
LayoutAD: Exploring Semantic-Geometric Misalignment Reasoning for
Scene Layout Anomaly Detection

Supplementary Material

In this supplementary material, we first introduce the
COCOAD benchmark in Sec. 1 and provide a detailed de-
scription of our model architecture in Sec. 2. Implemen-
tation details are presented in Sec. 3. We then report addi-
tional experimental results in Sec. 4 and demonstrate further
application results in Sec. 5.

1. COCOAD Benchmark

To evaluate scene layout anomaly detection under diverse
yet controllable conditions, we construct COCOAD, a
benchmark derived from COCO [11] by synthetically in-
serting layout-inconsistent objects. As illustrated in Fig-
ure 1, given an input COCO image, Qwen2.5-VL [1] first
analyzes the scene and selects an object category whose in-
sertion would most plausibly result in a semantic or geo-
metric inconsistency. The model is prompted to produce
anomalies belonging to two categories aligned with our
task definition: (i) Object–Attribute anomalies, where the
inserted object violates intrinsic properties such as size,
shape, appearance, or physical characteristics; and (ii) Ob-
ject–Relation anomalies, where the added object violates
spatial or functional relationships with surrounding objects
or the environment. Qwen-Image [17] executes the gener-
ated insertion instruction through localized, context-aware
editing, ensuring that all original pixels outside the edited
region remain bitwise identical. SAM-HQ [7] is then ap-
plied to segment the newly added object, producing a pre-
cise anomaly mask. Each COCOAD sample therefore con-
tains an edited image and an instance mask marking the
anomalous object, enabling clean supervision for object-
level anomaly localization.

Figure 2 presents an overview of the constructed CO-
COAD benchmark. Built upon COCO’s rich and hetero-
geneous visual content, COCOAD naturally covers a wide
variety of real-world scenes with diverse object composi-
tions, spatial layouts, and contextual structures. Across
these varied settings, the benchmark introduces numerous
semantic–geometric violations—including physically mis-
placed objects, inconsistent co-occurrences, and abnormal
object interactions. The realism and diversity of these cases
highlight that many anomalies cannot be captured by low-
level appearance cues alone, underscoring the necessity of
high-level structural reasoning. As such, COCOAD serves
as a comprehensive and challenging benchmark for evalu-
ating scene layout anomaly detection.
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Figure 1. COCOAD generation pipeline. Qwen2.5-VL [1] selects
an anomalous object category, generates an insertion instruction,
and Qwen-Image [17] performs localized editing. SAM-HQ [7]
then extracts the mask of the inserted object, producing a sample
containing exactly one attribute- or relation-level anomaly.

2. Additional Model Details

Graph Message Passing. In the Misalignment Reasoning
Module (MRM), both the semantic graph Gsem and ge-
ometric graph Ggeo undergo a modality-specific message
passing stage before entering the cross-graph transformer.
As illustrated in Figure 3, the raw node features (si or gi)
and edge features are first projected into a latent space us-
ing lightweight MLPs, after which two stacked GATv2 [2]
layers refine both node and edge representations. In each
GATv2 [2] layer, the node i aggregates information from its
neighbors j through attention-based messages of the form
αijWvvj , where vj denotes the current node embedding,
Wv is a learnable linear projection, and αij is an attention
coefficient. The updated node representation is obtained
by combining the original embedding with the aggregated
messages via residual connection, while each edge em-
bedding is refined through an edge-update MLP that takes
[v′i ∥ v′j ∥ eij ] as input, where ∥ represents feature con-
catenation, and eij is the edge feature encoding semantic
or geometric relations. This alternating node–edge update
process is applied twice, producing the refined node em-
beddings Zsem and Zgeo used in the main paper. Over-
all, this message passing mechanism injects structure-aware
relational cues into both graphs, ensuring that subsequent
semantic-geometric alignment in the transformer operates
on contextually enriched graph representations.
Global Feature Aggregation. After obtaining the re-
fined semantic and geometric node embeddings Ẑsem =
{ẑsemi }Ni=1 and Ẑgeo = {ẑgeoi }Ni=1, we derive a com-
pact scene-level global feature that summarizes the overall



