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Abstract

Anomaly detection based on images is a core task in in-
dustrial inspection and defect recognition. Recent methods
perform well in controlled environments with pose align-
ment and texture consistency. However, when faced with
real-world conditions where poses and surface textures
vary, existing methods degrade significantly. This paper in-
troduces the pose and texture-agnostic anomaly detection
problem, which generalizes the pose-unknown setting by us-
ing a texture-free 3D reference as a geometric prior to de-
tect and localize structural anomalies from arbitrary view-
points. Unlike training feature embedding based on large-
scale multi-view images [4], we propose a novel render-
for-detect framework that targets a challenging setting of
inspecting geometric anomalies depending on texture-less
references. Specifically, we first reconstruct a 3DGS from
texture-less references in anomaly detection and render the
target pose image from mask-guided pose estimation with
differential rendering. Unlike prior single-modal detection,
an efficient multi-modal anomaly detection network is in-
troduced, that is proven boundary-sensitive. Benefiting from
the general embedding, we can gain competitive results with
boundary feature improvements and only using 20% train-
ing data, making the framework more feasible in real appli-
cation scenarios.

1. Introduction

Anomaly detection [7, 21, 24] aims to identify samples that
deviate from normal patterns. Due to the scarcity and unpre-
dictability of abnormal samples, most research has focused
on unsupervised anomaly detection, which learns the distri-
bution of normal samples in the image or feature space and
regards regions deviating from this distribution as anoma-
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Figure 1. Comparison between Our Framework and Corre-
spondence Matching Transformer (CMT) [4]. (a) Looking 3D
relies on multi-view reference images and a cross-attention net-
work with 3D position encoding to enforce view-consistent em-
beddings for geometric correspondence, which is computationally
intensive and requires large-scale training. (b) Our method simpli-
fies conditional anomaly detection by replacing multi-view align-
ment with efficient differentiable pose retrieval and depth render-
ing from a single texture-less 3D model. This makes our cross-
modal detection easy to train and data-efficient, even in the pres-
ence of significant texture and pose variations.

lies. Current unsupervised methods [3, 40] typically as-
sume that the testing and training images are well aligned
and that the same object instance exhibits only minor vari-
ations in texture or shape. However, such assumptions
severely constrain the capability of detecting anomalies un-
der arbitrary poses, and limit the generalization ability when
facing real-world scenarios with complex geometry and
appearance. To overcome these limitations, Conditional
Anomaly Detection (CAD) [4, 7, 41] is proposed. Specifi-
cally, pose-agnostic anomaly detection [18, 25, 41] provides
greater flexibility across viewpoints, while texture-agnostic
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the final published version of the proceedings is available on IEEE Xplore.
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anomaly detection [7] enhances generalization under vary-
ing surface appearances. In practical scenarios, anomalies
may occur from any viewpoint. For products such as furni-
ture, functionality-oriented anomalies (e.g., missing back-
rest) are of greater concern than differences in texture or
material. This makes the CAD significantly valuable in re-
alistic applications.

Despite the extensive studies of unimodal anomaly de-
tection methods [9, 10, 19, 30, 38], they are often ill-
suited for the conditional anomaly detection scenarios, due
to their appearance-based nature of modeling textural fea-
tures for reconstruction or statistical estimation of normal
objects. Similar to traditional unimodal paradigms, multi-
modal anomaly detection methods can be primarily catego-
rized into embedding-based [1, 14, 34] and reconstruction-
based [20, 39] approaches. The former fuses image and
point cloud features via cross-modal attention to mea-
sure distances from normal prototypes, while the latter
learns joint geometry–appearance distributions and defines
anomalies by reconstruction errors. These methods strongly
rely on the assumption of data alignment, and by fusing ap-
pearance and the object geometry into a unified representa-
tion, they struggle to distinguish benign texture variations
from genuine geometric anomalies.

