image = (AUROC, AP), Pixel = (AUROC, AUPRO).

‘ Image-Level ‘ Pixel-Level

| wioTTA w/TTA | wioTTA w/ TTA

SLP | (90.8,91.6) (91.41,91.90) | (94.2,82.1)  (90.7),79.8))
+Atr | (90.5,91.3)  (91.21,91.70) | (93.9,81.5)  (94.00, 81.50)
Full | (90.3,91.1)  (92.61,92.71) | (93.5,81.5)  (94.81,82.91)

to existing ZSAD methods, improves detection but severely degrades localization accuracy
due to the lack of spatial supervision, causing visual-textual misalignment. Introducing the
fixed attribute memory bank addresses this by providing stable semantic anchors, constrain-
ing model adaptation and preserving localization quality through parameter-free orthogonal
projection. The complete PILOT framework integrates prompts from the learnable pool and
attribute memory bank through a dual-branch fusion mechanism, dynamically weighted by
adaptive query functions. During TTA, parameter updates are guided by alignment scores,
ensuring prompts aligned with high-confidence samples undergo more substantial refine-
ment. This adaptive update strategy mitigates negative transfer risks from unseen data, en-
hancing both image-level detection and pixel-level localization.

4 Conclusion

We have introduced PILOT, a ZSAD framework designed to address domain shifts by adap-
tively integrating anomaly cues through a dual-branch prompt aggregation mechanism, which
combines a learnable prompt pool with semantic attribute embeddings. Our image-level TTA
strategy further refines the prompt parameters using high-confidence pseudo-labels from un-
labeled target data. Extensive experiments on 13 public benchmarks demonstrate that PI-
LOT consistently achieves state-of-the-art performance in both anomaly detection and lo-
calization. Future work may explore advanced TTA strategies to jointly improve pixel-level
localization and image-level detection, further enhancing ZSAD robustness.
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