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Abstract. Few-shot anomaly detection remains challenging due to lim-
ited training data. Multi-modal anomaly detection (MAD) offers a viable
solution, leveraging 3D geometric cues to enrich 2D RGB representations
and compensate for this scarcity. However, existing MAD methods apply
spatially uniform feature processing, conflating stable macroscopic struc-
tures with high-frequency localized defect signals, exacerbating cross-
modal misalignment and inflating false-positive rates. To overcome this,
we present CMDS-AD, a Cross-Modal Dual-Stream Anomaly Detection
framework. A LoRA-guided diffusion model generates diverse RGB sam-
ples to mitigate extreme data scarcity. For 3D normal augmentation, we
employ a pre-trained diffusion model as a normal estimator. Crucially,
this estimator inherently acts as a non-linear low-pass filter, directly ex-
tracting low-frequency normal representations from RGB inputs. This
establishes an auxiliary estimated stream of purely low-frequency infor-
mation, anchoring robust structural templates and assisting the uncom-
pressed real stream, containing coupled high- and low-frequency compo-
nents, to precisely isolate micro-defects. A Coordinate-Aware Hierarchi-
cal Feature Mapper adaptively aligns cross-modal semantics, while a mul-
tiplicative scoring mechanism filters modality-specific noise. Under the
extreme 1-shot setting, CMDS-AD achieves absolute performance gains
of 5.7% (I-AUROC) and 2.0% (AUPRO) on MVTec 3D-AD, along-
side 7.7% and 5.6% improvements on EyeCandies, establishing a new
state-of-the-art. Code is available at |Junhaocai27/CMDS-AD.

Keywords: Few-Shot Learning - Multi-Modal Anomaly Detection - Dif-
fusion Models - Dual-Stream Optimization

1 Introduction

Anomaly detection (AD) has become an indispensable component of indus-
trial visual inspection, ensuring product quality and manufacturing stability
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Fig. 1: Few-shot 3D anomaly detection overview. (a) Illustration showing how esti-
mated streams enhance defect representation in real streams, and multi-modal 2D-3D
multiplication further localizes defects. (b) Radar plots on MVTec 3D-AD and Eye-
Candies report few-shot (1, 2, 4-shot) L AUROC and AUPRO. Our method (red) out-
performs baselines (blue) with annotated gains, demonstrating robust improvements.

where manual inspection is inefficient and error-prone. Since anomalous samples
(e.g. defects, scratches, structural damages) are unpredictable and extremely
rare in real-world scenarios, most existing AD methods adopt an unsupervised
paradigm, training exclusively on normal, defect-free data to identify anomalies
as deviations from nominal distributions [8}|26L32}41].

With the rapid advancement of 3D sensors, multi-modal anomaly detection
(MAD) has garnered increasing interest [18/23,/37]. Relying on a single modality
(e.g. RGB) often fails to capture crucial geometric cues obscured by complex
surface textures, whereas 3D information provides highly complementary struc-
tural insights [204/39]. While significant progress has been made in MAD un-
der full-shot settings—ranging from memory-based pattern matching |6[35] and
feature adaptation [29,34] to diffusion-driven reconstruction [22|/42]—existing
approaches rely on a large volume of normal training data. In agile manufac-
turing, acquiring extensive multi-modal normal samples for every new product
line is highly expensive. Consequently, few-shot anomaly detection (FSAD) has
emerged as a critical alternative |9}/14}/15,[17}|31]. However, when restricted to se-
vere few-shot scenarios (e.g. 1 to 4 samples), the performance of state-of-the-art
multi-modal methods drops precipitously (as evidenced in Fig,. .

The fundamental bottleneck of extending MAD to few-shot scenarios is the
profound modality gap and modality interference under data scarcity. Existing
methods attempt to bridge this gap through various fusion strategies, but of-
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ten fall short. For instance, fusing modalities via input-level concatenation (e.g.
AST |27]) or multi-level spatial fusion (e.g. MMRD [10]) risks severe modal-
ity interference. Cross-modal mapping approaches, such as CFM [7], attempt to
map features between modalities; however, the inherent modality gap often leads
to large reconstruction errors even for normal samples, inherently resulting in
high false-positive rates and coarse localization boundaries. Meanwhile, memory-
based architectures like M3DM |[35] and ShapeGuided [6] struggle because lim-
ited normal samples fail to adequately cover the nominal feature patterns. Fun-
damentally, these methods treat all spatial features uniformly, neglecting the fre-
quency properties of industrial data. By entangling stable low-frequency macro-
scopic structures with unpredictable high-frequency localized variations (e.g.
minor texture shifts), they inevitably confuse normal sensor noise with genuine
structural defects in data-scarce scenarios.

