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Abstract

Recently, Vision-Language Models (VLMs) like CLIP have
been widely adopted for zero-shot anomaly detection
(ZSAD). Existing methods commonly perform a joint align-
ment of a single text feature with both global and local vi-
sual features. However, they overlook a core challenge:
the granularity mismatch between the image-level classi-
fication and pixel-level segmentation tasks. In this work,
we present our observation that joint alignment leads to
two unexpected phenomena: 1) Performance degrades and
is even inferior to the original CLIP, despite a clear sep-
aration between normal and abnormal text features. 2)
The text features show a preference for aligning with lo-
cal visual features, which enlarges the modality gap with
global features and consequently harms classification per-
formance. To address these issues, we propose a simple
yet effective Decoupled Alignment framework (DA-CLIP).
Our framework decouples feature alignment into two sep-
arate spaces using two independent text encoders, prevent-
ing mutual interference and effectively mitigating the gran-
ularity mismatch. Furthermore, to enhance the focus of
text features on anomaly semantics rather than foreground
object semantics, while preserving discriminability, we in-
troduce a Decoupled Asymmetric Refinement (DAR) block,
which dynamically refines the text features by incorporating
fine-grained image priors. Extensive experiments on 11 in-
dustrial and medical datasets demonstrate that our method
achieves state-of-the-art performance.

1. Introduction

Recently, Contrastive Language-Image Pretraining (CLIP)
model [30] has demonstrated remarkable generalization ca-
pabilities in zero-shot learning [20, 34], driving widespread
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Figure 1. Comparison with Existing State-of-the-Art Methods.
Ground truth regions are highlighted in red in the first row. DA-
CLIP delivers more accurate segmentation results, reducing both
false negatives and false positives.

adoption of zero-shot anomaly detection (ZSAD) in do-
mains such as industrial defect inspection [6, 25, 29, 41]
and medical diagnosis [17, 39]. ZSAD aims to train ex-
clusively on auxiliary datasets and then detect previously
unseen anomalies in the target domain. Unlike traditional
AD methods, ZSAD does not require a large corpus of nor-
mal target domain samples for prior training, thus overcom-
ing the inability of traditional methods to detect novel or
rare defect classes. Consequently, ZSAD represents a more
meaningful and inherently challenging task.

Recent efforts [7, 8, 18, 25, 28, 29, 41] have explored
adapting CLIP’s strong generalization to AD domains.
Initial researches primarily focus on how to generalize
CLIP’s pre-trained knowledge to AD tasks. Some meth-
ods [6, 11, 25, 28, 41] improve ZSAD performance by us-
ing adapters or inserting learnable vectors to achieve a tight
alignment between visual and text features. Subsequent
method [25] explores the limitations of CLIP’s text fea-
tures regarding their lack of anomaly awareness. However,

This CVPR Findings paper is the Open Access version, provided by the Computer Vision
Foundation. Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.
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(a) CLIP (b) CLIP with Joint Alignment

Image-Level AUROC (86.2) Image-Level AUROC (76.9)

Figure 2. t-SNE Visualization of Text Features. While the origi-
nal CLIP’s normal and abnormal text features are entangled, joint
alignment effectively separates them. However, the classification
performance paradoxically declines.

these approaches overlook a critical issue: AD tasks are
composed of both a coarse-grained classification task and a
fine-grained segmentation task. These methods jointly align
the adapted text features with both global image features
and patch features to optimize classification and segmenta-
tion tasks simultaneously. Based on this fundamental un-
derstanding, we observe that aligning an already anomaly-
aware text feature with global image features paradoxically
degrades classification performance, making it even inferior
to the original CLIP, as shown in Fig. 2.

What hinders CLIP’s performance in ZSAD? To as-
sess the limitations of CLIP in ZSAD, we analyze its em-
bedding space, as illustrated in Fig. 3. Specifically, we ob-
serve in Fig. 3(a) that within the original CLIP’s embed-
ding space, the normal and abnormal text features are en-
tangled. This, combined with a significant modality gap
from the visual features, leads to poor performance in both
classification and segmentation (Fig. 3(d)). While the joint
alignment approach establishes a clear distinction between
normal and abnormal semantics in the text space, the text
features show a strong preference for aligning with patch
features. This alignment inadvertently widens the modality
gap with global features, causing a degradation in classifi-
cation performance, as depicted in Fig. 3(b).

