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While it is nearly effortless for humans to quickly as-
sess the perceptual similarity between two images, the un-
derlying processes are thought to be quite complex. Despite
this, the most widely used perceptual metrics today, such as
PSNR and SSIM, are simple, shallow functions, and fail to
account for many nuances of human perception. Recently,
the deep learning community has found that features of the
VGG network trained on ImageNet classification has been
remarkably useful as a training loss for image synthesis.
But how perceptual are these so-called “perceptual losses”?
What elements are critical for their success? To answer
these questions, we introduce a new dataset of human per-
ceptual similarity judgments. We systematically evaluate
deep features across different architectures and tasks and

compare them with classic metrics. We find that deep fea-
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tures outperform all previous metrics by large margins on
our dataset. More surprisingly, this result is not restricted
to ImageNet-trained VGG features, but holds across differ-
ent deep architectures and levels of supervision (supervised,
self-supervised, or even unsupervised). Our results suggest
that perceptual similarity is an emergent property shared

across deep visual representations.
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1. ﬁ]*ﬂ Motivation

The ability to compare data items is perhaps the most
fundamental operation underlying all of computing. In
many areas of computer science it does not pose much dif-
ficulty: one can use Hamming distance to compare binary
patterns, edit distance to compare text files, Euclidean dis-
tance to compare vectors, etc. The unique challenge of com-
puter vision is that even this seemingly simple task of com-
paring visual patterns remains a wide-open problem. Not
only are visual patterns very high-dimensional and highly
correlated, but, the very notion of visual similarity is of-
ten subjective, aiming to mimic human visual perception.
For instance, in image compression, the goal is for the com-
pressed image to be indistinguishable from the original by
a human observer, irrespective of the fact that their pixel

representations might be very different.
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Classic per-pixel measures, such as ¢35 Euclidean dis-
tance, commonly used for regression problems, or the re-
lated Peak Signal-to-Noise Ratio (PSNR), are insufficient
for assessing structured outputs such as images, as they as-

sume pixel-wise independence. A well-known example is

that blurring causes large perceptual but small /> change.
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What we would really like is a “perceptual distance,”
which measures how similar are two images in a way that
coincides with human judgment. This problem has been
a longstanding goal, and there have been numerous per-
ceptually motivated distance metrics proposed, such as

SSIM [58], MSSIM [60], FSIM [62], and HDR-VDP [34].
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However, constructing a perceptual metric is challeng-
ing, because human judgments of similarity (1) depend on
high-order image structure [58], (2) are context-dependent
[19, 36, 35], and (3) may not actually constitute a distance
metric [56]. The crux of (2) is that there are many differ-
ent “senses of similarity” that we can simultaneously hold
in mind: is a red circle more similar to a red square or to
a blue circle? Directly fitting a function to human judg-
ments may be intractable due the the context-dependent
and pairwise nature of the judgments (which compare the
similarity between two images). Indeed, we show in this
paper a negative result where this approach fails to gener-
alize, even when trained on a large-scale dataset containing

many distortion types.
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Instead, might there be a way to learn a notion of
perceptual similarity without directly training for it? The
computer vision community has discovered that internal
activations of deep convolutional networks, though trained
on a high-level image classification task, are often surpris-
ingly useful as a representational space for a much wider
variety of tasks. For example, features from the VGG ar-
chitecture [52] have been used on tasks such as neural style
transfer [17], image superresolution [23], and conditional
image synthesis [14, 8]. These methods measure distance
in VGG feature space as a “perceptual loss” for image re-

gression problems [23, 14].
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But how well do these “perceptual losses” actually cor-
respond to human visual perception? How do they compare
to traditional perceptual image evaluation metrics? Does
the network architecture matter? Does it have to be trained
on the ImageNet classification task, or would other tasks
work just as well? Do the networks need to be trained at

all?
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In this paper, we evaluate these questions on a new
large-scale database of human judgments, and arrive at sev-
eral surprising conclusions. We find that internal activa-
tions of networks trained for high-level classification tasks,
even across network architectures [20, 28, 52] and no fur-
ther calibration, do indeed correspond to human percep-
tual judgments. In fact, they correspond far better than
the commonly used metrics like SSIM and FSIM [58, 62],
which were not designed to handle situations where spatial
ambiguities are a factor [49]. Furthermore, the best per-
forming self-supervised networks, including BiGANs [13],
cross-channel prediction [64], and puzzle solving [40] per-
form just as well at this task, even without the benefit of
human-labeled training data. Even a simple unsupervised
network initialization with stacked k-means [26] beats the
classic metrics by a large margin! This illustrates an emer-
gent property shared across networks, even across architec-
tures and training signals. Importantly, however, having
some training signal appears crucial — a randomly initial-

