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Abstract—Few-shot industrial anomaly detection is typically
trained with only a small K-shot set of normal images, where
reliable localization is easily confounded by repetitive textures
and background patterns. Recent CLIP-based prompting intro-
duces semantic priors through text, yet its semantic responses
can vary substantially with prompt templates, leading to over-
activation and spatial drift. This paper presents ReMAP-AD, an
evidence-calibrated vision—language framework that constrains
prompt-driven semantics with explicit residual visual evidence
derived from the normal support set. ReMAP-AD first stabilizes
the abnormal semantic anchor by aggregating complementary
abnormal prompts into prototypes. It then constructs a recon-
structive visual memory over multi-scale patch features to softly
reconstruct query patches from the /< -shot normal gallery, and
converts reconstruction discrepancies into a residual evidence
map. Guided by this evidence, a residual evidence-guided se-
mantic alignment module calibrates the raw semantic anomaly
map via an evidence-adaptive gate, and the final prediction
is obtained by harmonic-mean fusion to emphasize agreement
between semantic and evidence cues. Experiments on MVTec
AD and VisA under few-shot protocols demonstrate consistent
gains in image-level detection and pixel-level localization, and ro-
bustness evaluations under template perturbations show reduced
performance dispersion and smaller worst-case degradation.

Index Terms—Few-shot Learning, Visual Anomaly Detection,
Prompt Learning, Visual Memory Reconstruction, Prompt Ro-
bustness.

I. INTRODUCTION

Visual anomaly detection (VAD) is a key component of
industrial visual inspection, aiming to identify deviations from
normal patterns in manufacturing imagery. In practice, defect
samples are scarce and visually diverse, so anomaly detection
is often formulated as one-class learning with only normal
data. Recent benchmarks such as MVTec AD and VisA
provide reproducible protocols for image-level detection and
pixel-level localization, enabling systematic comparison under
few-shot settings [1], [2].

With limited normal support samples, conventional few-
shot anomaly detection models normality in pretrained feature
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spaces and scores deviations via distances or reconstruction
residuals. Representative methods include PaDiM for local
feature distribution modeling [3] and PatchCore for memory-
based nearest-neighbor retrieval [4]. Reconstruction and distil-
lation paradigms further amplify anomaly cues, e.g., DRAEM
[5] and reverse distillation [6]. While these approaches are
often stable in industrial environments, they may produce
false activations and localization drift when anomalies closely
resemble normal textures or when domain shifts occur.

Vision—language foundation models offer an alternative by
injecting semantic concepts through text prompts. CLIP aligns
images and texts via large-scale contrastive pretraining [7],
and has been adopted for zero-shot and few-shot anomaly
detection, e.g., WinCLIP [8] and PromptAD [9]. Stronger
visual backbones can further improve this paradigm, such
as DiCLIP integrating DINOv2 with CLIP [10], [11]. Nev-
ertheless, prompt-based semantic scoring can be sensitive
to prompt templates, and background textures may trigger
semantically overconfident responses, which distorts anomaly
maps and degrades localization consistency. In this work, we
treat prompt robustness as a measurable property and report
both the mean performance and its dispersion (e.g., standard
deviation) across multiple prompt templates.

To improve both image-level detection and pixel-level lo-
calization, we propose ReMAP-AD, an evidence-calibrated
vision—language framework for few-shot anomaly detection
(Fig. 1). We follow a CLIP-based prompt learning setup
under normal-only supervision [9]. ReMAP-AD stabilizes the
abnormal semantic anchor by fusing generic and class-specific
abnormal prompts into prototypes. It further introduces a re-
constructive visual memory (RVM) to softly reconstruct multi-
scale patch features from a K-shot support set and converts
reconstruction discrepancies into an explicit residual evidence
map. Based on this evidence, a residual evidence-guided
semantic alignment module (ReSA) gates the semantic map,
suppressing activations unsupported by visual cues. Finally,
we harmonically fuse the calibrated semantic map and the
evidence map to produce the anomaly prediction, and provide



defect-type likelihoods via an explanation-only routing head
(ReRoute) without modifying the detection pathway. Our main
contributions are:

« We propose ReMAP-AD, an evidence-calibrated vision—
language framework for few-shot industrial anomaly
detection that constrains prompt-driven semantics with
residual visual evidence, and evaluates prompt robustness
via mean and dispersion across templates.