This critical observation reveals the fundamental reason
for CLIP struggles in ZSAD: the joint alignment paradigm
disregards the inherent granularity mismatch between the
classification and segmentation sub-tasks by compelling
their optimization within a shared embedding space. There-
fore, the question arises: is it possible to resolve this conflict
by decoupling the alignment within a unified framework, us-
ing separate adapters for a non-interfering, simultaneous
optimization of both tasks?

Our solution. Specifically, we process the text prompts
through two separate text encoders to obtain task-specific
text features. One feature is generated by a trainable text

encoder and is exclusively aligned with global image fea-
tures, focusing on the classification task. Conversely, the
other feature, generated by a frozen text encoder, is aligned
with patch features via a learnable linear projection layer to
guide it towards anomalous regions. This decoupled align-
ment framework ensures that each text feature achieves pre-
cise alignment with its corresponding visual feature within
a dedicated embedding space. As a result, it prevents the
phenomenon of preferential alignment and narrows the gap
between modalities, as depicted in Fig. 3(c).

Furthermore, as evidenced by the anomaly maps in
Fig. 3(f), we observe significant false positive regions. We
attribute this primarily to the inherent limitation of the
frozen text features, which tends to focus on semantic mod-
eling of foreground objects rather than identifying anoma-
lies. To overcome this limitation, we introduce a Decoupled
Asymmetric Refinement (DAR) block, which leverages the
decoupled text embeddings via an additional independent
text encoder and dynamically refines them by incorporating
fine-grained visual features. This targeted refinement fur-
ther unlocks the segmentation potential of ZSAD, yielding
significantly more precise anomaly localization (Fig. 3(g)).
In summary, our contributions are as follows:
• We identify a critical granularity mismatch problem in

ZSAD, revealing the underlying reason for CLIP’s lim-
ited performance.

• To address this issue, we propose DA-CLIP, a simple yet
effective decoupled alignment framework. It achieves
specialized alignment by decoupling the task optimiza-
tion process into two embedding spaces.

• We introduce a DAR block that refines text embeddings
using fine-grained visual features, further boosting seg-
mentation performance.

• Extensive empirical results demonstrate that DA-CLIP
achieves state-of-the-art (SOTA) performance in 11 in-
dustrial and medical benchmark datasets.

2. Related Work

2.1. Traditional Anomaly Detection

Most existing anomaly detection methods rely on an un-
supervised paradigm, training exclusively on large col-
lections of normal samples. Reconstruction-based meth-
ods [14–16, 35, 36, 38] reconstruct test samples and detect
anomalies by measuring reconstruction error. Knowledge
distillation-based methods [10, 23, 33] identify anomalies
through the feature discrepancy between teacher and stu-
dent networks. Synthesis-based methods [21, 32, 37, 40]
generate synthetic anomalous examples during training to
enhance the model’s sensitivity to defects. Although they
often achieve strong results, their success critically depends
on the quantity and diversity of normal examples. Con-
sequently, performance degrades substantially when con-

6063



Figure 3. t-SNE Visualization of CLIP Embedding Space and Anomaly Maps. (a) In the original CLIP, text features are entangled
and misaligned with visual features. (b) Joint alignment (JA) causes text features to preferentially align with patch features, degrading
classification. (c) Our decoupled alignment (DA) effectively aligns each text feature with its corresponding visual feature, thereby bridging
the modality gap. (d-g) Anomaly maps visualize the progressive impact of each component.

fronted with novel defect types or rare diseases. More-
over, training a separate model for each category incurs pro-
hibitive computational and time costs.

