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1 MORE EXPERIMENTAL DETAILS

In this paper, we conduct experiments using the pre-trained CLIP
with ViT-L/14@336px as our foundational framework. The hierar-
chy indices L for the multi-hierarchy vision adapter are specified as
{6,12, 18,24}. Input images are resized into 518 X 518. Our primary
focus is to investigate the model’s generalization performance in
anomaly detection tasks involving unseen classes. Therefore, we
finetune the pre-trained CLIP using the test set from a publicly avail-
able dataset (e.g., MVTec-AD) and then evaluate the performance
using another dataset[1-3, 6]. The finetune process is conducted on
a single NVIDIA-3080Ti GPU over 5 epochs. The Adam optimizer
is employed with a learning rate of 1e — 3 for updating the model
parameters, coupled with a batch size of 8.

2 ADDITIONAL QUALITATIVE RESULTS

We conduct a thorough qualitative comparison with the current
state-of-the-art methods to evaluate the performance of our model.
Details regarding reproducibility are provided as follows:

(1) CLIP-AC[5]. Unlike the original pre-trained CLIP model,
which utilizes a single text prompt, CLIP-AC ensemble 80
different context prompts to tackle zero-shot anomaly de-
tection tasks. All parameters are maintained consistent with
those specified in their paper.

(2) APRIL-GANT[1]. It not only employs additional linear layers
to map image features into a joint embedding space but also
carefully selects text prompts suitable for anomaly detection
tasks, thereby enhancing its zero-shot detection capability.
All parameters are maintained consistent with those speci-
fied in their paper.

(3) AnomalyCLIP[6]. AnomalyCLIP stands as the state-of-the-
art model in recent developments. It achieves precise recogni-
tion of various types of anomalies by innovatively learning
an object-agnostic text prompt. All parameters are main-
tained consistent with those specified in their paper.

Figure 1, 2, 3 and 4 reports the visualization comparison between
SimCLIP and other SOTA methods mentioned above on MVTec-AD
and VisA benchmarks. We observe that CLIP-AC does not accu-
rately localize anomalies within images. This limitation is attributed
to the fact that during pre-training, CLIP primarily focuses on align-
ing high-level global semantic information extracted from images
and text, leading to a notable gap between the original CLIP model
and downstream anomaly segmentation tasks. While APRIL-GAN
partially addresses the challenge of CLIP’s inability to precisely
localize anomalies in images through the integration of ensemble
prompts and linear mappings, unfortunately, this approach also re-
sults in misidentifying normal regions as anomalies. AnomalyCLIP
incorporates object-agnostic textual prompts at the input side of
the language branch to enhance its ability to identify anomalous

Table 1: Comparison with Object-agnostic Prompt Learning
(OPL) on both computation and memory overhead.

Method Source FLOPs(G) Params(M)
OPL AnomalyCLIP  520.35 428.99
IPT(ours) SimCLIP 513.75 428.77

regions, but it still mistakenly identifies normal areas in images as
anomalies due to the inherent bias of the language branch towards
focusing on global semantic information. The qualitative results
demonstrate that the segmentation produced by our SimCLIP aligns
more closely with the ground truth compared to the segmentation
produced by the state-of-the-art method AnomalyCLIP. This illus-
trates the effectiveness of the proposed SimCLIP, which achieves
realignment of vision and language through bidirectional interac-
tion adjustments within both branches.

3 IPT VS. OBJECT-AGNOSTIC PROMPT
LEARNING

In this section, we conduct a comparative analysis between Im-
plicit Prompt Tuning (IPT) and Object-agnostic Prompt Learning
(OPL)[6], highlighting the advantages of IPT over OPL.

Firstly, IPT eliminates inherent bias in the language branch. The
OPL focuses on optimizing learnable word embeddings at the input
side of the language branch. Hence, it is more susceptible to the
inherent bias of the language branch, which only concentrates on
global semantics information extracted from text. This is evident in
the resulting visualizations(e.g., Figure 3,4). However, IPT refines
the original text features by combining a task-specific prompt em-
bedding on the output side of the language branch. This strategy
eliminates inherent biases on the language branch and enables a
focus on local semantic information, facilitating accurate anomaly
segmentation in images.