¢ We introduce RVM, a reconstructive visual memory
that performs support-conditioned soft reconstruction and
yields an interpretable residual evidence map from a K-
shot normal set.

« We develop ReSA and ReRoute: ReSA calibrates seman-
tic maps with an evidence-derived gate, while ReRoute
provides defect-type likelihoods for explanation without
altering the detection pathway.

II. RELATED WORK

Few-shot industrial anomaly detection. Few-shot indus-
trial anomaly detection models normality using only normal
training data and detects anomalies by measuring deviations.
PaDiM models local feature distributions [3], while PatchCore
performs nearest-neighbor retrieval with a patch memory bank
[4]. Reconstruction and distillation further enhance separabil-
ity, e.g., DRAEM [5], STFPM [12], and reverse distillation
[6]. For efficient deployment, CFLOW-AD and EfficientAD
reduce latency via conditional flows and lightweight designs
[13], [14].

Vision-language prompting for anomaly detection.
Vision—language models extend anomaly detection toward
open-category settings by using prompts as semantic inter-
faces. CLIP provides cross-modal alignment [7], and CoCoOp
introduces conditional prompt learning for vision-language
models [15]. In anomaly detection, WinCLIP [8], PromptAD
[9], and AdaCLIP [16] adapt CLIP-based prompting for zero-
shot or few-shot settings, and CLIP-AD and AnomalyCLIP
explore staged or object-agnostic prompting [17], [18]. In-
corporating stronger visual representations further improves
performance, as in DiCLIP [10], [11]. Despite these advances,
prompt-based anomaly detection can remain template-sensitive
and be confounded by background textures, yielding unstable
anomaly maps and localization drift. In contrast, our work
introduces an explicit residual visual evidence pathway and
uses it to calibrate and fuse semantic responses, improving
reliability while yielding enhanced prompt robustness as an
additional benefit.

III. PROBLEM FORMULATION

Few-shot anomaly detection (FSAD) is considered for
industrial visual inspection under normal-only supervision.
For each object category, only a small K-shot support set
containing normal images is provided, reflecting the practical
difficulty of collecting and exhaustively annotating defects
on production lines. Given a query image, the task is two-
fold: (i) determine whether anomalies are present at the image
level and (ii) localize anomalous regions at the pixel level.

In addition to standard detection and localization accuracy,
prompt robustness is evaluated, i.e., the stability of predictions
under variations of prompt templates and phrasings. This
criterion is particularly relevant for CLIP-based prompting,
where subtle linguistic changes may shift semantic responses
and induce unstable anomaly maps in texture-rich industrial
scenes.

A. Few-shot Anomaly Detection Setup

Let S = {2"P}X | denote the K-shot normal support set
for one category, and let 9" be a query image from the same
category that may be normal or anomalous. The FSAD model
outputs (i) an image-level anomaly score Simg € [0, 1] and (ii)
a pixel-level anomaly map M € [0, 1]#*W. During training,
only normal images are accessible; anomalous samples are not
required, which aligns with the one-class nature of industrial
anomaly detection.

B. CLIP-based Representations

A frozen vision-language model is adopted, consisting of a
visual encoder ®(-) and a text encoder ¥(-). Given an image
x, the visual encoder produces a global embedding and patch-
level tokens:

7z =®us(r) €RY, U =,(r) € RFXC, (1)

where P = H W, is the number of patches on the CLIP grid.
Following the multi-scale design in Fig. 1, patch features from
two visual stages are further extracted as

FO = (z) e RP*O . FO = dy(z) e RP*2. (2)
Cosine similarity is used throughout:

a'b
im(a,b) = — 2> > 3
sm(a,b) = Tl + e ®

C. Prompt Variants and Robustness Evaluation

Prompt-based anomaly detection injects semantic concepts
through textual prompts. Let 7 = {7 17_, be a set of prompt
templates with different phrasings. Each prompt is encoded
into a unit text feature:

