The Unreasonable Effectiveness of Deep Features as a Perceptual

Metric
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2 1.1 Traditional distortions

TRPFHZALGRATTIE, TATHE G R H 2 AR B HE Al B R S AR E AT I, BIE AR ALIN & 2%
B (photometric distortions). BENLIE (random noise). KA (blurring). 2[R ML (spatial shifts
and corruptions) AR EZEAR (compression artifacts).
Sub-type Distortion type

Photometric  lightness shift, color shift, contrast, saturation
uniform white noise, Gaussian white, pink,

Noise & blue noise, Gaussian colored (between
violet and brown) noise, checkerboard artifact
Blur Gaussian, bilateral filtering
Spatial shifting, affine warp, homography,

linear warping, cubic warping, ghosting,
chromatic aberration,
Compression jpeg
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2 1.2 CNN-based distortions
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Parameter type Parameters

Input null, pink noise, white noise,
corruption color removal, downsampling
# layers, # skip connections,
Generator # layers with dropout, force skip connection
network at highest layer, upsampling method,
architecture normalization method, first layer stride
# channels in 1% layer, max # channels
Discriminator number of layers
Loss/Learning weighting on oixel-wise (¢1), VGG,

discriminator losses, learning rate

S BRATER T 96 A “EM a3 WmISE" , IR HLAERET ONN FREEE. RATE 1.3M
ImageNet £ FIIZRIX LM 2% 1 epochs TEANMZE 1) H IR AR ARRIE S A S, TRRE ML TIRES
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2 1.3 Distorted image patches from real algorithms
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2 1.4 Superresolution
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2 1.5 Frame interpolation
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2 1.6 Video deblurring
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2 1.7 Colorization
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2 2.1 2AFC similarity judgments
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Dataset # Input Imgs/ Input Num Distort. # # Distort. # Judg- Judgment
Patches Type Distort. Types Levels Imgs/Patches  ments Type
LIVE [50] 29 images 5 traditional continuous .8k 25k MOS
CSIQ [29] 30 images 6 traditional 5 .8k 25k MOS
TID2008 [45] 25 images 17 traditional 4 2.7k 250k MOS
TID2013 [44] 25 images 24 traditional 5 3.0k 500k MOS
BAPPS (2AFC-Distort) 160.8k 64 x 64 patch 425 trad + CNN  continuous 321.6k 349.8k 2AFC
_BAPPS QAFC-Realalg) 269k = 64 x64patch _ -~ _ algoupus = - 538k _ __ 1345k 2AFC
BAPPS (JND-Distort) 9.6k 64 x 64 patch 425 trad. + CNN continuous 9.6k 28.8k Same/Not same
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fic. FAMEH [27] H convl-convd E. BiJb, SqueezeNet ZEMH T AR HER (2.8MB), BfFY
AlexNet KA 7 FetEfe. FAVEHE — conv EHIBEFEH) “fire” ik,
FATHIMER T B B EBAE S PRI, LUl puzzle-solving. cross-channel prediction PA K generative

modeling.
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BATHEL L 2 IR IEHER (feature stack), HAEEIE 2 _ AT IH— 40 420 | 24 H 4 g REWix @
DAL T35 1 = A DX 28 B s 45 R IRATTAR I 9 ¢, gf) € REWixCn,
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PAMEH 7 — LSRN ZRB AT W 2% lin, tune, DL scratch. VEEIX 2 = FA R PG, 1X
=PIl 77 FRATHFRZ A Learned Perceptual Image Patch Similarity (LPIPS) metric.
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