ized network achieves much lower performance.
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Our study is based on a newly collected perceptual
similarity dataset, using a large set of distortions and real
algorithm outputs. It contains both traditional distortions,
such as contrast and saturation adjustments, noise pat-
terns, filtering, and spatial warping operations, and CNN-
based algorithm outputs, such as autoencoding, denoising,
and colorization, produced by a variety of architectures and
losses. Our dataset is richer and more varied than previ-
ous datasets of this kind [45]. We also collect judgments
on outputs from real algorithms for the tasks of superreso-
lution, frame interpolation, and image deblurring, which is
especially important as these are the real-world use cases
for a perceptual metric. We show that our data can be
used to “calibrate” existing networks, by learning a simple

linear scaling of layer activations, to better match low-level

human judgments.
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Our results are consistent with the hypothesis that
perceptual similarity is not a special function all of its own,
but rather a consequence of visual representations tuned
to be predictive about important structure in the world.
Representations that are effective at semantic prediction
tasks are also representations in which Euclidean distance

is highly predictive of perceptual similarity judgments.
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Our contributions are as follows:
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¢ We introduce a large-scale, highly varied, perceptual
similarity dataset, containing 484k human judgments.
Our dataset not only includes parameterized distor-
tions, but also real algorithm outputs. We also collect
judgments on a different perceptual test, just notice-
able differences (JND).
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e We show that deep features, trained on supervised,
self-supervised, and unsupervised objectives alike,
model low-level perceptual similarity surprisingly well,

outperforming previous, widely-used metrics.
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achieve much lower performance.
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e With our data, we can improve performance by “cali-

brating” feature responses from a pre-trained network.
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order to evaluate existing similarity measures, a number of
datasets have been proposed. Some of the most popular are
the LIVE [51], TID2008 [46], CSIQ [29], and TID2013 [45]
datasets. These datasets are referred to Full-Reference Im-
age Quality Assessment (FR-IQA) datasets and have served
as the de-facto baselines for development and evaluation of
similarity metrics. A related line of work is on No-Reference
Image Quality Assessment (NR-IQA), such as AVA [3§]
and LIVE In the Wild [18]. These datasets investigate the

“quality” of individual images by themselves, without a ref-

erence image. We collect a new dataset that is complemen-
tary to these: it contains a substantially larger number of
distortions, including some from newer, deep network based
outputs, as well as geometric distortions. Our dataset is fo-
cused on perceptual similarity, rather than quality assess-
ment. Additionally, it is collected on patches as opposed

to full images, in the wild, with a different experimental

design (more details in Sec 2).
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TR W) 2 55 N R BN 75 1 i 2 A TAE Prior work on
deep networks and human judgments Recently, advances
in DNNs have motivated investigation of applications in the
context of visual similarity and image quality assessment.
Kim and Lee [25] use a CNN to predict visual similarity by
training on low-level differences. Concurrent work by Talebi
and Milanfar [54, 55] train a deep network in the context of
NR-IQA for image aesthetics. Gao et al. [16] and Amirshahi
et al. [3] propose techniques involving leveraging internal
activations of deep networks (VGG and AlexNet, respec-
tively) along with additional multiscale post-processing. In
this work, we conduct a more in-depth study across differ-
ent architectures, training signals, on a new, large scale,

highly-varied dataset.
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Recently, Berardino et al. [6] train networks on percep-
tual similarity, and importantly, assess the ability of deep
networks to make predictions on a separate task — predict-
ing most and least perceptually-noticeable directions of dis-
tortion. Similarly, we not only assess image patch similarity
on parameterized distortions, but also test generalization to
real algorithms, as well as generalization to a separate per-

ceptual task — just noticeable differences.
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2. Berkeley-Adobe & 1 B Bt tH {21 ¥
(BAPPS) ﬂﬁ% Berkeley-Adobe Perceptual