‘I’(W(t)) C
——— €R
W (7®)]l2

For the same query image, different prompt templates may
yield noticeably different image-level scores {si(frzg}g;l and
pixel-wise maps {M®}T_ | resulting in template-sensitive
predictions. Accordingly, prompt robustness is quantified by
reporting both the central tendency and the dispersion across
T. For image-level detection, robustness over prompt variants
is summarized using mean and standard deviation:

1 T ® 1 T ® 9
t t
Hs = T Simg’ Os = T 1 E (Simg - MS) . (5)

t=1 t=1

t® = (4)

A robust method is expected to maintain competitive g
while exhibiting reduced sensitivity to template variations
(small o). For pixel-level localization, each anomaly map
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Fig. 1. Overall framework of ReMAP-AD. A frozen CLIP visual encoder extracts multi-scale patch features. RVM reconstructs query patches from a K-shot

normal memory gallery and outputs a residual evidence map M,. The semantic branch computes a raw semantic map M
ref
sem*

which is calibrated by ReSA using an evidence-derived gate to obtain M
ReRoute provides defect-type likelihoods for explanation only.

can be optionally summarized by a scalar statistic (e.g., peak
response) and analyzed analogously:

8, = max, M (p). (6)

seg

Based on the above formulation, Sec. IV presents ReMAP-
AD, which improves reliability by stabilizing semantic anchors
and calibrating prompt-based semantic responses with residual
visual evidence, while prompt robustness is treated as an
additional desirable property.

IV. METHODOLOGY
A. Overview

Fig. 1 summarizes the ReMAP-AD pipeline. Given a K-
shot normal support set S = {2;"P}X, and a query image
9 a frozen CLIP visual encoder extracts a global fea-
ture and patch-level tokens. The framework comprises: (i) a
prompt-learning semantic branch that produces a raw semantic
anomaly map, (ii) a reconstructive visual memory (RVM) that
yields residual visual evidence M, via support-conditioned
reconstruction, (iii) a residual evidence-guided semantic align-
ment module (ReSA) that calibrates semantic responses using
M,, (iv) harmonic fusion for pixel-level localization (and
image-level detection), and (v) an explanation-only defect-type
routing head (ReRoute). The design principle is to expose an
explicit, support-derived visual evidence pathway and to use it
as a constraint on prompt-driven semantics, thereby reducing
spurious activations and improving localization reliability.

B. Prompt Prototypes and Raw Semantic Map

A CLIP-based prompt learning setup is adopted under
normal-only supervision. To reduce sensitivity to prompt tem-
plates, multiple prompts are aggregated into stable prototypes,
which suppress idiosyncratic effects of individual phrasings

Lo via prompt-based similarity,

The final anomaly map is produced by pixel-wise harmonic fusion, while

and provide more consistent semantic anchors. Let P be a
prompt set; the prototype operator is defined as

ﬁ > ()|, )

TeEP

t(P) = norm

where W(-) is the frozen CLIP text encoder and norm(v) =
v/(Ivlz + ).

For each category, a normal prompt set P,, a generic
abnormal set P,, and a class-specific abnormal set P, (e.g.,
defect phrases) are constructed, with prototypes t,, t,, and
t., respectively. The abnormal anchor is stabilized by fusing
generic and class-specific prototypes with a fixed weight:

t, = norm(/\tg +(1-=X tc), A €0,1]. ®)

This fixed fusion reduces degrees of freedom and mitigates
overfitting to a particular prompt distribution, while retaining
category-relevant defect semantics.

Raw semantic anomaly map. Let U = &, (z?Y) €
RP*C be the patch tokens. For patch p, two-class logits are

computed using the CLIP logit scale «:
Oy = wsim(uy, t,), £ = rsim(upy, t,). 9

The raw semantic anomaly probability is given by a two-class
softmax:

a
eXp(zp) ; M;Z‘Xl c [07 1]Hg><Wg.
exp(@?) + exp(ég)
(10)

Although ML2¥ provides semantic cues, it may become brittle
in the presence of repetitive textures or background patterns,
and it can drift when prompt wording changes. The following
modules therefore introduce an explicit residual evidence map
and enforce evidence-consistent semantic responses.

