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A. Implementation Details

Model setup. We adopt PointMAE [7], pretrained on
ModelNet40 (8k), as the local feature extractor E(-).
Each point cloud is partitioned into 1024 groups via
FPS [8], and multi-resolution neighborhoods are formed
with sizes {128,256,512}. Positional embeddings follow
Point Transformer [10], where (z,y, z) coordinates are en-
coded by a two-layer MLP with ReLU. The shared trans-
former encoder in CFGT and the Geometry-Guided De-
coder each contain 4 layers with 8 attention heads. Before
entering the transformer encoder, feature jittering is applied
with scale 20.0 and probability 1.0. The buffer in C3L is set
to 64 entries.

Training and inference setup. We train the model using
AdamW [5] with a base learning rate of 1 x 10~* and a
cosine annealing schedule. The batch size is 1 and training
is performed for 1000 epochs. The loss weights in C3L are
set to Agep = 0.001, A = 0.001, and Acos = 0.01. During
inference, reconstruction discrepancies are smoothed with a
1D Gaussian filter with kernel size k;, = 511 and standard
deviation o = 0.2. All experiments are conducted with Py-
Torch 1.13.0 and CUDA 11.7 on a single NVIDIA GeForce
RTX 3090 GPU.

B. Details of Geometry-Derived Bias

Given a point cloud P = {p,,}»_,, Farthest Point Sam-
pling [8] selects g group centers S = {s;}?_,. For each
center s;, an adaptive radius r is estimated per instance, and
its neighborhood is defined as V; = {p; | |p; —si| < r}.
Normal and curvature estimation. Let C; denote the co-
variance matrix of centered neighbors:

C, = COV(M — mean(M)). (1)

Eigen-decomposition produces eigenvalues Ay < A1 < Ay
and associated eigenvectors eg, €1, €. The surface normal
and curvature at the group center s; are obtained as:

Ao
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Local geometric variations. Geometric irregularity is
quantified through angular deviations of normals and cur-
vature fluctuations within each neighborhood:
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These two measures form a geometric descriptor:
VZ — I?U;IOI‘H’I7 U;:urv]. (5)

After normalization, the descriptor is passed through a
lightweight MLP to produce a scalar bias:

Bgeo(i) = MLP(v;). (6)
The lightweight MLP is a two-layer MLP with ReLU.

C. More Quantitative Results

P-AUROC results. Tab. S9 and Tab. S10 present the full
category-level results for Real3D-AD [4] and Anomaly-
ShapeNet [2], respectively. While PO3AD [9] and ISMP [3]
achieve strong performance on specific datasets—excelling
on synthetic and real-world domains respectively—our
method maintains consistently solid performance across
both datasets under the unified multi-category setting.
These results highlight the robustness and general applica-
bility of our framework across diverse object categories and
domains.

O-AUPR results on Anomaly-ShapeNet. We addition-
ally report object-level AUPR on the Anomaly-ShapeNet
dataset in Tab. S11. Our method achieves strong per-
formance across categories, outperforming existing ap-
proaches. These results further confirm that the proposed
semantically disentangled reconstruction contributes to reli-
able object-level anomaly detection under the unified multi-
category setting.

Table S1. Comparison of computational cost.

Method Parameters (M)  FLOPs (G)
MC3D-AD 34.16 439.21
SeDiR (Ours) 33.25 508.25

Computational cost. Tab. S1 compares the computational
efficiency of our method with MC3D-AD [1]. Our model



uses fewer parameters (33.25M vs. 34.16M), indicating a
slightly lighter architecture. Although the FLOPs are higher
(508.25 vs. 439.21), this overhead mainly stems from the
additional global tokenization and geometric bias modules.
Overall, the model achieves improved performance while
maintaining comparable computational complexity.

D. More Ablation Studies

To better understand how each design choice contributes
to our framework, we conduct extensive ablation studies
across several key components on the Real3D-AD dataset.
These experiments provide a comprehensive analysis of
how each factor influences semantic disentanglement, re-
construction quality, and overall anomaly detection perfor-
mance.

Table S2. Ablation studies on the CFGT and C3L losses.