2.2. Zero-shot Anomaly Detection

Due to CLIP’s powerful generalization, ZSAD has garnered
significant attention. WinCLIP [18] is the first to align
composite textual prompts, with aggregated multilayer vi-
sual features. APRIL-GAN [7] and CLIP-AD [8] employ
a learnable adapter to project visual features into the joint
embedding space, enabling targeted alignment between tex-
tual and visual features and thereby enhancing segmenta-
tion performance. However, the aforementioned methods
neglect to explicitly optimize the textual space, resulting
in entangled embeddings of normal and anomalous seman-
tics, which limit CLIP’s classification performance. To ad-
dress this issue, AnomalyCLIP [41] and FiLo [12] intro-
duce learnable vectors to adapt the textual space for better
anomaly discrimination. AdaCLIP [6] proposes a hybrid
of static and dynamic prompts to jointly optimize both the
textual and visual spaces. AA-CLIP [25] is the first to re-
veal CLIP’s inherent lack of anomaly awareness and inserts
residual adapters into both the text and image encoders, en-
abling clear separation of normal and anomalous seman-
tics in both spaces. Bayes-PFL [29] presents a Bayesian
prompt flow learning strategy to regularize both context and
state text spaces, thereby improving generalization to un-
seen classes. However, these methods overlook a critical
issue: AD tasks are composed of a coarse-grained classi-
fication task and a fine-grained segmentation task, which
have an inherent granularity mismatch. Therefore, directly
performing a joint alignment of text and visual features lim-
its their performance.

Unlike previous methods, we are the first to identify the
true reason for CLIP’s limitations in the ZSAD task. We
propose a simple yet effective decoupled alignment frame-

work that decouples the alignment process into two inde-
pendent subspaces. This architecture compels each of the
two text features to learn task-specific semantics indepen-
dently, effectively preventing the optimization conflict.

3. Method

3.1. Problem Formulation

ZSAD aims to train a generalizable anomaly detection
model capable of operating effectively on entirely unseen
domains and anomaly types, without requiring any target
domain samples or prior knowledge. Following the re-
cent setting of ZSAD tasks, the model is trained exclu-
sively on the industrial dataset Dtrain and evaluated di-
rectly on unseen categories from different test datasets
{D1

test,D2
test, ...,Dn

test}, where the categories and defect
types in each Di

test are distinct from Dtrain. The evalua-
tion comprises an image-level classification task to deter-
mine normal/anomalous samples and a pixel-level segmen-
tation task to localize anomalous regions.

3.2. Key Observations

Although prior methods have made some progress in
ZSAD, they commonly overlook the inherent granularity
mismatch problem of the AD tasks, and the joint alignment
strategy exhibits certain limitations. To reveal this issue,
we conduct visualization analysis of the embedding space.
We found that while the joint alignment approach success-
fully creates a clear separation between normal and abnor-
mal text features, the image-level AUROC metric drops sig-
nificantly from 86.2% to 76.9%. This phenomenon reveals
the problem: the text feature preferentially aligns with the
more numerous local features, thereby neglecting the global
image feature. This preference leads to a further widening
of the modality gap between the text and global features
(Fig. 3(b)).
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Figure 4. t-SNE Visualizations of Text-Visual Alignment. The
dashed triangle represents the centroid of the text features. Al-
though joint alignment can effectively locate anomalies within an
image, it fails to determine if the image itself is anomalous. In con-
trast, decoupled alignment succeeds in both localizing and identi-
fying anomalies.

To further analyze how this preferential alignment leads
to failure, Fig. 4 provides a visual analysis within the two
visual spaces. Under joint alignment (Fig. 4(top)), although
the model locates the anomalous regions in the image, the
global feature is pushed further away from the abnormal
text feature in the global space. Instead, it moves closer
to the normal text feature, causing the entire image to be
misclassified as normal. This alignment paradigm forces
a single text feature to reconcile two tasks of fundamen-
tally different granularities, a practice that is fundamentally
detrimental to ZSAD.