To overcome these severe limitations, we propose Cross-Modal Dual-Stream
Anomaly Detection (CMDS-AD), a novel few-shot MAD framework that ex-
plicitly establishes a dual-stream architecture while deeply exploiting generative
diffusion priors. Rather than solely utilizing diffusion models as monolithic aug-
mentors via LoRA-guided synthesis to generate paired training data, we innova-
tively repurpose a pre-trained diffusion-based geometric estimator as a non-linear
low-pass filter. This mathematically establishes an estimated stream compris-
ing purely low-frequency information, which serves as an auxiliary anchor for
the stable macroscopic structural representation, constructing a robust nominal
template even with single-digit samples. Concurrently, the uncompressed real
stream, encompassing coupled high- and low-frequency components, is explicitly
enhanced by this auxiliary prior to capture localized microscopic details. By syn-
ergistically aggregating the anomaly responses from these parallel streams, our
framework naturally isolates and amplifies genuine defect signals while effectively
suppressing cross-modal interference.

To precisely align these decoupled dual-stream representations without risk-
ing feature collapse caused by cross-modal amplitude discrepancies, we design
an adaptive Coordinate-Aware Hierarchical Feature Mapper. Unlike previous
rigid fusion mechanisms, it dynamically regulates hierarchical feature aggrega-
tion within each independent mapping pathway across multiple scales, while rig-
orously preserving spatial positional priors. Finally, we introduce a Cross-Modal
Multiplicative Anomaly Scoring module (¥op ® Wsp). This acts as a stringent
spatial filter that flags defects only given concurrent multi-modal anomalies,
dramatically suppressing previously unavoidable modality-specific false alarms
triggered by localized sensory artifacts.

Our main contributions are summarized as follows:

1. Cross-Modal Dual-Stream Framework (CMDS-AD): We propose the
first few-shot MAD architecture driven by a dual-stream perspective. By in-
novatively repurposing diffusion estimators as non-linear low-pass filters, we
establish an auxiliary estimated stream that effectively enhances the real
stream to isolate unpredictable micro-defects from stable macroscopic struc-
tures.
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2. Adaptive Cross-Modal Feature Alignment: We design a Coordinate-
Aware Hierarchical Feature Mapper coupled with a Decoupled Multi-Scale
Mask-Aware Optimization strategy. This adaptively aligns heterogeneous 2D
and 3D semantic spaces, fundamentally mitigating the cross-modal gap and
modality interference under severe data scarcity.

3. Synergistic Multiplicative Anomaly Scoring: We introduce a novel
scoring mechanism that aggregates anomaly responses from both the real
and estimated streams to filter out isolated modality-specific noise. Exten-
sive experiments on MVTec 3D-AD and EyeCandies demonstrate that our
method establishes a new state-of-the-art in few-shot settings.

2 Related Work

Multi-modal Anomaly Detection. With the advent of 3D sensors, multi-
modal anomaly detection (MAD) has gained significant attention [6}/7,35] as 3D
geometric cues effectively complement RGB features. Recent methods typically
explore cross-modal feature alignment (e.g. CFM [7], CIF [21]), memory-based
architectures (e.g. ShapeGuided [6], M3DM |[35], MAFR [1]), or multi-level fea-
ture fusion (e.g. MMRD |[10]) to localize anomalies. Although these approaches
achieve remarkable performance under full-shot settings, they heavily rely on
extensive normal training data or perfectly aligned networks. In severe few-shot
scenarios, the profound modality gap between 2D images and 3D point clouds
critically hinders reliable cross-modal alignment. To address this fundamental
limitation, we propose a Coordinate-Aware Hierarchical Feature Mapper that
bypasses amplitude discrepancies and adaptively aligns multi-scale contextual
features, efficiently closing the modality gap under data scarcity.

Few-shot Anomaly Detection. To alleviate the prohibitive cost of collect-
ing large-scale normal data, few-shot anomaly detection (FSAD) has emerged
as a promising alternative. Current research focuses on the RGB domain, uti-
lizing vision-language prompts (AnoPLe [17]), feature regression (FastRecon
19]), window-based fusion (WinCLIP [15]), or image registration (RegAD [14]).
However, existing single-modality FSAD approaches struggle to capture struc-
tural distortions. Extending FSAD to multi-modal scenarios remains challenging
because traditional methods uniformly treat all spatial features, exacerbating
modality interference when data is scarce. Motivated by this, our method ex-
plicitly establishes a dual-stream architecture to process coupled and purely
low-frequency representations, effectively mitigating cross-modal interference.
Diffusion Models in Visual Inspection. Diffusion models are increasingly
applied in anomaly detection for data augmentation [25}/33] or reconstruction
[11,[36L/40]. Restoration studies further show that adaptive denoising schedules
and lightweight LoRA adaptation can target image degradations, as in SkipDiff
[24] and degradation-aware LoRA [30]. These advances suggest that diffusion
priors can be adapted beyond generic generation, but their frequency-level role
in multi-modal inspection remains underexplored. However, existing anomaly
detection methods still treat generation as a monolithic module, overlooking the