Patch Similarity (BAPPS) Dataset

To evaluate the performance of different perceptual
metrics, we collect a large-scale highly diverse dataset of
perceptual judgments using two approaches. Our main data
collection employs a two alternative forced choice (2AFC)
test, that asks which of two distortions is more similar to a
reference. This is validated by a second experiment where
we perform a just noticeable difference (JND) test, which
asks whether two patches — one reference and one distorted
— are the same or different. These judgments are collected

over a wide space of distortions and real algorithm outputs.
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2.1. JLH Distortions

% ﬁﬁéﬁ Traditional distortions We create a set of
“traditional” distortions consisting of common operations
performed on the input patches, listed in Table 2 (left).
In general, we use photometric distortions, random noise,
blurring, spatial shifts and corruptions, and compression
artifacts. We show qualitative examples of our traditional
distortions in Figure 2. The severity of each perturbation is
parameterized - for example, for Gaussian blur, the kernel
width determines the amount of corruption applied to the
input image. We also compose pairs of distortions sequen-
tially to increase the overall space of possible distortions. In
total, we have 20 distortions and 308 sequentially composed

distortions.
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FHF CNN BB ONN-based distortions

closely simulate the space of artifacts that can arise from

To more

deep-learning based methods, we create a set of distortions
created by neural networks. We simulate possible algo-
rithm outputs by exploring a variety of tasks, architectures,
and losses, as shown in Table 2 (right). Such tasks include
autoencoding, denoising, colorization, and superresolution.
All of these tasks can be achieved by applying the appro-
priate corruption to the input. In total, we generated 96
“denoising autoencoders” and use these as CNN-based dis-
tortion functions. We train each of these networks on the
1.3M ImageNet dataset [47] for 1 epoch. The goal of each
network is not to solve the task per se, but rather to explore
common artifacts that plague the outputs of deep learning

based methods.
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KRHELBIEMELEEREYE Distorted image patches from
real algorithms  The true test of an image assessment al-
gorithm is on real problems and real algorithms. We gather
perceptual judgments using such outputs. Data on real al-
gorithms is more limited, as each application will have their
own unique properties. For example, different colorization
methods will not show much structural variation, but will
be prone to effects such as color bleeding and color varia-
tion. On the other hand, superresolution will not have color
ambiguity, but may see larger structural changes from al-

gorithm to algorithm.
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& 5 P Superresolution

the 2017 NTIRE workshop [2]. We use 3 tracks from the

We evaluate results from
workshop — x2, x3, x4 upsampling rates using “unknown”
downsampling to create the input images. Each track had
approximately 20 algorithm submissions. We also evalu-
ate several additional methods, including bicubic upsam-
pling, and four of the top performing deep superresolution
methods [24, 59, 31, 48]. A common qualitative way of
presenting superresolution results is zooming into specific
patches and comparing differences. As such, we sample
random 64 x 64 triplets from random locations of images
in the Div2K [2] dataset — the ground truth high-resolution

image, along with two algorithm outputs.
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mﬁﬁ{a Frame interpolation

ferent frame interpolation algorithms, including three vari-

We sample patches from dif-

ants of flow-based interpolation [33], CNN-based interpola-
tion [39], and phase-based interpolation [37] on the Davis
Middleburry dataset [50]. Because artifacts arising from
frame interpolation may occur at different scales, we ran-

domly rescale the image before sampling a patch triplet.
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PSR EBEW Video deblurring

video deblurring dataset [53], along with deblurring out-

We sample from the

puts from Photoshop Shake Reduction, Weighted Fourier
Aggregation [11], and three variants of a deep video de-

blurring method [53].
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& Colorization

scales on the colorization task, on images from the Ima-

We sample patches using random

geNet dataset [47]. The algorithms are from pix2pix [22],

Larsson et al. [30], and variants from Zhang et al. [63].
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2.2, OFEY FEAR LA B Psychophysical Similarity Mea-

surements

2AFC *Hﬂ;{‘lﬂf;ﬂjﬂfﬁ' 2AFC similarity judgments We
randomly select an image patch x and apply two distortions
to produce patches xo,z1. We then ask a human which is
closer to the original patch z, and record response h €
{0,1}. On average, people spent approximately 3 seconds
per judgment. Let 7 denote our dataset of patch triplets

