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Abstract

Visual anomaly detection is vital for quality control ap-
plications by identifying deviations from normal patterns.
Previous structural or logical anomaly detection methods
mainly focus on pixel-level deviations like texture defects
and reconstruction errors, ignoring the object-level struc-
tural and contextual inconsistencies. These overlooked lay-
out anomalies remain critical yet underexplored, e.g., fac-
tually defective hallucinations appeared in generative text-
to-image models. Based on the above observation, in this
paper, we introduce scene layout anomaly detection, a new
task that predicts an object-level anomaly map from the in-
put image to reveal the semantic plausibility and geometric
consistency of each object in the scene. Specifically, we pro-
pose LayoutAD, an unsupervised learning framework that
constructs semantic and geometric graphs to jointly reason
over semantic-geometric misalignment among objects. Un-
der this formulation, we are able to detect diverse layout
deviations, including object attribute implausibilities and
relationship mismatches. Extensive experiments show that
LayoutAD outperforms baselines qualitatively and quanti-
tatively across various scenarios, benefiting scene under-
standing and generation applications like video anomaly
detection and self-corrected image generation.

1. Introduction
Anomaly detection, which aims to identify unexpected
pattern deviations from normal data, is of great impor-
tance in many applications ranging from industrial inspec-
tion [2, 33, 53] to autonomous navigation [43]. While recent
years have witnessed an emergent interest and great success
in this field, visual anomaly detection is still non-trivial, due
to diverse data modalities and complex anomaly types.

Towards this objective, structural [29, 41, 52] or logi-
cal anomaly detection [1, 3] have been proposed, focusing
on pixel-level deviations with a simple background under
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Figure 1. Scene layout anomaly detection. Given an input image
(e.g., generated by Stable Diffusion 3 [12]), LayoutAD can accu-
rately detect diverse layout anomalies to reveal implausible object
attributes (a) or relation inconsistencies (b) in the scene.

industrial or medical settings. For object-level deviations
in natural scenes, while there has been a line of research
on anomaly segmentation [24, 26], only the basic object-
background anomalous relationship has been studied yet.
Note that existing anomaly detection methods largely ig-
nore diverse implausible object placements or relational in-
consistencies. These overlooked layout anomalies are in-
visible to pixel-level detectors but critical for downstream
applications like text-to-image generation. Take Figure 1
as an example. Vanilla models remain vulnerable to these
layout anomalies, failing to correct object attribute (e.g., a
dog with 5 legs) or spatial relation (e.g., a car on the lake)
hallucinations. The above issues motivate us to raise a fun-
damental question: Can machines detect high-level scene
anomalies, i.e., what objects should exist, where they be-
long, and how they interact?

In this paper, we take a step towards the above ques-
tion and introduce the new task of scene layout anomaly
detection. As shown in Figure 1, given an input image, our
goal is to predict an anomaly map that indicates semantic
or geometric deviations among objects in the layout space.
Note that this new problem is fundamentally different from
either visual anomaly detection or hallucination detection.



On one hand, visual anomaly detection focuses primarily on
low-level, pixel-wise deviations, while largely overlooking
object-level structural and contextual inconsistencies. On
the other hand, existing hallucination detection methods are
inherently prompt-conditioned by measuring misalignment
between the generated image and the text prompt. Such
a conditional input may be unavailable or irrelevant in real
photographs or surveillance scenarios. However, such a task
is challenging as it involves intricate reasoning about both
the semantic and geometric relationships among objects.

Our key insight is that humans perceive scene anomalies
by concurrently reasoning over semantic context (i.e., what
the objects are and how they interact) and geometric struc-
ture (i.e., where and how they are spatially arranged) [11].
Inspired by this observation, we propose LayoutAD, an un-
supervised learning framework for detecting scene layout
anomalies via semantic-geometric misalignment reasoning.
In particular, given an input image, we first construct se-
mantic and geometric graphs to represent the scene layout.
We then perform message passing to jointly reason over
semantic-geometric misalignment among objects. Finally,
object attribute and relationship scores are fused to yield an
anomaly score for each object in the scene.