CFGT | Lig  Loos Las | O-AUROC (1)  P-AUROC (1)

v 78.8 79.0

v 719 78.7

v v 80.5 78.6

v v 80.0 79.1
v v 79.1 78.8
v v 79.3 79.6
v v v 80.5 79.8
v v v 80.1 79.9
v v v 80.0 79.3
v v v v 81.0 80.6

Ablation on the CFGT and C3L losses. Tab. S2 reports
the effect of enabling Coarse-to-Fine Global Tokenization
(CFGT) module and the individual loss terms in C3L. With-
out CFGT, no global token is formed; the model instead
applies supervised contrastive learning to a globally aver-
aged feature, resulting in reasonable yet suboptimal per-
formance. Enabling CFGT introduces a unified global to-
ken derived from multi-resolution features, which substan-
tially strengthens category-conditioned contrastive learn-
ing. Adding the cosine alignment and auxiliary classifica-
tion terms further improves performance, with the full con-
figuration achieving the highest O-AUROC and P-AUROC.
These results suggest that explicitly constructing a global
token and supervising it with all C3L objectives yields the
most discriminative and semantically disentangled repre-
sentation.

Impact of coarse—fine neighborhood ratios. Tab. S3 re-
ports the performance of different neighborhood ratio con-
figurations used in the CFGT. We evaluate several coarse—
fine combinations based on the base resolution k, in-
cluding {k,4k,k/4}, {k,3k,k/3}, {k,1.5k,2k/3}, and
{k,2k,k/2}. Among these settings, the configuration
{k,2k,k/2} achieves the best results on both O-AUROC
and P-AUROC. Across the evaluated ratios, settings with

Table S3. Comparison of different coarse-to-fine neighborhood
ratios.

Ratios O-AUROC (1)  P-AUROC (1)
{k. 4k, k/4} 80.3 79.4
{k, 3k, k/3} 80.9 79.8
{k, 1.5k, 2k/3} 79.9 79.8
{k, 2k, k/2} 81.0 80.6

a more balanced fine-base—coarse distribution—such as
{k, 2k, k/2}—tend to show more stable performance. This
observation indicates that the choice of multi-resolution
neighborhood arrangement can influence the effectiveness
of global representation learning within CFGT.

Table S4. Comparison of different base neighborhood sizes k.

Size O-AUROC (1)  P-AUROC (1)
{256,512, 1024} 715 785
{64,128, 256} 79.9 79.6
{128, 256, 512} 81.0 80.6

Effect of neighborhood sizes. Tab. S4 evaluates different
neighborhood sizes used in the CFGT module. Three con-
figurations with various base sizes are compared, among
which the setting with a base size of 256 ({128, 256, 512})
achieves the highest O-AUROC and P-AUROC. The re-
sults show that neighborhood size introduces performance
gap: larger neighborhoods tend to smooth out fine geomet-
ric cues, whereas smaller ones may lack sufficient struc-
tural context. A base size of 256 provides the most bal-
anced fine—base—coarse composition, enabling stable multi-
resolution feature extraction and yielding the most reliable
performance among the evaluated choices.

Table S5. Comparison of different numbers of groups.

N 0-AUROC (1)  P-AUROC (1)
512 757 77.4
2048 77.7 78.4
1024 81.0 80.6

Effect of the number of groups. Tab. S5 evaluates the im-
pact of varying the number of groups used to partition the
point cloud. Among the three tested settings—512, 1024,
and 2048 groups—the configuration with 1024 groups
yields the best performance. A clear performance gap
emerges due to the trade-off in spatial granularity. Using
too few groups (e.g., 512) produces large spatial regions,
causing each token to aggregate overly coarse geometry and
reducing sensitivity to fine anomalies. In contrast, using
too many groups (e.g., 2048) results in highly fragmented
neighborhoods that capture limited local structure and intro-
duce noise, weakening multi-resolution feature extraction.



The configuration with 1024 groups achieves a balanced
decomposition, providing sufficient geometric detail while
maintaining stable local neighborhoods. This result high-
lights the importance of selecting an appropriate grouping
resolution for robust multi-resolution representation learn-
ing.