(z,z0,x1,h).
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A comparison between our dataset and previous
datasets is shown in Table 1. Previous datasets have fo-
cused on collecting large numbers of human judgments for
a few images and distortion types. For example, the largest
dataset, TID2013 [45], has 500k judgments on 3000 dis-
tortions (from 25 input images with 24 distortions types,
each sampled at 5 levels). We provide a complementary
dataset that focuses instead on a large number of distor-
tions types. In, addition, we collect judgments on a large
number of 64 x 64 patches rather than a small number of
images. There are three reasons for this. First, the space of
full images is extremely large, which makes it much harder
to cover a reasonable portion of the domain with judgments
(even 64 x 64 color patches represent an intractable 12k-
dimensional space). Second, by choosing a smaller patch

size, we focus on lower-level aspects of similarity, to miti-

gate the effect of differing “respects of similarity” that may
be influenced by high-level semantics [36]. Finally, mod-
ern methods for image synthesis train deep networks with
patch-based losses (implemented as convolutions) [8, 21].
Our dataset consists of over 161k patches, derived from the
MIT-Adobe 5k dataset [7] (5000 uncompressed images) for

training, and the RAISE1lk dataset [10] for validation.

R 1AM TRMOEIEE S DUFEEHE SR I b,
DAFEEIRENE T/ BE G5 RERTRERE AN
FHIWr, BN RHIEIEEE TID2013 [45] A 3000 Fh
KHE (JRE 25 MBS, 24 MREIA GRITE 5
ANSREE SRR W T 50 5 &I, BATHRALRIZ2
— N EAEIES, HMETRERRERT;
Ah, BATEKRE 64 x 64 B (Mid > BEEEREG) L
SREHIMT, XA =N RE, H—, BIREGR 7SR
WELPER, FHHIWT7E 25 % U 2 — o EE S 2 (R
{64 x 64 AR E R PR R — D HE DAL BERY 12k 4E
). HT, EAB/NIEPRRELE TR ETH
RUEA AR E R 7, AT IR A] ESZ & 215 SR
) “HE LR s sREFHE [36), H=, B4R



EHGE BT IE AT IR (BLETSEED) Rl
REEMZE [8, 21, FRATWBIREEMUESEE 16.1 FME
B, YIRS EXE MIT-Adobe 5k #4E5 [7] (5000 &
REFEB), RWIUEE72EH RAISE1k #E%E [10]

To enable large-scale collection, our data is collected
“in-the-wild” on Amazon Mechanical Turk, as opposed to
a controlled lab setting. Crump et al. [9] show that AMT
can be reliably used to replicate many psychophysics stud-
ies, despite the inability to control all environmental fac-
tors. We ask for 2 judgments per example in our “train” set
and 5 judgments in our “val” sets. Asking for fewer judg-
ments enables us to explore a larger set of image patches
and distortions. We add sentinels which consist of pairs of
patches with obvious deformations, e.g., a large amount of
Gaussian noise vs a small amount of Gaussian noise. Ap-
proximately 90% of Turkers were able to correctly pass at
least 93% of the sentinels (14 of 15), indicating that they
understood the task and were paying attention. We choose

to use a larger number of distortions than prior datasets.

NEIMARMER S, BATHIBER R EL i Me-
chanical Turk b “ BRI FUERRY, TAESAERISE
=G, Crump 55 [9] R, REITLEEHFTAI
BEKZR, AMT (Rl A]fEsth i T2 IV 2 OB BR AT
Fo BAME “UIZR” B EXHEEMEARMES 2 KW, 1E
“ERTE” 4R RAESR 5 k. MEERE/DRIFIMTEERAIIS AR
RERNEGIGKALES, BATIA T IR, B
SRR EEX, IR &g D&
HE . £ 90% RUPRTEH REIERIEN 2/ 93% HIIHIT
FEA (15 DHFRY 14 ), RUIMATEERRESS BORSE
TEo BADEEEAE ] L AR B 2 R E AR,

AR 225 (IND) Just noticeable differences (JND)

A potential shortcoming of the 2AFC task is that it is

”