PAD [41] first reconstructs a NeRF [27] model from
multi-view texture-rich images and renders the target pose
image for anomaly detection. Upon it, both the refer-
ence and query images are imported to a pretrained net-
work to extract texture features for similarity calculation
and anomaly detection. However, this method is still based
on texture correspondence. Beyond it, Looking 3D [4] is
introduced to solely address geometric anomalies. This set-
ting stems from the manufacturing practices that models are
often designed without textures to allow for the subsequent
application of arbitrary surface finishes. Specifically, this
method [4] introduces the BrokenChairs-180K dataset, con-
taining about 180k images with five anomaly types. For
anomaly detection between the texture-less references and
texture-rich query images, a 3D position-encoded cross-
attention network is trained on large-scale images to ensure
that embeddings from different perspective views are con-
sistent if they correspond to the same geometric position.

For the pose- and texture-agnostic anomaly detection,
current conditional anomaly detection methods still face
the following challenges: 1) Matching a query with ref-
erences in multi-view feature alignment methods like [4]
is computationally intensive. This stems primarily from
the difficulty in establishing correspondence for an absolute
position across distinct views, while enforcing embedding
consistency among them despite appearance differences; 2)
An effective strategy to circumvent the need for multi-view
feature alignment training is to directly align the pose be-
tween the query and reference. However, significant textu-

ral differences between the query and reference make such
alignment and subsequent detection difficult to achieve; 3)
Existing methods [18, 41] are typically designed for sce-
narios where training and testing data share similar object
types (e.g., the same LEGO instance). In contrast, our set-
ting involves testing on fine-grained object categories with
markedly different geometric structures. This domain shift
poses a significant generalization challenge for approaches.

To this end, we propose a render-for-detect method for
conditional anomaly detection. This task requires only
texture-less references and aims to detect geometric anoma-
lies on texture-rich queries captured at arbitrary pose. To
reduce the computational cost, we propose to simplify the
full multi-view feature consistency training [4] to single-
view similarity computation. By transitioning from using
multi-view images as references to employing 3D Gaussian
Splatting (3DGS) representation, our method realizes dif-
ferentiable query pose retrieval and reference depth render-
ing on the retrieved pose. As a result, we can directly ap-
ply the cross-modal matching between the query image and
the single rendered reference view. Notably, the proposed
pose retrieval and rendering process is highly parameter-
efficient and fully differentiable. In addition, by solving
the pose alignment, the subsequent detection network is
relieved from learning complex viewpoint variations, en-
abling training with far fewer images.

Specifically, realizing this pipeline faces two major chal-
lenges: significant textural differences and the challenge of
reconstructing texture-less objects. To address this, we treat
each Gaussian primitive as a disk floating on the surface,
enabling a direct transformation from the mesh. Upon it, a
coarse-to-fine pose retrieval strategy is proposed, where the
pose is first initialized using the chamfer distance and then
refined through differential optimization under the guidance
of a mask. The referring geometry of the depth image on
the query pose is rendered for subsequent matching and
anomaly detection. Due to the modality gap between the
depth maps and the query images, we adopt a shared fea-
ture encoding strategy between the two modalities. The de-
tection network can be pushed to learn general embeddings,
such as boundaries, to better understand images from both
modalities. An interesting observation is that our method
outperforms a uinmodal network that adopts depth genera-
tion tools [36], proving the effectiveness and generality of
the proposed cross-modal detection network.

In summary, our main contributions are as follows:
• We build a novel and efficient framework for condi-

tional anomaly detection via rendering for detection.
• We are the first to introduce the idea of converting

texture-less models into 3DGS representations with
differentiable rendering for anomaly detection, moti-
vated by the challenge of cross-model view alignment.

• We propose a coarse-to-fine pose alignment method
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with chamfer-based matching and mask-guided refine-
ment, to effectively address the challenges of pose es-
timation under texture-less conditions.

• We propose a lightweight and efficient anomaly detec-
tion network. On the BrokenChairs-180K dataset, with
only 10% of training samples, our method achieves ac-
curacy comparable to state-of-the-art methods, demon-
strating strong generalization and practical potential.