Secondly, efficient computation. Table 1 presents a comparison of
computation and memory overhead between IPT and OPL. The re-
sults indicate that under similar parameter conditions, IPT requires
significantly fewer FLOPs, demonstrating its superior computa-
tional efficiency.

Thirdly, stable optimization. OPL optimizes learnable word em-
bedding to capture the generic normality and abnormality in an
image. This process is similar to prefix-tuning, where directly up-
dating the word embeddings can lead to unstable optimization[4].
While IPT also encounters similar challenges, we mitigate this issue
by using a smaller matrix consisting of a large feedforward neural
network (MLP) to improve optimization stability.
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Figure 1: Qualitative comparison of zero-shot anomaly segmentation results on MVTec-AD benchmark.
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Figure 2: Qualitative comparison of zero-shot anomaly segmentation results on MVTec-AD benchmark.
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Figure 3: Qualitative comparison of zero-shot anomaly segmentation results on VisA benchmark.
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Figure 4: Qualitative comparison of zero-shot anomaly segmentation results on VisA benchmark.

523
524
525
526
527
528
529
530
531
532
533
534

536
537
538
539
540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567

568

576
577
578
579

580



ACM MM, 2024, Melbourne, Australia Anonymous Authors

581 639
582 bottle cable capsule carpet 640
583 Normal Normal Normal Normal 641
. oy o
585 643
586 644
587 645
588 . U SN JUC NN s B 646
589 . _ 647
w0 grid hazelnut Metal_nut pill o
591 et soamaty o, o, 649
592 650
593 651
594 652
595 653
506 o Anommaly Score e Anomaly Score N o score e Anomaly score " 654
597 screw transistor toothbrush Zipper 655
598 — — — — 656
. e, o o, .
600 658
601 659
602 660
604 - - - - 662
605 663
006 Figure 5: Statistical histograms of anomaly scores for each category obtained using the initial CLIP on the MVTec-AD benchmark. oot
607 665
608 666
609 bottle cable capsule carpet 667
610 668
611 oty Anomaly ooy Anomaly 669
612 670
613 671
614 672
615 & 1| 3 A I | 673
16 Anomaly Score Anomaly Score * " Anomaly score v o Anomely Score v 674
617 grid hazelnut Metal_nut pill 675
618 pric Aoy Aoty pri 676
619 677
620 678
621 679
622 680
623 . sty s 681
624 screw transistor toothbrush zipper 682
625 683
626 oty Aeomaty Anomaty oty 684
627 685
628 686
629 687
630 00 05 0o 05 o 0o 05 o5 10 688
631 ‘Anomaly Score Anomaly Score : ‘Anomaly Score Anomaly Score 639
632 690
633 691
o Figure 6: Statistical histograms of anomaly scores for each category obtained using the SimCLIP on the MVTec-AD benchmark. 62
635 693
636 694
637 695
638 696



Supplementary Materials

SimCLIP: Refining Image-Text Alignment with Simple Prompts for Zero-/Few-shot Anomaly Detection ACM MM, 2024, Melbourne, Australia

697

08 755
4 candle capsules cashew chewinggum 756
700 o, 757
01 758
702 759
703 760
704 761
705 - soonysere el ecay s N soalsscom 762
706 fryum macaronil macaroni2 pcb1 763
707 — — s
. pri® ) Ny 265
709 766
710 767
711 768
712 oo os 1o oo os ¥o oo 05 1o o o5 To 769
713 770
714 pcb2 pcb3 pcb4 pipe_fryum -
715 prosect protec poouet prooe® 772
716 773
717 774
718 775
719 776
720 o iR HIE s HIE & 777
721 778
722 779
723 Figure 7: Statistical histograms of anomaly scores for each category obtained using the initial CLIP on the VisA benchmark. 780
724 781
725 782
796 candle capsules cashew chewinggum 783
727 o, o, s, s, e
728 785
729 786
730 787
731 788
732 ° i sonlscom e somaySere M 789
733 fryum macaronil macaroni2 pcb1 e
734 791
735 Anomaly Anomaly Anomaly Anomaly 792
736 793
737 794
738 795
739 796
o P - roondy se roons s rory s 797
741 pcb2 pcb3 pcb4 pipe_fryum 798
742 pucicc priicy oy posic e
743 800
744 801
745 802
746 803
747 o Anomaly Score e Anomaly score e Anomaly Score " o srcmaly score v 804
748 805
749 806
750 Figure 8: Statistical histograms of anomaly scores for each category obtained using the SimCLIP on the VisA benchmark. o7
751 808
752 809
753 810
754 811