Figure 2. Overview of the COCOAD benchmark. The benchmark contains a large variety of real-world scenes with synthetically inserted
layout-inconsistent objects. These examples illustrate the diversity and realism of COCOAD, showcasing numerous semantic–geometric
violations such as implausible object placements and inconsistent object relationships.
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Figure 3. Message passing architecture used in the Misalign-
ment Reasoning Module (MRM). The module first applies sepa-
rate MLPs to node and edge features, followed by two GATv2 [2]
layers that perform attention-based message passing and edge re-
finement. Skip connections preserve information from earlier lay-
ers, and the final refined node embeddings constitute the initial
semantic and geometric representations used for cross-modal rea-
soning in the main framework.

semantic-geometric configuration of the image. For each
object i, the semantic and geometric embeddings are first
integrated through a gating-based fusion:

ui = αiẑ
geo
i + (1− αi)ẑ

sem
i ,

αi = σ(MLP ([ẑgeoi ||ẑsemi ])),
(1)

producing a unified descriptor ui for each object. To cap-
ture holistic scene context, these fused embeddings are ag-
gregated using a combination of mean pooling, max pool-
ing, and attention pooling across all objects. The concate-
nated pooled representation is then passed through a pro-
jection layer to obtain the final global feature zglobal, which
encodes scene-level semantic–geometric structure and con-
ditions the anomaly likelihood estimation in the Anomaly
Ranking Module.

3. Additional Implementation Details
To ensure clarity and reproducibility, we summarize the
main implementation configurations used across all exper-
iments in the supplementary material. Unless otherwise
noted, all settings follow the same training and inference
pipeline introduced in the main paper.

We utilize Mask2Former [3] to extract instance masks
and build the scene layout graph as described in the main
paper. All geometric features, such as centers, sizes, and
spatial relations, are normalized with respect to image di-
mensions, while CLIP-based semantic embeddings are L2-
normalized before graph construction. For efficiency, graph
connectivity is determined via k-nearest neighbors (k=4)
combined with a distance threshold to preserve long-range
interactions. During batching, graphs are padded to the
maximum number of objects in the batch, and padding
masks ensure that message passing and attention opera-
tions remain unaffected. The CLIP encoder remains frozen,
while all other modules—including graph message pass-
ing, cross-graph transformer, and anomaly ranking net-
works—are trained jointly. Hyperparameters used for the

Method AP ↑ FPR ↓

SynBoost [4] 0.519 0.781
PixOOD [16] 0.501 0.831

Ours 0.536 0.241

Table 1. Quantitative comparison of the proposed method with
the baselines (i.e., SynBoost [4], PixOOD [16]). We evaluate their
performance using AP and FPR. The best results are highlighted
in bold.

Metrics Top 5 Top 10 Top 20 Last 5 Last 10 Last 20 Average

I-AUROC ↑ 0.594 0.590 0.587 0.517 0.523 0.525 0.586
P-AUROC ↑ 0.892 0.885 0.874 0.852 0.856 0.862 0.871
A-P-AUROC ↑ 0.905 0.898 0.870 0.855 0.871 0.883 0.883

Table 2. Quantitative evaluation on long-tail categories. LayoutAD
demonstrates stable performance across both commonly and rarely
appeared object categories.

mixture-density normality estimators follow the main pa-
per, and loss weights remain fixed across all supplementary
experiments. For inference, object-level anomaly scores
are mapped back to pixel space using the correspond-
ing segmentation masks without additional smoothing or
post-processing. All visualizations are generated from raw
anomaly maps, linearly normalized to [0, 1]. The same in-
ference protocol is applied for additional experiments, ab-
lations, and application results unless otherwise specified.