3.3. Overview
Fig. 5 illustrates the overall framework of DA-CLIP, which
consists of two key components: 1) the decoupled align-
ment framework decouples text-visual alignment process
to independently optimize classification and segmentation
tasks, 2) the DAR branch directs text features to focus on
anomalous regions rather than foreground object semantics.
Specifically, given an input image x ∈ Rh×w×3, the image
encoder produces the global image features Vcls ∈ RC and
the patch features V i

p ∈ RH×W×C , i ∈ {1, 2, 3, 4}, where
H = h/patchsize,W = w/patchsize and C represents
the embedding dimension. V i

p are passed through a single
layer to produce F i

p. Concurrently, text prompts with stan-
dard ZSAD protocols are input into both the text encoder
integrated with token adapter and the original CLIP text en-
coder, yielding two text features, Tc and Ts ∈ R2×C . Tc are
aligned with Vcls to compute anomaly scores, Ts are aligned
with F i

p to generate a coarse anomaly map M1. Further-
more, we introduce the DAR block to adjust text features
for precise segmentation. Note that, to avoid impairing the

original classification capability, we additionally decouple
a dedicated text embedding Tm. Through the refinement
module, we dynamically update Tm and align it with V i

p to
generate a fine anomaly map M2. Finally, we jointly opti-
mize the coarse map M1 and the refined map M2 to super-
vise the segmentation task.

3.4. Decoupled Alignment Framework
Decoupled Alignment. Motivated by Sec. 3.2, we propose
a novel decoupled alignment framework to synergistically
unlock the potential of ZSAD performance. Specifically,
we design object-agnostic handcrafted text prompts (eg. “a
photo of normal [object]” and “a photo of damaged [ob-
ject]”), which are fed into two text encoders Ψ1 and Ψ2

respectively, generating decoupled text features.

Tc = [T a
c , T

n
c ] = Ψ1([ta, tn]),

Ts = [T a
s , T

n
s ] = Ψ2([ta, tn]),

(1)

where T a and Tn ∈ RC denote the anomalous and normal
text features. ta and tn represent the anomalous and normal
text prompt. [·, ·] denotes concatenation along rows.

Unlike existing joint alignment paradigms, we assign
decoupled text features to classification and segmentation
independently, which prevents confusion caused by their
granularity mismatch and avoids any related performance
drop. Specifically, for the classification task, we measure
the cosine similarity between Tc and the global image fea-
ture Vcls to compute the image-level anomaly score, as de-
fined in Eq. (2):

Scls = CosSim(Vcls, Tc), (2)

where Scls ∈ R2 denotes the classification prediction.
For the segmentation task, we first project V i

p into a uni-
fied embedding space using a learnable linear layer to pro-
duce F i

p, thereby facilitating better alignment between text
features and patch features.

F i
p = Lineari(V

i
p ), i ∈ {1, 2, 3, 4} (3)

However, directly computing the cosine similarity be-
tween Tc and F i

p can cause rapid overfitting on the auxiliary
dataset, which undermines CLIP original generalization and
degrades performance [11, 28]. Accordingly, we instead
compute the similarity between the additional text features
Ts and F i

p.

M1 =

4∑
i=1

CosSim(F i
p, Ts), (4)

where M1 ∈ RHW×2 denotes the segmentation prediction.
Ultimately, our simple yet effective decoupled alignment
framework successfully achieves a targeted alignment be-
tween text and visual features, as shown in Fig. 4 (bottom).
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Figure 5. Overview of DA-CLIP. We introduce a decoupled alignment framework that solves the granularity mismatch problem between
classification and segmentation by decoupling the alignment process into two separate subspaces (Sec. 3.4). We then introduce the DAR
block to produce fine-grained text features and generate anomaly maps, effectively reducing false positives (Sec. 3.5).

Token Adapter. To better generalize CLIP’s text seman-
tics to the anomaly semantic space, previous works [6, 12,
28, 41] have attempted to refine the text space by adding ex-
tra learnable token embeddings into its text encoder. How-
ever, this approach often overfits to the training data, dam-
aging CLIP’s original pre-trained knowledge and thus lead-
ing to poor generalization on new datasets. Additionally, the
number of learnable tokens and their insertion layers must
be set empirically. To address these problems, we propose a
lightweight token adapter and insert it into all layers of the
text encoder.

The output token embedding xi ∈ RM×C of CLIP’s i-
th tokenizer and the token embedding layer is fed into the
i-th adapter, outputting adapter token embedding xi

adapted,
as shown in Eq. (5).

xi
adapted = xi +Act(Linear(xi)), (5)

where Act(·) is an activation function. The residual con-
nection preserves the original semantics within the textual
space, which facilitates generalization to unseen classes.