2. Related Work
2.1. Industrial Anomaly Detection
In industrial manufacturing and quality inspection, anomaly
detection aims to automatically identify and localize de-
fects under the condition of limited or even no defective
samples [2, 9, 24, 31]. Traditional unimodal anomaly de-
tection typically relies on large quantities of normal sam-
ples for training and identifies anomalies via reconstruc-
tion errors [10, 38] or feature deviations [8, 9]. However,
these methods struggle to capture complex defects such as
structural deformations or assembly inconsistencies. Re-
cent studies have explored various directions for improve-
ment, including memory-based feature contrast [30], self-
supervised reconstruction for anomaly localization [19, 38],
and synthetic anomaly generation for data enhancement [5,
17, 29]. Yet, they still suffer from heavy memory con-
sumption, excessive sensitivity to texture variations, and
limited generalization caused by unrealistic defect pat-
terns. Similarly, existing multimodal anomaly detection ap-
proaches can be broadly categorized into embedding-based
and reconstruction-based paradigms. They align informa-
tion across modalities through feature fusion and compute
anomaly scores based on feature-space distances or recon-
struction discrepancies. However, their performance de-
grades sharply when confronted with texture-sparse regions
or unknown poses. The PAD task [18, 41] first intro-
duced differentiable pose optimization to explicitly align
query images, yet it remains heavily dependent on tex-
ture cues. Looking 3D [4] further extended this idea to
texture-less scenarios, but it demands large-scale datasets
to establish view-consistent embeddings within a unified
space—resulting in prohibitive computational overhead. To
overcome these limitations, we propose a unified frame-
work that integrates 3D representations with a multimodal
detection network, effectively reducing dependency on tex-
ture information and computational burden of detection.
2.2. Pose Estimation in 3DGS
The PAD task first introduced pose estimation into the
field of anomaly detection, relying on implicit neu-
ral representations[27] and the iNeRF[37] framework to
achieve novel view pose estimation. However, NeRF re-
quires substantial computational resources and suffers from
low rendering efficiency, making training and inference im-

practical for real-time anomaly detection. With the advent
of 3DGS, which replaces implicit volume representations
with explicit learnable Gaussian primitives for efficient ren-
dering, this paradigm has inspired a series of 3DGS-based
pose-agnostic anomaly detection methods [18, 25]. While
these methods can optimize camera pose given a query im-
age, they differ fundamentally from our implementation:
they heavily rely on texture information and photomet-
ric loss, and require dense multi-view sampling. In con-
trast, our approach employs mask-guided pose optimization
and additionally overcomes the challenge of reconstructing
texture-less objects. Finally, there are 3DGS techniques
that optimize camera poses in SLAM[15, 26, 35] setting.
However, these methods are typically applied to video se-
quences, where the pose of a new frame is initialized from
the previous one. Moreover, they are not designed to handle
scenarios with significant texture variations.

3. Method
In this section, we introduce an overview of the render-for-
detect framework, as illustrated in Fig. 2. Sec. 3.1 defines
the task of conditional anomaly detection in detail. Sec. 3.2
describes 3DGS-based pose alignment and depth rendering.
Finally, in Sec. 3.3, we introduce a multi-modal detection
network built upon a shared-weight ResNet18 backbone.

3.1. Problem Definition and Overview
The definition of conditional anomaly detection follows the
setting of Looking 3D [4]. This task aims to identify and lo-
calize shape anomalies in a query image that deviate from a
reference 3D model, based on a pose-agnostic query im-
age and a texture-less reference 3D model. Specifically,
we denote q ∈ RH×W×3 as a query image captured from
an arbitrary pose, which may contain variations in texture
and material. The reference set V = {(vn, Pn)} denotes
a collection of rendered images vn and their correspond-
ing camera poses Pn, obtained from the reference (defect-
free) 3D model under hemispherical or uniformly sampled
poses. The reference model is a texture-less normal in-
stance, which is converted into a 3DGS representation using
mesh2splat[32] tool, enabling the rendering of correspond-
ing geometric views including masks and depth maps.