Men (p) =

sem



C. RVM: Reconstructive Visual Memory and Residual Evi-
dence

RVM constructs a non-parametric normal memory from
the K-shot support set and measures how well each query
patch can be explained by normal patches. Two scales of
patch features are extracted as F(*) = ®&,(z) € RF*C for
el 2} All support patches are flattened into two galleries
GO = {gVM_ with M = K - P.

Top-k retrieval and soft reconstruction. For each query
patch feature f}f), its top-k neighbors N (p) are retrieved by
cosine similarity:

m=1,..., M.
1D

A normal reference patch is then reconstructed by temperature-
soft weighting:

sz(fzn = Sim< norm(f]ge))7 norm(g%))),

f;z): Z eXp(Sp,m/T) norm(g,(f;)), (12)
N ) S EP(5p)/7)
wiin

where 7 > 0 controls the sharpness of reconstruction weights.
This reconstruction is instantiated on-the-fly from the support
set at inference time, maintaining few-shot feasibility without
introducing additional learnable parameters.

Residual evidence. Patch-wise residual evidence is defined
as the reconstruction discrepancy averaged across scales:
Tp = = p=1,...,

Hnorm(f(e)) — norm(f(¥) Hz,
zé%;;} ' &) 2

13)
Large 7, indicates that the query patch is poorly explained
by the normal memory, providing strong visual evidence for
anomalies.

Robust normalization. To obtain a bounded evidence map,
{%}5:1 is normalized using per-image quantiles. Let ¢~
Qn({rp}) and ¢ = Q1_,,({rp}) with a small n (e.g., n =
0.05). Then

M,(p) = clip(r”_g,

P 0, 1), M, € [0,1]7s>Ws,

(14)
D. ReSA: Evidence-guided Semantic Alignment

ReSA promotes evidence-consistent semantics by attenuat-
ing prompt-induced responses in regions with weak residual
evidence. Rather than directly trusting the raw semantic map,
residual evidence is first transformed into a smooth gate
through a saturating mapping:

where ¢ > 0 controls the saturation level and o > 0 adjusts the
gate sharpness. The calibrated semantic map is then obtained
via evidence-adaptive rescaling:

M) (8 + (1= B)G())

15)

M (p) = (16)
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Fig. 2. RVM module. Multi-scale query patch features are reconstructed from
a normal memory gallery built from the K-shot support set via top-k retrieval
and soft weighting. The reconstruction discrepancy yields a residual evidence
map M, on the CLIP patch grid, which serves as a visual anchor for semantic
calibration and fusion.

with 5 € [0,1] providing a conservative lower bound to
prevent excessive suppression. This calibration suppresses
semantically confident activations that are not supported by
residual visual evidence, improving robustness to both back-
ground textures and prompt variations.

E. Fusion, Image-level Score, and Normal-only Training

Pixel-level fusion. The calibrated semantic map and resid-
ual evidence map are combined using harmonic mean:
ref
M) — Mol M)
My (p) + M (p) + €

Compared with arithmetic averaging, harmonic fusion em-
phasizes agreement between two sources and down-weights
predictions that are confident in only one branch. The fused
map is upsampled (bilinear interpolation) to the input resolu-
tion to obtain the final pixel-level anomaly map.

Image-level detection and ReRoute. For image-level de-
tection, an abnormal probability is computed from the CLS
feature z using the same normal/abnormal prototypes, and it
can be optionally fused with the peak evidence max, M, (p)
in the same scoring space. ReRoute provides defect-type like-
lihoods by grouping abnormal prompts into defect types and
applying a softmax over the corresponding type prototypes;
this head is used for attribution only and does not modify the
anomaly map.

Normal-only training. The CLIP encoders are frozen and
only the prompt learner is optimized. Training encourages
normal images to align with t,, while remaining conservative
in low-evidence regions:

a7

exp(nsim(z tn))

L= t,)) + exp(rsim(z, t,))

—log
Xp(/@ sim
P

1
1 _

() [~ 1og (1 = M2 (p) + €) .

