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B AR BRI — R R B R E g . MAE: o
BHXRIE . Lperceptual * HETHEERABA K .

Q-Former Loss AUROC (%)
1 X MAE 66.6
2 v MAE 79.5
3 v Lperceptual (Masked ViT) 86.8
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XTANT R/INA 8 x 8 RFRFNH A S PN 224 x 224
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Q-Former HMIfF 573 B B0 9 11 2k 300 AN
S BAERIESE FOET TR 2 S AN R T
PR AL

VIR, HZ R LA [4, 25] —80 ARG T
S RN Y 2 TARRHE 2 N AR (AUROC).
T AUROC TE/" H BRI LR EES
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42, WA
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LSRR 1 R, TR A shdmidds
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YE R gmisas, RN HAEBHEAALS ERUS T sl 45
Ko AE B & D AR RS SR, WA 51 AL
RS, 30 S A /YR 25 S AR i L 2 8 1) ~F- 2 248 %)
RZEFIT IR XFMEARRAN AE (LiEE] 66.6 1
AUCROC 434, A Q-Former FEAEAIMI (17 2
) i AUROC #2717 12.9 (M 66.6 | 79.5 ), HERH
Q-Former BEMSOR A IEH BARMILEH , XSO 55
Rl i RIS Boa, RO 28 T3 4 xR 22 0
HET Masked AE FRETHE MBI, (HHERERE &
3 86.8 (173 ). it I X ITEE (Q-Former,
R ), BATR—A A AE B4R A 745
KRR AR KIMMER I HESS, SCEl T s8R TERE .
PR R AL M o FRATT VA 5 2k pR BSORTAS: T 2= S
PERERSEI, HFAEFAE 20 iSRS T R4
RZETCR S BA RS G2 AR ENGER . L
ﬁﬁ@%ﬂ?ﬁ%ﬂ”% (EPerceptual ) iﬁ?‘]fi@‘fﬁﬁ'@, %’EH
R T HTIREREACE TR RRER LS
RAEWIEE . FRATH— 2L PPAE TR 2R A R X 37
TR, G55 NFAE 20 s . KREito e
SR ERE @R A=A T RE, X5 R AR
N ) A — B
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Table 2. Xf BraTS2021 [2, 3, 41] BuHe iRl sL a2 R R 1 AT R [RIZLCF 2 AR o JRROAHE Ok B fig B3 24

w7 (MAE) ffifl, DARHUEE 3R R0 5 R RESE B3 g PR RE
/NIRRT R/ S o BOABC AR

(a) Loss function . Mean Absolute Er-
ror (MAE) decreases the performance
when combined with the perceptual
loss. The top performance is obtained

(b) Aggregation in Eq. 3.
Selecting the maximum er-
ror within Eq. 3 yields top

FABLAERR], TR B0 AD 309 2 A BBl 45 G 0T 3
*%ﬁ%mii—\‘o LPerceptual :

BT AR (YRG5 .

(c) Layers from the percep-
tual model . Using multi-
ple layers from the percep-
tual model achives top per-

with Lperceptual - performance. formance.
Loss AUROC Function AUROC Layers AUROC
MAE 79.0 mean 88.5 5,11 92.6
MAE, Lperceptual 79.2 max 92.6 11, 15, 19 93.0
LPerceptual 88.5

(d) Decoder patch size . Re-
constructing the input using
smaller patch sizes achieves

top performance.

Patch size

AUROC

8
16
32

Table 3. £ BraTS2021 [2, 3, 41] I+, B{ZF Masked AE [22]
HIANT RN, AR A AUROC (% ) F. il

R, A BB RN T R TR . sl
RAMEER. BIAREH 2R,

Masked AE Input patch size AUROC
16 72.7
56 92.8
16, 32, 56 93.0
32, 56 94.4

PEBURFIE DATE SR, B T 92.6 WOREL. A3
F— R TR R 93.0 , XEHITE AE 14
W) 5| B M-S BT 18 5w A I g
FRRDZRAN TR/ . FF Q-Former ZEA1E 3R,
FRIR T S i i R A 2 it K 22 TB) AR 5% 2R
U, RS ATEAR TR BRI (ORI T K/h) R
B BAVTAE TAFRANT KN, 4188 | 16 x 16
132 x 32, FFHER 2d G TER. IR AR
FE, BANWANT KN E O PERE , (EAS MRS % AENS
A R RS B A T

RN T R/ M . 1T BRI 2 I R AE
PR e A b FAE R S 2 ARG 2, X (5 7] DA
i 2 REEAN T KRNI BBRARE . A2, #
¥ 3 WRE KB T AT AR = R A I P RE . AR,
94.4 AUROC 7£ BraTS2021 | Hyidikfe it as &
P RANT RN (32 x 32 il 56 x 56 12 ) LI,
AR E T MHES T XA IEH, BRI
AT RNE SRR S50, ERS EMER, N
T2 i 5w A o