CMDS-AD for Few-Shot Anomaly Detection 5

frequency dynamics of progressive denoising [5]. Distinctly, our framework re-
thinks their role in FSAD. While utilizing LoRA [13] for paired data synthesis to
mitigate sample scarcity, we further draw on recent findings demonstrating that
diffusion estimators inherently act as non-linear low-pass filters [28)[38]. Leverag-
ing this property, we establish an auxiliary estimated stream containing purely
low-frequency information to anchor macroscopic structures, which enhances the
sensitive real stream containing coupled high- and low-frequency information to
capture micro-defects. This explicitly bridges generative priors with dual-stream
alignment, resolving the overfitting bottlenecks of few-shot generation.

3 Methodology

3.1 Overall Pipeline Architecture

Figure 2 shows our CMDS-AD framework, designed to bridge the 2D-3D seman-
tic gap under few-shot constraints. To overcome data scarcity, a Diffusion-Driven
Multimodal Few-Shot Augmentation module (Sec. first synthesizes paired
RGB-normal training data. The pipeline then employs a bidirectional mapping
mechanism (2D <» 3D) comprising parallel real and estimated streams. Given
the input modalities, a frozen backbone (e.g., ViT) extracts multi-scale fea-
tures, which a Coordinate-Aware Hierarchical Feature Mapper (Sec. adap-
tively aggregates via spatial gating. During training, a Decoupled Multi-Scale
Mask-Aware Optimization strategy (Sec. ensures precise alignment across
the heterogeneous domains. During inference, the mappers (Map_3p, M3p_ap)
generate directional anomaly distance maps for both streams. Finally, a Cross-
Modal Multiplicative Anomaly Scoring module (Sec. synergistically fuses
these directional predictions into a high-precision dense anomaly map ¥, thereby
effectively filtering out modality-specific artifacts to reduce false positives. The
complete procedure is summarized in Algorithm

3.2 Diffusion-Driven Multimodal Few-Shot Augmentation

In Few-Shot Anomaly Detection (FSAD), extreme data scarcity severely bot-
tlenecks model generalization. To overcome this, we propose a multimodal data
augmentation framework driven by diffusion priors. For the 2D (RGB) modal-
ity, we adopt a Low-Rank Adaptation (LoRA)-guided image-to-image generation
paradigm. Standard diffusion models learn data distributions by optimizing the
denoising objective:

Lo = Eayennonye [l — oz, ]3] (1)

where xq is the clean image, € represents the injected Gaussian noise, ¢ is the
timestep, and €y denotes the denoising network parameterized by 6. Directly fine-
tuning 6 on limited samples inevitably triggers catastrophic forgetting and severe
overfitting. Thus, we freeze the pre-trained projection matrices Wy € R?** in the
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Fig. 2: Proposed Cross-Modal Dual-Stream Anomaly Detection (CMDS-AD) frame-
work. (Top) Diffusion-driven augmentation synthesizes paired RGB-normal training
data. (Bottom Left) Dual-stream pipeline processing Real and Estimated streams,
where the purely low-frequency estimated stream acts as an auxiliary guide to enhance
the coupled real stream. (Bottom Right) Coordinate-Aware Hierarchical Feature
Mapper for adaptive multi-scale feature fusion.

attention layers and inject trainable low-rank matrices B € R?¥" and A € R™**
(with r < min(d, k)). The forward pass update is formulated as:

W =Wy + AW =Wy + BA (2)

where W is the updated weight matrix and AW is the weight increment. This
parameter-efficient formulation enables the model to extract domain-specific tex-
tural features from scarce normal samples, synthesizing structurally consistent
yet distributionally diverse RGB representations. For the 3D modality, sur-
face normal maps are more sensitive to subtle geometric discontinuities (e.g.
scratches, dents) than depth maps. Consequently, we introduce a diffusion-based
normal estimator. By processing both the real and LoRA-generated RGB images
through this estimator, we obtain their estimated normal maps, completing the
real-estimated cross-modal augmented dataset.

3.3 Dual-Stream Decoupled Anomaly Detection

During the pipeline, the network jointly processes the real surface normals and
the estimated normals generated by the diffusion estimator @4;g. Constrained
by generative priors and latent space compression, @4 acts essentially as a
robust non-linear low-pass filter, tending to output overly smooth results that
inadvertently discard high-frequency details.

