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Few-Shot Anomaly-Driven Generation for Anomaly Classification
and Segmentation (ECCV 2024)
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Few-Shot Anomaly-Driven Generation for Anomaly Classification
and Segmentation (ECCV 2024)

* Introduction
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Few-Shot Anomaly-Driven Generation for Anomaly Classification
and Segmentation (ECCV 2024)

* Method
Cr=o| BHAE 8ol RE = s
- Learn Anomaly Embedding

- Guiding Anomaly Generation

-Weakly-Supervised Anomaly Detection

% Fixed Parameters ; = Input -
6 Learnable Parameters : = Output

Pre-Trained % f Pre-Trained Weakly-Supervised
Latent Diffusion Model Latent Diffusion Model : Anomaly Detection Modc.l
E
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Few-Shot Anomaly-Driven Generation for Anomaly Classification
and Segmentation (ECCV 2024)
» Method

Step-1: Learn Anomaly Embedding

- & K| anomaly image2| semantic 582 282 &

%t
~Pretrained LDM2| IL}2}0] E

Aotz H|E a0 = = =
178, LDM| conditional RIH| S-S CHKIE RIS vector
7|2t
v = argminLLDM(Ig,t 'U)
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;+IT: A K| anomaly image
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-st&El | F 0] & A anomaly imaged| CHot £ A O|O|X| 444 guide
- Loss function
Lypy = Ee(c),e.t,0(l|(e — €a(e(I7 ), t,v)) © M ||3],
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Few-Shot Anomaly-Driven Generation for Anomaly Classification
and Segmentation (ECCV 2024)

* Method
- Stage-2: Guiding Anomaly Generation

~Input image 2 normal image [,,= M Z &
-Bounding box maskE AFE5+0] 44 =l anomaly size@t 2/ X|E regulate SH2{ 12 S-S
-Stage-10{| A] & A|Z] LDM embedding vectorZ inference
s:Box L A 74|, box 2|52 BH2 1, | =O|= HTL2 = THH|E
s+ Inputimagel| E G0 M=l anomaly defect7t X|& = JE=E X 7ts
2 =28 © (1 — M) + zt ® M
s'e zh o time step tO[ A1 2] e(1,,) 2| =0|= H T
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Few-Shot Anomaly-Driven Generation for Anomaly Classification
and Segmentation (ECCV 2024)

* Method
- Stage-3: Weakly-Supervised Anomaly Detection

-Bounding box L 2| &’20| 2% anomalous®t pixelO| Ot'd &= L2 B 2 sypervisionO|
O =l weakly supervision= A& — weakly supervised lossE & |

— ThresholdZ}Of| [}2f 02 normal @ B2, lossE 022 M A|, LIHX| EtA 9 FYofl=
focal loss A&

Lseg — LFocaE (A/Ia ﬂj{)a

- Discriminative sub network2| 7 | weakly superwsed loss& L1 &€=
Mbox anoma|y AHA—I A| 7<O—|7E| HEA |:||.

;=8 normal @1 & 440 threshold ECt 2 4—?— 1, OtL|® 0

!

box box
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Few-Shot Anomaly-Driven Generation for Anomaly Classification
and Segmentation (ECCV 2024)

« Experiments

- Implementation Details
-Datasets
;= MV Tec dataset
- Learning embeddings and generated images
;= "defect"E CLIP text encoderE Sl AHE — =7|=t=l H|E v &S
sov St &= EHAIO| A A K| anomalyOil A 37H2| O|O| X| random sampling

si= Anomaly 8- THA|: Zf object Of CHSH 271 2| DfATE £ M, ZF OfA3T AFE
— 271 O] &2l O|O|X| 44

-Bounding box generation

;:: GrabCut AF-& 0| Af &2 foreground B S, bbox 1 XFH F 0| |2 50% loU 7HX| ==
X =HE
M X
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Few-Shot Anomaly-Driven Generation for Anomaly Classification
and Segmentation (ECCV 2024)