Table S6. Comparison of different buffer sizes in C3L.

L O-AUROC (1)  P-AUROC (1)
32 79.6 79.8
128 80.3 80.3
10,000 80.5 79.2
64 81.0 80.6

Effect of buffer size in C3L. Tab. S6 examines the influ-
ence of buffer size in C3L. Reducing the buffer from 64 to
32 slightly degrades both O-AUROC and P-AUROC, im-
plying that too few contrastive samples hinder stable super-
vised contrastive learning. Increasing the buffer (e.g., to
128 or 10,000) yields performance similar to that of size
64, suggesting diminishing returns once a moderate num-
ber of samples is available; excessively large buffers may
even introduce stale embeddings that are misaligned with
the current representation space. Overall, a buffer size of 64
provides the best balance between stability and efficiency,
yielding the highest performance among the evaluated con-
figurations.

Table S7. Comparison of different loss weights in C3L.

Ascl Acos  Aas  O-AUROC (1) P-AUROC (1)

0.01  0.001 0.01 79.3 79.6
0.001 0.01 0.01 78.6 78.3
0.001 0.001 0.1 71.0 78.9
0.001  0.001 0.01 81.0 80.6

Effect of loss weights in C3L. Tab. S7 examines the sen-
sitivity of C3L to different loss-weight configurations, ob-
tained by scaling each term by a factor of 10. Overweight-
ing any single component disrupts the balance among
the supervised contrastive, cosine alignment, and auxiliary
classification losses, leading to noticeable drops in both
0O-AUROC and P-AUROC. The weights used in the main
experiments (Agc;=0.001, A¢0s=0.001, A\.s=0.01) achieve
the best performance, indicating that C3L benefits from a
well-balanced combination of objectives.

Table S8. Category prediction accuracy with different global rep-
resentations.

Method  Accuracy (%)
Mean 78.1
Max 71.3
ACT 97.3

Effect of ACT for category representation. We evaluate
the effectiveness of the proposed Adaptive Context Token
(ACT) as a global summary of category information. Af-
ter freezing the pretrained model, we train an additional
category prediction head for 100 epochs using three dif-
ferent global representations: mean pooling, max pooling,
and ACT. As shown in Tab. S8, ACT achieves substantially
higher classification accuracy, indicating that it captures
category-discriminative semantics far more effectively than
conventional pooling-based global tokens. This validates
the use of ACT as the primary representation for category-
aware learning in our framework.

E. More Qualitative Results

Qualitative comparison with MC3D-AD on Anomaly-
ShapeNet. Fig. S2 presents additional qualitative compar-
isons with MC3D-AD on the Anomaly-ShapeNet dataset.
While MC3D-AD often yields incomplete or noisy anomaly
responses, our method more distinctly highlights anomaly
regions and produces more coherent anomaly maps. These
results further verify the stability and effectiveness of our
method across diverse geometric patterns.
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Figure S1. t-SNE visualization of the learned global tokens on (a)
Real3D-AD (12 categories) and (b) Anomaly-ShapeNet (40 cat-
egories). The embeddings form well-structured clusters, indicat-
ing that the proposed method learns coherent and category-aware
global representations across both datasets.

t-SNE visualization of global tokens. Figure S| presents
the t-SNE [6] embeddings of the global tokens learned on
Real3D-AD and Anomaly-ShapeNet. Across both datasets,
the embeddings exhibit well-formed clusters that reflect
meaningful category structure, demonstrating that CFGT
and C3L effectively promote category-aware global repre-
sentations. The consistent clustering pattern, even as the
number of categories increases, highlights the robustness of
the proposed global tokenization strategy.