To formalize this theoretically, in the frequency domain, the real surface nor-
mal N encompasses a low-frequency structural component Ny (global shape)
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and a high-frequency detail component Nyign (local micro-textures). For an in-
put image I, the estimator yields a smoothed estimation N = Dait(I) = Niow-
Consequently, mapping these inputs through the backbone @ yields two comple-
mentary feature spaces rather than a single entangled representation:

]:est ~ @(Nlow), ]:real ~ @(Nlow + Nhigh) (3)

Leveraging this inherent filtering property, we design a synergistic dual-
stream architecture. To avoid amplifying cross-modal noise via explicit fea-
ture residuals, we process both streams independently. The estimated stream
(Fest) acts as a purely low-frequency auxiliary anchor for macroscopic struc-
tures. Guided by this reference, the uncompressed real stream (Frea)—which
couples high- and low-frequency components—precisely captures localized sur-
face defects. Synergizing the independent anomaly measurements from these
distinct sub-spaces ensures comprehensive defect coverage.

3.4 Coordinate-Aware Hierarchical Feature Mapper

To align multimodal features across varying receptive fields, we design a fea-
ture mapper comprising hierarchical branches. The backbone (e.g. ViT) ex-
tracts multi-scale representations from the 4-th, 7-th, and 11-th layers, denoted
as x; € ROXHXW for | ¢ {4,7,11} (where C' = 768). These represent local
edge textures, part-level patterns, and global semantics, respectively. Prior to
spatial gating, each extracted feature x; first passes through a local adaptation
block—comprising a 1 x 1 convolution, Group Normalization (GN), and a GELU
activation—to harmonize the heterogeneous semantic spaces across different net-
work depths. The adapted features are subsequently concatenated along the
channel dimension to form a unified multi-scale input feature Fn, € R3CXH*W.

T = GrELU(GN(Conlel(xl)))7 Feat = Concat(iy, 7, 211) (4)

Since anomaly detection requires spatially sensitive dense predictions, tra-
ditional Channel Attention is sub-optimal as it collapses spatial dimensions
via Global Average Pooling. Instead, we introduce Coordinate Attention (CA),
which factorizes 2D spatial pooling into two 1D directional encoding operations.
For the c-th channel of F.,; at coordinates (h,w), the aggregated features along
height and width are computed as:

wW-1
1 o w 1 o, .
2l(h) = 57 Y Fallhi), 28(w) =5 >~ Fl(w) (5)
=0

These direction-aware vectors are concatenated, transformed, and split to
generate attention weights, achieving feature refinement without sacrificing posi-
tional precision. The refined concatenated feature F is then fed into a lightweight
Spatial Selector. This module generates a mutually exclusive 3D weight map
W e R¥>*H>XW (where W = [wy,wr,w11]) via a pixel-wise Softmax operation:

[wa, w7, w11] = Softmax(Conle1(ReLU(COHV3X3(]-')))) (6)
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Algorithm 1: CMDS-AD: Cross-Modal Dual-Stream Anomaly Detec-
tion
Input: Support set Dirain = {Iigb, N, M }, Pre-trained backbone @, Untrained
Mappers Map_3p, M3sp—2p
Output: Optimized Mappers Map_,3p, Msp_2p, Final Anomaly Map ¥

1 Stage 1: Multimodal Data Augmentation

2 {A,B} < argmina, g Lowm ; // LoRA FT via Eq. and

3 Ligh ~ DMwy+Ba(Ligb), N < Paig(lrgn) ; // Generate cross-modal pairs

4 Daug  Dirain U {(Irg, N)};

5 Stage 2: Hierarchical Feature Mapper Optimization

6 for batch B ~ Dyyug do

7 Fip, Fip < ®(B), S€{R,FE}; // Extract | € {4,7,11} layers
// Coordinate-Aware Mapping (Sec.
Pin — Mapsap(Fsn), S €{R,E}; // 2D — 3D direction
P5n — Mapan(Fsn), S E€{R,E}; // 3D — 2D direction

// Decoupled Mask-Aware Optimization (Sec. D
10 for layer | € {4,7,11} do

11 LL + Eq. B(Latign (P, Fi3), M) ; // Masked avg for Real
12 L) + Eaq. (ﬁalign(Pﬁ,fS)) ; // Global avg for Est
13 end

14 | Liga ¢ oLiy+ BLEr +7LE, S €{RE}; // Eq. |9
15 L Ll + Liear ; // 0Overall objective
16 {M2p—3D, Map—2p} Ay // Backpropagation
17 end

18 Stage 3: Cross-Modal Multiplicative Anomaly Scoring
19 Fip, Fip + D(Xiest), S € {R,E};

20 P+ Moapsp(Fip), Pso  Mapap(Fib);

21 W5, « ‘Caligﬂ(PégDafégD)v %SD — Calign(PaSDyfg,sD) ;

22 Wop — WL + MU, Wsp « U+ 0E

23 ¥ < Yop O ¥s3p ;

24 return ¥

where w; indicates the dynamic aggregation weight of the [-th layer at a specific
pixel (3, w; = 1). The preprocessed single-layer features f; are then spatially

fused and projected to yield the predicted feature P = H(Zle{&zu} W © fl)~

3.5 Decoupled Multi-Scale Mask-Aware Optimization

To compel the mapping network to finely align local microscopic textures while
robustly matching global macroscopic structures, we propose a Decoupled Multi-
Scale Loss governed by a divide-and-conquer strategy.