« Experiments

- Implementation Details

- Anomaly detection task
:': Baseline: DRAEM, DeSTSeg

2 8hE Al B2 anomaly?t == HH 22 g%t anomalyE 05 HEE FAQ MEZ
| imbalance 7 — metric =X| SFA

s =29 R O| normal, anomaly class 7+2
:': DRAEM, DeSTSeg2}2| H| ! — M=l anomaly O|0|X|7} &&50| =2 &= X| A5
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Few-Shot Anomaly-Driven Generation for Anomaly Classification
and Segmentation (ECCV 2024)

« Experiments

- Quantitative results

Metrics | CS-FLow PaDim PatchCore RD4AD | DRAEM AnoGen | DeSTSeg AnoGen
1 AU-ROC | 97.5 91.2 97.8 98.7 97.1 98.7(1.61)| 98.3 98.8 (0.51)
SRS Avepm 97.7 94.2 98.8 97.8 98.5 99.5 (1.01)| 99.4 99.6 (0.2 1)
piney | AU-ROC | 93.4 96.9 97.5 93.9 96.8 98.1 (1.3 1)| 98.2 98.8 (o () )
U Au-Pr 59.6 48.5 61.7 55.4 67.4 73.2(581)| 76.6 78.1(1.51)

-DRAEMZ| image level AUROCZ} 1.6% 24, DeSTSeg+ 0.5% 24!

- A anomaly2t L X|SH= anomaly A& — anomaly segmentation model2| ‘d& 24
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Few-Shot Anomaly-Driven Generation for Anomaly Classification
and Segmentation (ECCV 2024)

» Experiments

- Qualtitative results
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An Incremental Unified Framework for Small Defect Inspection
(ECCYV 2024)

g
°

|
=]

. 7|=

rron o

o[y T

R 47 T 8k

SOGANG UNIVERSITY

=
=

D2} &0 memory bank2} binary classifierE O| &3l incremental learning=
5|

=

(A) One-Model-One-Object

(C) One-Model-N-Objects

®-
@ -5
-

(D) One-Model-N-Objects
with Object-Incremental
13

(B) One-Model-One-Object

with Defect-Incremental

®-

i

(E) One-Model-N-Objects
with Incremental-Unified (Ours)

VDS

-
=
m



An Incremental Unified Framework for Small Defect Inspection
(ECCYV 2024)

- H|2tol= EE

- Unified setting anomaly detection = 2 1} object incremental learning & & ¢t
oA

- Memory bank 0| feature M& 2 2 Q10| CHFSt objectO| CHSH pixel ==2| H & ot
defect Al 7HSSHA &

- Object class feature & — object= 7t semantic space = 2| 5= OASA(Object
Aware Self Attention)X| ©F
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An Incremental Unified Framework for Small Defect Inspection
(ECCYV 2024)

» Background
- Catastrophic forgetting

- M 22 object O|0{ A| &t& Al, modelO| O™ semantic patterns H A M A &1 Zt 5t feature

0 O HFA| —
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An Incremental Unified Framework for Small Defect Inspection
(ECCYV 2024)

* Method

- ldentifying Semantics Boundary

- 7| & unified setting anomaly detection= S}L+2| auto-encoderZ 2= objectE & &
reconstruction

;= Semantic space/} B SHA 2|0 7| E object?| feature space T+&= 210| 2H[O|E
29 I:II-AH

v “Catastrophic forgetting
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An Incremental Unified Framework for Small Defect Inspection
(ECCYV 2024)

* Method

- Identifying Semantics Boundary

- Reconstruction network®| semantic boundary =2} ¢/l OSOA(Object-Aware Self-
Attention) &7