F. Limitation

While our model adopts a category-aware design, it does not
outperform MC3D-AD on every category. This behavior is



expected, as our framework is built for class-aware general-
ization rather than class-specific tuning. Instead of learning
highly specialized representations for individual categories,
the model emphasizes semantic stability across categories,
which inherently introduces trade-offs that may reduce per-
formance in certain cases. Nevertheless, this design choice
provides clear advantages in overall robustness and gen-
eralization. Analyzing the per-category AUROC variance
reveals that MC3D-AD exhibits considerably larger fluc-
tuations, whereas our method yields much lower variance
and thus more uniform performance. On the Real3D-AD
dataset, the O-AUROC variances of MC3D-AD and ours
are 90.0 and 86.7, respectively; on the Anomaly-ShapeNet
dataset, MC3D-AD reaches 102.9, while ours remains sub-
stantially lower at 43.4. These observations indicate that
our approach is less sensitive to category-specific biases and
achieves more stable reconstruction in the multi-category
setting.
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Table S9. Comparison of point-level AUROC (%) of various methods on the Real3D-AD dataset.

P-AUROC(1)
Method Airplane Car Candybar Chicken Diamond Duck Fish Gemstone Seahorse Shell Starfish Toffees | Mean
Category-Specific Method
BTF(Raw) 56.4 64.7 73.5 60.9 56.3 60.1 514 59.7 52.0 48.9 39.2 62.3 57.1
BTF(FPFH) 73.8 70.8 86.4 73.5 88.2 87.5 709 89.1 51.2 57.1 50.1 81.5 73.3
M3DM 54.7 60.2 67.9 67.8 60.8 66.7 60.6 67.4 56.0 73.8 53.2 68.2 62.0
PatchCore(FPFH) 56.2 754 78.0 42.9 82.8 264 829 91.0 73.9 73.9 60.6 74.7 68.2
PatchCore(PointMAE) 56.9 60.9 62.7 72.9 71.8 528 717 444 63.3 70.9 58.0 58.0 62.0
CPMF 61.8 83.6 73.4 559 75.3 719 98.8 44.9 96.2 72.5 80.0 95.9 75.8
Reg3D-AD 63.1 71.8 72.4 67.6 83.5 503 826 54.5 81.7 81.1 61.7 75.9 70.5
Group3AD 63.6 74.5 73.8 75.9 86.2 63.1 83.6 56.4 82.7 79.8 62.5 80.3 73.5
ISMP 75.3 83.6 90.7 79.8 92.6 87.6 88.6 85.7 81.3 83.9 64.1 89.5 83.6
PO3AD 71.5 57.4 76.3 56.3 61.4 644 877 53.0 58.5 54.2 65.9 72.9 65.0
Unified Method
MC3D-AD 62.8 81.9 91. 64.0 94.2 822 932 45.8 65.9 77.8 69.0 93.4 76.8
SeDiR (Ours) 66.6 90.8 95.1 63.2 97.7 834 96.7 54.7 73.9 79.8 70.9 94.0 80.6




Table S10. Comparison of point-level AUROC (%) of various methods on the Anomaly-ShapeNet dataset.