3.5. Decoupled Asymmetric Refinement Block
Although our decoupled alignment framework achieves
strong segmentation performance, we observe persistent
false positives on the anomaly maps (Fig. 3(f)). We attribute
this to CLIP’s training process: the non-fine-tuned text fea-
tures that focus on foreground object semantics rather than

anomalous regions, which cause misidentification of ob-
jects as anomalies during alignment. To address this issue,
we introduce Decoupled Asymmetric Refinement (DAR)
block as shown in Fig. 5(b). In order to preserve the origi-
nal anomaly awareness in text spaces, we introduce an ad-
ditional text encoder integrated with token adapters, which
focuses specifically on aligning text features with patch fea-
tures rather than with the global image features.

Its core innovation is a refinement module that dynam-
ically adjusts text features using fine-grained visual fea-
tures, establishing a robust text-visual alignment. The re-
finement module uses a hybrid architecture which combines
the strengths of self-attention and Mamba: the attention
block captures semantic discrepancies the normal and ab-
normal text features, while the Mamba block dynamically
updates the text features based on visual features, resulting
in fine-grained text features.

As shown in Fig. 5(c), we first employ a self-attention
mechanism to explore the relationship between normal and
anomalous text features.

Ṫm = Tm + SA(Tm, Tm, Tm), (6)

where SA (Q, K, V ) denotes self-attention, the order of
input is query, key, value.

Although Mamba excels at modeling long sequences, its
use in cross-modal tasks remains unexplored. To harness
Mamba’s unidirectional scanning order, we concatenate text
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features to both ends of the patch tokens, thereby maximiz-
ing the incorporation of fine-grained visual features.

[∆Ṫm,∆V i
p ,∆Ṫcopy

m ] = Mamba([Ṫm, V i
p , Ṫ

copy
m ]), (7)

T̈m = Ṫm +∆Ṫm +∆Ṫcopy
m , (8)

...
T m = T̈m + MLP(T̈m), (9)

We adopt Mamba from [13] in our design, MLP denotes a
multilayer perceptron. Subsequently, we compute the sim-
ilarity (same as Eq. (4)) between these refined text features...
T m and V i

p to produce precise anomaly map M2. Impor-
tantly, we employ an asymmetric design by using V i

p as the
patch tokens instead of F i

p, jointly optimizing text and vi-
sual spaces causes rapid overfitting on the training dataset,
which impairs its generalization ability on unseen classes,
as validated in Tab. 3.

3.6. Training and Inference
Loss Function. We follow previous work [12, 25, 41] in
jointly optimizing both global and local alignment objec-
tives. Consequently, the total loss function of DA-CLIP is
calculated as:

Ltotal =LCE(Scls, y) + LFocal(M1, G) + LDice(M1, G)︸ ︷︷ ︸
Decoupled Alignment Framework

+ LFocal(M2, G) + LDice(M2, G)︸ ︷︷ ︸
DAR Block

,

(10)
where LCE denotes cross entropy loss, LFocal denotes fo-
cal loss [22], LDice denotes dice loss [26], y denotes true
label, and G represents ground truth. M1 and M2 are re-
shaped and upsampled to align with segmentation mask G.

Anomaly Map and Anomaly Score. The final anomaly
map is generated by computing a weighted sum of M1 and
M2, M = (1−α)M1+αM2, where α is a hyperparameter
to balance the importance of different anomaly maps. For
image-level scoring, we incorporate pixel-level score to pro-
vide more robust guidance. Unlike previous approaches that
rely solely on the single maximum response of the anomaly
map, which is prone to noise and false positives. We instead
extract the top-k responses from the anomaly map to repre-
sent the pixel-level anomaly score Simg . Next we combine
Simg with the classification prediction Scls. Formally, the
final image-level anomaly score S is defined as:

S = Scls + Simg

= Scls + Mean(Top-k(M)).
(11)

4. Experiments
4.1. Experimental Setup
Datasets. We evaluate our method on 11 authoritative
datasets across industrial and medical domains. Specif-
ically, for industrial anomaly detection, we use MVTec

AD [4], VisA [42], BTAD [27], MPDD [19], and DTD-
Synthetic [3]. For the medical domain, we include brain
tumor detection datasets HeadCT [31], BrainMRI [31] and
Br35H [1], polyp segmentation dataset CVC-ClinicDB [5]
with pixel-level labels, the skin cancer dataset ISIC [9],
and lung cancer segmentation dataset MSD [2]. Following
the standard ZSAD protocol, we fine-tune on the auxiliary
dataset and directly evaluate on other datasets. Consistent
with prior work [24, 41], we use MVTec AD as our auxil-
iary dataset. To evaluate performance on MVTec AD, we
train the model on VisA dataset. We present the evaluation
results obtained by using medical datasets as auxiliary data
in the supplementary material.