(18)
where \; > 0 controls the regularization strength. At infer-
ence, RVM is instantiated from the K-shot support set and no
anomalous samples are required.

—

P



TABLE I
IMAGE-LEVEL AUROC (MAX-F1) (%) ON MVTEC AD AND VISA; BEST/SECOND-BEST ARE BOLD/UNDERLINED (AUROC, MAX-F1).

Type Method MVTec AD VisA
1-shot 2-shot 4-shot 1-shot 2-shot 4-shot
SPADE [19] 81.00(90.2) 82.90(90.4) 84.80(91.1) 79.50 (80.3) 80.70(81.1) 81.70(82.3)
Non-CLIP PaDiM [3] 76.60 (87.1) 78.90 (87.2) 80.40 (88.3) 62.80(77.2) 67.40(78.1) 72.80(79.3)
PatchCore [4] 83.40(91.0) 86.30(91.5) 88.80(92.6) 79.90 (79.6) 81.60(80.1) 85.30(84.3)
CLIP-based WinCLIP+ [8] 93.10(93.7) 94.40 (93.9) 95.20 (94.7) 83.80(83.1) 84.60 (83.5) 87.30(84.3)
PromptAD [9] 93.15(95.9) 93.73(96.0) 95.71(96.2) 85.98 (86.8) 88.68 (87.1) 88.80(88.3)
CLIP-based ReMAP-AD (ours) 95.27 (96.1) 95.62 (96.6) 96.83 (96.7) 87.26 (87.2) 89.15(87.4) 90.01 (87.5)
TABLE II
PIXEL-LEVEL AUROC (MAX-F1) (%) ON MVTEC AD AND VISA; BEST/SECOND-BEST ARE BOLD/UNDERLINED (AUROC, MAX-F1).
Type Method MVTec AD VisA
1-shot 2-shot 4-shot 1-shot 2-shot 4-shot
SPADE [19] 91.20 (44.5) 92.00 (45.3) 92.70 (46.2) 95.60 (36.3) 96.20 (37.2) 96.60 (41.0)
Non-CLIP PaDiM [3] 89.30(39.1) 91.30(41.1) 92.60 (42.3) 89.90(32.1) 92.00(33.9) 93.20(36.7)
PatchCore [4] 92.00 (53.1) 93.30(54.7) 94.30 (56.2) 95.40(38.2) 96.10(41.3) 96.80 (46.4)
CLIP-based WinCLIP+ [8] 95.20(55.9) 96.03 (57.2) 96.20 (60.1) 96.40 (42.1) 96.80 (45.2) 97.20 (47.5)
PromptAD [9] 95.73 (59.8) 96.26(60.2) 96.50(61.4) 95.97 (47.1) 96.48 (49.0) 96.85(49.3)
CLIP-based ReMAP-AD (ours) 96.65 (60.1) 96.44 (60.2) 97.03 (61.3) 96.71 (49.2) 97.35(49.4) 97.70 (49.9)

V. EXPERIMENTS
A. Experimental Setup

Datasets and few-shot protocol. Experiments are con-
ducted on MVTec AD [1] and VisA [2], which provide
category-wise splits with image-level anomaly labels and
pixel-level masks. For each category, a K -shot support set S is
formed by uniformly sampling K € {1,2,4} normal training
images, and each test image is evaluated conditioned on S.
Results are averaged over five independent support samplings
per category unless otherwise specified.

Metrics and evaluation practice. Performance is measured
by AUROC at both image and pixel levels, i.e., image-level
AUROC for anomaly detection and pixel-level AUROC for
anomaly localization. All methods are evaluated under the
same few-shot protocol and identical preprocessing/evaluation
scripts for controlled comparison. Representative baselines
include SPADE [19], PaDiM [3], PatchCore [4], WinCLIP [8],
and PromptAD [9].