P-AUROC(1)
Method ‘ ashtray0) bag0O bottleO bottlel bottle3 bowl0 bowll bowl2 bowl3 bowld bowl5 bucketd0 bucketl
Category-Specific Method
BTF(Raw) 51.2 43.0 55.1 49.1 72.0 524 46.4 42.6 68.5 56.3 51.7 61.7 68.6
BTF(FPFH) 62.4 74.6 64.1 54.9 62.2 71.0 76.8 51.8 59.0 67.9 69.9 40.1 63.3
M3DM 57.7 63.7 66.3 63.7 53.2 65.8 66.3 69.4 65.7 62.4 48.9 69.8 69.9
PatchCore(FPFH) 59.7 574 65.4 68.7 51.2 524 53.1 62.5 32.7 72.0 35.8 45.9 57.1
PatchCore(PointMAE) 49.5 67.4 55.3 60.6 65.3 52.7 524 515 58.1 50.1 56.2 58.6 57.4
CPMF 61.5 65.5 52.1 57.1 435 74.5 48.8 63.5 64.1 68.3 68.4 48.6 60.1
Reg3D-AD 69.8 71.5 88.6 69.6 52.5 71.5 61.5 59.3 65.4 80.0 69.1 61.9 75.2
IMRNet 67.1 66.8 55.6 70.2 64.1 78.1 70.5 68.4 59.9 57.6 71.5 58.5 774
PO3AD 96.2 949 912 84.4 88.0 97.8 91.4 91.8 93.5 96.7 9.1 75.5 89.9
Unified Method
MC3D-AD 80.1 81.5 89.5 88.3 90.1 82.7 534 60.7 78.3 65.4 55.2 79.0 89.5
SeDiR (Ours) 76.4 89.8 911 89.8 94.5 86.6 70.0 79.5 86.9 80.6 64.6 71.7 88.4
Method ‘ cap0 cap3 cap4 cap5 cup0 cupl eraser0 headset0 headsetl helmet0 helmetl helmet2 helmet3
Category-Specific Method
BTF(Raw) 524 687 469 373 632 56.1 63.7 57.8 47.5 50.4 449 60.5 70.0
BTF(FPFH) 730 658 524 586 79.0 619 71.9 62.0 59.1 57.5 74.9 64.3 724
M3DM 53.1 605 71.8 655 715 55.6 71.0 58.1 58.5 59.9 42.7 62.3 65.5
PatchCore(FPFH) 472 653 595 795 655 596 81.0 58.3 46.4 54.8 48.9 45.5 73.7
PatchCore(PointMAE) | 54.4 48.8 725 545 510 856 37.8 57.5 423 58.0 56.2 65.1 61.5
CPMF 60.1 551 553 551 49.7 509 68.9 69.9 45.8 555 54.2 51.5 52.0
Reg3D-AD 632 718 815 467 685 698 75.5 58.0 62.6 60.0 62.4 82.5 62.0
IMRNet 715 706 753 742 643 68.8 54.8 70.5 47.6 59.8 60.4 64.4 66.3
PO3AD 95.7 948 940 864 909 93.2 97.4 82.3 90.7 87.8 94.8 93.2 84.6
Unified Method
MC3D-AD 86.7 922 880 885 829 715 85.6 66.6 70.9 744 58.2 81.7 60.2
SeDiR (Ours) 90.0 972 940 95.0 871 84.2 74.8 70.8 68.7 81.0 59.6 88.5 70.1
Method jar  phone shelf0 tap0 tapl wvase0 vasel wvase2 vase3 wvase4 vase5 vase7 vase8 vase9 ‘ Mean
Category-Specific Method
BTF(Raw) 423 583 464 5277 564 618 549 403 602 613 585 578 550 564 | 55.0
BTF(FPFH) 427 675 619 568 596 642 619 646 699 71.0 429 540 662 56.8 | 628
M3DM 541 358 554 654 712 608 602 737 658 655 642 517 551 663 61.6
PatchCore(FPFH) 47.8 488 613 733 768 655 453 721 430 505 447 693 575 663 58.0
PatchCore(PointMAE) | 48.7  88.6 543 858 541 677 551 742 465 523 572 651 364 423 | 577
CPMF 61.1 545 783 458 657 458 486 582 582 514  65.1 504 529 545 | 573
Reg3D-AD 59.9 599 68.8 589 741 548 602 405 S51.1 755 624  88.1 81.1 694 | 66.8
IMRNet 76.5 742 60.5 68.1 699 535 685 614 401 524 682 593 635 69.1 65.0
PO3AD 87.1 81.0 663 783 692 955 882 978 884 902 937 982 950 952 | 89.8
Unified Method
MC3D-AD 84.8 854 658 524 537 870 726 822 797 786 647 616 885 776 | 759
SeDiR (Ours) 911 89.1 679 597 630 846 722 850 830 884 766 777 90.0 83.5 | 81.0




Table S11. Comparison of object-level AUPR (%) of various methods on the Anomaly-ShapeNet dataset.