4. Additional Experimental Results
Quantitative Evaluation. Beyond the AUROC metrics re-
ported in the main paper, additional evaluation protocols of-
fer a more detailed assessment of object-level anomaly lo-
calization. To this end, we further evaluate anomaly seg-
mentation performance using instance-level Average Pre-
cision (AP) and False Positive Rate (FPR). These supple-
mentary metrics assess the quality of object-level anomaly
scores after mask projection. As shown in Table 1, Lay-
outAD achieves consistently higher AP and lower FPR com-
pared to all baseline methods, confirming the effectiveness
of semantic–geometric reasoning under stricter and more
imbalanced evaluation settings.
Qualitative Evaluation. We further provide extended qual-
itative comparisons that include additional baseline models.
As illustrated in Figure 4, LayoutAD more reliably high-
lights anomalous objects and relational inconsistencies, par-
ticularly in cases where existing pixel-level or appearance-
based detectors fail to capture high-level semantic or ge-
ometric violations. These results reinforce the model’s ad-
vantage in identifying diverse layout anomalies across more
challenging and diverse settings.
Ablation Study. To understand how each design choice
contributes to scene layout anomaly detection, we addition-
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Figure 4. Additional qualitative comparison. We compared the effectiveness of LayoutAD against several additional baseline models (i.e.,
UniAD [18], PatchCore [14], SimpleNet [12], WinCLIP [6], GeneralAD [15], SynBoost [4] and PixOOD [16]) in detecting object-attribute
and object-relation anomalies.
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Figure 5. Video anomaly detection. The first row shows input street-scene images, and the second row displays the corresponding anomaly
maps. Detected anomalous regions, such as anomalous vehicles, are highlighted in the anomaly maps. Our method effectively identifies
spatial layout anomalies such as misplaced vehicles, even without relying on temporal cues, demonstrating the potential of scene layout
anomaly detection in video sequences.

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 Object Loss 0.527 0.857 0.864
w/o Relation Loss 0.530 0.851 0.866

Full (S+G) 0.586 0.871 0.883

Table 3. Additional ablation results. The best results are high-
lighted in bold.

ally conduct ablation studies by disabling or modifying key
components of our framework. Beyond the ablation results
reported in the main paper, we conduct additional studies
that isolate the effect of further architectural and modeling
components. Specifically, we consider the following vari-
ants:
• G+G, where both graph branches use geometric features

only, removing semantic cues.
• S+S, where both graph branches use semantic features

only, removing geometric cues.
• w/o Object Loss, where the object-level likelihood term

in the Anomaly Ranking Module is removed.
• w/o Relation Loss, where the relation-level likelihood is

removed.
As shown in Table 3, using G+G leads to the most severe

degradation, indicating that geometric cues alone are insuf-
ficient for detecting many layout anomalies. Without se-
mantic information, the model struggles to identify context-
incompatible object appearances or inappropriate object
categories, resulting in a substantial drop across all met-
rics. The S+S variant also shows notable performance de-
cline. Although semantic features help recognize category-
level inconsistencies, the absence of geometric cues pre-
vents the model from capturing spatial misplacement or
physically implausible configurations, which are prevalent
in COCOAD. Removing the object-level likelihood (w/o
Object Loss) weakens the model’s ability to assess at-
tribute–geometry coherence within individual objects, lead-

Metrics Segmentation Models Mask2Former Backbones

Panoptic FPN[9] EoMT[8] Swin-S Swin-B Swin-L (Ours)

I-AUROC ↑ 0.563 0.566 0.552 0.567 0.586
P-AUROC ↑ 0.854 0.867 0.847 0.844 0.871
A-P-AUROC ↑ 0.866 0.880 0.849 0.858 0.883

Table 4. Robustness analysis across different segmentation mod-
els. LayoutAD maintains stable performance despite the varying
quality of segmentation backbones.

ing to reduced detection of attribute-centric anomalies. In
contrast, removing the relation-level term (w/o Relation
Loss) causes a more pronounced drop in relational cases,
confirming the importance of modeling object–object and
object–environment interactions. Together, these observa-
tions demonstrate that semantic and geometric cues provide
complementary benefits, and that both object-centric and
relation-centric likelihoods are essential for achieving ro-
bust scene layout anomaly detection. The full S+G model,
which integrates all components, achieves the highest per-
formance across all evaluation metrics.