“cognitively penetrable,” in the sense that participants can
consciously choose which respects of similarity they will
choose to focus on in completing the task [36], which in-
troduces subjectivity into the judgments. To validate that
the judgments actually reflected something objective and
meaningful, we also collected user judgments of “just no-
ticeable differences” (JNDs). We show a reference image,

followed by a randomly distorted image, and ask a human

) BE gk, MR BRER
Btk KRR B
B4 71 g 56.6k 2
£F CNN 7 lgE 381k 2
RE 71 g 56.6k 2
2AFC—RH [illZh - g 1514k 2
1&gt o] gk 4.7k 5
EF CONN o] Ik 4.7k
2AFC—RH [ - BWIE 9.4k 5
PR [32) ik 10.9k 5
M [50]  B&IE 1.9 5
PAT AR 5] RiE 9.4 5
=) [47 B 4.7 5
2AFC-HSRTE (BiE] - WIE 269k 5
14 [10] HUE 4.8k
£F CNN [10] HUE 4.8k
JND-LE - RIE 96k 3

® 3 BAIOBAESER Iy, AT 2AFC BEER 7>
N=EAFZEER: (1,2) EHIBRMEBERIIZRE SN
%, HEWRDHIRFEE MIT5K [7] 5 RAISELk [10] %X
E; (3) —MEIZESLERMIIINAL, HEPOR
HZAMMN A, &AM IND FHEER AL 5H T CNN
IR H,

if the images are the same or different. The two image
patches are shown for 1 second each, with a 250 ms gap in
between. Two images which look similar may be easily con-
fused, and a good perceptual metric will be able to order
pairs from most to least confusable. JND tests like this may
be considered less subjective, since there is a single correct
answer for each judgment, and participants are presumed
to be aware of what correct behavior entails. We gather 3
JND observations for each of the 4.8k patches in our tra-
ditional and CNN-based validation sets. Each subject is
shown 160 pairs, along with 40 sentinels (32 identical and
8 with large Gaussian noise distortion applied). We also
provide a short training period of 10 pairs which contain 4
“same” pairs, 1 obviously different pair, and 5 “different”
pairs generated by our distortions. We chose to do this in

order to prime the users towards expecting approximately



40% of the patch pairs to be identical. Indeed, 36.4% of the
pairs were marked “same” (70.4% of sentinels and 27.9% of

test pairs).

2AFC (£S5 — MBS B E INHA[BE:
2 5#AE 52 BT S5 I AT DUE B HE £ ¢ AR UMY
WRLETTT [36], XZEHIMWTTIANTWNE, g0 lEIX L]
W fe S S B T SRR AT A R IR, FRATTIE R &R
THRPX “ErrguZzR" (JND) BHN, &AER
T—ESEER, BRER—REEVCENEG, 18
NFHWr g E GRS 2 AR, RDEIREER 17,
rhiRIRIRE 250 ZFD, B ESRAIEI IR E G A 5 HHE
T, T4 AR R B REAE R 15 0 44 M e 5 TRV B B
RBIREHR, XFERY IND R AT A0k 5D 0
RN RHAM RE — N ERER, ArREes5481E
RN EFRIT A, BADHESGSHET CNN HYIRIEEH
HY 4800 MEIHR, FARE 3 (X IND M, AR
EEF 160 XEB, M40 MEEEAR (32 1N5ERM
[, 8 MW T KEIEE LA, FAERME T —
Bte 10 MEGHREEIZ, HPE 4 6 <817,
1 ANBAEAE, PAK 5 M HBAIREA KR <AFE”
ER, BATXAER, 20 7T i P ER LTl
2] 40% MIEH R SMHEFER, S5REE 36.4% HIE
PR “HHE” (AR 70.4%, DRI
KA 27.9%),

3. ﬁﬁﬁﬁlﬁ?ﬁ'l‘lﬂ Deep Feature Spaces

We evaluate feature distances in different networks.
For a given convolutional layer, we compute cosine distance
(in the channel dimension) and average across spatial di-
mensions and layers of the network. We also discuss how

to tune an existing network on our data.

FATPFIAS R P28 FRORHMERE B . X 4578 AU B
B, $ll] (FEI@ELefE b)) HRRKIESE, HIEMLH
YRS R EBCE, BATE I IR ERA T8
B _EROE— BB ML,

lﬂ gﬁ 5% 1‘@ Network architectures

SqueezeNet [20], AlexNet [28], and VGG [52] architec-

We evaluate the

tures. We use 5 conv layers from the VGG network, which
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has become the de facto standard for image generation
tasks [17, 14, 8]. We also compare against the shallower
AlexNet network, which may more closely match the archi-
tecture of the human visual cortex [61]. We use the convi-
convb layers from [27]. Finally, the SqueezeNet architecture
was designed to be extremely lightweight (2.8 MB) in size,
with similar classification performance to AlexNet. We use

the first conv layer and some subsequent “fire” modules.