812



813
814
815
816
817
818
819
820
821
822
823
824
825
826
827
828
829
830
831
832
833
834
835
836
837
838
839
840
841
842
843
844
845
846
847
848
849
850
851
852
853
854
855
856

858
859
860
861
862
863
864
865
866
867
868
869
870

ACM MM, 2024, Melbourne, Australia

Table 2: Quantitative results of the 0-shot setting on MVTec-AD benchmark.

Anomaly Segmentation

Anomaly Classification

Object
AUROC AUPRO Fl-max AUROC AP F1-max

bottle 93.2 87.2 60.6 93.3 98.1 93.0
cable 79.2 60.5 17.9 73.7 83.9 78.0
capsule 95.5 91.9 27.1 79.4 95.0 91.5
carpet 99.5 98.3 77.0 100.0 100.0 100.0
grid 97.4 91.9 41.8 92.4 96.9 91.8
hazelnut 97.3 90.1 54.3 93.6 96.4 90.7
leather 99.6 99.2 57.6 99.9 100.0 99.5
metal nut 77.2 75.4 35.0 93.4 98.4 93.8
pill 86.2 94.4 35.1 84.4 96.4 92.5
screw 98.5 93.2 43.8 75.6 89.6 87.0
tile 95.2 93.0 72.9 100.0 100.0 100.0
toothbrush 93.6 89.3 35.8 85.6 94.2 88.2
transistor 70.4 53.0 17.2 82.6 81.5 74.4
wood 97.1 95.7 67.2 98.9 99.7 97.4
zipper 97.1 88.3 61.1 97.1 99.3 96.3
Mean 91.8 86.8 47.0 90.0 95.3 91.6

Table 3: Quantitative results of the 1-shot setting on MVTec-AD benchmark.

Anomaly Segmentation

Anomaly Classification

Object
AUROC AUPRO F1-max AUROC AP F1-max

bottle 974403  945+04  734+15  981+02  994+00  96.0+0.1
cable 89.7+0.2 84.9 +0.7 448+ 0.5 78.1 £0.7 86.3+1.2 79.8 £0.7
capsule 97.9 £0.1 96.9 £0.4 433+43 93.7£1.1 98.7 £ 0.2 943 +1.2
carpet 99.4 + 0.0 98.1+0.0 75.0 0.2 100.0 = 0.0 100.0 = 0.0 99.4+0.0
grid 98.1+£0.1 93.0 £ 0.5 47.9+0.2 99.2£0.2 99.7 £ 0.0 97.7£0.4
hazelnut 99.0 £ 0.1 95.8 £ 1.1 68.7 £ 2.2 99.6 £0.2 99.8 +£0.1 98.1 £0.7
leather 99.7 £ 0.0 99.2 £ 0.1 64.7 £ 0.4 100.0 £ 0.0 100.0 £ 0.0 99.5 £ 0.0
metal_nut 88.6+0.6  89.3+0.8  499+15  963+05  99.1+0.1  96.5+0.8
pill 95.0 £ 0.5 97.8 £0.2 56.5+ 1.7 944 +£0.3 98.9 +£0.1 95.4+£0.3
screw 98.6 £ 0.1 93.8£0.2 433+25 83.7+ 1.6 94.0 £ 0.7 87.9+0.5
tile 96.5+0.1 93.7+0.1 72.2+0.1 99.9 £ 0.0 100.0 + 0.0 99.4+0.0
toothbrush ~ 98.4+0.2  929+13  60.0+24  972+26  989+1.0  96.1+33
transistor 79.9 £0.7 64.9+ 1.0 353+23 919 +3.2 90.4+3.4 82.3+4.8
wood 97.6 £ 0.0 96.9 £0.0 70.6 £0.3 99.1 £0.1 99.7 £ 0.0 97.2+0.4
zipper 98.1+0.1 93.8+0.4 64.7+ 1.1 98.9+0.2 99.7+0.1 98.0 £ 0.2
Mean 95.6 £0.2 92.4+£0.2 58.0 £ 0.5 95.3+£0.3 97.7+0.3 945+ 0.5
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Table 4: Quantitative results of the 2-shot setting on MVTec-AD benchmark.