Implementation details and ReMAP-AD configuration.
We use OpenCLIP ViT-B/16 pretrained on LAION-400M and
follow the standard CLIP preprocessing. Images are resized
and center-cropped to 240 x 240. For prompt learning, we
optimize learnable context tokens for the normal/abnormal
branches and learnable anomaly suffix tokens (F,=4, E,=1,
L=4), and include a small handcrafted abnormal suffix pool
(M =4 on MVTec AD and M =2 on VisA). ReMAP-AD intro-
duces a residual-evidence pathway where RVM reconstructs
multi-scale query patches from the K-shot support memory
to obtain M, and ReSA calibrates the semantic map via an
evidence-derived gate before fusion. All hyperparameters are

fixed across datasets and shot numbers. Prompt robustness
is evaluated by perturbing only the handcrafted abnormal
templates at test time while keeping learned parameters un-
changed, and we report both Gy and 4gyge.

B. Comparison with State-of-the-art Methods

We compare ReMAP-AD with representative few-shot
industrial anomaly detection methods from both non-
vision-language and vision-language paradigms, including
distribution/memory-based approaches (SPADE [19], PaDiM
[3], PatchCore [4]) and CLIP-based prompting methods (Win-
CLIP [8], PromptAD [9]). All methods in Tables I-II are eval-
vated under the unified few-shot protocol and preprocessing
in Sec. V-A, with identical support sampling and evaluation
scripts.

Table I reports image-level detection performance. ReMAP-
AD achieves the best AUROC across all shot numbers on both
datasets. The gain is most evident in the low-shot regime:
on MVTec AD (1-shot), AUROC improves from 93.15 to
95.27 compared with PromptAD; on VisA (1-shot), AUROC
increases from 85.98 to 87.26. As K increases, ReMAP-AD
maintains its advantage, suggesting that evidence-calibrated
fusion remains effective without category-specific tuning.

At the pixel level (Table II), ReMAP-AD consistently im-
proves localization over both non-CLIP and CLIP-based base-
lines. Compared with PromptAD, ReMAP-AD yields higher
pixel-level AUROC under all shots (e.g., 95.73 — 96.65 on
MVTec AD and 95.97 — 96.71 on VisA for 1-shot). Re-
construction/memory baselines such as PatchCore are strong
in localization but lack semantic interfaces, whereas CLIP-



TABLE III
PROMPT-TEMPLATE ROBUSTNESS AT IMAGE LEVEL (AUROC %). WE REPORT DEFAULT, MEAN=£STD, WORST, AND DROP (DEFAULT—WORST) OVER
MULTIPLE TEMPLATE VARIANTS. HIGHER IS BETTER FOR AUROC AND LOWER IS BETTER FOR DROP.

Fused image score (ifuse)

Text-only image score (iext)

Dataset Method
Default Mean=+Std Worst Dropl Default Mean=+Std Worst Dropl
MVTec (1-shot) PromptAD [9] 93.15 92.86£1.14 91.72 1.43 87.21 86.42+1.21 84.69 2.52
ReMAP-AD (ours) 95.27 95.03+0.31 94.69 0.44 87.43 86.98+0.34 85.46 1.97
VisA (1-shot) PromptAD [9] 85.98 86.13£2.21 83.92 2.06 80.31 78.36+1.50 76.00 431
ReMAP-AD (ours) 87.26 87.01+£0.59 86.59 0.67 81.07 79.911+0.96 78.93 2.14
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Fig. 3. Qualitative comparison of anomaly localization on MVTec AD and VisA. Each row shows the input image, ground-truth mask, and predicted anomaly
maps from PromptAD [9] and ReMAP-AD. ReMAP-AD calibrates the semantic response using residual visual evidence, which reduces background activations

and improves spatial alignment to annotated defects.

based methods provide semantics but may over-activate on
textures. ReMAP-AD bridges these strengths by exposing
support-conditioned residual evidence (RVM) and using it to
suppress unsupported semantic responses (ReSA), leading to
more reliable anomaly maps under limited normal support.

Qualitative results in Fig. 3 further corroborate the quan-
titative trends, showing reduced background activations and
improved spatial alignment to defect regions.