WA L. AT T AR MBS NHE, B

93.0
92.5
91.1

Table 4. ¥£ BraTS2021 [2, 3, 41] I, A& il 25 %%
Mas T RERNAE AUROC (% ) 45, HAEENE,
Masked AE [22] gufithi By T~ 55 d i A BB T R I
DINO [10] Al DINOV2 [13] Byt T 30250, N BE
1 RN,

Encoders AUROC
DINO ViT-B/8 94.3
OpenCLIP ViT-L/14 94.0
Masked AE ViT-L/16 71.5
DINOv2 ViT-L/14 94.4
DINOv2 ViT-L/14 + DINO ViT-B/8 94.5
DINOv2 ViT-L/14 4+ OpenCLIP ViT-L/14 93.6
DINOv2 ViT-L/14 + OpenCLIP ViT-B/32 94.3
DINOv2 ViT-L/14 4+ Masked AE ViT-B/16 76.7
DINOv2 ViT-L/14 4+ Masked AE ViT-L/16 74.3

#£ DINO [10] . DINOv2 [43] . OpenCLIP [52] #i
Masked AE [22] , Jf-4£ BraTS2021 {5 & A& 4%
R X A GRRA, WER 4 PR, R0
i garh, DINOv2 [43] &7’ T 94.4 AUROC 1)
AEvERE, BRI T HAEBAEAAL S TR R . 0
DINOv2 [43] 5 DINO [10] g5&5F, HEREISEH T,
k%) 94.5 1§ AUROC. #Aifii, AT HE5E, X AT
I 2 DATIE BH 3 I8 o 2 B 25 14 1135 67 4H 2 A B
I, DINOv2 [43] Blifedi fFATHE S 1) BRI B — G i
fro [HAFEERZE, Masked AE [22] it as R PR 2,
Hiffi 5 DINO [10] 8¢ DINOv2 [43] 5G], A%
J PR R LK Y EAL B I R T SR X )

DINO [10] . DINOv2 [43] #il OpenCLIP [52] ¥
ZERRW], LRI T R A IR R, RIGERTE
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Table 5. %} BraTS2021 [2, 3, 41] \RESC [23] fil RSNA [56]
WA ERE CPE + ARiE2E) o G52R8 T TR
HERMN, T RN T T SR ER . AR AR R
Ne WA BRI ITA Bk, A = EE4E FE
TR et PERE .

Methods BraTS$2021 RESC RSNA

f-AnoGAN [51] | 77.34£0.18 7744085  55.6+0.09
GANomaly [1] | 7484193 526+3.95  62.9+0.65
DRAEM [60] 6244903 8324821 6774172
UTRAD [11] 8294232 8944192 756+1.24
DeepSVDD [48] | 87.040.66 7424129  64.5+3.17
CutPaste [33] 788+ 0.67 9024061 8264122
SimpleNet [37] | 82.5+£334  76.2+£7.46  69.1+127
MKD [50] 8154036  89.04025  82.040.12
RD4AD [13] 8954091  87.840.87  67.6+1.11
STFPM [58] 83.04+0.67 84.8+050  72.9+1.96
PaDiM [12] 79.04+0.38 7594054 775+ 1.87
PatchCore [16] | 91.74+0.36  91.6+0.10  76.1+0.67
CFA [32) 8444087 6994026  66.8+0.23
CFLOW [19] 7484532  75.0+581  T1.5+1.49
CS-Flow [47] 90.94+0.83 8734058  83.240.46
P-VQ * [29] 9434023  89.0+048  79.2+0.04
QFAE (ours) | 94.3+0.18 91.8+0.55 83.8+0.46

P 2

AT AT HELR QFAE 5 JLA 58 1 7 YA 1E
BraTS2021 [2, 3, 41] . RESC [23] A1 RSNA [56]
AT TR, HFAESR 5 PR TEER. ARG T
TSI 5 YOMALIBAT TP HRAT R SR - S (A
HEZ (std),

FATR I EAE A Bl 5 AR 2] T B e dE P RE .
R, 7e BraTS2021 #flase b, FATHHERSLH T
AUROC 2} 94.3 +0.18 , k3|52 Hi R Em LR ik
(1 P-VQ [29] ;5% 94.34+0.23 ) 4 H7KF-o XA
SRR, I R G sR AR A HEZE, FRATTHEMN A
B R A RE ) AR R .

