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Mzg (hE) AlexNet [27] 70.6  83.1 768 71.7 60.7  65.0 62.7 65.0 68.9
VGG [52] 70.1 81.3 75.7 69.0 59.0 60.2 62.1 62.6 67.0
Squeeze — lin 76.1 83.5 79.8 71.1 60.8 65.3 63.2 65.1 70.0
Alex - lin 73.9 83.4 78.7 71.5 61.2 65.3 63.2 65.3 (9.8
VGG - lin 76.0 82.8 79.4 70.5 60.5 62.5 63.0 64.1 (9.2
*LPIPS (%233 Squeeze — scratch 74.9  83.1 79.0 71.1 60.8 63.0 624 64.3 (9.2
RENEG Alex — scratch ~ 77.6 82.8 80.2 71.1 61.0 65.6 63.3 65.2 70.2
HUEUE) VGG —scratch ~ 77.9  83.7  80.8 71.1 60.6 64.0 62.9 64.6 70.0
Squeeze — tune  76.7 83.2 79.9 70.4 61.1 63.2 63.2 645 (9.6
Alex — tune 77.7 83.5 80.6 69.1 60.5 64.8 62.9 64.3 (9.7
VGG - tune 79.3 835 81.4 69.8 60.5 63.4 623 64.0 (9.8

%5 g, BAVERT —RITIESIIRE LK 2AFC 7780 (BUEEREE) . MADEI BRI AUE DRI &
A AHARIEE T i E 0.5% PAN. *LPIPS EREMFERESSET CNN FIRE BiIgE, RIERIEE
SRR BT (R GOR R W) AR HAR T R A IS, XEAE UK bR ; S8R R tlE 55 DU
FIFR,
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(b) Alez—lin BB H
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0.0 . .

0O 16 32 48 64 0 32 64 96 128 0 64 128 192 256 0 128 256 384 512 0 128 256 384 512
convl_2 conv2_2 conv3_3 conv4_3 conv5_3

(c) VGG-lin BREZFNHE

0 32 64 0 64 1280 128 256 0 192 3840 192 3840 256 5120 256 512
convl fire3 fire5 fire6 fire7 fire8 fire9

(d) Squeeze—lin BIRFFIALH
10: FZZRORIIE S FNINRIERE,  (a) R¥SIPEX N TR MEEABINE 1, HERET R RZE
o (b) BAER Alex-lin BRIFRFEINNE, HE 3 HH w T, SN 7ERRE—BEIEENE, %RE7HE

Hll; BEEOVBER S, HOIRE, REWIRGIVARA, FOVERIGRZ BN A REE, (c,d) F (b), {E2350 R
VGG-lin 5 Squeeze-lin F5H,
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Spearman correlation coefficient
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