:'=+ - Hadamard product
2 C,, X step2| semantic feature

vC,. = QOl £ — reconstruction network+= semantic boundary *| &
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An Incremental Unified Framework for Small Defect Inspection
(ECCYV 2024)

e Method

- Compacting Semantic Space
- Latent feature & SVD =05{5t0] CtZ1F 20| &2

T
M=USV
g1 0 - 0
_ - o -
uny urs wgs o ugp| |0 92 0 vir via - vie T\ T
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~Eigenvalue2| 37|2} 2|0] HEO| SR =7} H|g| —» SR5IX| U2 feature BES2 Y=
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An Incremental Unified Framework for Small Defect Inspection
(ECCYV 2024)

* Method

- Compacting Semantic Space

- Loss function

L =MXoLi1+ MLcg + AaLg.
st Lse = Xiot 0y

- Reinforcing Primary Semantic Memory

- 0| object2t A 22 object 7t & L2 3t feature space & & — catastrophic forgetting ¢

-LrEo| & =X s &0l S8

7t& X[ update A|, O|F 2| 2|0 HE FX|

2 S A0 M 22 objectd] CH et X[4 =50 HA O|7H object@f £ & =l semantic spaced|
3| W OF O] K[ = HhEH EFAH
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An Incremental Unified Framework for Small Defect Inspection
(ECCYV 2024)

* Method

- Reinforcing Primary Semantic Memory
- 0| semantic & | X|
0, « 0, + Vo + 5o
7|& Z4HQ| o|O] SX| 28H A incremental 2 0| Al 7| = object2| weightS
A& XMoo= E3kelof & — O|H weightS K|SO 2 ZAf
- Decreasing Rewriting of Prior Semantics
;= O] semantic spaceOl| M 2| 745 X| update A
vMZ 2 object”} 2|0 &7t AFEY o= U= = X ot—feature 5= A2
vVe; = V.V,
;- Y O|0| E 7H&E K| E O] object2| Sl A 2 spaceZ projection
2(k,c) =k x log(c),
;- YOOI E Mef= 2ol 21l M et AFE
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An Incremental Unified Framework for Small Defect Inspection
(ECCYV 2024)

» Experiments
Al

- Quantitative results
- EH THA| (single-step) 2 &1 CHEFA| (multi-step) 278 25F0{A A

U & baseline= incremental learning protocol 2! CAD2t &2
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An Incremental Unified Framework for Small Defect Inspection
(ECCYV 2024)

» Experiments

- Quantitative results

-UniAD7} catastrophic forgetting =&l £ 431 Y= A2 L = UAS
- CHE incremental learning 2211 Zgtor Z 00| Al 2t3E| AKX T =F 0| A K| etot

B 0| SOTA Hd
(A) Quantitative Performance in MvTec [3].
14 — 1 with 1 Step | 10 — 5 with 1 Step | 3 x 5 with 5 Steps |10 — 1 x 5 with 5 Steps

