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Abstract—Zero-shot anomaly segmentation (ZSAS) aims to
localize defect regions on unseen industrial products without
target-category training data, reference samples, or dense pixel-
level annotations. Recent foundation models such as CLIP and
SAM enable training-free transfer, yet their direct use remains
challenging: CLIP often produces spatially coarse and noisy
anomaly cues due to its global contrastive alignment, while SAM
may generate redundant or over-segmented masks when driven
by unreliable prompts, leading to non-trivial post-processing. In
this work, we propose CoL-SAM, a collaborative CLIP-SAM
framework for fine-grained ZSAS. First, we follow a WinCLIP-
style multi-scale window scoring scheme to extract anomaly
evidence and introduce an Adaptive Score Fusion (ASF) module
to replace the fixed, manually designed scale fusion used in
WinCLIP. ASF performs fusion with spatially varying weights
over multi-scale anomaly maps, producing sharper anomaly
guidance with reduced noise propagation. Second, we transform
the fused anomaly guidance into compact prompt constraints
that steer SAM toward boundary-accurate defect masks while
suppressing redundant proposals. Experiments on MVTec-AD
and VisA demonstrate that CoL-SAM consistently outperforms
CLIP-only, SAM-only, and WinCLIP-based baselines, validating
the effectiveness of adaptive multi-scale fusion and prompt-
constrained refinement for zero-shot industrial anomaly segmen-
tation.

Index Terms—zero-shot, anomaly segmentation, CLIP, SAM

I. INTRODUCTION

In industrial inspection, accurate defect masks are key to
reliable quality control, but defective samples are scarce and
pixel-level labeling is costly. Zero-shot anomaly segmentation
(ZSAS) aims to highlight defective regions on unseen products
without collecting target-category training images or manual
pixel annotations, leveraging transferable priors from large
pretrained models [1]–[4]. Compared with category-specific
pipelines that require per-class modeling or calibration [5],
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[6], ZSAS demands stronger generalization to large shifts
in textures, defect appearance, and background clutter across
diverse industrial domains [7], [8].

Recent advances in ZSAS are largely driven by vision
foundation models [9], especially Contrastive Language-
Image Pretraining (CLIP) [10] and Segment Anything Model
(SAM) [11], which enable zero-shot perception through
prompt-based knowledge transfer. Figure 1 summarizes three
paradigms. CLIP-based methods [1], [3], [12], [13], they com-
pute patch-wise anomaly scores from image–text similarity,
but the resulting heatmaps are often spatially coarse. CLIP is
trained for image-level image–text matching, so its features
favor global semantics over pixel-accurate boundaries. As
a result, CLIP-only localization may miss thin defects or
blur object edges in fine-grained segmentation [14]. SAM-
based pipelines (e.g., SAA and SAA+ [15] ) typically rely
on text grounding to generate box or point prompts for
SAM, followed by heuristic post-processing. However, when
defect descriptions are vague or inconsistent, text prompts may
introduce numerous irrelevant proposals, making such post-
processing difficult to avoid. Within ZSAS, CLIP is effective at
identifying potential anomalous regions, whereas SAM excels
at refining anomaly boundaries, provided that the prompts
are reliable. Recent CLIP–SAM collaboration frameworks
(e.g., ClipSAM [16]) use CLIP to generate coarse anomaly
cues and convert them into prompt constraints for SAM,
yielding cleaner boundaries with fewer redundant masks. We
first use CLIP to produce anomaly localization guidance
and then transform these cues into prompt constraints to
guide SAM for boundary refinement, illustrating a promising
direction for accurate ZSAS. Beyond industrial inspection,
CLIP–SAM coupling has also been explored in medical text-
driven segmentation (MedCLIP-SAMv2 [17]) and in unified
model merging (SAM-CLIP [18]), suggesting that combining
CLIP’s semantics with SAM’s spatial priors can generalize
across domains.