Evaluation Metrics. To comprehensively assess model
performance, we report image-level Area Under the Re-
ceiver Operating Characteristic (AUROC) and the average
precision (AP) for anomaly classification, and pixel-level
AUROC and Per-Region Overlap (PRO) for anomaly seg-
mentation.

Implementation Details. In this paper, we use the CLIP
model (VIT-L/14@336px) pretrained by OpenAI as our
backbone. The image resolution is 518 × 518. We extract
features from the 6th, 12th, 18th, and 24th layers of the im-
age encoder as patch features. α is set to 0.7. We train
the model for 25 epochs with a batch size of 16. The to-
ken adapters are optimized at a learning rate of 1e-5, and
the other learnable parameters are updated at 5e-6. Param-
eters are updated by Adam optimizers. All experiments are
conducted on a single NVIDIA GeForce RTX 3090. More
details can be found in the supplementary material.

4.2. Comparison with SOTA Methods

We compare our method against five SOTA methods: Win-
CLIP [18], APRIL-GAN [7], AnomalyCLIP [41], TPS [24]
and Bayes-PFL [29]. To ensure a fair comparison, all meth-
ods are evaluated under identical settings to our approach
(the same backbone, input image resolution, dataset config-
urations). More details about SOTA methods can be found
in the supplementary material.

Quantitative Comparisons. As shown in Tab. 1, DA-
CLIP achieves state-of-the-art results across image-level
and pixel-level metrics on diverse datasets. Our method
demonstrates superior classification and segmentation per-
formance compared to existing approaches. Specifically,
for the classification task on BTAD, our method achieves
relative gains of 3.3% in image-level AUROC and 6.1% in
AP over the second-best approach. For segmentation, on
the industrial anomaly benchmarks VisA and BTAD, our
method outperforms the second-best approach by 2.1% and
3.9% in pixel-level PRO, respectively. APRIL-GAN imple-
ments text–visual alignment using only a simple linear pro-
jection, which fails to imbue the text embedding space with
anomaly awareness and consequently results in poor classi-
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Task Domain Dataset WinCLIP [18] APRIL-GAN [7] AnomalyCLIP [41] TPS [24] Bayes-PFL [29] DA-CLIP

Image-level
(AUROC, AP)

Industrial

VisA (78.1, 81.2) (78.0, 81.4) (82.1, 85.4) (83.4, 85.7) (87.0, 89.2) (88.5, 90.4)
MVTec AD (91.8, 96.5) (86.1, 93.5) (91.5, 96.2) (89.5, 95.1) (92.2, 96.0) (91.9, 96.2)

BTAD (68.2, 70.9) (73.9, 70.1) (88.3, 87.3) (88.2, 90.0) (90.5, 89.1) (93.8, 95.2)
DTD-Synthetic (93.2, 92.6) (85.7, 94) (93.5, 97.0) (93.4, 96.7) (95.3, 98.2) (97.0, 98.9)

MPDD (63.6, 69.9) (73.0, 80.2) (77.0, 82.2) (73.4, 74.7) (76.9, 78.7) (76.0, 82.8)

Medical
Br35H (80.5, 82.2) (93.1, 92.9) (94.6, 94.7) (96.2, 96.1) (94.0, 93.0) (96.6, 96.5)

BrainMRI (86.6, 91.5) (89.3, 90.9) (90.3, 92.2) (92.4, 93.8) (91.1, 91.4) (93.2, 94.5)
HeadCT (81.8, 80.2) (89.1, 89.4) (92.5, 90.6) (92.3, 91.8) (88.3, 87.6) (92.6, 91.9)