O-AUPR(T)
Method ‘ ashtray0) bag0O bottleO bottlel bottle3 bowl0 bowll bowl2 bowl3 bowld bowl5 bucket0 bucketl
Category-Specific Method
BTF(Raw) 57.8 45.8  46.6 57.3 54.3 58.8 46.4 57.6 65.4 60.1 61.5 65.2 62.0
BTF(FPFH) 65.1 55.1 64.4 62.5 60.2 57.6 64.8 51.5 49.9 63.2 69.9 483 64.8
M3DM 63.2 642 763 67.4 45.1 52.5 51.5 63.0 63.5 57.1 60.1 60.9 50.7
PatchCore(FPFH) 44.5 60.8 61.5 67.7 57.9 54.8 54.5 61.1 62.0 57.5 54.1 60.4 56.5
PatchCore(PointMAE) 67.9 60.1 54.5 64.5 65.1 56.2 61.1 45.6 55.6 60.1 58.5 54.1 64.2
CPMF 453 65.5 58.8 59.2 50.5 71.5 62.1 60.1 41.8 68.3 68.5 66.2 50.1
Reg3D-AD 58.8 60.8 63.2 69.5 474 494 51.5 49.5 44.1 62.4 55.5 63.2 714
IMRNet 61.2 66.5 55.8 70.2 64.8 48.1 50.4 68.1 61.4 63.0 65.2 57.8 73.2
PO3AD 99.9 809 927 95.9 96.2 94.6 90.5 88.8 92.7 98.5 90.4 92.3 88.2
Unified Method
SeDiR (Ours) ‘ 97.5 88.0 934 94.3 99.0 97.5 96.1 93.6 97.0 98.9 98.5 94.1 94.4
Method ‘ cap0 cap3 cap4 «capS cupO0 cupl eraser0 headset0 headsetl helmet0 helmetl helmet2 helmet3
Category-Specific Method
BTF(Raw) 659 612 515 653 601 70.1 425 37.9 51.5 559 38.8 61.5 52.6
BTF(FPFH) 61.8 579 545 593 585 65.1 71.9 53.1 52.3 56.8 72.1 58.8 56.4
M3DM 564 652 477 642 570 752 62.5 63.2 62.3 52.8 62.7 63.6 45.8
PatchCore(FPFH) 58.5 457 655 725 604 586 58.4 70.1 60.1 52.5 63.0 47.5 494
PatchCore(PointMAE) | 56.1 583 72.1 542 642 710 80.1 51.5 423 63.3 57.1 49.6 61.1
CPMF 60.1 541 645 697 647 60.9 544 60.2 61.9 333 50.1 47.7 64.5
Reg3D-AD 693 71.1 623 770 53.1 638 424 53.8 61.7 60.0 38.1 61.8 46.8
IMRNet 71.1 702 658 502 455 627 59.9 70.1 65.6 69.7 61.5 60.2 57.5
PO3AD 84.1 90.6 876 80.1 879 87.0 99.5 76.5 91.4 86.4 96.1 93.4 84.9
Unified Method
SeDiR (Ours) ‘ 98.8 99.2 997 875 995 100.0 57.8 86.9 89.9 97.9 100.0 89.4 100.0
Method jar  phone shelf0 tapO tapl wvase0 vasel vase2 vase3 vase4 vase5 vase7 vase8 vase9 | Mean
Category-Specific Method
BTF(Raw) 428 613 624 535 594 562 441 413 717 428 615 547 41.6 482 | 549
BTF(FPFH) 479 662 61.1 61.0 575 641 655 569 652 587 472 592 624 638 | 59.8
M3DM 555 464 665 722 638 788 652 615 551 526 633 648 463  65.1 60.3
PatchCore(FPFH) 499 332 504 712 684 645 623 8.1 481 777 515 621 515 660 | 58.8
PatchCore(PointMAE) | 463  65.2 543 712 542 548 572 71.1 455 586 585 652 655 634 | 595
CPMF 61.8 655 681 639 697 632 645 632 588 655 518 432 673 61.8 | 59.7
Reg3D-AD 60.1 61.4 675 676 599 615 468 641 651 505 588 455 629 574 | 584
IMRNet 760 552 625 401 796 573 725 655 708 528 654 60.1 639 462 | 62.1
PO3AD 91.5  80.3 680 856 709 753 789 963 902 84 879 971 833 904 | 88.1
Unified Method
SeDiR (Ours) 100.0  88.8 91.7 939 826 876 974 975 847 953 948 1000 91.0 96.4 ‘ 93.8
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Figure S2. Additional qualitative comparison with MC3D-AD on the Anomaly-ShapeNet dataset.
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