Unlike the reference set, the pose of the query image is
unknown and may fall outside the coverage of the refer-
ence pose set. This leads to a key issue: although about
20 reference poses are available, the query image may be
captured from arbitrary poses. Directly using all rendered
images from the 20 poses for matching would introduce
significant parallax interference and texture inconsistency
noise. Moreover, the differences in pose as well as possible
variations in texture and illumination make it challenging
to directly find a reference image that is “sufficiently sim-
ilar” to the query image within the reference set, which in
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Figure 2. Overview of Our Framework. The framework consists of four stages: (1) We first convert the texture-less 3D model into a
learnable 3DGS representation Θ using the mesh2splat tool, and render reference masks Mv from the reference pose. (2) According to the
chamfer distance between the reference mask Mv and the query mask Mq , the best-matching candidate pose is selected as the initial pose
T (0). (3) The initial pose T (0) is iteratively optimized using the L1 loss Lpose between the query mask Mq and the rendered mask Mr , to
obtain the target pose T (k). The estimated pose is then used to generate the reference depth map Ir . (4) A retrained ResNet18 network is
employed to compare the multi-scale similarities between the query and reference image, which are then fused in a bottom-up manner for
anomaly detection.

turn increases the difficulty of subsequent anomaly detec-
tion and localization. Therefore, the first step of the task
is to gain the reference image rendered from the pose most
similar to the query image in terms of shape or geometry,
enabling more accurate pose refinement and anomaly com-
parison under similar viewing conditions.

3.2. Coarse-to-Fine Pose Alignment
Traditional 3D reconstruction methods, such as NeRF[27],
model color and density in continuous space through im-
plicit volumetric rendering. Although they can achieve
high-fidelity novel view synthesis, the computational com-
plexity of volume rendering limits their real-time perfor-
mance and scalability in industrial inspection tasks. To
overcome the rendering bottleneck of NeRF, 3DGS[16] ad-
dresses this by replacing implicit density fields with a learn-
able set of 3D Gaussians:

Gi = (µi,Σi, ci, αi), (1)

where µi denotes the 3D spatial position, Σi denotes the
covariance matrix, ci denotes the color, and αi denotes the

opacity. These Gaussians are projected onto screen space
and α-blended for fast, high-quality rendering:

Cpixel =
∑
i∈N

ciα
′
i

i−1∏
j=1

(1− α′
j). (2)

Here, Cpixel is the accumulated pixel color along the ray,
and N represents the set of all Gaussians intersected by the
ray. ci is the color of the ith Gaussian. The term

∏i−1
j=1(1−

α′
j) is the accumulated transmittance along the ray.

Data Preprocess. Although 3DGS is an emerging tech-
nique for 3D scene representation and novel view synthe-
sis, reference models in industrial scenarios are typically
texture-less meshes. In regions with sparse or nearly ab-
sent textures, 3DGS produces inaccurate geometric and
surface reconstructions [33]. Specifically, this limitation
arises from insufficient color cues, which fail to effectively
guide Gaussian distributions to align with the true surface
geometry. To address this issue, we adopt mesh2splat,
which directly converts triangular meshes into 3DGS rep-
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resentations. Specifically, each triangle is projected onto
an axis-aligned plane via triplanar orthogonal projection.
The Jacobian from UV space to 3D space is used to de-
rive anisotropic Gaussian scales along the surface tangen-
tial directions, while the normal-direction scale is fixed to
a small constant to enforce a thin surface approximation.
During rasterization, Gaussian parameters are interpolated
across the triangle, effectively generating one 3D Gaussian
per fragment. Each Gaussian is defined by its position,
anisotropic scale, and orientation, enabling efficient mesh-
to-3DGS conversion without iterative optimization.