WAk, AT A A A BdR 4R BRI
TR, 16 RESC $iinde b, FofIHus T imi
AUROC 734 91.8 £0.55 , il T Z Bl e Jeuk 45
PatchCore [46] (1 91.6 £ 0.10 ). fF RSNA %(Ja4E I,
QFAE Hfi T AUROC 4% 83.8 4046 , {fF -
e CS-Flow [47] ( 83.2+0.46 ),
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6. IFE CT 9255

FAIHE LiverCT [6, 31] FEMERHRE L oEAT TILE HAL
TEATTH, BATE— AR, H5e i 8

6.1. Zd Ak B

Figure 5. K H LiverCT [6, 31] B J5UR PG AN AL BRI i) B 1
PER'T WP

TG, Bl SRS 512x512 &, Hfg—
I PR T DX I o i B R R 224224
B2, RIS A RS, S SBUFIEHS 2R/
T FRPAE P FE RN S T S SR DX (BT A S
4y) TR AE, AV T AT EYE, KRG
224x224, TEHER, WOEREREEIN, I H AN H
FALAT 43 FP IR -

1. ROT H51: XF4EA4- 512 x 512 @ A%, HilE
SEIR SIS IR IR X2 i N B
FRL T HE MG R T S A HE R SE LY

2. ROT %5y : EG 115 i i FRE AR AR B T8 B
MZS 5 0 R 4

3. mAER: BE-HW. Bar. BN
(224 x 224 ) A AR de 28 A AT 5

4. A VREE R NFIICE: - BT I 1) JFF I DX B8 X
(ROI) R AT A /INA) S i e o 81 o 5 I :
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Table 8. 7£ LiverCT ¥4 F 14 RHEST .

Version AUROC
1 Main Config 6 54.1
2 4 Train & Eval with New Preprocessing 59.5 £ 1.27
B

+ Eval Perceptual Patch Sizes [16, 32, 56] — > [8, 16] 65.5 & 1.96

o UNER ROI /NFELEET 224 x 224« B H D EH
FER G2 AR A L, T CRAT AR RN, X
PRE T RS AL %

o MNH ROI KT 224 x 224 @ ZXIFE RIS/ N
TELY 224 x 224 HEHE,  [R] B ORAE LR AR I A L
%Efgﬂ:ﬁiﬁo JEEE R /NG ) ROT Bl 5 7E W1 -

5. IZEA FFFIER: By 224 x 224 EIGAE

o XL

KT EXNEIREN T — DR, hF IRz
AR A SRR, BT TILRRET DR A E T
BISMLEAR [4, 7, 34) o G921, XBEEBTHEA R
BT AR AR g e X S (4 TmageNet )
WA N T AR, AT R 2 b
PRI 224 x 224 FEGH AMEE 2R, R H R S I8
#r [55] o W5 R T HUCERIRCR , AR TR
BB DA S D3, FLMR I EL5 SRR S0 AR

o P A A BB SRR B I Rl PP A A 28
FHEI T 8 PR 2 ATROSER. AR 5 A
Fiy (42, 7,13, 65, 91) YIZRE 5 A R PEAL Y
{ERIARIEZE

6.2 A VAL E

WE 6 PR, BB AR (5 5) £
Pl 4 S g T PE RO B (SR —2) APkt ISR
5 DI R . ORI, T P S P DR e A 21 e
DI AUl . ARIEPLIERIBIT ST [42, 45] , X4
WFFEHE HH A/ AN TR B i) 20 B, T B R )
TRGF A 1) AR, FATR AR 2 ] T 5 0 4K
RN TR/ [16, 32, 56] Bk (8, 16]. MFEAR 6
WS =FIN AR, SEHBIPASTC RS, S8 TR
DS b B U A B SO A . X SOBRAERAS 8 #Y 3
f7#) AUROC 734 b & LiverCT EIASHRAESS R
PGB EL ARG O Bz, BEAg el ARLIR S s o
NG EARFF AL

Table 9. Pt CT By EITAGTELE .

Qloylzgo|2g|F

Pixel-Level Map Aggregation

www.xueshuxiangzi.com



Retrain & New Evaluati
Evaluate after eé" ;{aus ion
orinaConfy —_Newbete | —>ona
Preprocessing Tesint
Pipeline raining)

Input Image

Ground Truth
Anomaly Map
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7. Nl RSNA AR

TGRS L, T AT SR BRI 012
CMRGRCERAE (. SRSt A, 155
SERT, MR 4 AR
LSRN T I R R FLR AT
WY, Fell Gkl th— AL P

0T EARICANFIE, AP Chest RSNA %o
SERALYE E AR R vk MERBOTE, &
118 S22 WU S0 B0 (L BP9, AR AR
12 2 FBURCKA. FATUAE] AUROC A 78.6 % 4
IR ESE [0 843 %. ML, Foll T (R ik iy
e, JPLEMASE LT 838 % 9 AUROC, MR
5 . A Chest RSNA _EBURR FEAER A
FUFEE 10 IR, BiRsr DA . IR
B AE.
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Table 10. 7£ Chest RSNA [ AR it &