To evaluate the effectiveness of our model, we construct
COCOAD, a new benchmark with 1033 samples, and con-
duct extensive experiments across scenarios. In particu-
lar, we extend the COCO dataset [25] with various lay-
out anomaly patterns (e.g., unexpected distributions of ob-
ject categories, shapes, sizes, positions, and relationships
with other objects or background). Experimental results
demonstrate that LayoutAD can detect a variety of scene
anomaly types, outperforming several strong baselines both
qualitatively and quantitatively. We further show down-
stream scene understanding and generation applications en-
abled by our model, including image anomaly segmenta-
tion, video anomaly detection and self-corrected image gen-
eration. Our main contributions are summarized as follows:
• We make the first attempt to tackle the problem of scene

layout anomaly detection, aiming to identify diverse im-
plausible object attributes or relation inconsistencies.

• We propose LayoutAD, an unsupervised learning frame-
work that jointly reasons over semantic and geometric
misalignment to estimate the anomaly degree of each ob-
ject in the scene.

• The extensive experiments show that our method outper-
forms baselines qualitatively and quantitatively, enabling
both scene understanding and generation applications.

2. Related Work
Structural Anomaly Detection. Structural anomaly de-
tection traditionally focuses on identifying visual defects
in industrial or medical scenarios, where anomalies man-
ifest as texture inconsistencies or structural degradations.

Early works, such as RIAD [47], f-AnoGAN [34], and
MemAE [15], rely on reconstruction-based paradigms that
reconstruct normal patterns and detect deviations via resid-
ual maps. DRAEM [46] further combines anomaly-free re-
construction with discriminative anomaly embedding, im-
proving anomaly localization beyond purely reconstruc-
tive schemes. However, these methods often reconstruct
anomalous content as normal, especially in cluttered or
texture-rich conditions. Feature-based approaches, such as
PaDiM [8], PatchCore [33], Reverse Distillation [9], and
SimpleNet [28], leverage pretrained backbones and detect
defects via embedding-space deviations. Recent diffusion-
based models [13, 17, 49] have been introduced to improve
anomaly localization and normal-pattern restoration. For
instance, TransFusion [13] introduces transparency-aware
reconstruction, while DiffusionAD [49] leverages norm-
guided one-step denoising diffusion to reconstruct normal
patterns and enhance anomaly localization.

However, most of these methods are primarily con-
strained to localizing appearance-based defects of individ-
ual objects via pixel-wise prediction. In contrast, our ap-
proach focuses on identifying layout anomalies in natural
complex scenarios via object-wise prediction.

Logical Anomaly Detection. Logical anomaly detec-
tion [19, 50] aims to identify violations of predefined logi-
cal constraints like object arrangement. SINBAD [7] iden-
tifies fine-grained outliers in structured scenes by mod-
eling object-set-level regularities and detecting deviations
from them. WinCLIP [18] adapts vision-language models
for zero- and few-shot semantic anomaly classification and
segmentation by aligning image regions with textual con-
cepts. SALAD [14] introduces a semantics-aware logical
anomaly detection framework that explicitly models com-
position map distributions to capture spatial and seman-
tic relationships between object components. Other works,
such as LogicQA [22], leverage pretrained vision-language
models to detect mismatches between images and prompts,
using external knowledge to guide semantic reasoning.

The above works mainly consider logical anomaly de-
tection with a simple background under industrial or medi-
cal settings, ignoring the underlying complex contextual re-
lationships among objects and background. Unlike these
works, our goal is to predict an anomaly map indicating the
anomaly degree of each object in natural scenarios.

Scene Anomaly Segmentation. A variety of scene
anomaly segmentation methods have been proposed,
primarily categorized into uncertainty estimation [21],
reconstruction-based detection [39], and outlier exposure
strategies [16, 48]. SynBoost [10] combines semantic
segmentation with generative reconstruction, computing a
dissimilarity map between input and synthesized images
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Figure 2. The overall pipeline of LayoutAD for scene layout anomaly detection. Given an input image, we first construct semantic and ge-
ometric graphs by the Graph Construction Module (GCM), representing the holistic scene layout structures. The Misalignment Reasoning
Module (MRM) then performs intra-graph message passing and cross-graph attention to reason over semantic–geometric misalignment
among objects. Finally, the Anomaly Ranking Module (ARM) estimates attribute and relation anomaly likelihoods and aggregates them
into a unified anomaly score for each object to output the layout anomaly map.