ACC(T)  FM()) | ACC(1) FM(l) | AcC(1) FM(}) | ACC(1) Fl-I(J,)
PaDim [10] 57.5 /77.123.1 /202644 /814 9.1 /141 60.0 / 76.16 22.6 / 20.353.9 / 68.4 18.1 / 24.1
PatchCore [26] 66.5 / 83.8 34.2 / 24.1/169.6 / 62.4 22.6 / 25.2 62.4 / 77.9 37.3 / 22.1|55.3 / 73.8 30.8 / 275
DRAEM [35] 51.1 /61.2 82 /8.2 |58.0/63.2 118 /39 549 /576 26 /98 (523 /59.0 13.8/8.8
UniAD [34] 85.7 / 89.6 18.3 / 13.3|86.7 / 91.514.9 / 10.6 81.3 / 88.7 7.4 /10.6 |76.6 /823 21.1 /173
UniAD [34] + EWC [16] 92.8 / 95.4 4.1 /1.9 190.5/93.6 7.3 /42 79.6 /890 95 /10.189.6 /938 54/36
UniAD [34] + SI [36] 85.7 / 89.518.4 / 13.4/84.1 / 88.320.2 / 17.0 81.9 / 88.5 7.0 /10.8|77.2 / 81.6 20.2 / 18.2
UniAD [34] + MAS [2] 85.8 / 89.6 18.1 / 13.3|86.8 / 91.014.9 / 11.6 81.5 / 89.0 7.2 /10.2|77.9 /820 19.5/17.7
UniAD [34] + LVT [31] 80.4 / 86.029.1 / 20.6/87.1 / 90.6 14.1 / 12.3 80.4 / 83.6 8.6 / 10.6 |78.2 / 83.3 19.1 / 16.1
CAD + DNE [18] 845 /NA -20/NA|878/NA 11/NA 803/NA 6.6 /NA |77.7 /NA 9.7/ NA
CAD [18] + CutPaste [17] 84.3 / NA -1.6 / NA |87.1 / NA -0.3 /NA 79.2/NA 126 /NA|70.6 / NA 202/ NA
CAD [18] + PANDA [25] 50.0 / NA 6.0 / NA |554 /NA 89 /NA 624 /NA 36.8/NA|51.3/NA 10.3 / NA
Ours 96.0 / 96.3 1.0 /0.6 [92.2 /944 93 /63 84.2/9 100 /8.4(94.2 /951 3.2/ L.
R AT | V
SOGANG UNIVERSITY 22 A



An Incremental Unified Framework for Small Defect Inspection
(ECCYV 2024)

» Experiments

- Quantitative results
~VisA datasetOfl A 2| Z 1t
(B) Quantitative Performance in VisA [39].
11 — 1 with 1 Step | 8 — 4 with 1 Step [8 — 1 x 4 with 4 Steps
ACC(t) FM(l) | ACC(1) FM({l) | ACC(t)  FM(})

PaDim [10] 59.7 / 84.3 20.6 / 14.2|160.3 / 84.2 21.8 / 14.0/54.3 / 83.4 21.1 / 9.7
PatchCore [26] 66.0 / 85.6 30.0 / 13.0(67.4 / 86.4 33.3 / 14.3|56.2 / 83.6 34.8 / 124
DRAEM (35] 48.4 / 60.5 30.6 / 15.8|63.6 / 49.6 17.7 / 29.7|51.8 / 63.4 25.9 / 10.5

UniAD [34] 75.0 / 92.1 22.4 / 11.4|78.1 / 94.0 14.7 / 8.4 |72.2 / 90.8 16.6 / 9.2
UniAD [34] + EWC [16] 78.7 / 95.4 14.9 / 4.8 |80.5 / 95.4 10.0 / 5.3 [72.3 / 92.3 16.5/ 7.3
UniAD [34] + SI [36] 78.1 /92.016.9 / 11.5/80.8 / 93.9 9.2 / 8.3 [69.8 / 83.5 19.8 / 12.0
1.
)

UniAD [34] + MAS [2] 75.4 /91.821.5 / 11.9/78.4/ 94.0 14.1 /8.4(72.1 /90.6 16.7 /9.4
UniAD [34] + LVT [31] 77.5/92.3 17.3 / 10.9|78.8/ 94.1 13.4 /8.1 |70.8 / 91.4 18.3 / 8.4
CAD + DNE [18]  71.2/NA -10.2 / NA|64.1 / NA 6.1 / NA |58.6 / NA 10.2 / NA
CAD [18] + CutPaste [17] 65.8 / NA 3.5/ NA |63.2 /NA 5.1 /NA [56.2 /NA 13.9 / NA
CAD [18] + PANDA [25] 55.7 / NA -1.7 / NA [56.7 / NA -3.3 / NA |56.0 / NA -0.3 / NA

Ours 87.3 /976 2.4 /1.8 (80.1 /954 152 /6.1|79.8/95.0 9.8/6.8
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An Incremental Unified Framework for Small Defect Inspection
(ECCYV 2024)

« Experiments

- Qualtitative results
-UniAD2 S ot 28 = ArEot0] S|E™ ALt

- Semantic feature =
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