Anomaly Segmentation

Anomaly Classification

Object
AUROC AUPRO Fl-max AUROC AP F1-max

bottle 97.6 £ 0.1 943 £0.5 73.6 £ 0.6 98.3+£0.2 99.5+ 0.0 96.1 £0.1
cable 90.5+ 0.4 86.1+1.2 46.7+1.3 81.2+2.2 89.0+1.3 80.2+ 1.0
capsule 98.2+0.0 974 £0.1 45.7+ 1.1 953 +£0.3 99.1+0.0 95.5+0.4
carpet 99.5+ 0.0 98.0 £ 0.1 75.5+0.4 99.9 £ 0.0 100.0 £ 0.0 99.4 £ 0.0
grid 98.4 £ 0.2 94.8 £0.2 48.8 +0.6 99.4+0.1 99.8 £ 0.0 98.0 +£ 0.4
hazelnut 99.2+0.1 96.4 +£ 0.8 72.7+1.5 99.7+0.1 99.9+0.0 99.1+0.3
leather 99.7 £ 0.0 99.1 £0.1 63.9+0.4 100.0 £ 0.0 100.0 £ 0.0 99.5 £ 0.0
metal nut 90.3 +£0.2 90.6 £0.1 53.8+£0.5 96.8 £0.5 99.2+0.1 96.7 £0.8
pill 95.5+0.1 97.9+0.1 58.5+0.2 943 +0.2 98.8 £0.0 95.5+0.2
screw 98.5+0.2 93.8 £0.9 40.7 £5.0 85.5+3.7 945+ 1.8 89.6 +1.1
tile 96.8 £ 0.0 93.9+0.2 72.7+0.1 99.9 £ 0.0 100.0 £ 0.0 99.6 £0.3
toothbrush 98.5 £+ 0.0 94.0 £0.9 594+ 0.6 98.6 £0.8 99.4+0.3 97.9£0.8
transistor 80.8 £ 0.0 65.8 £0.6 36.6 £1.0 93.1+1.5 92.5+ 1.5 85.7+3.5
wood 97.6 £0.2 96.9 £ 0.1 69.8 £ 1.0 99.1 £0.0 99.7 £ 0.0 97.5+£0.0
zipper 98.3+0.1 943 +0.4 65.5+0.9 99.0 £0.2 99.7 £ 0.0 98.0 £0.4
Mean 96.0 £ 0.2 92.9+0.1 58.9+0.1 96.0 £ 0.2 98.1+0.1 95.2+0.1

Table 5: Quantitative results of the 4-shot setting on MVTec-AD benchmark.