to highlight potential anomalies. PEBAL [37] enhances
robustness by introducing an energy-based abstention
mechanism to selectively abstain from uncertain regions.
SML [21] refines softmax-based scores to suppress noisy
responses along object boundaries. More recent advances
explore transformer-based and zero-shot architectures for
open-set anomaly segmentation. Mask2Anomaly [31] in-
troduces a mask-transformer framework that unifies seman-
tic segmentation and anomaly localization.

While a variety of anomaly types may exist in a scene,
only object-background anomalous relationships have been
considered, leaving other scene anomaly types unexplored.
Moreover, all these works adopt pixel-wise anomaly scor-
ing followed by a thresholding strategy, often resulting
in fragmented detection results and severe artifacts. In
contrast, we introduce the new problem of scene layout
anomaly detection to identify diverse layout anomalies via
object-wise semantic-geometric misalignment reasoning.

3. Method
3.1. Overview
The goal of scene layout anomaly detection is to develop a
model D that identifies object-level irregularities based on
both semantic and geometric context within a scene. Given
an input image, we first extract object instances using a pre-
trained segmentation model [6], yielding an object set O to
represent the scene layout. Based on O, the output scene
layout anomaly map M̂ is obtained as follows:

M̂ = D(O). (1)

As shown in Figure 2, our framework comprises three
main components: a graph construction module (GCM), a
misalignment reasoning module (MRM), and an anomaly
ranking module (ARM). In particular, GCM builds two
complementary graphs from the object set, i.e., a seman-
tic graph Gsem = (Vsem, Esem), and a geometric graph

Ggeo = (Vgeo, Egeo). These graphs serve as the structured
representation of object appearance and spatial configura-
tion. The constructed graphs are then fed into MRM, which
jointly models semantic and geometric relationships among
objects and identifies potential misalignment between these
two modalities. Finally, ARM systematically evaluates both
object attribute and relation anomaly scores and fuses them
to obtain the anomaly degree of each object, which is then
visualized as the output anomaly map.

3.2. Graph Construction Module
Given the object set O extracted from the input image,
GCM transforms the scene into two complementary graphs
that describe its semantic context and geometric structure.
For each object oi ∈ O, we compute a semantic feature
si ∈ Rds , where ds denotes the dimension based on the
concatenation of the CLIP-based [30] appearance embed-
ding and the category-level text representation. In parallel,
we derive a geometric feature gi ∈ Rdg , where dg corre-
sponds to normalized spatial descriptors such as centroid
position, shape, size, and aspect ratio derived from the ob-
ject mask. These features are utilized to construct the node
representations of the semantic graph Gsem and the geo-
metric graph Ggeo, respectively.

To model object relationships in the scene, we adopt a
hybrid k-nearest-neighbor and distance-threshold strategy,
ensuring both local context and long-range interactions can
be preserved. In particular, semantic edge features are ob-
tained by measuring appearance and category-embedding
similarity between objects, while geometric edge features
are derived from relative spatial cues such as displacement,
distance, size ratio, and overlap.

3.3. Misalignment Reasoning Module
MRM aims to capture both intra-graph structure and cross-
graph semantic-geometric alignment, enabling the model



to identify layout inconsistencies. Given the semantic
and geometric graphs constructed by GCM, we begin with
modality-specific message passing. Each graph is pro-
cessed with GATv2 [5] layers, which iteratively update
node and edge features by attending to their neighbors, re-
spectively. This yields semantic and geometric represen-
tations Zsem and Zgeo that capture the initial scene con-
text. To thoroughly learn the semantic and geometric scene
context, these embeddings are processed by a cross-graph
transformer [38], which consists of self-attention and cross-
attention layers. The semantic representation Ẑsem is up-
dated by a set of queries (Qsem), keys (Ksem), and values
(Vsem) in each layer:

Ẑsem = Attn(Qsem,Ksem, Vsem). (2)

The geometric representation Ẑgeo is updated similarly.
These layers aggregate long-range dependencies within
each modality.