Component Parameter Value
General Batch Size 64
Test Data Augmentation None (only resize and normalize)
ed Perceptual Model MAE Large Encoder
Metric Cosin

Perceptual Metric

i-Scale Input Patch Sizes

sed for Feature Extraction

h, 16th, and 20th transformer blocks
x32, 56x56

From the
16x14

o Lovel Seore Asoresntion S geregation p Map  Mean
Image-Level Score Aggregation ! e sap Ags Mo
Pixel-Level Map Aggregation  Cross-Feature Map Aggreg; Mean

8. FA- Bl SOTA &R

Table 11. Kfi MRI AysfEI ZRH .

Component Parameter Value
General Seed 42, 7,13, 65, 91 (mean of 5 runs are reported)
Image Resolution (Resize) 224x224
Batch Size 64
Epochs 300
Device CUDA
Encoder Pre-trained Model ViT-L/14 + ViT-B/8

Pre-training Method

Frozen During Training
Hidden States Used

Final Projection In-Features

DINOv2 + DINO

True, True

Features from the 2nd and 4th to last blocks
1024, 768

Final Projection Out-Features 768, 768
Q-Former (Junction) Number of Transformer Blocks 1

Internal Dimension 768

Output Dimension 768

Number of Learnable Queries
Attention Heads

784 (for 28x28 output patches)
8

MLP Expansion Ratio 4.0
Decoder Internal Dimension 768
Depth (Number of Layers) 6
Attention Heads 12
Output Patch Size 8x8
Number of Output Patches 28x28
MLP Expansion Ratio 4.0
Optimization Optimizer Adam
Learning Rate (Maximum) 8x 107"
Learning Rate Scheduler OneCycleLR

Perceptual Loss

Pre-trained Perceptual Model
Distance Metric

Layers Used for Feature Extraction
Multi-Scale Input Patch Sizes

MAE with ViT-Large Encoder

Cosine Distance

From the 16th and 20th transformer blocks
32x32, 56x56

mE 12 Prx, FAIFE BraTS2021
[56] L%éﬂ?ﬁ%%i&ﬂ@ﬁﬁé,

o

RESC

HFE LiverCT [6, 31] FHEZ

23] F1 RSNA

[2, 3, 41] .
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Table 12. ¢ BraTS2021 ., fifjji CT (BTCV + LiTs). RESC
M RSNA i Seaiaiivbae (P9l + prfizs). Z550x)

RS TR E AR B TR . T

FONUEAT T = IREA

RAESSR AR R

Methods ‘ BraT$S2021 Liver CT RESC RSNA

£-AnoGAN [51] 773+0.18 5844015 7744085  55.640.09
GANomaly [1] 748+1.93 5394236  526+395  62.940.65
DRAEM [60] 624+9.03 69.2+3.86 8324821 67.7+1.72
UTRAD [11] 82.9 £2.32 55.6 £ 5.96 89.4+1.92 75.6 £1.24
DeepSVDD [48] 87.0 £ 0.66 53.3+1.24 742+1.29 64.5+3.17
CutPaste [33] 78.8 £0.67 58.6 £4.2 90.2 £+ 0.61 82.6 +£1.22
SimpleNet [37] 82.5+3.34 N/A 76.2+£7.46  69.1+1.27
MKD [50] 81.5 £0.36 60.4 £ 1.61 89.0 £ 0.25 82.0 £0.12
RD4AD [13 89.5 £0.91 60.0 1.4 87.8+£0.87 67.6+1.11
STFPM [58] 83.0 £0.67 61.6 £ 1.7 84.8 +0.50 72.9 £1.96
PaDiM [12] 79.0 +£0.38 50.7+0.5 75.9+0.54 7754+ 1.87
PatchCore [46] 91.7 £ 0.36 60.4 +0.82 91.6 £0.10 76.1 £0.67
CFA [32] 84.4 £0.87 61.9 +£1.16 69.9 4 0.26 66.8 +0.23
CFLOW [19] 74.8 £5.32 49.9 +4.67 75.0 £5.81 71.5+1.49
CS-Flow [47] 90.9+0.83  59.4+052  87.3+0.58  83.2+0.46
P-vQ * [29] 94.3 £0.23 60.6 & 0.62 89.0 £ 0.48 79.2£0.04
QFAE (ours) 94.3+0.18 65.5+1.96 91.8+0.55 83.8+0.46
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