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(a) Category-Specific Models (b) A Unified Model (c) Semantically Disentangled Model
for Each Category for Multiple Categories for Multiple Categories (Ours)
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« 3D anomaly detection aims to detect defective objects and localize abnormal regions in point clouds, typically
using only normal samples for training.

« Category-specific models train a separate model for each object class, which limits scalability in real industrial
scenarios.

* Unified models are more practical, but they must handle multiple categories within a single latent space. This
often causes category features to interfere with one another, leading to unreliable reconstruction.

* SeDiR addresses this by learning category-aware semantics before reconstruction.
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Unified 3D-AD suffers from Inter-Category
Entanglement (ICE), where features from
different categories overlap in the latent
space.

When ICE occurs, the model may
reconstruct a normal object using an
incorrect category prior, resulting in high
reconstruction error and false positives.

SeDiR forms more clearly separated
category manifolds, improving semantic
confidence and reducing normal
reconstruction error.



I MethOd Overall Framework
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Semantically Disentangled Reconstruction
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* SeDiR consists of three key components.
* Coarse-to-Fine Global Tokenization builds a category-aware global token from multi-resolution geometric
features.
* Category-Conditioned Contrastive Learning separates category semantics by pulling same-category features
together and pushing different-category features apart.
* Geometry-Guided Decoder reconstructs features using both semantic priors and geometric evidence.
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The Geometry-Guided Decoder performs
reconstruction conditioned on both
semantic and geometric information.

The global token provides the semantic
prior, while local feature tokens provide
detailed geometric cues.

A geometry-derived bias is added to the
attention mechanism, allowing surface
normal and curvature variations to guide
reconstruction.

This helps produce category-consistent and
geometry-aware reconstruction.
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O-AUROC(T)
Method Airplane Car Candybar Chicken Diamond Duck Fish Gemstone Seahorse Shell Starfish Toffees | Mean
Category-Specific Method
BTF(Raw) 73.0 64.7 53.9 78.9 70.7 69.1 60.2 68.6 59.6 39.6 53.0 70.3 63.5
BTF(FPFH) 52.0 56.0 63.0 43.2 54.5 784 549 64.8 77.9 754 57.5 46.2 60.3
M3DM 434 54.1 55.2 68.3 60.2 433 540 64.4 49.5 69.4 55.1 45.0 59.4
PatchCore(FPFH) 88.2 59.0 54.1 83.7 57.4 54.6 675 37.0 50.5 58.9 44.1 56.5 593
PatchCore(PointMAE) 72.6 49.8 66.3 82.7 78.3 489 63.0 37.4 53.9 50.1 519 58.5 59.4
CPMF 70.1 55.1 55.2 504 52.3 582 558 58.9 72.9 65.3 70.0 39.0 58.6
IMRNet 76.2 71.1 75.5 78.0 90.5 51.7 88.0 67.4 60.4 66.5 67.4 77.4 72.5
Reg3D-AD 71.6 69.7 68.5 85.2 90.0 584 915 41.7 76.2 58.3 50.6 82.7 70.4
Group3AD 74.4 72.8 84.7 78.6 932 679 97.6 53.9 84.1 58.5 56.2 79.6 75.1
R3D-AD 77.2 69.6 71.3 714 68.5 909 69.2 66.5 72.0 84.0 70.1 70.3 73.4
ISMP 85.8 73.1 85.2 714 94.8 71.2 945 46.8 72.9 62.3 66.0 84.2 76.7
PO3AD 80.4 65.4 78.5 68.6 80.1 82.0 85.9 69.3 75.6 80.0 75.8 77.1 76.5
Unified Method
MC3D-AD 85.0 74.9 83.0 71.5 95.5 83.1 86.5 56.0 71.6 80.3 76.6 73.8 78.2
SeDiR (Ours) 86.0 78.3 81.9 72.9 94.8 86.2 9338 62.7 67.4 77.9 854 84.5 81.0
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O-AUROC(T)
Method ashtray0) bag0 bottle) bottlel bottle3 bowl0 bowll bowl2 bowl3 bowld bowl5 bucket0 bucketl cap0 cap3 capd cap5 cup0 cupl eraser(