To further consider semantic-to-geometric alignment,
the semantic tokens or geometric tokens act as queries,
while geometric tokens or semantic tokens provide keys and
values in a bidirectional way as follows:

Ẑsem = Attn(Qsem,Kgeo, Vgeo),

Ẑgeo = Attn(Qgeo,Ksem, Vsem).
(3)

These bidirectional interactions allow the model to detect
semantic–geometric inconsistencies, such as objects whose
appearance contradicts their spatial placement, or objects
that are placed plausibly but mismatch the semantic context.

In addition, we introduce an edge-aware relational bias
into the attention logits. For any pair of tokens i and j, the
attention score ℓij is:

ℓij =
QiK

⊤
j√
d

+ bij , (4)

where bij encodes the semantic or geometric relation be-
tween the corresponding objects, ensuring that attention re-
spects the layout structure captured in the graphs.

Finally, the aligned semantic and geometric representa-
tions Ẑsem and Ẑgeo are obtained after several layers of
intra- and inter-graph reasoning. We further derive a scene-
level global feature by applying a global aggregation oper-
ator to the semantic and geometric representations:

zglobal = G(Ẑsem, Ẑgeo), (5)

where G(·) denotes a learnable aggregation and integra-
tion function that summarizes multi-object semantic and
geometric cues into a holistic scene representation. The
refined semantic and geometric graph representations, to-
gether with the global feature, are passed to the anomaly
ranking module for scene layout anomaly detection.

3.4. Anomaly Ranking Module
ARM aims to evaluate how well each object and each
pairwise relation conforms to the distribution of normal
scene layouts. Given the refined semantic and geomet-
ric graph representations together with the global feature,
ARM performs probability modeling, allowing object-level
and relation-level plausibility to be assessed under the holis-
tic scene context.

To measure semantic–geometric consistency in the
scene, ARM models the likelihood of one modality con-
ditioned on the other under the global scene context. De-
noting ẑsemi and ẑgeoi as the updated semantic and geomet-
ric node embeddings of object i in the scene, the object
attribute anomaly score sattri is computed with a mixture-
density–based [4] normality estimator as follows:

sattri = −λ1 log p(ẑ
sem
i | ẑgeoi , zglobal)

− λ2 log p(ẑ
geo
i | ẑsemi , zglobal) ,

(6)

where λ1 and λ2 are learnable weights.
In addition to object attribute anomalies, we also con-

sider relational inconsistencies in the scene. Let r̂ij denote
the updated geometric relation feature between objects i and
j. We evaluate the plausibility of each pairwise relation as
follows:

srelij = − log p
(
r̂ij | ẑsemi , ẑsemj , zglobal

)
. (7)

To obtain the object-wise relational anomaly score, the
relation likelihoods around each object are aggregated:

sreli = log
∑

j:(i,j)∈E

exp(srelij ). (8)

Finally, the overall anomaly score si for each object
combines both the attribute anomaly score sattri and the re-
lation anomaly score sreli :

si = (1− α)sattri + αsreli , (9)

where α balances object-centric and relation-centric cues.

3.5. Training
Our model is trained using two complementary likelihood-
based objectives, including an attribute-level loss that mod-
els semantic–geometric consistency, and a relation-level
loss that models spatial plausibility between objects.

For each object i, ARM predicts the conditional density
of one modality given the other, both under the global scene
context. The training objective is:

Lattr
i = −λ1 log p(ẑ

sem
i | ẑgeoi , zglobal)

− λ2 log p(ẑ
geo
i | ẑsemi , zglobal) ,

(10)



where λ1 and λ2 are learnable weights. p(x|h) is modeled
as a K-component Gaussian mixture:

p(x|h) =
K∑

k=1

πk(h)N
(
x | µk(h),diag(σ

2
k(h))

)
(11)

where the parameters are predicted from the conditional in-
put h. The negative log-likelihood encourages the model to
assign higher probability to semantically coherent and geo-
metrically plausible object attributes.