Pose Initialization. Before pose optimization, it is neces-
sary to provide an appropriate initial camera pose for the
query image. Since the reference model lacks texture, we
adopt the geometric consistency principle and measure the
set difference between the reference mask and the query
mask using the chamfer distance. Specifically, the refer-
ence mask is rendered from the 3DGS representation under
an initial pose, while the query mask is obtained through
threshold-based segmentation. The chamfer distance is de-
fined as:

Lcd(Mq,Mv) =
1

|Mq|
∑

x∈Mq

min
y∈Mv

∥x− y∥2

+
1

|Mv|
∑

y∈Mv

min
x∈Mq

∥x− y∥2,
(3)

where Mq and Mv denote the pixel coordinate sets in image
space of the query and reference masks, respectively. The
chamfer distance between two masks, Mq and Mv , is calcu-
lated by summing the average shortest distance from all pix-
els in Mq to Mv and the average from Mv to Mq . Among
all candidate poses1, the one with the smallest distance is se-
lected as the initialization, providing a stable starting point
for subsequent optimization (see Fig.3).

Mask-Guided Pose Optimization and Depth Rendering.
To address the challenge of accurate pose optimization
caused by texture-less 3DGS, we introduce a fully differen-
tiable pipeline that integrates mask-guided pose estimation
with 3DGS-based depth rendering, providing geometric ref-
erences that are optimally aligned with the pose of the query
image for subsequent anomaly detection.

To achieve precise alignment between the query image
and the reference model, we keep the camera fixed at the
initial pose, which is achieved via the prior process of pose
initialization, and then transform the reference Gaussian.
Formally, a transformation is defined as T ∈ SE(3), which
consists of a rotation R ∈ SO(3) and a translation vector
t ∈ R3. To ensure continuity and differentiability, we pa-
rameterize the transformation in the Lie algebra space using
a screw axis S = (ω,v) ∈ R6 and a rotation angle θ. Based

1We use the same 20 multi-view poses as in [4].

Figure 3. Visualization of Chamfer Distances. This illustration
shows the chamfer distances between the query mask and 20 refer-
ence masks with their corresponding reference images. The bold
numbers indicate the computed distances, and the reference pair
with the smallest distance is highlighted with a red bounding box.

on Rodrigues’ rotation formula, the rotation matrix can be
expressed as:

R = Rot(ω, θ) = I + sin θ[ω] + (1− cos θ)[ω]2, (4)

where [ω] denotes the skew-symmetric matrix of ω. Fur-
thermore, the full transformation T can be parametrized:

T =

[
Rot(ω, θ) t

0 1

]
, (5)

where,

t = F (θ)v = (Iθ+(1−cos θ)[ω]+(θ−sin θ)[ω]2)v. (6)

This Lie algebra-based parameterization can be directly
applied to 3D Gaussians, enabling precise alignment be-
tween the query image and the reference 3D model.

Unlike SplatPose[18], which leverages photometric con-
sistency loss between the rendered image and the query im-
age during pose estimation, our method employs a binarized
object mask as the optimization guidance signal. This de-
sign provides a more robust geometric constraint, especially
under varying textures and lighting conditions. Specifically,
we apply the transformation T to the reference Gaussian
model and render a predicted mask Mr. The pose opti-
mization objective is defined by minimizing the L1 distance
between the rendered mask Mr and the query image mask
Mq:

Lpose = ||Mr −Mq||1. (7)

This mask-based loss focuses purely on geometric align-
ment, enabling the optimization to be invariant to appear-
ance differences such as texture or illumination. The ref-
erence mask is rendered from the transformed 3DGS using
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Figure 4. Overview of the Proposed Multi-Modal Pyramid De-
tection Network (MMPDN). The reference and query images
are encoded by a shared ResNet18 backbone. Multi-scale cosine
similarity maps are upsampled and fused by the FPN module for
anomaly classification and localization.