Feature Decoupling and Alignment. Prior to loss computation, the uni-
fied predicted feature P is decoupled back into three distinct representation
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sub-spaces along the multi-scale spectrum (ranging from high-frequency local
textures to low-frequency global structures, each with 768 dimensions). Given
the massive absolute numerical discrepancies between RGB and 3D normal do-
mains, we discard magnitude-sensitive distance metrics and rely exclusively on
Cosine Distance as the core alignment objective:

pP-T
Latign(P,T) =1 — —— 7
R T 7
where P,T € R7%® denote the predicted and target feature vectors at a specific
pixel. This compels the network to align strictly based on directional consistency,
circumventing gradient collapse caused by cross-modal amplitude variations.
Mask-Aware Regional Focusing. To prevent massive irrelevant backgrounds
(e.g. conveyors) from dominating the loss, we introduce a flattened binary spa-
tial mask M € {0,1}" (where N = H x W). For the real stream, adaptive
focusing is achieved by computing the masked average ([,fzyer). Conversely, for
the estimated stream where precise masks are unavailable, we default to global

spatial averaging (Eﬁyer):

Zﬁvzl (‘ngggn ’ M(i))

o ia—
Zﬁ\; M® +e

layer

1 ZN (@)
s ‘nger = N £allign (8>
=1

where ¢ = 1078, superscript (i) denotes the i-th pixel index, and the binary
mask M is deterministically computed from the raw 3D point cloud to precisely
isolate the foreground object.
Hierarchical Weighted Fusion. Deep features exhibit high spatial translation
invariance; enforcing strict pixel-wise alignment at semantic levels easily triggers
overfitting. Thus, for both the real (R) and estimated (E) streams, we introduce
an asymmetric descending penalty strategy based on their respective layer-wise
losses:

Loy = aLiy + BLE; +7LEy, S € {R, E} (9)

where weights satisfy a > 5 > 7. This strategically anchors macroscopic struc-
tural comprehension (via a smaller 7 for deep layers) while intensely directing
focal attention towards critical localized micro-defects (via a larger « for shallow
layers). The overall optimization objective of our framework is the sum of both
streams: £ =L +L£E .

3.6 Cross-Modal Multiplicative Anomaly Scoring

During inference, the framework yields four distinct anomaly distance maps: 2D
real LP2RD, 2D estimated Wz%, 3D real Wiﬁg, and 3D estimated WB%. To obtain com-
prehensive modality-specific responses, we first perform a weighted summation
of the real and estimated streams within both the 2D and 3D modalities:

Uop = WE + \UE | Wp = 08 4+ A0k (10)
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where A; and Ag are balancing coeflicients. Subsequently, the overall anomaly
score map ¥ is computed via synergistic cross-modal fusion:

¥ = Ysp O ¥sp (11)

where ® denotes the Hadamard product. This multiplicative fusion acts as a
stringent spatial filter: a region is flagged as defective only if both modalities
exhibit high anomalous responses concurrently, thereby significantly suppressing
isolated modality-specific noise and minimizing false positives.

4 Experiments

4.1 Implementation Setup

Datasets and Protocol. We evaluate our framework on two standard anomaly
detection datasets: MVTec 3D-AD |2] and EyeCandies [3|. Following the stan-
dard few-shot protocol, models are trained exclusively on k € {1,2,4} anomaly-
free samples per category. To ensure a standardized and fully reproducible eval-
uation, we deterministically select the first £ normal images from each class to
construct the training subset.

Baselines. We compare our approach against eight representative state-of-the-
art methods: (1) Patchcore+FPFH [12|, concatenating deep 2D and hand-
crafted 3D features; (2) CIF |21], a cross-modal information fusion strategy;
(3) AST [27], an asymmetric teacher-student architecture; (4) EasyNet [4],
an efficient network tailored for industrial inspection; (5) ShapeGuided [6],
explicitly leveraging 3D shape priors; (6) M3DM |35]|, a memory-bank-based
multi-modal fusion model; (7) CFM |[7], a memory-efficient 2D-3D feature align-
ment approach; and (8) MAFR [1], a multi-modal feature representation and
alignment network.