In this paper, We propose CoLSAM (Collaborative
CLIP–SAM), a framework that stabilizes CLIP–SAM col-
laboration by converting multi-scale CLIP anomaly evidence
into prompt-compatible priors for SAM. Many CLIP–SAM
pipelines binarize CLIP heatmaps into points/boxes and then
rely on SAM for mask refinement. When the CLIP signal is
weak or becomes sparse after hard thresholding, SAM may
be driven by noisy prompts, producing missed detections or
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Fig. 1. Structural comparisons among different approaches for ZSAS. Left:
CLIP-based approaches. Middle: SAM-based approaches. Right: Our CLIP-
SAM collaboration approach.

fragmented masks [16]. To make the collaboration more stable,
CoLSAM introduces Adaptive Score Fusion (ASF) module
that consolidates multi-scale anomaly cues from a WinCLIP-
style backbone into a dense, promptable prior that suitable for
SAM. Instead of discarding low-confidence cues through hard
binarization, this prior provides continuous guidance to SAM’s
prompt encoder, allowing SAM to refine boundaries based on
more reliable spatial evidence.

Our main contributions can be summarized as follows:

• Unified CLIP–SAM framework for ZSAS. We build a
WinCLIP-inspired pipeline that combines CLIP’s cross-
category generalization with SAM’s boundary accuracy,
enabling ZSAS without category-specific retraining.

• ASF as a CLIP-to-SAM bridging adapter. ASF converts
CLIP-derived multi-scale anomaly evidence into stable
priors, avoiding brittle hard-threshold prompts and im-
proving segmentation stability.

• Comprehensive evaluation. We conduct extensive experi-
ments and ablations on standard industrial benchmarks to
verify the effectiveness and stability of each component.

II. RELATED WORK

A. Zero-shot Semantic Segmentation

Foundation models such as CLIP [10] and SAM [11] enable
training-free transfer. Zero-shot semantic segmentation (ZSS)
targets unseen categories without class-specific training, which
is useful when dense annotations are scarce [19], [20]. Recent
advances are driven by vision–language alignment, where
CLIP-style pretraining injects text semantics into visual fea-
tures and improves generalization to novel classes [10], [21],
[22]. Beyond global alignment, CLIP-RC [23] and Cascade-
CLIP [24] leverage region cues and multi-level alignment
to enhance pixel-level semantics. Transformer-based methods
further strengthen contextual reasoning via attention, as shown
by ZePT [25] and OTSeg [26]. Earlier work also improves
robustness via synthetic data, transductive inference, or self-
supervision. Despite this progress, ZSS still faces scalability,
domain shift, and robustness challenges, especially in real-
world industrial settings.

B. CLIP-based Models

CLIP-based ZSAS methods form anomaly heatmaps by
matching local patches with normal/abnormal prompts in
the CLIP embedding space. AnomalyCLIP [4] and VCP-
CLIP [27] enhance discrimination via anomaly-oriented
prompts or virtual prototypes, while FiLo [28] and APRIL-
GAN [1] leverage fine-grained alignment and generative priors
for localization. To obtain denser cues, CLIP Surgery [29],
VCP-CLIP [27], and CLIP-AD [30] refine attention or multi-
level aggregation to sharpen pixel-level responses. Win-
CLIP [3] provides a strong baseline with window-based dense
feature extraction and score aggregation. However, most CLIP-
only pipelines still predict on patch grids and upsample to pixel
masks, which can blur boundaries and miss thin defects [2].
This motivates an explicit boundary-refinement stage beyond
coarse heatmaps.

C. SAM-based Models

SAM [11], [31] introduced promptable segmentation, pro-
ducing high-quality masks from points, boxes, or coarse masks
with strong zero-shot generalization. However, it is sensitive
to image quality and prompt reliability, and can degrade on
distorted inputs. RobustSAM [30] improves robustness via
anti-degradation components that recover cleaner representa-
tions, but requires costly paired training data. SAA/SAA+ [15]
generate prompts via text grounding and filter SAM masks
with heuristic rules; their performance still relies on prompt
design and post-processing. Overall, CLIP-only methods yield
coarse, blurry localization, while SAM-only pipelines are
prompt-dependent and may fail with noisy or incomplete
prompts. Motivated by this complementarity, we combine
CLIP and SAM to bridge zero-shot localization and high-
quality segmentation through reliable prompt construction and
explicit mask refinement [16].