Anomaly Segmentation

Anomaly Classification

Object
AUROC AUPRO F1-max AUROC AP F1-max

bottle 97.8+0.1  948+0.6 745+1.0  985+02  995+0.0  96.3+0.4
cable 91.0+ 0.4 86.9+0.4 48.0+ 1.5 82.7+ 1.6 89.5+1.4 81.6 1.2
capsule 98.3+£0.1 97.2 £0.7 445+5.3 949 +£1.5 98.9+0.3 95.1+1.1
carpet 99.5+0.0 97.9+0.2 75.4+0.1 100.0 = 0.0 100.0 = 0.0 99.4+0.0
grid 98.5+0.2 94.6 £ 0.1 49.1+1.0 994 £0.2 99.8 £0.1 97.6 £0.4
hazelnut 99.4 £ 0.0 96.7 £ 0.4 75.1+1.8 99.8 £0.0 99.9 £ 0.0 99.1+£0.3
leather 99.7 £ 0.0 98.7 £0.2 62.2+0.4 100.0 £ 0.0 100.0 £ 0.0 99.5 £ 0.0
metal_nut 90.4+0.2  90.8+0.1  548+04 978405  99.4+0.1  97.4+0.4
pill 95.3+0.2 97.9 £0.0 57.6 £1.2 94.7 £0.2 99.0 £ 0.1 95.4 £ 0.0
screw 98.9 £ 0.1 95.5+0.4 449+43 87.6 £ 2.0 95.5+ 1.0 89.6 £ 0.7
tile 96.7 £ 0.3 93.5+0.8 72.0+0.9 100.0 £ 0.0 100.0 = 0.0 99.4+0.0
toothbrush ~ 98.8+0.3  948+0.8  62.1+25 983+14  994+05 967 +24
transistor 81.9+0.5 65.8 0.7 36.4 £+ 0.7 93.7+£0.4 92.5+0.5 86.7 0.8
wood 97.7 £ 0.0 96.9 £0.0 70.3+£0.3 99.1 £0.0 99.7 £ 0.0 97.5 £ 0.0
zipper 98.4+0.1 94.6 £ 0.5 66.4 + 1.3 99.7+0.1 99.9+0.0 99.2+0.0
Mean 96.2 £ 0.1 93.1 £0.1 59.6 £0.2 96.4 £0.2 98.0 £0.2 954 +£0.2
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Table 6: Quantitative results of the 0-shot setting on VisA benchmark.

Anomaly Segmentation

Anomaly Classification

Object

AUROC AUPRO F1-max AUROC AP Fl-max
candle 98.7 95.5 40.8 91.0 92.0 83.6
capsules 96.5 89.4 43.1 74.8 82.8 80.6
cashew 92.5 95.3 29.2 86.4 94.4 86.3
chewinggum 99.5 91.3 78.0 98.6 99.4 96.9
fryum 93.8 92.0 30.6 89.8 94.8 88.4
macaronil 99.2 96.1 31.8 75.4 77.1 72.4
macaroni2 98.2 89.0 6.20 75.2 75.7 73.8
pcb1 93.8 88.9 12.3 75.0 75.3 73.6
pcb2 92.2 77.1 22.1 78.8 78.6 75.0
pcb3 90.6 77.7 21.8 62.4 69.5 66.40
pcb4 95.2 86.9 29.1 96.2 96.2 90.2
pipe_fryum 97.0 97.0 40.6 93.0 96.4 91.0
Mean 95.6 89.7 32.1 83.1 86.0 81.5

Table 7: Quantitative results of the 1-shot setting on VisA benchmark.

Object Anomaly Segmentation Anomaly Classification

AUROC AUPRO F1-max AUROC AP F1-max
candle 99.0 £0.2 97.8+0.3 38.9 £4.0 934+1.1 943+0.9 86.8 £0.5
capsules 98.2+0.3 91.4+0.9 47.6+1.3 95.9+0.1 97.7+0.0 91.6 £ 0.5
cashew 953+0.3 96.3+0.4 50.7 £ 0.6 953 +0.5 97.9+£0.1 92.3+0.6
chewinggum 99.7 £ 0.0 95.8+0.1 72.1+0.6 98.8+0.1 99.6 + 0.0 98.2+0.2
fryum 96.4+0.1 93.8+0.3 423+04 97.3+0.3 98.6 £0.1 95.5+0.4
macaronil 99.6 £ 0.0 97.0 £ 0.4 22.6 £33 93.0+1.3 94.4+0.8 86.8+1.4
macaroni2 97.9£0.8 90.2+1.9 18.7 £ 0.6 86.3 £ 1.7 88.6 £1.2 784+ 1.6
pcb1 97.9+0.1 93.5+0.4 41.6+0.8 96.2+0.2 96.4 + 0.2 90.1+0.3
pcb2 96.3+0.4 84.7+1.1 334+1.1 853+14 87.7x1.7 779+ 1.4
pcb3 94.8 £ 0.1 87.1+1.5 41.5+0.5 79.0 £ 8.3 81.3+£8.2 74.9 £ 4.2
pcb4 96.3+0.2 87.2+1.1 29.8+2.0 97.0 £3.2 97.5+2.3 92.2+53
pipe_fryum 97.9+0.2 97.5+0.2 455+ 1.1 98.8+0.1 99.4+0.1 98.0 £ 0.7
Mean 97.4+0.1 92.7+0.2 40.4+0.5 93.0+1.1 94.5+0.9 88.5+0.7
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Table 8: Quantitative results of the 2-shot setting on VisA benchmark.