Evaluation Metrics. Following standard protocols, we employ Image-level AU-
ROC (I-AUROC) for anomaly classification, alongside Pixel-level AUROC (P-
AUROC) and Area Under Per-Region Overlap (AUPRO) for fine-grained local-
ization. In our main baseline comparisons, we report - AUROC and AUPRO
integrated up to a 30% False Positive Rate (FPR). For a comprehensive analysis
in the ablation studies, we additionally report P-AUROC and AUPRO evaluated
at stricter FPR thresholds of 1%, 5%, and 10%. Higher scores across all metrics
denote superior performance.

Implementation Details. Experiments utilize an RTX 5090 (32GB) GPU. For
augmentation, Stable Diffusion v2.1 is LoRA-finetuned (rank 16, 1,000 steps),
and Marigold [16] serves as the normal estimator @g;r. Following [7], a frozen
DINO ViT-B/8 extracts 2D and 3D representations [19] from 224 x 224 inputs.
Features from layers 4, 7, and 11 are bicubically up-sampled and optimized via
AdamW for 3,000 steps (batch size 2/stream, Cosine Annealing LR 10~* to
1076, weight decay 10~*). Additive Gaussian noise (¢ = 0.01) is injected into
RGB inputs to mitigate overfitting. Multi-scale loss weights (Eq. E[) are set to
a=1.2,8=1.0,7 = 0.8. Inference balancing coefficients (A1, A2) are 0.1.
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Table 1: Few-shot performance comparison on the MVTec 3D-AD dataset. The metrics
reported are LAUROC / AUPRO@30%. The best results are highlighted in bold, and

the second-best are underlined.

Setting Type|Method Bagel Cable Gland Carrot  Cookie ~Dowel ~ Foam  Peach  Potato  Rope Tire

Mean

Patchcore  FPFH
B

88.8/90.8 56.6/84.1

49.0/60.2 53.
75.9/69.8

1-shot

44.4/71.6

TB M3 64. 1.5

59.9/89.7 78.4/96.6

48.9/78.3 56. X
50.6/88.5 69.9/89.4 85.6/97.9

63.8/88.0 92. 0’98 1

Ours 7. 4/ 98.0

79.6/94.2

! 96.9/91.8 81.2/92.2 82.2/95.2 5
72 2 ’92 2 94 9/98.2 95.8/93.7 74.6 85.9/93.0 93.6/98.2 91.2/98.2 96.7,

1 |Patcheore-FPFH [12] 477765 55.4/96.7 58.3/85.0 55.0/96.2 56.6/96.6 61.4/88.6
CIF 8 62.9/79.5 74.0/95.8 2 77.6/93.7 66.9/94.9
AST 143.4/74.0
E FasyN / :
7 ShapeGuided [6] 50.2/71.4 3.6/89.
35 19.5/79.6 92.8/95.5
9. . X 77.6/92.6 91.5/96.3 57.
69.8/97.1 96.9/92.0 71.4/92.2 .
93.0/98.2 93.5/93.3 58.8/80.3 87.7/92.6 97.6/97.7 70.7/94.8
59.2/97.2 62.9/95.1 59.4/87.5 58.2/75.3 91.8/91.2 73.5/88.0
70.2/84.7 79.4/84.1 89.8/80.3 53.4/88.2 T7.6/80.6
46.6/41.3 ¢ 72.6/75.9 39.8/74.2
3 m
]
X

976 686’959 87.1/95.8

Table 2: Few-shot performance comparison on the EyeCandies dataset. The metrics
reported are FAUROC / AUPRO@30%. The best results are highlighted in bold, and

the second-best are underlined.

Can. C. Cho. C. Cho. P. Conf. Gum. B. Haz. T. Lic. S. Lollip. Marsh. Pep. C.