In addition to object attribute anomalies, layout plausi-
bility also hinges on object relation anomalies. For each
connected pair (i, j), ARM models the density of their geo-
metric relation feature r̂ij conditioned on the semantic con-
text of both objects and the global feature:

Lrel
ij = − log p(r̂ij |ẑsemi , ẑsemj , zglobal). (12)

In the end, the training loss is a weighted sum of the
object-level and relation-level likelihoods:

Ltotal = βattr

∑
i

Lattr
i + βrel

∑
(i,j)∈E

Lrel
ij , (13)

where βattr and βrel are controllable weights.

4. Experiment
4.1. Experiment Setup
Implementation Details. Our model is trained with a sin-
gle NVIDIA RTX 4090 GPU. The input images are resized
to 640 × 640. Training is conducted for 30 epochs using
the AdamW optimizer with a learning rate of 1e − 4, and
weight decay of 1e − 4. We adopt learning rate scheduling
with a 5-epoch warm-up. βattr is 3.0, and βrel is 1.0.
Dataset. To evaluate our approach, we construct
COCOAD, a benchmark derived from the COCO2017
dataset [25]. We select images that contain multiple objects
with clear spatial arrangements, and use them to generate
diverse scene layout anomalies. We then employ the Qwen-
Image model [42] in text-guided mode to insert one or more
anomalous objects, while preserving the global scene com-
position, including the camera viewpoint, background, and
the original object layout.

We consider anomalies in COCOAD from two aspects.
First, the object attribute anomaly indicates inconsisten-
cies of visual or geometric properties within an object.
Second, the object relation anomaly indicates violations
of inter-object relationships, including physically impossi-
ble spatial configurations or semantically incompatible co-
occurrences. In the end, the COCOAD benchmark contains
1033 anomaly images, serving as a unified benchmark for
assessing intra- and inter-object inconsistency.
Compared Methods. To comprehensively evaluate the
effectiveness of our proposed LayoutAD, we compare it

with representative anomaly detection approaches across
three mainstream paradigms, i.e., structural anomaly de-
tection, logical anomaly detection, and anomaly segmen-
tation. Note that these baselines are primarily designed for
pixel-level anomaly localization, while LayoutAD performs
object-centric reasoning in the layout space. For a fair and
consistent comparison, we project the object-level anomaly
scores predicted by LayoutAD onto the pixel space using
the corresponding segmentation masks, ensuring all meth-
ods are evaluated in the pixel space.

For structural anomaly detection, we evaluate Patch-
Core [33], SimpleNet [28], UCAD [27], GeneralAD[36],
UniAD [45], and DualAnoDiff [20]. These approaches
model normal appearance or texture statistics through fea-
ture reconstruction or distance modeling, effectively cap-
turing low-level structural deviations. For logical anomaly
detection, we include SINBAD [7], and WinCLIP[18],
which detect high-level semantic or contextual anoma-
lies using set-based reasoning or foundation-model em-
beddings. For anomaly segmentation, we choose Syn-
Boost [10] and PixOOD [40], which aim to segment anoma-
lous regions by combining pixel-level reconstruction and
out-of-distribution detection. While effective in identifying
unseen or foreign objects, these methods primarily focus on
OOD anomaly localization rather than relational or layout-
level inconsistencies between objects. All methods are re-
trained on the same subset of COCO and evaluated on the
COCOAD benchmark.
Evaluation Metrics. Image-level anomaly detection is
evaluated using the Area Under the Receiver Operating
Characteristic Curve (AUROC) computed from the final
anomaly score of each image. For anomaly localization, the
prediction result is assessed using pixel-wise AUROC (P-
AUROC) and anomaly-pixel AUROC (A-P-AUROC). Fol-
lowing prior work [33], we report the mean AUROC on
COCOAD. For fair comparison across methods, the object-
level anomaly scores produced by LayoutAD are projected
onto the pixel space and lightly smoothed to obtain stable
localization maps.

