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 Anomaly detection (AD) aims to identify defective images and localize the defects.

*  Fig. 1 shows that AD models should be able to detect defects over many image * The proposed training pipeline, LTAD, contains 2 phases exp100 Det. 75.89 7892  79.57 82.43 87.70 87.44 88.74 88.86
classes - Phase 1: Learn to synthesize feature for tail classes y % o ~ Seg. N/A 8595  8.17 9520  93.95 89.68 94.00 94.46
’ : : , : K¢ Tex
(1) without relying on hard-coded class names that can be uninformative - Phase 2: Train to predict the anomaly map using the real/synthesized feature Pseudo class name s, =»{ T Phase 1 Det. 75.07 79.93  78.82 N/A 86.21 85.80 86.94 86.05
| - ' e Eorimpl - h ined visual-l del ALIGN I3 Encocet ep200 g N/A 8601 8295  N/A 9326 90.15 93.40 94.18
3) robust to the lone-tailed distributions of real-world abplications. which contains a text encoder and an image encoder that align the image and t, . Det. 76.57 79 61 69.82 81.54 83.37 85.95 87.05 87.36
5 PP ¥ = F,(2) 4 step100 e
° To address these Cha”enges) we formulate the problem Of Iong_talled AD by text to the same feature Space. ‘-’ ‘‘‘‘‘ el z -[ ¥ g } N('u 0_) —| 2 |mage (l,) P Seg N/A 85.90 79.65 95.10 91.47 89.28 03.13 w
introducing several datasets split with different levels of class imbalance. Image[ Fneocer o = F;(2) KL e Decaet step200 Det. 76.53 7931  71.64 NA  81.32 82.47 85.33 85.60
« A novel method, LTAD, is proposed to detect defects from multiple and long-tailed Phase 1: Class sensitive data augmentation 8 ¥ 1 1 Seg. N/A 86.03 76.79 N/A 89.29 89.45 01.78 92.12
classes, without relying on dataset class names. * Goal: Learn to synthesize feature for tail classes. La er1 La er2 Layer L il N(O, ) Layerl Layer2 Layer L-1 Table 1. Quantitative result on MVTec [1] dataset.
/ N models for N categories \ / Ambiguous class name \ / Balanced distribution \  With ALIGN, we proposed a text conditional VAE for synthesizing features Confiz. Task RegAD UniAD AnomalyGPT LTAD wloSAD LTAD  Configz Task RegAD UniAD AnomalyGPT LTAD w/o SAD LTAD
—| Model1 1= Normal #oAfsampIes (top of Fig. 3). 1real real real 1SJTn 25511 fLs_Eln o100 Det. 7136 77.31 70.34 79.27 80.00 exp100 Det. 84.86 84.34 85.31 93.35 94.40
* Since the class name is unknown, a pseudo class nhame s, is learned for each MSE Loss (I, ) | ; ; Seg. 9440  95.03 80.32 95.07 95.56 Seg. 9029 9013 77.20 96.93 97.30
real - syn Det. 7210  76.87 69.78 78.55 80.21 Det. 8486  83.56 83.29 92.83 94.29
—>| Model2 |— Normal category c. \_Real Featuref < > Synthesized Feature f™™ /- epo00 Seg. 9460  94.80 79.48 94.51 9536 PV ses 0020 8973 77.16 96.16 97.19
; —‘E  MSE loss minimizes reconstruction difference of encoder/decoder feature. f Normal Prompt \ o Dt NA 7367 68.18 7725 78.53 sop Det 8486  8L3S 8347 92.08 93.54
 Sr— . . . . . €x 0404 exp 95.99
—| ModelN |= Defect Bot.tle category Bgttle category ° KL dlvergence IOSS regula rizes the Iatent d|str|but|0n. [Un' S ] i X Text - tn - Ssem(pi; C) Phase Z P Seg. N/A 94.35 78.83 94.04 94.66 Seg. 90.29 88.63 76.87 95.99 97.01
Raicachl / \_ inMVTec in GoodsAD/ K o / [ i c] — E . T ) ' § i geplop Det 7180 7883 71.98 82.80 8480 oo Det 8486  8LII 86.48 91.94 93.97
v S| = Encoder = --—'% . 94, . . . . Seg. 9028  89.11 7876 9638 97.07
/ Allin-onemodel ™\ /" Not meaningful class name \ / onElaied CsbuCon \ Abnorm;I Prompt v ]S)egt jj 23 332 z 3(; :g_;g :f; Dei 8486 8033 84.73 9178 9379
f | - : et. ! . . 83.79 . et. . . . 91.78 :
‘ RE— G Phase 2: Anomaly Detection pi SAD module b+ [ | oss 0200 g0 452 9566 81.97 95.89 9627 PN oo 0020 8907 7829 96.04 96.84
e Goal: Train to predict the anomaly map using the real/synthesized feature. il e [(5 Patch e 62.88 82.42 8333 oy Det 8486 8004 85.08 91.82 9278
-»‘ Model = Normal  Phase 2 takes normal feature p/* as input (i.e. Real feature or synthesized feature e PfOJeCt'ONS o, PP Seg LGSR TUT 8148 9550 9641 acll - e e AU
from phase 1). I 1 1T p - {pl P Z ) Table 2. Quantitative result on VisA [4] dataset. Table 3. Quantitative result on DAGM [5] dataset.
5 oo ’,—"" ] 1 ) ...,W
> Defect "CB,tc\j‘_ts‘i\gOfV PCB_an\j‘FS‘ZgOW 1 * Since only normal patch feature p;* is available during training, noise is added to e e T — _ |
| | | | » ] = . L & M
\ / \ EateROics / the normal feature to create abnormal feature p;*. Select fsy'n with Laver  am By | Reconstruction L
Fig 1. Challenges of long-tailed AD include (Left) designing a single model to detect anomalies over * Phase 2 contains 2 submodules, including the semantic AD (SAD) module (top of orobability p CW'Se -’=== ? ===-> MOdu{_T (RM) : _ o
multiple image classes, (Middle) uninformative class names, and (Right) long-tailed data distributions. Fig. 3 phase 2) and the reconstruction module (RM) (bottom of Fig. 3 phase 2). f l ‘ oneat. p {r{'} 9 4 e | GT tadk ey e — ' Fig 5| Qra:tltatlve
. l : ( nput Image .T. Mas .T. Mas t t
* Reconstruction module (RM) ‘ IR0lse Wl :)iil:)ofed L‘;AD
Dataset Split & Preliminary Study - Maps the input feature to normal feature and the MSE loss is used to minimize g s I R T e 4 ‘ ~nd the baseline.
' ictributi - ||p* — RM (p®)||3 during trainin Real Feature rec HOS5
* To study how long-tailed distribution affect the performance, we first proposed Pi . Pi )ll2 g g
several new long-tail dataset splits, as shown in left of Fig. 2 * Semantic AD (SAD) module R Fig 3. The proposed LTAD training contains Phase 1 (Top) and Phase 2 (Bottom). nputimage  G.T. Mask LTAD nputImage ~ G.T. Mask
- Imbalance type (e.g. exponential decay and step decay) - Maps a patch feature p;to text space and the projected feature is denoted as p;.
. N , - The learned pseudo-class name s, is concatenated with normal prompt v" ien 5., text Detection Segmentation v
- Class imbalance factor § = maxiNe} \where N. is the sample number of class ¢ P ¢ . promp /Normal Prompt N ot enoadar T , , o abroken  adamaged  anabnormal  adefective
min{Nc} (e.g. anormal s.) and abnormal prompt v“ (e.g. a broken s.). [v"se] = Text I tne ® > Ssem(Pi, ©) Al High Low All High Low T 8112/9136 £295/0170 220/9133 8366/ 9L87
* Performance degrades as the number of sample decreases (See the right of Fig. 2). - The text encoder T outputs the normal text feature t,, . = T([v"; s.]) and the [v%; sc] = Encoder [=t,¢ ’?_ 4 X v 7276 8106 6549 6374 6209 6518  anormal | 8371/9139 8274/9121 8347/91.23 82.94/91.26
Full Data vs Exponetial Imbalance Stat. Full Data vs Exponetial Imbalance AD b | £ —T a. ’ Abnormal Prompt ' - v X 59.79 6334 56.69 69.83 7095 68.85 a good 75.68/90.75 82.14/91.22 81.03/91.15 82.09/91.23
400 100 ] abnormal text feature t, . = ([v%; scD. Pi Anomaly v v 8412 97.02 7284 9136 9513 88.07 aflawless | 65.63/87.61 79.09/91.00 76.13/90.24 83.89/91.42
oo | i ] _ exp(Di-tac) Patch SAD module }—+» Score
- The semantic anomaly score of a patch p; is Ssem (pi) - = ==, y — Fusion Table 4. Importance of pseudo class name s, on Table 5. Ablation on different normal/abnormal text
% exp(Ditn,c)+exp(Di-ta,c) Image Projections @, c
7 _ Ground truth is 1 when p; = p® and vice versa Encoder ¥ 4 MVTec-step100. prompts (i.e., v* and v™ ) on MVTec step100.
250 - i — Vi .
] - Bi ' [ ini bi vie{l,..,wH
. 80 Binary cross entropy (BCE) loss is applied on each patch for training. I I ] .L i €{1,.., wH} Acknowledgement