Mean

38.1/88.4 81.8/71.4 70.2/56.3 84.0/86.9 59.7/50.6 58.1/55.7 68.6/85.8 89.1/65.7 85.4/67.1 69.5/69.2
é M3DM 50.2/54.8 57.4/71.0 81.0/90.0
= B CFM |7] . . / 55. 64.2/78.9
MAFR 64.8/82.8 76.2/60.9 86.9/94.6 38.9/78.3 . 48.6/63.1 X 3 59.4/80.3 T/
Ours 42.1/92.6 57.9/89.3 88.8/79.9 90.6/90.5 84.1/84.3 74. 7/ 66.5 81.0/82.5 69. 9/87 194. 9/92 7 87.8/89.4 77.2/85.5
‘ TF 41.8/87.0 79.0/76.9 78.6/57.9 94.1/85.5 71.3/61.0 70.9/52.4 55.7/59.9 66.4/86.8 84.5/71.8 93.6/74.3 73.6/71.3
é M3DM 67.5/84.4 61.7/76.1 59.4/72.8 64.0/85.6 86.9/90.8 68.2/80.4
& TR CFM |7] 84.3/85.2 77.1/79.6 54.0/83.9 63.8/83.4 .1
MAFR 70.2/84.5 64.1/80.8 : 62.3/84.0 91.2/90.9 75.4/86.8 70.9/80.7
Ours 42. 9/93 3 80.5/90.9 90.2/81.0 88.0/92.0 84.8/84.8 81. 1/80 9 72.2/88.5 98.6/93.5 88.6/87.7 80.2/85.8
‘ TF 48.2/87.4 81.8/78.1 74.6/58.4 97.9/88.9 61.9/68.0 73.3/63.9 61.8/88.1 94.2/86.0 87.4/78.8 75.1/75.6
:é M3DM (35| 42.4/82.4 74.9/84.9 78.7/72.1 91.4/96.8 70.2/80.2 80.2/81.6 5 86. 90.6/92.1 73.6/83.5
:w; 47.5/90.9 85.3/85.5 76.9/80.0 65.9/73.5 92.2/93.2 78.1/87.1
49.9/92.6 74.7/87.3 . 79.3/84.8 61.3/73.3 68.6/84.9 96.0/93.1 80.5/90.2 £
45.0/94.9 91.7/91.3 95. 0/81 7 88. 6/92 6 80.6/86.9 85. 4/71 6 85.6/85.8 67.7/89.0 98.1/94.3 89.1/89.1 82. 7/87 7

4.2 Quantitative Comparison

Performance on MVTec 3D-AD. Table 1] shows our framework consistently
outperforms all baselines across few-shot settings. In the 1-shot scenario, it
achieves 79.6% I-AUROC and 94.2% AUPRO@30%, substantially exceeding the
second-best M3DM. Under the 4-shot setting, performance scales to 87.1% I-
AUROC and 95.8% AUPRO@30%, significantly surpassing MAFR. Notably, it
demonstrates remarkable robustness on geometrically complex categories (e.g.,
Bagel, Rope), securing near-perfect localization. These consistent gains high-
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Fig. 3: Qualitative evaluation of the complementarity between 2D and 3D modali-
ties. We visualize the predicted anomaly maps across three distinct defect categories:
2D color-only anomalies, 3D shape-only anomalies, and combined anomalies. Syner-
gistically fusing these modality-specific predictions effectively captures all defect types
while suppressing background noise.

light the superior cross-modal alignment and generalization enabled by our dual-
stream representations.

Performance on EyeCandies. As shown in Table[2], our approach establishes
a new state-of-the-art across all shot settings, validating its strong generalizabil-
ity. In the 1-shot setting, we achieve 77.2% I-AUROC and 85.5% AUPRO@30%,
eclipsing the prior best CIF (69.5% and 69.2%, respectively). This superiority
persists at 4-shot (82.7% I-AUROC), demonstrating precise fine-grained anomaly
localization under severe data scarcity. Overall, results on both benchmarks con-
firm that our diffusion-enhanced dual-stream architecture effectively addresses
the fundamental bottlenecks of few-shot 3D anomaly detection.

4.3 Qualitative Analysis

Complementarity of 2D and 3D Modalities. Figure [3] visualizes predicted
anomaly maps across three distinct defect categories: 2D color-only, 3D shape-
only (e.g. bumps or dents), and combined anomalies. As illustrated, 2D-focused
predictions effectively isolate subtle textural variations, such as surface discol-
orations or contaminations, which lack geometric deformation. Conversely, 3D-
focused predictions precisely highlight structural irregularities that are often im-
perceptible in the RGB domain. By synergistically fusing these modality-specific
outputs, our combined anomaly map robustly localizes complex defects while
substantially suppressing modality-specific background noise. This underscores
the strong complementarity of our learned 2D and 3D representations.

Qualitative Comparison with Baselines. To further validate our approach,
Fig. [4 visualizes anomaly score overlays for selected categories from the MVTec
3D-AD and EyeCandies datasets against state-of-the-art methods. While ex-
isting baselines frequently trigger false alarms in normal regions or struggle to
cleanly delineate subtle defect boundaries, our method yields sharp, highly lo-
calized anomaly masks that align tightly with the ground truth. Specifically, the
diffusion-enhanced structural priors enable our model to maintain high confi-
dence precisely on defective pixels without bleeding into surrounding normal ar-
eas. This superior qualitative performance corroborates our quantitative gains,
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Fig. 4: Qualitative comparison of anomaly score overlays between our proposed method
and state-of-the-art baselines on the MVTec 3D-AD and EyeCandies datasets. Under
challenging few-shot constraints, our approach effectively suppresses false positives in
normal regions and delineates subtle defect boundaries with significantly higher preci-
sion than existing methods.