III. METHODOLOGY

In this section, we present CoLSAM, a method that im-
proves ZSAS by better aggregating multi-scale, multi-window
anomaly evidence in WinCLIP-style pipelines. CoLSAM con-
sists of three stages: (1) CLIP-based multi-scale window
scoring, which uses a frozen CLIP model to score overlapping
windows at multiple scales and produce scale-specific anomaly
maps; (2) adaptive score fusion, where a lightweight predictor
outputs input-dependent fusion weights to replace WinCLIP’s
fixed harmonic mean and yield sharper, more stable anomaly
maps; and (3) prompt-constrained SAM segmentation, which
converts the fused anomaly guidance into compact prompts
to steer a frozen SAM model toward accurate masks with
fewer redundant proposals and less post-processing. Figure 2
provides an overview of the CoLSAM pipeline.

A. CLIP-based Window Scoring

Following the WinCLIP paradigm, we use a frozen CLIP
model to score local image windows for anomaly. CLIP
includes an image encoder Eimg and a text encoder Etxt that
map images and texts into a shared embedding space.
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Fig. 2. Overview of CoLSAM for ZSAS. Our model consists of two stages: CLIP-based multi-scale localization and SAM-based mask refinement. First,
CLIP extracts multi-scale window anomaly cues, which are fused by the learnable ASF module to produce a sharp anomaly map. Then, the map is binarized
to generate box and positive/negative point prompts that guide SAM for boundary-accurate segmentation, yielding fine-grained anomaly masks.

a) Text prompts: We use two prompts (normal vs.
anomalous), denoted as pn and pa. Their text embeddings are
computed as

tn = Etxt(pn), ta = Etxt(pa), (1)

We keep these embeddings fixed during both training and
inference.

b) Window extraction: Given I ∈ RH×W×3, we extract
overlapping windows at multiple scales. At scale s, we resize
the image and split it into windows {Is,k}Ks

k=1. We encode
each window independently with the CLIP image encoder:

vs,k = Eimg(Is,k). (2)

c) Window-level anomaly scoring: For each vs,k, we
compute cosine similarities to ta and tn. We define the window
anomaly score as

rs,k = sim(vs,k, ta)− sim(vs,k, tn). (3)

A larger rs,k means the window matches the anomalous
prompt more than the normal prompt.

B. ASF for CLIP-to-SAM Calibration

a) Motivation: Mismatch Between CLIP and SAM
Spaces.: WinCLIP-style methods produce anomaly evidence
in the CLIP embedding space by comparing local image
windows with normal and anomalous text prompts. However,

the resulting multi-scale anomaly maps are not explicitly
optimized for downstream segmentation models like SAM.
In practice, we find that SAM is sensitive to the spatial
distribution, contrast, and calibration of anomaly maps used
to construct prompts. This mismatch between CLIP-induced
anomaly scores and SAM’s preferred input space motivates a
learnable calibration mechanism.

b) Limitation of fixed fusion: Given multi-scale anomaly
maps {As}Ss=1 produced by WinCLIP methods typically adopt
a fixed fusion strategy:

Afixed(x, y) =

S∑
s=1

αsAs(x, y),

S∑
s=1

αs = 1, (4)

where αs is typically set to a uniform value. This strategy
assumes that all scales contribute equally at every spatial
location, an assumption that often breaks down in industrial
scenarios. More importantly, fixed fusion is agnostic to the
downstream segmentation objective and cannot adapt the score
distribution to suit SAM-based mask generation.

c) ASF as calibration: To overcome the limitations of
fixed multi-scale fusion, we introduce an ASF module that
performs content-dependent calibration of multi-scale anomaly
scores. Given CLIP-generated anomaly maps {As}Ss=1 at
different image scales, ASF predicts spatially varying fusion
weights conditioned on the local anomaly evidence.