AT PE M SqueezeNet [20]. AlexNet [28] 5
VGG [52] =FhZE#, TWATEH VGG ML 5 4
conv JZ—VGG BN BB A RAL 55 %L ERIIR
M (17, 14, 8] TAES B AlexNet MLEE LR,
J& & S M N R GE KSR B S5 [61]) FRATTEX
H [27] BJ convi-convs B, BJ&, SqueezeNet ZEAFF#
RIHSHONEE (2.8 MB), 723 MEREAIS AlexNet
o FA1EHHESE— conv ELANBEGET “fire”
R,

We additionally evaluate self-supervised methods, in-
cluding puzzle-solving [40], cross-channel prediction [63,
64], learning from video [43], and generative modeling [13].
We use publicly available networks from these and other

methods, which use variants of AlexNet [28].

BATEFAMNEN 75T B RE 5%, EEPHEK
fii [40], BSIEIETI [63, 64]. MMSTHES [43] 54
RS [13]0 AT FH X e 75 15 R HAth 77 V5 AT AT AR
LS, EAMTEIRA AlexNet [28] FIZEK,

MAREE TR B Network activations to distance  Fig-
ure 3 (left) and Equation 1 illustrate how we obtain the dis-
tance between reference and distorted patches x,x¢ with
network F. We extract feature stack from L layers and
unit-normalize in the channel dimension, which we desig-
nate as §', 95 € RF>*WiX for layer I. We scale the acti-
vations channel-wise by vector w' € R and compute the
{5 distance. Finally, we average spatially and sum channel-
wise. Note that using w; = 1VI is equivalent to computing

cosine distance.

3 (/) 531 Wl r AT mgs F 152
SEEBERARR ¢,z ZBREEE, BAIMN L DE
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Predicting Perceptual Judgement
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TEFRATIBLHE N 25 Training on our data We con-
sider a few variants for training with our perceptual judg-
ments: lin, tune, and scratch. For the lin configuration,
we keep pre-trained network weights F fixed, and learn lin-
ear weights w on top. This constitutes a “perceptual cali-
bration” of a few parameters in an existing feature space.
For example, for the VGG network, 1472 parameters are
learned. For the tune configuration, we initialize from a

pre-trained classification model, and allow all the weights
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for network F to be fine-tuned. Finally, for scratch, we
initialize the network from random Gaussian weights and
train it entirely on our judgments. Overall, we refer to
these as variants of our proposed Learned Perceptual
Image Patch Similarity (LPIPS) metric. We illustrate
the training loss function in Figure 3 (right) and describe

it further in the appendix.

FAT 7 A RN A W BEAT IR LA ZE (R Tin,
tune 5 scratch, £ lin BB T, BAMREIIZRMN
R FEE, RAEE RS RMNE w, XY T
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wmxt VGG Mg, T3] 1472 NS, E tune BLE
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4. %%Z Experiments

Results on our validation sets are shown in Figure 4.
We first evaluate how well our metrics and networks work.
All validation sets contain 5 pairwise judgments for each
triplet. Because this is an inherently noisy process, we com-
pute agreement of an algorithm with all of the judgments.
For example, if there are 4 preferences for xo and 1 for x1,
an algorithm which predicts the more popular choice x¢
would receive 80% credit. If a given example is scored with
fraction p humans in one direction and 1 — p in the other,

. 2 P P .
a human would achieve score p* + (1 — p)? on expectation.

TAER RS ERISIR A 40 FATE PP
RS MSHRILNM, FraRiESE 0 =JedHEE 5
SO AT, BTIRARR RS RE, |1
BRERS 2 AW —BREE, I, HA 4 FwA
zov 1 ZERIA) 2y, WITINESZYORIEIN 20 BIEILATTS
80% I, HHFMEALE— DT Ry p 1Y
NEHAMWT, HB—T5EA 1 —p, M—DANEHE LR
F p? + (1-p)? B ELG

4.1. PF Evaluations

KEZERS 5 RMERIMUAM?  How well do low-
level metrics and classification networks perform? Fig-
ure 4 shows the performance of various low-level metrics

(in red), deep networks, and human ceiling (in black).