4.2. Results

Qualitative Evaluation. Figure 3 provides qualitative
comparisons between our approach and representative base-
lines from structural, logical, and segmentation-based
anomaly detection paradigms. Structural-anomaly detec-
tors like UniAD [45] primarily respond to local feature or
texture deviations, resulting in scattered activations that fail
to reflect the actual relational inconsistencies in the scene.
Logical anomaly methods like WinCLIP [18] rely heav-
ily on global semantic priors and tend to highlight broad
contextual regions, often missing fine-grained mismatches.
Segmentation-oriented approaches, such as PixOOD [40]
and SynBoost [10], emphasize visually salient regions but
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Figure 3. Qualitative comparison between the baselines and our
model. Given an input image (1st row), we show the anomaly
detection results from different baselines (2nd to 5th rows) and
our model (6th row).

frequently misinterpret normal areas as anomalous, reflect-
ing their limited ability to reason over holistic scene con-
text. In contrast, our LayoutAD precisely localizes both
object attribute anomalies and object relation anomalies
by explicitly reasoning over semantic–geometric alignment.
Take the second column in Figure 3 as an example. Lay-
outAD distinctly activates on the horse region and sup-
presses background responses, correctly identifying the im-
plausible object–context relation. Similarly, in the third col-
umn case, LayoutAD accurately highlights the inconsistent
spatial configuration between the boat and the surrounding
snow terrain, while baseline methods respond diffusely to
unrelated areas. These results demonstrate that our model
is able to generate semantically interpretable and spatially
compact anomaly maps, effectively detecting layout incon-
sistencies in the scene.

Quantitative Evaluation. As shown in Table 1, Lay-
outAD consistently delivers the best overall performance
across all three metrics, underscoring the effectiveness
of explicit semantic–geometric reasoning for scene layout
anomaly detection. Structural anomaly detection methods,
such as PatchCore [33], SimpleNet [28], UCAD [27], Gen-
eralAD [36] and UniAD [45], rely primarily on appearance-
or feature-level deviations, making them insufficiently sen-

Method I-AUROC ↑ P-AUROC ↑ A-P-AUROC ↑
PatchCore [33] 0.539 0.571 0.565
SimpleNet [28] 0.551 0.571 0.515

UCAD [27] 0.547 0.678 0.682
UniAD [45] 0.479 0.575 0.508

DualAnoDiff [20] 0.573 0.572 –
GeneralAD [36] 0.543 0.565 0.314

SynBoost [10] 0.542 0.773 0.777
PixOOD [40] 0.538 0.720 0.722

SINBAD [7] 0.449 – –
WinCLIP [18] 0.455 0.54 –

Ours 0.586 0.871 0.883

Table 1. Quantitative comparison of the proposed method with the
baselines on COCOAD. The best results are highlighted in bold.

sitive to layout-level irregularities arising from implausible
object attributes or spatial relations. Logical anomaly detec-
tion approaches, including SINBAD [7] and WinCLIP [18],
emphasize semantic consistency but do not explicitly model
fine-grained geometric relations, limiting their ability to
capture subtle relational inconsistencies. Segmentation-
based methods, such as SynBoost [10] and PixOOD [40],
perform competitively at the pixel level. However, their per-
formance largely stems from detecting visually unfamiliar
regions rather than assessing inter-object plausibility.

In contrast, LayoutAD explicitly models object-level se-
mantics, geometry, and their interactions, making it pos-
sible to detect a broad range of anomalies that are over-
looked by existing methods. The performance improvement
demonstrates the benefit of jointly reasoning about object
attributes and spatial relationships within complex scenes.

4.3. Ablation Study
To understand how each design choice contributes to scene
layout anomaly detection, we conduct ablation studies of
network components and training objectives by considering
the following variants:
• G+G & S+S: We restrict both graph branches to use only

geometric (G+G) or only semantic (S+S) features to eval-
uate the necessity of semantic and geometric interactions.

• w/o GNN: We remove the iterative message passing to
evaluate the effect of localized structural dependencies.

• w/o Transformer: We remove the cross-graph Trans-
former to evaluate the semantic–geometric alignment.

• w/o Global: we remove the global conditional modeling
to evaluate global scene context.