Pixel-level
(AUROC, PRO)

Industrial

VisA (79.6, 56.8) (94.2, 86.8) (95.4, 86.0) (94.4, 89.3) (95.5, 89.6) (95.5, 91.7)
MVTec AD (85.1, 64.6) (87.6, 44.0) (90.9, 81.1) (86.6, 74.8) (91.8, 87.8) (91.2, 87.3)

BTAD (72.7, 27.3) (89.3, 68.7) (94.0, 74.7) (92.2, 76.6) (92.3, 78.7) (94.0, 82.6)
DTD-Synthetic (83.9, 57.8) (95.2, 87.3) (97.9, 92.4) (97.9, 93.4) (98.2, 94.6) (98.6, 95.8)

MPDD (76.4, 48.9) (94.3, 83.8) (96.4, 88.9) (97.2, 90.8) (97.1, 91.3) (97.3, 92.7)

Medical
ISIC (83.3, 55.1) (89.4, 77.2) (89.9, 79.9) (89.8, 80.8) (89.7, 84.8) (90.6, 83.9)

ClinicDB (51.2, 13.8) (80.5, 60.7) (83.2, 68.3) (86.0, 71.5) (84.8, 66.9) (85.5, 71.1)
MSD (88.5, 60.8) (92.3, 73.1) (91.3, 67) (93.1, 73.2) (92.4, 72.1) (93.9, 76.4)

Table 1. Comparison with existing state-of-the-art methods. The best results are marked in red, while the second-best are indicated in blue.

fication performance. AnomalyCLIP, TPS, and Bayes-PFL
focus on crafting complex text prompts. In contrast, DA-
CLIP employs simple text prompts without complex de-
signs, yet achieves ZSAD performance. Notably, when
DA-CLIP is fine-tuned exclusively on industrial datasets, it
still achieves remarkable performance on medical datasets,
highlighting its strong cross-domain generalization capabil-
ity. We report the number of learnable parameters and the
inference time of DA-CLIP. As shown in Tab. 2, despite the
introduction of two additional text encoders, DA-CLIP still
achieves a competitive parameter count and inference speed
while delivering state-of-the-art performance.

Qualitative Comparisons. To more intuitively demon-
strate segmentation performance, Fig. 1 provides visual-
izations between DA-CLIP, AnomalyCLIP, and Bayes-PFL
across different datasets. Our DA-CLIP delivers more pre-
cise and clearly defined anomaly maps. In contrast, Anoma-
lyCLIP can fail to detect certain defects, while Bayes-PFL
generates extensive false positives, particularly when deal-
ing with objects such as screws, cables, and colon samples.
More visualizations are in the supplementary material.

4.3. Further Analysis
Granularity Mismatch Problem. To validate whether this
problem exists in other methods, we analyze Anomaly-
CLIP as shown in Fig. 6. We find that AnomalyCLIP’s
text features preferentially align with patch features, creat-
ing a large modality gap with global visual features, which
limits its classification performance. In contrast, DA-CLIP
achieves targeted alignment. More visual analyses are pro-
vided in the supplementary material.

Token Adapter vs. Learnable Token. We investi-
gate the strategy of optimizing the text space using learn-
able tokens within AnomalyCLIP. To ensure a fair com-

Method Image-level Pixel-level Learnable
Param(M)

Time
(ms)AUROC AP AUROC PRO

APRIL-GAN 78.0 81.4 94.2 86.8 3.1 105.0
AnomalyCLIP 82.1 85.4 95.4 86.0 5.6 153.0

TPS 83.4 85.7 94.4 89.3 29.1 125.2
Bayes-PFL 87.0 89.2 95.5 89.6 27.4 365.9
DA-CLIP 88.5 90.4 95.5 91.7 25.4 124.6

Table 2. Comparison of learnable param and average inference
time on VisA. The best results are shown in bold.