Eq.2. Therefore, the loss allows gradients to flow from the
opacity values in Eq.1 to the Jacobian matrix, and subse-
quently back-propagate to the transformation parameters T .
After the pose optimization converges, we obtain the opti-
mal alignment between the reference model and the query
image in 3D space.

Leveraging the differentiable rendering property of
3DGS, we then render the corresponding depth map from
this optimized pose:

Dpixel =
∑
i∈N

diα
′
i

i−1∏
j=1

(1− α′
j). (8)

Eq. (8) is derived from the principle of volumetric render-
ing, where the final depth value is computed by accumu-
lating the weighted contributions of all visible 3D Gaus-
sians along each camera ray. Specifically, di denotes the
z-coordinate of the center of the ith Gaussian on the current
pixel ray in the camera coordinate system. In this manner,
the model maintains differentiability while achieving hier-
archical depth fusion, resulting in a continuous and physi-
cally consistent depth map.

As a result, our method introduces a mask-guided pose
optimization strategy, effectively mitigating optimization
noise caused by photometric inconsistencies. Combined
with the proposed mesh2splat conversion module, this de-
sign forms a closed-loop system that enables stable and
accurate geometric alignment in texture-less, illumination-
varying, and pose-unknown industrial scenarios.

3.3. Multi-Modal Pyramid Detection Network
Although the depth maps rendered by 3DGS can effec-
tively provide geometric references, establishing a reliable
correspondence across different modalities remains a key
challenge in anomaly detection. We propose a geometry-
aware multi-scale similarity fusion network (see Fig.4) that

Figure 5. Visualization of Multi-Scale Feature Maps. In this
figure, we show the strong boundary extraction capability of our
retrained ResNet18.

learns structural consistency between the query image and
the rendered depth within a shared feature space, enabling
the identification of fine-grained geometric anomalies and
structural deviations. This module not only achieves ro-
bust anomaly detection but also significantly improves clas-
sification accuracy. Conventional detection methods typi-
cally rely on single-scale features or pixel-wise error met-
rics, making them highly sensitive to geometric perturba-
tions and false anomalies caused by illumination or tex-
ture variations. In contrast, our approach reformulates the
detection task as cross-modal geometric consistency learn-
ing: within a shared feature space, cosine similarity is cal-
culated to measure the structural consistency between the
reference depth rendering and the query image, thereby
capturing geometric anomalies while suppressing the influ-
ence of texture. Furthermore, to address anomaly patterns
at different spatial scales, we incorporate a Feature Pyra-
mid Network[23] (FPN) to aggregate multi-level similar-
ity maps, enabling the model to maintain robustness across
both local anomalies (e.g., missing parts) and global devia-
tions (e.g., structural misalignment).

Feature Extraction. We propose a geometry-aware
multi-scale similarity fusion network, which takes as input
the query image Iq and the rendered reference depth map Ir,
where the depth of each pixel is achieved by Eq.8. This net-
work outputs an image-level anomaly score y and bounding
boxes for candidate abnormal regions. We adopt a retrained
ResNet18 [13] as the feature encoder, which produces four
hierarchical feature maps, {F 1, F 2, F 3, F 4} from Φ(I),
where Φ denotes the encoder and F i ∈ RCi×Hi×Wi rep-
resents the feature map at the i-th block. Like a siamese
network [6], our encoder shares weights between the query
and reference branches to ensure geometric consistency in
the learned feature space. This allows the cosine similarity
to directly reflect structural discrepancies. Accordingly, the
feature maps of the reference image and query image, i.e.,
F i
r and F i

q , are obtained by Φ(Ir) and Φ(Iq), respectively.