Category-Specific Method

BTF(Raw) 57.8 410 597 51.0 56.8 56.4 26.4 525 38.5 66.4 41.7 61.7 32.1 66.8 527 468 373 403 521 525
BTF(FPFH) 420 546 344 54.6 322 50.9 66.8 51.0 49.0 60.9 69.9 40.1 63.3 61.8 522 520 586 586 610 71.9
M3DM 57.7 537 57.4 63.7 54.1 63.4 66.3 68.4 61.7 46.4 409 30.9 50.1 55.7 423 717 639 539 556 62.7
PatchCore(FPFH) 58.7 57.1 60.4 66.7 572 50.4 63.9 61.5 53.7 49.4 55.8 46.9 55.1 58,0 453 757 79.0 60.0 58.6 65.7
PatchCore(PointMAE) 59.1 60.1 51.3 60.1 65.0 52.3 62.9 45.8 57.9 50.1 59.3 59.3 56.1 589 476 727 538 610 556 67.7
CPMF 353 64.3 52.0 48.2 40.5 78.3 63.9 62.5 65.8 68.3 68.5 48.2 60.1 60.1 551 553 69.7 497 499 68.9
Reg3D-AD 59.7 706  48.6 69.5 525 67.1 525 49.0 348 66.3 59.3 61.0 75.2 69.3 725 643 467 510 538 343
IMRNet 67.1 66.0 552 70.0 64.0 68.1 70.2 68.5 599 67.6 71.0 58.0 11.1 737 775 652 652 643 757 54.8
R3D-AD 83 7120 B3 7137 781 819 778 741 767 744 656 683 756 822 730 681 67.0 77.6 757 890
PO3AD 100.0 833  90.0 93.3 92.6 92.2 82.9 83.3 88.1 98.1 84.9 85.3 78.7 87.7 859 792 670 871 833 99.5
Unified Method
MC3D-AD 9.2 85 795 709 756 930 978 719 885 9L1 754 898 784 793 701 835 761 743 952 776
SeDiR (Ours) 97.6 88.6 929 91.6 98.4 95.9 95.6 92.6 96.7 98.5 97.9 91.1 93.3 98.5 989 996 874 995 1000 66.7
Method | headset) headset] helmet0) helmet] helmet2 helmet3  jar  phone shelf0 tap0 tapl vase0 wvasel wvase2 wvase3 vase4 wvase5 wvase7 wvase8 vase9 | Mean

Category-Specific Method

BTF(Raw) 37.8 515 553 349 60.2 52.6 420 563 164 525 573 531 549 410 717 425 585 448 424 564 | 493
BTF(FPFH) 52.0 49.0 57.1 719 54.2 444 586 671 609 560 546 342 219 546 699 51.0 409 518 668 268 | 52.8
M3DM 57.7 61.7 52.6 4217 62.3 374 564 357 564 754 739 574 427 737 439 476 439 657 663 663 | 552
PatchCore(FPFH) 583 63.7 54.6 484 425 404 494 388 494 753 766 604 423 721 449 506 449 693 662 660 | 56.8
PatchCore(PointMAE) 59.1 62.7 55.6 55.2 44.7 424 483 488 523 458 538 513 552 741 460 516 460 650 663 629 | 56.2
CPMF 64.3 458 55.5 58.9 46.2 52.0 61.0 509 685 359 697 582 345 582 582 514 582 397 529 609 | 559
Reg3D-AD 53.7 61.0 60.0 38.1 61.4 36.7 592 414 688 676 641 486 702 605 650 500 650 462 620 594 | 572
IMRNet 72.0 67.6 59.7 60.0 64.1 573 78.0 755 603 676 696 552 757 614 700 524 70.0 635 63.0 594 | 66.1
R3D-AD 3.8 79.5 75.7 72.0 63.3 70.7 838 762 696 736 9.0 733 729 752 742 63.0 742 771 721 71.8 | 749
PO3AD 80.8 92.3 76.2 96.1 86.9 75.4 866 77.6 573 745 681 858 742 952 821 675 852 966 739 83.0 | 839
Unified Method
MC3D-AD 86.2 88.6 67.2 100.0 60.9 97.9 97.1 919 841 945 970 795 857 929 761 876 761 938 67.0 73.6 | 842
SeDiR (Ours) 84.9 89.0 96.5 100.0 87.0 100.0 1000 90.5 887 927 893 888 971 976 788 924 948 1000 873 942 | 933
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* Qualitative results show that SeDiR produces more accurate anomaly localization.

 MC3D-AD often misses true defects or activates normal regions as anomalies.

* In contrast, SeDiR better aligns with the ground truth by reconstructing under clearer semantic identity and
geometric guidance.
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CEGT C3L GGD O-AUROC (¥) P-AUROC (1)

. 75.1 78.1
* The effectiveness of core components. v 6.4 18.4
v v 79.2 79.0
v v Y 81.0 80.6
Method O-AUROC (1)  P-AUROC (1)
« Comparison of different guidance strategies in GGD. Masking 98 796
Gating 79.7 78.9
Bias (Ours) 81.0 80.6

Lo Las Leos O-AUROC (1)  P-AUROC (1)

i i i v 79.1 78.8
The contribution of each loss in C3L. sy 20.0 79.3
v v v 81.0 80.6
Method 0-AUROC (1)  P-AUROC (1)
] ] . ACT 78.5 78.5
« Comparison of different global token strategies. Max 76.4 75.5
Mean 78.2 78.7
CFGT (Ours) 81.0 80.6
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