At each spatial location (x, y), we stack the multi-scale
scores into a vector

U(x, y) =
[
A1(x, y), . . . , AS(x, y)

]
∈ RS . (5)

A lightweight calibration network G : RS → RS is applied
point-wisely to produce scale-wise fusion logits

L(x, y) = G
(
U(x, y)

)
. (6)

Normalized fusion weights are obtained via a softmax over
scales,

Ws(x, y) =
exp(Ls(x, y))∑S
j=1 exp(Lj(x, y))

, (7)

and the calibrated anomaly score is computed as

Â(x, y) =

S∑
s=1

Ws(x, y)As(x, y). (8)

The calibration network G(·) is implemented as a two-
layer 1× 1 convolutional module, enabling efficient operation
purely in the score space. Functionally, ASF acts as a learnable
calibration layer that maps CLIP-induced multi-scale anomaly
evidence into a score space more compatible with SAM’s
prompt-driven segmentation, allowing SAM to better exploit
CLIP anomaly cues without modifying either backbone.

d) SAM-driven Optimization Objective: Importantly, we
optimize ASF solely through SAM’s final segmentation super-
vision. The fused anomaly map Â(x, y) acts as an intermediate
representation between CLIP and SAM, and its quality is
measured implicitly by the accuracy of SAM’s predicted
anomaly masks. Specifically, we convert Â(x, y) into box and
point prompts for SAM, which produces a predicted anomaly
mask Ŷ (x, y). We train ASF by minimizing a segmentation
loss between Ŷ (x, y) and the ground-truth mask Y (x, y):

Lseg = − 1

|Ω|
∑

(x,y)∈Ω

[
Y (x, y) log Ŷ (x, y)

+
(
1− Y (x, y)

)
log
(
1− Ŷ (x, y)

)]
.

(9)

Here, Ω denotes the set of all pixel locations in the image
domain.

During training, we freeze both CLIP and SAM, and update
only the parameters of the ASF module G(·). This design
encourages ASF to adaptively reweight and calibrate CLIP
anomaly maps into representations that are most effective for
SAM-based segmentation.

C. Prompt-Constrained Segmentation with SAM

Given the adapted anomaly evidence map A ∈ RH×W , we
convert it into a compact set of reliable prompts for SAM
to obtain accurate boundaries while avoiding redundant mask
proposals. We keep SAM frozen and use A only to (i) generate
candidate prompts and (ii) apply simple constraints to filter
low-confidence or redundant prompts.

a) Anomaly prior and candidate region extraction: We
first normalize A to [0, 1] and obtain a binary anomaly prior
by thresholding:

Ã = Norm(A), B(x, y) = I
[
Ã(x, y) ≥ τ

]
, (10)

where Norm(·) denotes min–max normalization, I[·] is the
indicator function, and τ is a fixed threshold. We extract
connected components from B to obtain candidate anomaly
regions {Ri}Ni=1. For each region Ri, we compute its bound-
ing box Boxi and the peak location

(x?i , y
?
i ) = arg max

(x,y)∈Ri

Ã(x, y), (11)

which serves as a high-confidence positive point prompt for
SAM. Optionally, we sample a few negative points from low-
score areas to discourage masks from spilling into normal
regions.

b) Prompt constraints and redundancy suppression: Not
all candidate regions are reliable. We assign each region a
confidence score, e.g., the peak anomaly value within the
region:

ci = max
(x,y)∈Ri

Ã(x, y). (12)

To suppress redundant prompts, we perform non-maximum
suppression on region boxes. For two candidates i and j, if

IoU(Boxi,Boxj) > γ, (13)

where γ is an overlap threshold, we discard the candidate with
the lower confidence score c. This constraint prevents multiple
prompts from triggering highly similar masks around the same
area.

c) SAM inference and mask selection: For each retained
candidate, we feed its prompts to SAM and obtain mask
proposals. We select the final mask by combining SAM’s mask
quality prediction with consistency to the anomaly evidence.
Specifically, for a predicted mask M , we compute an evidence-
consistency score:

s(M) =
1

|M |
∑

(x,y)∈M

Ã(x, y), (14)

where |M | denotes the number of pixels inside M . We
choose the mask that maximizes a weighted combination of
SAM confidence and evidence consistency. The final anomaly
segmentation is the selected mask, or the union of selected
masks when multiple high-confidence regions remain.

This prompt-constrained design guides SAM to focus on
regions supported by strong, adapted anomaly evidence, im-
proving boundary delineation while reducing redundant mask
proposals and post-processing.