Method VisA MVTec AD

Pixel Image Pixel Image

AUROC PRO AUROC AP AUROC PRO AUROC AP

CLIP 36.9 7.3 78.2 81.3 25.6 3.1 86.2 94.5

+ Joint Alignment 95.2 90.3 69.3 73.9 89.3 83.4 76.9 88.6
+ Decoupled Alignment 95.4 91.2 87.5 89.5 90.9 86.8 91.2 95.8

+ DAR Block 95.5 91.7 88.5 90.4 91.2 87.3 91.9 96.2

Table 3. Ablation study on Our Key Design Components on VisA
and MVTec AD Datasets. Our contributions are bold.

parison, we replace these learnable tokens with Token
Adapters, while maintaining identical configurations for all
other components. Notably, we only use simple hand-
crafted text prompts. These modified versions are referred
to as AnomalyCLIP+, which demonstrates improved per-
formance across nearly all benchmark datasets, as quanti-
fied by image-level AUROC (see Fig. 7). This significant
enhancement demonstrates that the token adapter is more
effective than learnable tokens in adapting the text space.

4.4. Ablation Study
Ablation Study on Different Components. Our approach
comprises two key components: the decoupled alignment
framework and the DAR block. To validate the efficacy and
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Figure 6. Visualization of the embedding spaces for DA-CLIP and
AnomalyCLIP. AnomalyCLIP’s text features neglect to align with
global image features, while DA-CLIP achieves precise alignment.
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Figure 8. Visualization of ablation study on different components.
(DA: decoupled alignment. DAR: decoupled asymmetric refine-
ment block)

necessity of these modules, we conducted ablation studies
on the MVTec AD and VisA datasets, as summarized in
Tab. 3. While joint Alignment enhances segmentation, it de-
grades classification below original CLIP performance. In
contrast, our decoupled alignment resolves this limitation,
delivering significant gains in both classification and seg-
mentation performance. Specifically, we observe absolute
gains of 18.2% in image-level AUROC and 15.6% in AP on
VisA dataset. Finally, when all components are combined,
we observe the best overall performance. Fig. 8 provides an
intuitive illustration of each design’s contribution.

Ablation Study on Decoupled Asymmetric Refine-
ment Block. Tab. 4 demonstrates the effectiveness of our
DAR block’s key design principles. Undecoupled text em-
beddings cause significant performance degradation, vali-
dating the necessity of decoupled alignment. Moreover, the
asymmetric architecture reduces the risk of overfitting on
the auxiliary dataset, and the refinement module leverages
visual priors to dynamically adjust text embeddings. The
results indicate that combining all three components yields
the best overall performance.

Ablation Study on Different Text Refinement. Us-
ing fine-grained image features to refine text embeddings

Method Pixel-Level Image-Level

AUROC PRO AUROC AP

DAR 91.2 87.3 91.9 96.2

w/o Decoupled 91.1(-0.1) 87.1(-0.2) 90.1(-1.8) 95.5(-0.7)
w/o Asymmetric 90.6(-0.6) 84.8(-2.5) 91.5(-0.4) 96.2(-0.0)
w/o Refinement 91.0(-0.2) 87.0(-0.3) 91.2(-0.7) 95.8(-0.4)

Table 4. Ablation study on core designs of the DAR block.

Method Pixel-Level Image-Level

AUROC PRO AUROC AP

Cross Attention 91.1(-0.1) 87.0(-0.3) 90.5(-1.4) 95.9(-0.3)
Hybrid Attention 91.2 87.3 91.9 96.2

Table 5. Ablation study on different text refinement.

is a common practice. As demonstrated in Tab. 5, the
results clearly demonstrate that the framework combining
self-attention with Mamba outperforms mainstream cross-
attention mechanism.

5. Conclusion

In this work, we analyze a fundamental yet overlooked the
granularity mismatch problem in ZSAD from the perspec-
tive of cross-modal alignment. We observe that in a uni-
fied embedding space, text features preferentially align with
local visual features, which in turn widens the modality
gap with global visual features. This leads to a situation
where CLIP can locate but does not recognize anomalies.
To address this issue, we propose DA-CLIP, which success-
fully mitigates the alignment bias caused by granularity dif-
ferences by separating the text feature alignment process
for classification and segmentation. In addition, the DAR
block dynamically adjusts text features by incorporating vi-
sual priors, achieving a powerful alignment. Extensive ex-
periments conducted on 11 industrial and medical datasets
demonstrate the superior performance of DA-CLIP.
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