Multi-Scale Similarity Map Fusion. At each feature
level in Fig.5, we compute the normalized cosine distance
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between the query and reference features:

Di = 1−
F i
q · F i

r

||F i
q ||2||F i

r ||2
, (9)

which measures the geometric and semantic consistency be-
tween the two images. When the corresponding regions
share similar shapes or boundary structures, Di approaches
zero; in contrast, geometric anomalies such as missing
parts, rotations, or misalignments lead to a significant in-
crease in Di. Single-layer features are insufficient to rep-
resent anomalies across different spatial scales. Therefore,
we adopt FPN to progressively integrate low-level local de-
tails with high-level structural semantics. This hierarchical
fusion enables full-scale perception from geometry to se-
mantics, allowing the model to maintain stable responses
even under complex shape variations. Upon it, we design
a classification head, implemented as a two-layer MLP, to
perform anomaly discrimination by aggregating global fea-
tures to predict the final image-level anomaly score.

4. Experiments

This section details the experimental setup and implemen-
tation, followed by ablation studies on the key components
of the proposed render-for-detect framework, and concludes
with a comparison against state-of-the-art anomaly detec-
tion methods to validate the effectiveness of our approach.

4.1. Experimental Setup
Dataset. We use the BrokenChairs-180K dataset [4],
which is constructed from the chair category of PartNet[28].
It contains 8,143 3D chair models, each rendered into sev-
eral pose-agnostic query images, totaling approximately
180K images. In addition, each 3D model is rendered
from 20 multi-view reference images with associated cam-
era parameters to support geometric alignment learning.
The dataset defines five types of structural anomalies: Posi-
tional, Rotational, Broken, Swapped, and Missing.

Implementation Details. For each chair instance, we pre-
set N = 20 candidate poses and resize input images to
256 × 256. Reference models are converted from mesh to
3DGS using mesh2splat with a Gaussian scale of 0.65 and
sampling density of 0.5. Pose estimation applies k = 150 it-
erations of differentiable optimization to obtain the optimal
pose. The optimized 3DGS is rendered into depth maps
as geometric priors for the detection module. The detec-
tion network is based on ResNet18, extracting multi-layer
features and computing cross-layer cosine similarity, which
are fused into an anomaly map. During training, the model
is trained for 20 epochs on single NVIDIA RTX 5880 Ada
Generation with a batch size of 16, using the Adam opti-
mizer with a learning rate of 2× 10−5.

Table 1. Quantitative comparison of the proposed framework on
anomaly classification with baselines in terms of area under the
ROC curve (AUC) and accuracy score. For both metrics, higher
values indicate better performance. The results highlighted in bold
represent the best performance.

Methods AUC (%) (↑) Accuracy (%) (↑)
ResNet18-FPN [23] 74.6 64.7
ResNet18-FPN w/ SA blocks 75.2 65.1
Vision Transformer (ViT) [11] 75.4 65.2
LFD [12] - 64.9
Lim et al. [22] - 67.8
Looking 3D [4] 84.7 75.4
SplatPose [18] 86.7 79.4
Ours 91.0 83.0

Table 2. Ablation study of the CFPA and MMPDN Modules. Re-
sults are reported in AUC and Accuracy.

CFPA MMPDN AUC (%) (↑) Accuracy (%) (↑)
A × × 76.3 67.1
B × ✓ 75.5 66.6
C ✓ × 79.1 71.0
D ✓ ✓ 91.0 83.0

4.2. Experimental Results
We report the quantitative results using two evaluation met-
rics: the area under the ROC curve (AUC) and accuracy
score in Tab. 1, and provide qualitative results in Fig. 6.