The scores are averaged across the 2 distortion test sets
(traditional+CNN-based) in Figure 4 (left), and 4 real al-
gorithm benchmarks (superresolution, frame interpolation,
video deblurring, colorization) in Figure 4 (right). All
scores within each test set are shown in the appendix. Av-
eraged across all 6 test sets, humans are 73.9% consistent.
Interestingly, the supervised networks perform at about the
same level to each other, at 68.6%, 68.9%, and 67.0%, even
across variation in model sizes — SqueezeNet (2.8 MB),
AlexNet (9.1 MB), and VGG (58.9 MB) (only convolu-

tional layers are counted). They all perform better than
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5: RN, AR T &L ERNRI,
BIETTIEE [26). HIE [1, 44, 12, 57, 63, 41, 43, 40,
13, 64], W 27, 52, 20], DARFRATIGRAIY: SIS0
fE& (LPIPS). 738 EFA N 2AFC 5 IND M,
FHAEEGSHT CNN K HE _EBCEY,

traditional metrics ¢z, SSIM, and FSIM at 63.2%, 63.1%,
63.8%, respectively. Despite its common use, SSIM was not

designed for situations where geometric distortion is a large

factor [49].

4 BRTEMREER (6). REMZ K
ANEER (GRE) RN, 28ER 4 B BT 21
REMRE (B4 + ET CNN) EECEY, 7R 4
() T 4 DESEZBEE By, hifdHE. i
WMAEBM, B6) LEBCEY, SNAEA 255
DR, fE2ER 6 DS FECEY), AR —BeR
N 73.9%. BEANE, WEMSEMEIILRIAEY, 7
HIH 68.6%. 68.9% 5 67.0%, BMERIEIA/NZEFIHE
——SqueezeNet (2.8 MB), AlexNet (9.1 MB) 5 VGG
(58.9 MB) ({UiHEBHHZR) . BN TERAER (o,
SSIM 5 FSIM, &7l 63.2%. 63.1% 5 63.8%.
SSIM &% 2, HIFFERUARE S EERERN
BT [49],

M 2% J2 B BALE 7 RAT 55 EINER?  Does the network
have to be trained on classification? In Figure 4, we
show model performance across a variety of unsupervised
and self-supervised tasks, shown in green — generative mod-

eling with BiGANSs [13], solving puzzles [40], cross-channel
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TN 2AFC - 928 640 363 | .644
TN JND | .928 - 612232 | 501
PASCAL 7% .640 .612 — 429 | .560
PASCAL K&l .363 232 429 — | .341

® 4 ARSFHRME, BATE T AT BB RIS
= BTG X Z [ 73 B RN, N BAE LR S
BT ONN WREES FBCEY, AR 82
AlexNet ZR1HHH,

prediction [64], and segmenting foreground objects from
video [43]. These self-supervised tasks perform on par with
classification networks. This indicates that tasks across
a large spectrum can induce representations which trans-
fer well to perceptual distances. Also, the performance of
the stacked k-means method [26], shown in yellow, out-
performs low-level metrics. Random networks, shown in
orange, with weights drawn from a Gaussian, do not yield
much improvement. This indicates that the combination of
network structure, along with orienting filters in directions
where data is more dense, can better correlate to perceptual

judgments.

FEE 4, Bfilfer TERAETEZACIE 5 A I
B ERORIM (k) — M BiGAN ik sl
B [13]. PREDRAE [40), BSIEETHN [64], DA ML
PR EIRTRYIAR [43], 1X4EH EESHIRILS 732K
BN, XM, BRTZERIESEREE S HA]
RIFEBFIRAFE R AFOR, A, HE k-means J5
7% [26) () WRIETRZE R, TAEMETT
TR S (R t) JLPIRENRIE T, X5
B, PIZR&iA A B, I EAEE I s vl Asds s A s 5 1)
XEFF, RESE AT IS ORI TR S ER

In Table 5,

correlates to semantic tasks on the PASCAL dataset [15],

we explore how well our perceptual task

using results summarized in [64], including additional self-
supervised methods [1, 44, 12, 57, 63, 41]. We compute the
correlation coefficient between each task (perceptual or se-
mantic) across different methods. The correlation from our
2AFC distortion preference task to classification and de-
tection is .640 and .363, respectively. Interestingly, this is

similar to the correlation between the classification and de-
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tection tasks (.429), even though both are considered “high-

level” semantic tasks, and our perceptual task is “low-level.”