IV. EXPERIMENTS

A. Experimental Setup

Dataset. We evaluate on MVTec-AD and VisA, two stan-
dard benchmarks for industrial anomaly detection. MVTec-AD
contains 15 object/texture categories with over 5,000 high-
resolution images. VisA includes 12 object-centric subsets



TABLE I
COMPARISON OF DIFFERENT ZSAS APPROACHES ON THE MVTEC AD AND VISA DATASETS. EVALUATION METRICS INCLUDE AUROC, F1-MAX, AND

PRO. BOLD INDICATES THE BEST RESULT.

Base model Method MVTec-AD VisA
AUROC F1-max PRO AUROC F1-max PRO

CLIP-based Approaches
WinCLIP [3] 85.1 31.7 64.6 79.6 14.8 56.8
APRIL-GAN [1] 87.6 43.3 44.0 94.2 32.3 86.8
SDP [30] 88.7 35.3 79.1 84.1 16.0 63.4

SAM-based Approaches SAA+ [15] 73.2 37.8 42.8 74.0 27.1 36.8
CLIP & SAM CoLSAM (Ours) 89.2 45.1 82.3 92.4 34.6 87.1

with 10,821 images (9,621 normal and 1,200 anomalous).
Anomalies cover both surface defects (e.g., scratches, dents,
stains, and cracks) and structural issues (e.g., missing or
misaligned components).

Evaluation Metrics. Pixel-level performance is measured
by AUROC and F1-max (best F1 over all thresholds). We
also report Per-Region Overlap (PRO) to quantify region-
level overlap between predicted defect areas and ground-truth
masks.

Implementation Details. We use OpenAI’s pre-trained ViT-
B/16+ (24 Transformer layers) as the WinCLIP encoder [3].
Training is performed on an NVIDIA A100 GPU with
AdamW [32] and a learning rate of 1× 10−4. We train for 6
epochs with batch size 4, and use batch size 1 for testing. For
SAM [11], we adopt the official ViT-H pre-trained model.

B. Main Experimental Results

Comparison Methods. We evaluate CoLSAM on ZSAS
against representative zero-shot baselines on MVTec-AD
and VisA. Following the previous works, we consider only
zero-shot methods and group them into three types: (1)
CLIP-based ZSAS methods (e.g., WinCLIP [3], APRIL-
GAN [5], SDP [11]), (2) a SAM-only prompt-driven baseline
(SAA+ [20]), and (3) hybrid CLIP–SAM pipelines that use
CLIP cues to guide segmentation. All methods are evaluated
with pixel-level AUROC, F1-max, and PRO, as summarized
in Table I.

Zero-Shot Anomaly Segmentation. Table I compares CoL-
SAM with CLIP- and SAM-based baselines on MVTec-AD
and VisA. CoLSAM consistently achieves the best region-
aware localization and improves performance across datasets.

On MVTec-AD, CoLSAM achieves the best results on all
metrics (89.2 AUROC, 45.1 F1-max, 82.3 PRO). Compared
with SDP, it improves AUROC by 0.5%, F1-max by 9.8%, and
PRO by 3.2%. Compared with SAA+, it yields larger gains:
+16.0% AUROC, +7.3% F1-max, and +39.5% PRO.

On VisA, CoLSAM achieves the best F1-max and PRO
(34.6% and 87.1%) while maintaining a competitive AUROC
of 92.4%. Against APRIL-GAN, it improves F1-max by 2.3%
and PRO by 0.3%. Against SAA+, it improves AUROC by
18.4%, F1-max by 7.5%, and PRO by 50.3%. These results
show that CoLSAM generalizes well and yields more accurate
anomaly-region delineation in the zero-shot setting.

Qualitative Comparisons. Figure 3 visualizes anomaly
maps and masks produced by WinCLIP, APRIL-GAN, SAA+,
SDP, and CoLSAM. CLIP-based methods can highlight suspi-
cious areas but often yield coarse or noisy maps: WinCLIP
and SDP tend to produce diffuse activations and respond
to surrounding textures, while APRIL-GAN often generates
fragmented, discontinuous regions. SAA+ produces cleaner
masks, but may miss defect parts or drift from the true
anomaly when prompts are unreliable. In contrast, CoLSAM
generates compact and consistent predictions that align better
with ground-truth masks, delivering more accurate localization
and sharper boundaries, especially in complex backgrounds.