• w/o Attribute / Relation Loss: We train the model without
the object-level or relation-level likelihood terms.
Table 2 shows the results of the ablation studies. With-

out utilizing both geometric and semantic cues, the per-
formance drops significantly. This indicates that cross-
modal information is complementary and essential for cap-



Method I-AUROC ↑ P-AUROC ↑ A-P-AUROC ↑
G+G 0.473 0.765 0.772
S+S 0.535 0.842 0.843
w/o GNN 0.546 0.848 0.852
w/o Transformer 0.509 0.794 0.815
w/o Global 0.522 0.837 0.848
w/o Attribute Loss 0.527 0.857 0.864
w/o Relation Loss 0.530 0.851 0.866

Ours (full) 0.586 0.871 0.883

Table 2. Results of the ablation study. The best results are high-
lighted in bold.

turing context-incompatible anomalies. If the cross-graph
Transformer is removed, the performance becomes worse,
implying that semantic-geometric alignment is crucial to
identifying implausible configurations. Without the GNN
or global aggregation, the model struggles to encode fine-
grained structural dependencies and resolve ambiguities via
holistic context. In addition, with the help of attribute and
relation-level losses, our model learns to accurately rank
both attribute-centric and relational anomalies, achieving
the highest performance.

5. Applications

5.1. Image Anomaly Segmentation
Image anomaly segmentation aims to identify and local-
ize out-of-distribution regions or unexpected obstacles that
deviate from the normal distribution. While existing ap-
proaches [10, 40] are effective in detecting pixel-level un-
familiar textures, they tend to be vulnerable to background
variations, such as shadows, illumination changes, or com-
plex textures. In contrast, LayoutAD reasons explicitly
over object-level attributes and relations in the layout space,
making it robust to irrelevant background noise.

We evaluate the performance of our model and existing
methods on the Road Anomaly dataset [26]. As shown in
Figure 4, baseline methods tend to generate broad, noisy
heatmaps that spread across multiple irrelevant background
regions, while LayoutAD produces clean, object-aligned
anomaly masks that correspond directly to underlying lay-
out inconsistencies.

5.2. Video Anomaly Detection
Video anomaly detection aims to identify events or behav-
iors that deviate from normal spatiotemporal patterns in
videos. Most existing approaches [44, 51] focus on mod-
eling temporal dynamics to detect unusual activities. While
effective for motion-based anomalies, these methods may
be less effective in scenarios where temporal cues are weak
or unavailable. In contrast, LayoutAD is able to detect spa-
tial–semantic inconsistencies within a single frame by rea-

Input OursPixOOD [40]Synboost [10]

Figure 4. Qualitative results of image anomaly detection. Lay-
outAD identifies layout anomaly in real-world scenes.

soning plausibility over object attributes and relationships
in the scene, making it suitable for identifying contextual
anomalies in complex scenarios.

We conduct evaluations on the StreetScene [32] dataset
using the non-temporal Region-Based Detection Criterion
(RBDC) metric. Our approach achieves the best perfor-
mance with a final score of 25.4%, outperforming tradi-
tional motion-based methods such as Flow [32] (11.0%),
FG [32] (21.0%), and EVAL [35] (24.3%). The results
demonstrate that even without temporal modeling, Lay-
outAD can identify video anomalies by leveraging efficient
semantic–geometric reasoning, making it a promising and
complementary direction for video anomaly detection.

5.3. Self-corrected Image Generation
Although modern T2I diffusion models [12, 23] demon-
strate impressive visual quality, they frequently generate
scenes containing layout-level anomalies that violate com-
monsense knowledge in the physical world. For example,
animals with distorted proportions, objects floating in the
air, or implausible spatial relations between entities. As il-
lustrated in Figure 1, current generative models lack explicit
mechanisms to reason about object interactions or evaluate
the plausibility of the resulting layout.

To address this issue, we adopt LayoutAD as a layout-
level structural critic to form a closed-loop self-corrected
image generation pipeline. Given an image synthesized by
a T2I model, we obtain its object masks via an off-the-shelf
segmentation model [6]. LayoutAD then evaluates the se-
mantic–geometric coherence of the scene and outputs an
anomaly map, indicating which objects violate learned lay-
out priors. Based on the predicted anomaly map, we re-
sample a new image from the T2I model based on the iden-
tified object attribute or relationship inconsistencies. The
automatic self-correction would iteratively updated until no
anomaly pattern could be detected.