Tmage AUROC

Number of sample

= 70 Layerl Layer2 Layer L-1 Layer Reconstruction CH and KCP were supported by Mitsubishi Electric Research Laboratories. CH and NV were partially funded by NSF awards 11S-2303153 and
100 | — Inference . wise - Module (RM) gift from Qualcomm.
— exp
i — ex . . . _ 2 l l l COncat H
50 o0 { 2020  During testing, RM anomaly score of a patch p; is Sy (p;) = |lp; — RM(p;)]|5. l Lo free L’”_f{‘ {p; . B .
0] e - When p;is normal, Sy (p;) is small J |—> —
T | | T | l l l T l l ’ RM pl real TGC (pl
@&% Q;o*-b,;@:ﬁ ,\\ S @":;QG @‘*"’3@ & @"‘}6@6@&9& - When piiS abnormal, SRM (pl) is |arge \ Real Feature f | / [1] Bergmann et. al, MVTec AD — A comprehensive real-world dataset for unsupervised anomaly detection. CVPR 2019
¥ © ,@é"‘ e C . h | g | f dwithad ifi [2] You et. al. A unified model for multi-class anomaly detection. NeurlPS 2022.
Category Category The SAD anoma y Score an RM anoma y score are tused with a dataset specific Fig 4. Inference stage of the proposed LTAD. [3] Jia et. al, Scaling up visual and vision-language representation learning with noisy text supervision. ICML, 2021
Fig 2. Image classes (x-axis) are sorted by popularity. (Left) Dataset distribution of MVTec hyperparameter A. [4] Zou et al. Spot-the-difference self-supervised pre-training for anomaly detection and segmentation. ECCV 2022

[1] vs. long-tailed version. (Right) AD performance of UniAD [2] on the two datasets. [5] Wieler et al., Weakly supervised learning for industrial optical inspection, 2007.



	Slide 1