C. Ablation Study

We conduct ablation studies to examine the role of each
component in CoLSAM for ZSAS, with a particular focus
on the proposed ASF module. Experiments are performed on
MVTec-AD and VisA. Unless otherwise specified, the CLIP
image/text encoders and the SAM backbone are kept frozen.
We report pixel-level AUROC and pixel-level F1-max, where
higher values indicate better performance.

Effect of ASF. Table II presents a controlled compari-
son of different CLIP–SAM integration strategies. Directly
combining WinCLIP with SAM leads to a clear performance
degradation compared to WinCLIP alone. Specifically, pixel-
level AUROC drops by 2.8% on MVTec-AD and 4.0% on
VisA, while F1-max decreases by 7.1% and 4.6%, respectively.
This result indicates that CLIP-generated anomaly maps are
not directly compatible with SAM for prompt-driven segmen-
tation.

In contrast, inserting the proposed ASF module between
WinCLIP and SAM dramatically improves performance. Com-
pared with the naive WinCLIP+SAM baseline, ASF yields
gains of 6.9% and 16.8% in AUROC, and 20.5% and 24.4%
in F1-max on MVTec-AD and VisA, respectively. Notably,
WinCLIP+ASF+SAM also surpasses WinCLIP alone, demon-
strating that ASF effectively calibrates CLIP anomaly evidence
into a score space that is more suitable for SAM. These results
confirm that ASF is a critical component for enabling effective
CLIP–SAM collaboration.

D. The Process of Fine-grained Segmentation

Figure 4 shows that introducing SAM refines WinCLIP’s
coarse anomaly localization into fine-grained segmentation.
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Fig. 3. Comparison of zero-shot visualization results among our model, CLIP-based, and SAM-based methods on the MVTec-AD (first two rows) dataset
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Fig. 4. Visualization of rough segmentation of WinCLIP and fine segmenta-
tion of ours. The top row shows samples from MVTec-AD, and the bottom
row shows samples from VisA.

WinCLIP provides a broad and blurry response that often
spills into nearby normal regions, which is sufficient for rough
defect indication but inaccurate on boundaries. Guided by
this coarse evidence, SAM concentrates on the true defect
area and produces compact masks with sharper, boundary-
aligned contours, significantly reducing background leakage.
As a result, the refined masks match the ground truth more
closely in both defect extent and edge precision.

TABLE II
ABLATION ON ASF IN COLSAM FOR ZSAS.

Method Variant
MVTec-AD VisA

AUROC F1-max AUROC F1-max

WinCLIP 85.1 31.7 79.6 14.8
WinCLIP + SAM 82.3 24.6 75.6 10.2
WinCLIP + ASF + SAM 89.2 45.1 92.4 34.6

V. CONCLUSION

We presented CoL-SAM, a collaborative CLIP-SAM frame-
work for ZSAS in industrial inspection. CoL-SAM leverages
CLIP for transferable anomaly localization and SAM for
boundary-accurate mask generation, enabling defect segmen-
tation on unseen categories without target-domain training
or dense annotations. To stabilize CLIP–SAM collaboration,
we introduced a lightweight ASF module that adaptively
reweights multi-scale anomaly evidence from a WinCLIP-
style window scoring pipeline, producing sharper and better-
calibrated anomaly maps with reduced noise propagation.
Based on the fused guidance, we further design prompt
constraints to generate compact and reliable prompts for SAM,
mitigating redundant mask proposals and reducing the need
for cumbersome post-processing. Extensive experiments on



MVTec-AD and VisA demonstrate consistent improvements
over CLIP-only, SAM-only, and WinCLIP-based baselines,
highlighting the effectiveness of adaptive fusion and prompt-
constrained refinement for fine-grained ZSAS.

Future work will study calibration-aware, adaptive prompt
construction to reduce manual tuning, extend the framework
to harder industrial settings with subtle defects and complex
backgrounds, and evaluate more backbones to improve robust-
ness and generalization.
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