The results are shown in Figure 5. For the 1st row, the
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Figure 5. Self-corrected image generation. LayoutAD can be applied to identify and correct factually defective hallucinations that appear
in generative text-to-image models (e.g., SD-3 [12] and Flux [23]).

initial SD-3 generation for “four dogs on the grass” pro-
duces severely distorted objects. LayoutAD identifies these
as high-scoring object attribute anomalies accurately. Un-
like methods that rely on manual inspection or expensive
fine-grained constraints, our approach requires no modi-
fication or retraining of the underlying T2I model. Lay-
outAD serves as a verifier to ensure layout plausibility dur-
ing the generation process. Overall, combining LayoutAD
with diffusion models forms a robust self-corrected genera-
tion paradigm that effectively enforces semantic–geometric
consistency in the generated image.

6. Conclusion
In this paper, we take a step towards the new problem of
scene layout anomaly detection. To this end, we propose
LayoutAD, an unsupervised learning framework that con-
structs semantic and geometric graphs to jointly reason over
semantic-geometric misalignment among objects. Under
this formulation, we are able to detect diverse layout de-
viations, including object attribute implausibilities and re-
lationship mismatches. Extensive experiments on the CO-
COAD benchmark demonstrate that our method outper-
forms existing baselines across multiple metrics. Further-
more, we showcase its potential in applications such as im-
age anomaly segmentation, video anomaly detection and
self-corrected image generation.

Though impressive results have been achieved by our
model, as the first attempt for scene layout anomaly detec-
tion, LayoutAD still has some limitations. First, our model
relies on accurate object masks and category labels to con-

Input Image Semantic Segmentation Anomaly Detection

Figure 6. Failure cases. Given an input complex scene image
(left), when the segmentation results are noisy (middle), our model
may fail to identify anomaly objects properly (right). The noisy
object masks may mislead the graph construction process, leading
to semantically plausible regions being flagged incorrectly.

struct the layout graph. As illustrated in Figure 6, the noisy
object masks may mislead the graph construction process,
leading to semantically plausible regions being flagged in-
correctly. One possible solution is to utilize the power of the
multimodal large language model to improve the scene un-
derstanding abilities. Second, our current self-corrected im-
age generation pipeline performs anomaly removal through
iterative resampling. As future work, we plan to explore the
precise integration of LayoutAD with T2I models to support
controllable image correction with less computational costs.
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Georg Langs, and Ursula Schmidt-Erfurth. f-anogan: Fast
unsupervised anomaly detection with generative adversarial
networks. Medical Image Analysis, 2019. 2

[35] Ashish Singh, Michael J Jones, and Erik G Learned-Miller.
Eval: Explainable video anomaly localization. In CVPR,
2023. 7
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struction by inpainting for visual anomaly detection. Pattern
Recognition, 2021. 2

[48] Dan Zhang, Kaspar Sakmann, William Beluch, Robin Hut-
macher, and Yumeng Li. Anomaly-aware semantic segmen-
tation via style-aligned ood augmentation. In ICCV, 2023.
2

[49] Hui Zhang, Zheng Wang, Dan Zeng, Zuxuan Wu, and Yu-
Gang Jiang. Diffusionad: Norm-guided one-step denoising
diffusion for anomaly detection. IEEE TPAMI, 2025. 2

[50] Jinjin Zhang, Guodong Wang, Yizhou Jin, and Di Huang.
Towards training-free anomaly detection with vision and lan-
guage foundation models. In CVPR, 2025. 2

[51] Menghao Zhang, Jingyu Wang, Qi Qi, Haifeng Sun, Zirui
Zhuang, Pengfei Ren, Ruilong Ma, and Jianxin Liao. Multi-
scale video anomaly detection by multi-grained spatio-
temporal representation learning. In CVPR, 2024. 7

[52] Ximiao Zhang, Min Xu, and Xiuzhuang Zhou. Realnet: A
feature selection network with realistic synthetic anomaly for
anomaly detection. In CVPR, 2024. 1

[53] Jiawen Zhu and Guansong Pang. Toward generalist anomaly
detection via in-context residual learning with few-shot sam-
ple prompts. In CVPR, 2024. 1