Comparison with Related Work. As shown in Tab.1,
our method achieves the best overall performance among
all baselines. Traditional 2D-based networks (ResNet18-
FPN [23], ViT [11]) rely solely on the query image for
anomaly detection and perform poorly due to the lack of
explicit 3D model references. In contrast, our render-
for-detect framework improves the baseline by more than
16%. Existing methods [12, 22] retrieve the best-matching
3D model based on feature-distance matching, while we
perform anomaly classification by computing the distance
on shape embeddings. As shown in Tab.1, These meth-
ods struggle to detect subtle geometric anomalies, mainly
because fine-grained local alignment is difficult to estab-
lish. Looking 3D [4] leverages unsupervised cross-view
feature alignment, but its global contrastive objectives limit
its ability to detect fine-grained geometric changes, result-
ing in lower accuracy. We adapt SplatPose [18] to this
task to achieve accurate pose alignment. However, when
texture is absent, the method produces large feature dis-
crepancies, which introduce unnecessary noise and inter-
ference. In contrast, our pose alignment and differentiable
depth rendering provide precise geometric references, while
the lightweight cross-modal network learns general embed-
dings that bridge the modality gap.
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Figure 6. Qualitative Visualization. Here we show the anomaly detection results on the test set achieved by our framework. From top to
bottom is the reference depth map and the query image, respectively. Red indicates misclassified predictions.

Table 3. Ablation study on pose alignment.

Pose Initialization Pose Optimization AUC (%) (↑) Accuracy (%) (↑)
✓ × 87.0 78.4
✓ ✓ 91.0 83.0

Ablation Studies. We conduct ablation studies to eval-
uate the contribution of each component: Coarse-to-Fine
Pose Alignment (CFPA) and Multi-Modal Pyramid Detec-
tion Network (MMPDN). Our first baseline A includes none
of our two components but the Correspondence-Guided At-
tention (CGA) component with cross-attention from Look-
ing 3D, which matches references and the query based on
all local features. That is also a baseline provided by [4].
Baseline B replaces the transformer-based detection net-
work in Baseline A with our proposed MMPDN. However,
replacing the transformer with MMPDN alone does not im-
prove performance, as the multi-view similarity maps intro-
duce noise that weakens anomaly discrimination. Baseline
C builds upon A by integrating CFPA, which significantly
improves accuracy by reducing redundant reference views
and enforcing pose-consistent feature alignment. Baseline
D combines CFPA with MMPDN, yielding the largest per-
formance gain. This confirms the strong complementar-
ity between CFPA and MMPDN, that CFPA ensures pose-
consistent geometric correspondence, while MMPDN per-
forms multi-scale anomaly discrimination. When removing
the pose optimization from the Baseline D, the performance
severely degrades. This underscores the necessity of accu-
rate pose calibration for reliable reference–query matching.

Anomaly Localization. Building on the anomaly de-
tection network, we introduce a bounding-box regression
branch for anomaly localization. This branch adopts a 4-
layer MLP regression head and is jointly optimized with
the rest of the network using L1 loss and generalized IoU
loss. The method achieves a mean IoU of 47.8%, indicating
that the detection module beyond global anomaly discrimi-

Table 4. Ablation study on the effect of training sampling ratio.

Sampling Ratio AUC (%) Accuracy (%)

5% 82.1 73.9
10% 83.9 75.6
20% 84.9 76.5
50% 88.8 80.2
80% 90.2 81.9

100% 91.0 83.0

nation, can effectively capture spatial anomaly patterns.

Sensitivity to Training Sampling Ratio. To evaluate the
sensitivity of our model to the scale of training data, we con-
ducted experiments under different sampling ratios, and the
results are presented in Tab.4. When using smaller training
data, model performance exhibits a gradual and stable de-
cline. When trained with only 50% of the training samples,
the accuracy decreases by merely 2.8%, demonstrating that
the proposed method maintains robust generalization under
limited data conditions. At a 20% ratio, the degradation
becomes more noticeable, yet the accuracy remains compa-
rable to Looking 3D. When the sampling ratio drops below
10%, the model performance shows a notable decline com-
pared with the full-data setting, indicating that its discrimi-
native capability is somewhat affected under extremely lim-
ited training samples. Overall, these results demonstrate
that our method maintains strong robustness and stability
even in low-data regimes.

5. Conclusion
In this paper, we have introduced a novel render-for-detect
framework for conditional anomaly detection. Despite
these advantages, our method has several limitations. In
rare cases where the missing regions are excessively large,
the pose optimization becomes difficult to converge, result-
ing in inaccurate anomaly localization.
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