To further evaluate the practical applicability of Lay-
outAD, we investigate its robustness to imperfect input
masks. Specifically, we replace the default Mask2Former
(Swin-L) with other off-the-shelf segmentation models, in-
cluding Panoptic FPN [9], EoMT [8], and Mask2Former
with smaller backbones (Swin-S, Swin-B). As shown in Ta-
ble 4, while lightweight or earlier segmentation models in-
evitably introduce ambiguous boundaries or mask errors,
the performance of LayoutAD remains stable with minimal
fluctuations.
Robustness to Long-tail Categories. To investigate
whether the reliance on CLIP representations introduces bi-
ases that affect anomaly judgment on long-tail categories
or atypical scene configurations, we evaluate our model’s
performance on the most commonly appeared (Top 5, 10,
20) and rarely appeared (Last 5, 10, 20) object categories in
the COCO dataset. As shown in Table 2, LayoutAD main-
tains robust and consistent detection capabilities across both
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Figure 6. Quantitative comparison of self-corrected image genera-
tion. Our proposed pipeline (+Ours) significantly improves both
User Preference and Plausibility Score compared to the vanilla
SD-3 and FLUX.1 models.

common and rare categories. The minor performance fluc-
tuations indicate that our model successfully leverages mes-
sage passing and cross-graph attention to capture complex
semantic–geometric alignments, rather than merely overfit-
ting to the appearance priors of frequent categories.

5. Additional Application Results

We introduce scene layout anomaly detection as a more
general, prompt-free task that assesses the intrinsic seman-
tic and geometric plausibility of a scene using only the im-
age itself. Such a problem formulation enables our pro-
posed LayoutAD to address a significantly broader range of
applications, including video anomaly detection, and self-
corrected image generation.

5.1. Video Anomaly Detection

Although LayoutAD is designed for static scene layout rea-
soning, it can also be applied to video anomaly detection
by operating on individual frames. We evaluate this ca-
pability on the Street Scene dataset [13], which contains
long video sequences of complex road environments. Since
our method does not model temporal dynamics, we focus
on single frames that contain clear layout-related irregular-
ities, such as vehicles appearing in incorrect lanes or occu-
pying implausible spatial positions. As shown in Figure 5,
LayoutAD successfully highlights anomalous vehicles that
deviate from the expected road layout, despite the absence
of motion cues. These qualitative results demonstrate that
semantic–geometric reasoning provides a complementary
perspective to traditional motion-based VAD approaches,
and can effectively detect layout violations even when tem-
poral information is not utilized.

5.2. Self-corrected Image Generation

We provide further qualitative results of our self-corrected
image generation pipeline. As shown in Figure 7, these ad-
ditional cases cover a wider range of prompts and generative
models [5, 10], including scenes with complex multi-object
interactions and challenging semantic–geometric compo-
sitions. Across diverse prompts, LayoutAD serves as a
reliable structural verifier that filters out layout-deficient
images before they are accepted. The additional visual
results demonstrate that this mechanism significantly im-
proves spatial plausibility and reduces the occurrence of
object-attribute and object-relation anomalies. These obser-
vations further confirm that integrating LayoutAD into gen-
erative workflows provides a practical and scalable strategy
for enforcing semantic–geometric coherence in T2I synthe-
sis.

In addition to the qualitative results, we conduct a quan-
titative evaluation to further assess the effectiveness of our
self-corrected image generation pipeline. We recruited 13
human participants to rate the user preference between the
original images generated by vanilla T2I models (SD-3 [5]
and FLUX.1 [10]) and our self-corrected results. Further-
more, we utilize GPT-4o as an automated judge to evaluate
the overall layout plausibility of the generated scenes.

As illustrated in Figure 6, images corrected by Lay-
outAD consistently achieve significantly higher user pref-
erence and plausibility scores across different foundational
models. We also assess the computational overhead of our
pipeline: a standard generation step typically takes about 20
seconds, while our scene layout anomaly detection process
takes only about 2 seconds per iteration. This acceptable
runtime cost, combined with the substantial improvement in
semantic–geometric coherence, confirms the practical via-
bility of integrating LayoutAD as a reliable structural veri-
fier for T2I systems.
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