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Abstract

Vision Transformer (ViT) learns relationships between patches, but it may overlook important features such as
color, texture, and boundaries, which can result in performance limitations in fields like medical imaging or facial
recognition. To address this issue, this study proposes the Pairwise Attention Reinforcement (PAR) model. The PAR
model takes both the training image and a reference image as input into the encoder, calculates the similarity
between the two images, and matches the attention score maps of images with high similarity, reinforcing the
matching areas of the training image. This process emphasizes important features between images and allows even
subtle differences to be distinguished. In experiments using clock-drawing test data, the PAR model achieved a
Precision of 0.9516, Recall of 0.8883, F1-Score of 0.9166, and an Accuracy of 92.93%. The proposed model
showed a 12% performance improvement compared to API-Net, which uses the pairwise attention approach, and
demonstrated a 2% performance improvement over the ViT model.
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Table 1. Performance analysis according to CCS and
ASCS thresholds.
H 1. CCS ¥ ASCS YAiZM0l I Hs 2

CCS, ASCS | Precision | Recall | Fl-Score | Accuracy
§§§S°099 0.9366 | 0.8883 | 09116 | 92.22%
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ST | 09516 | 08883 | 09166 | 92.9%
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%380055 0.9433 | 08933 | 09166 | 92.72%

# 12 SH4 EF FAR] FAEE(CCS)2} oA
o] ¥ FARI -FAE(ASCS) YA W 35 W=
Holgoh A3 23}, CCS ASCS JARES 0.72 4%
WS T Precision 0.9516, Recall 0.8883, F1-Score
0.9166, Accuracy 92.93%% 7V =2 A5 7IE59
t}. o]2fst ZA3k= Precisiont Recall®] #+38& #%s}
sto] 93k A= RS Ao g SiAE
E£3], 0.7 YAFIAE Precisiont Recalle] 24
5] Z3}=E|HA] F1-Score®} Accuracy® FHHAE 715
3ot ¥wHA, 0.9 AAREOIA= Precision®] 27k /8"3;“
O} Recalld} F1-Score, Accuracys= Thd 748t
AREARl Adso] Ast= it wekA 0.9 ]*}4 2
AN o= "oj=d 5= Q2 ERIT & Utk
olZigt 25 FRS £ w, CCSeH ASCS AR
0.72 AA3S= Zo] Precision?} Recall?] #+3<S
Asolal, Bl He= SHstehs o 7Y At 44
UL ERIT 4 Stk wEhA, 2 AtolA= CCS

_L

l




152 j.inst.Korean.electr.electron.eng. Vol.28,No.3,390~396,September 2024

ASCS QAR 0.7 HEH o Aesio] Age st
it
AT

Table 2. Performance analysis by TOAI threshold.
HE 2. TOAI 2Az| M2 ds &M

TOAI Precision Recall F1-Score Accuracy
10% 0.935 0.8966 0.9133 92.61%
20% 0.9516 0.8883 0.9166 92.93%
30% 0.8783 0.895 0.885 91.92%
40% 0.9333 0.8816 0.905 92.30%
50% 0.92 0.895 0.9066 92.33%
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Table 3. PAR model performance comparison with other models.

E 3 PAR 22 OE 2¥ ds Hlu

models Precision Recall F1-Score Accuracy
ResNet-152 0.7654 0.7668 0.7581 76.68%
VGG16 0.7628 0.7668 0.7608 76.68%
DenseNet-121 0.7764 0.7740 0.7708 77.40%
API-Net 0.8028 0.8033 0.8013 80.33%
Vit_B_16_224 0.9266 0.87 0.8966 91.76%
Vit_L_16_224 0.9216 0.8566 0.8883 91.72%
Vit_B_32_384 0.9183 0.86 0.885 91.31%
Vit_L_32_384 0.9266 0.8733 0.8983 91.89%
PAR_B_16_224 0.9516 0.8883 0.9166 92.93%
PAR_1_16_224 0.9466 0.8866 0.915 92.57%
PAR_B_32_384 0.94 0.89 0.9133 92.56%
PAR_L,_32 384 0.9333 0.8933 0.9116 92.81%
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