Table 3: Ablation study on the core components of the proposed framework under
the 4-shot setting. The checkmark (v') indicates the inclusion of a specific component.
When the proposed Feature Mapper is omitted, a standard MLP is utilized for fusion.
The best results are highlighted in bold, and the second-best are underlined.

Real Stream Est Stream Feature Mapper‘I-AUROC P-AUROC AUPRO@30% AUPRO@10% AUPRO@5% AUPRO@1%

v v 0.872 0.988 0.955 0.877 0.792 0.399
v v 0.873 0.989 0.956 0.880 0.795 0.400

' v 0.813 0.979 0.932 0.831 0.732 0.350
v ' ' ‘ 0.871 0.989 0.958 0.886 0.806 0.410

highlighting the robustness and precision of our framework under challenging
few-shot constraints.

4.4 Ablation Study

Effectiveness of Core Components. We decouple the real stream, estimated
(est) stream, and Feature Mapper under the 4-shot setting (Tab. . Relying
on the est stream yields the weakest I-AUROC (0.813), whereas the real stream
alone achieves 0.873. Crucially, integrating both unlocks fine-grained localization,
boosting AUPRO@1% from 0.400 (real-only) to 0.410, confirming that generative
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Fig. 5: Parameter sensitivity analysis regarding the weights of the estimated stream
(A1,A2) on MVTec 3D-AD and EyeCandies datasets. The plots illustrate the impact
on I-AUROC and AUPRO@30% metrics as the weights vary from 0.0 to 1.0 with a
step size of 0.1. From left to right: (a) IF-AUROC on MVTec 3D-AD, (b) I-AUROC on
EyeCandies, (¢) AUPRO@30% on MVTec 3D-AD, and (d) AUPRO@30% on EyeCan-
dies.

Table 4: Ablation study on the fusion strategy of anomaly maps under the 4-shot
setting. The best results are highlighted in bold, and the second-best are underlined.

Anomaly Map ‘I-AUROC P-AUROC AUPRO@30% AUPROQ@10% AUPRO@5% AUPRO@1%

Yop 0.807 0.985 0.948 0.864 0.773 0.372
Usp 0.848 0.984 0.945 0.855 0.766 0.381
Ysop + ¥sp 0.875 0.986 0.952 0.874 0.791 0.401
max(¥ap, ¥sp) 0.861 0.985 0.950 0.869 0.785 0.394
Yop © ¥sp 0.871 0.989 0.958 0.886 0.806 0.410

priors supplement subtle defect boundaries. Replacing our Feature Mapper with
a standard MLP degrades all localization metrics, highlighting the necessity of
our hierarchical gating for aligning heterogeneous 2D-3D semantic spaces.

Influence of Estimated Stream Weights. We vary the estimated stream
balancing coefficients (A1, A2) from 0.0 to 1.0 (Fig. [5)). Incorporating a moderate
generative prior strictly enhances performance: increasing weights from 0.0 to
0.1 improves the 2-shot I-AUROC on EyeCandies (78.46% to 80.20%) and the
4-shot AUPRO@30% on MVTec 3D-AD (95.63% to 95.83%). Conversely, over-
reliance on estimated features introduces generative noise (e.g. at a weight of 1.0,
1-shot I-AUROC on EyeCandies drops to 75.85%). Thus, an empirical optimal
balance is robustly achieved at 0.1 across diverse few-shot settings.

Anomaly Map Fusion Strategy. We evaluate fusion operations for anomaly
maps (Yop and Ysp) in Tab. 4l Unimodal detection proves insufficient. Among
multi-modal strategies, element-wise multiplication (Wop ®W¥sp) delivers the best
localization (0.989 P-AUROC, 0.958 AUPRO@30%). Multiplication acts as a
strict spatial filter, suppressing isolated modality-specific false positives by re-
taining high scores only when both modalities indicate anomalies. Although
addition (¥op + ¥3p) yields a marginally higher IF-AUROC (0.875), multiplica-
tion ensures significantly more robust pixel-level localization under strict false-
positive constraints (e.g. AUPRO@1% and 5%).
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5 Conclusion

We propose CMDS-AD, a Cross-Modal Dual-Stream framework for few-shot
anomaly detection. Repurposing a diffusion estimator as a non-linear low-pass
filter establishes a low-frequency auxiliary stream that enhances the real stream,
isolating micro-defects from macroscopic structures. A Coordinate-Aware Hier-
archical Feature Mapper adaptively bridges cross-modal semantic gaps, and a
multiplicative scoring mechanism (¥op ®@W¥sp ) suppresses modality-specific noise.
Experiments on MVTec 3D-AD and EyeCandies show CMDS-AD overcomes
data scarcity, achieving state-of-the-art 1- to 4-shot anomaly localization.
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