Anomaly Segmentation

Anomaly Classification

Object
AUROC AUPRO F1-max AUROC AP Fl-max
candle 99.1+£0.1 97.8+0.1 39.0£3.3 92.7+ 1.5 93.7+1.1 86.0 £ 1.0
capsules 98.5+0.1 90.1+0.2 474+ 24 96.0 + 0.4 97.8 +£0.2 91.9+0.8
cashew 953+0.1 95.2+ 0.6 53.9+04 953+ 0.6 97.8 £0.2 91.9+ 0.6
chewinggum  99.7 £ 0.0 95.7+0.2 73.1+1.3 99.0+0.1 99.6 £ 0.0 98.1+0.5
fryum 96.6 £ 0.4 93.7+0.3 44.2+0.2 97.6 +0.4 98.8 £0.2 95.6 +0.7
macaronil 99.6 £ 0.0 97.4+0.2 27.4+3.5 94.0 £ 1.3 95.0+ 1.0 86.8+1.4
macaroni2 98.1+0.3 91.4+0.9 219+1.3 85.7+1.1 88.1+1.1 77.5+0.7
pcb1 98.4+ 0.4 943+ 0.4 49.0 £ 8.2 95.7+ 1.6 96.0 +1.3 91.1+1.8
pcb2 96.8 £0.1 86.6 £ 0.6 33.4+1.6 86.1+0.9 88.5+0.7 78.2+1.3
pcb3 95.4+0.2 89.9+0.5 47.7+0.7 854+ 1.7 87.6+1.3 79.1+ 2.0
pcb4 97.0 £0.1 91.0 £ 0.5 33.5+£27 984+ 1.1 98.4+1.1 943+ 2.3
pipe_fryum 98.1+0.0 97.5+0.0 483 +1.2 98.9+0.2 99.4+0.1 98.3+0.2
Mean 97.7+0.1 93.4+0.0 43.2+0.8 93.7+0.2 94.9+£0.2 89.1+£0.2
Table 9: Quantitative results of the 4-shot setting on VisA benchmark.
Object Anomaly Segmentation Anomaly Classification
AUROC AUPRO F1-max AUROC AP F1-max

candle 99.3+£0.0 98.2+0.0 40.7 £ 2.8 941+ 1.5 94.8 £1.0 87.9+1.5
capsules 98.9+0.0 92.9+0.7 50.6 + 0.4 96.6 + 0.4 98.2+0.2 93.7+ 0.6
cashew 95.2+0.2 95.9+0.4 54.6 £ 1.5 955+ 0.7 97.8 £0.4 923+0.9
chewinggum 99.7 £ 0.0 95.8+0.4 70.7 £ 0.4 99.1+0.0 99.6 + 0.0 98.3+0.2
fryum 96.7 £ 0.1 94.0+0.1 45.5+0.8 97.6 +0.4 98.8 £0.2 954+0.4
macaronil 99.6 £ 0.0 97.6 £ 0.1 26.8 £ 2.8 94.2 £ 0.5 95.2+0.4 88.0+1.4
macaroni2 98.2+0.2 91.5+0.7 20.4+£0.8 87.4+0.7 89.4+£0.5 79.2+0.9
pcb1 98.8 + 0.4 94.9 £ 0.8 58.8+9.1 95.3+1.0 96.0 = 0.6 90.5+1.3
pcb2 97.1+0.1 87.8 £0.5 35.7+0.0 88.4+£0.2 90.3+0.2 82.0+0.4
pcb3 95.9+0.1 91.4+0.7 49.8+1.2 86.9+1.2 88.7+ 1.5 81.6+2.4
pcb4 97.3+0.1 91.8 £ 0.6 319+ 0.6 99.3+0.1 99.2+0.1 96.9 +0.2
pipe_fryum 98.3+0.0 97.6 £0.3 49.5+1.0 99.0 £ 0.2 99.4+0.2 97.8+£0.2
Mean 98.0 £0.2 94.1+0.1 44.6 £1.1 94.4+0.1 95.6 £0.1 90.3+0.2
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