C. Prompt templates and template perturbations

a) Class name canonicalization: Industrial categories
may contain non-natural tokens or dataset-specific naming arti-
facts. To reduce prompt variance, each class label ¢ is mapped
to a canonical name ¢ = m(c) (e.g., pcbl--pcb4—“printed
circuit board” and chewinggum—‘chewing gum”). All
prompts use C.

b) Handcrafted abnormal prompt pool: A handcrafted
abnormal prompt pool is the union of a generic template set
and an object-customized template set. Let G denote generic
anomaly templates and Sz denote class-specific templates for
class ¢. The pool is defined as

Az ={9(@) g€ G}u{s(@)|seS:}. (19)
G provides broad anomaly descriptors, while Sz adds
category-specific defect phrases.

Templates are assigned to defect types using keyword-
matching rules; otherwise they are mapped to GENERIC. This

taxonomy is used for attribution only and does not affect
anomaly scoring.

c) Template perturbations and metrics: Robustness is
evaluated by replacing only the handcrafted abnormal template
pool at test time while keeping learned parameters fixed.
We consider DEFAULT, GENERIC_ONLY, CUSTOM_ONLY,
REWRITE_SYN, and SUBSAMPLE_K (multiple seeds). For each
score head s € {i_text,i_fuse}, we report Default,
Mean+Std, Worst, and Drop As = sgf — min;s; over
perturbations.

Table III summarizes robustness under template perturba-
tions. ReMAP-AD consistently reduces dispersion and worst-
case degradation, with more pronounced gains on the fused
score ifse than on the text-only score iey. These results
support that residual evidence provides an effective constraint
that stabilizes prompt-driven predictions.

D. Ablation Study

We perform component-wise ablations under the 1-shot
protocol to quantify the effect of each design. All variants
follow Sec. V-A and are averaged over the same repeated
support samplings. Starting from the semantic-branch baseline,
we incrementally add prototype aggregation (Proto), recon-
structive visual memory (RVM), harmonic-mean fusion (HM),
and evidence-guided semantic alignment (ReSA).

Table IV reports image-/pixel-level AUROC (Img/Pix)
on MVTec AD and VisA. Proto consistently improves



TABLE IV
COMPONENT ABLATIONS UNDER THE 1-SHOT PROTOCOL (AUROC,

IMG/PIX).
Variant Proto RVM ReSA Fusion MVTec VisA
Semantic branch only - - - - 93.15/95.73  85.98/95.97
+ Proto v - - - 93.45/95.85 86.30/96.05
+ Proto + RVM v v - - 94.20/96.30  86.70/96.40
+ Proto + RVM + HM v v - HM  94.90/96.55 87.05/96.55
Full (ours) v v v HM  95.27/96.65 87.26/96.71

the baseline, indicatingz a more stable abnormal seman-
tic anchor. Adding RVM yields further gains, showing
that support-conditioned residual evidence provides comple-
mentary spatial cues. HM improves performance by fa-
voring pixel-wise agreement between semantic and evi-
dence signals (MVTec: 94.20/96.30 — 94.90/96.55; VisA:
86.70/96.40 — 87.05/96.55). Finally, ReSA achieves the
best results (MVTec: 94.90/96.55 — 95.27/96.65; VisA:
87.05/96.55 — 87.26/96.71), consistent with suppressing se-
mantic activations unsupported by residual evidence. Overall,
these ablations support that residual evidence and evidence-
calibrated fusion improve reliability under limited normal
support.

VI. CONCLUSION

This paper proposes ReMAP-AD, an evidence-calibrated
vision—language framework for few-shot anomaly detection
under normal-only supervision. It stabilizes abnormal seman-
tics via prototype aggregation, derives residual evidence from
multi-scale reconstruction over a K'-shot normal memory, and
calibrates semantic responses with evidence-guided gating.
The final prediction is obtained by harmonic fusion of se-
mantic and evidence maps, while an auxiliary routing head
provides defect-type likelihoods. Experiments on MVTec AD
and VisA show consistent improvements in detection, local-
ization, and prompt robustness under template perturbations.
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