53R 5, BAUED [64] LR OFINE
THINY B BB % 1, 44, 12, 57, 63, 41)), FEERKA]
HIERIESS S PASCAL 484 [15] LAVIE AES5H
KIEEWM, BATEARFTIETESLS (BAIKIE
) ZIEAEX RS MBI 2AFC KEIRIFTESS
F5r 2R GRS R854 .640 5.363, A REIEM
B, X5 MESS Z BBIAE S R (429)
i, REEMEEEIMIE @2 B XESS, Ml
BTS2 “IRE” 1,

R RAEA RN 55 Wl 2 AR ?

late across different perceptual tasks?

Do metrics corre-
We test if training
for the 2AFC distortion preference test corresponds with
another perceptual task, the JND test. We order patch
pairs by ascending order by a given metric, and compute
precision-recall on our CNN-based distortions — for a good
metric, patches which are close together are more likely to
be confused for being the same. We compute area under the
curve, known as mAP [15]. The 2AFC distortion preference
test has high correlation to JND: p = .928 when averaging
the results across distortion types. Figure 5 shows how dif-
ferent methods perform under each perceptual test. This
indicates that 2AFC generalizes to another perceptual test

and is giving us signal regarding human judgments.

AT 2AFC KA MK ERIIZ, 2
55 % —IUEAES—IND R—H &, Bl 1%
2578 FE RN B PN A FHES, HHEET CNN RE k-
HHERMR-GRR—XNFRNEEN S, ML
B P AT RERRIE AE ], FAT TSR Eh R N, BRAR
IHH mAP [15], 2AFC KERGNIKXS JND &EHE
XK ERRERE FBOEIN p = 928, Bl 5 BR T
AEFIEAESREAINIA R, XEF 2AFC fEiZ
2N 55— U, o ERATHRAL T 2T A AW

HIfE=.

BARES LGS HET CNN WRE L —4 %

H? Can we train a metric on traditional and CNN-based

distortions? In Figure 4, we show performance using

our lin, scratch, and tune configurations, shown in pur-
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6: RE EREtEbbi, BA1H SSIM [58] FERES BiGAN W45 [13],
5 —8WHF, — M IEEERRE, RERNIPA S ESR, 2R

ple, pink, and brown, respectively. When validating on the
traditional and CNN-based distortions (Figure 4(a)), we see
improvements. Allowing the network to tune all the way
through (brown) achieves higher performance than simply
learning linear weights (purple) or training from scratch
(pink).

better than the lower capacity SqueezeNet and AlexNet ar-

The higher capacity network VGG also performs
chitectures. These results verify that networks can indeed

learn from perceptual judgments.

FE 4/, BAERT lin, scratch 5 tune =
FECERIRI, 2HlAKE, BaStrbioR, EER
5XET ONN VR E ERIEN (B 4(a), BTMER T
H. nRVFMmEmE FRt) HUES MR
(Bf) MK () BUSE S TEGE. AEE K
VGG MWL T A EE /MY SqueezeNet 5 AlexNet

2R, JXEEGEIRIGTE T 28T S RE MBI 22 5

1Efegi 53T CNN (K H EIZRRE S ITR 2 FLk
BER? Does training on traditional and CNN-based dis-
tortions transfer to real-world scenarios? We are more
interested in how performance generalizes to real-world al-
gorithms, shown in Figure 4(b). The SqueezeNet, AlexNet,
and VGG architectures start at 64.0%, 65.0%, and 62.6%,
respectively. Learning a linear classifier (purple) improves
performance for all networks. Across the 3 networks and
4 real-algorithm tasks, 11 of the 12 scores improved, indi-
activations on a pre-existing rep-

cating that “calibrating”
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MEGUREMEEIE S, R T —#F 5K
DLBSR

resentation using our data is a safe way to achieve a small
boost in performance (1.1%, 0.3%, and 1.5%, respectively).
Training a network from scratch (pink) yields slightly lower
performance for AlexNet, and slightly higher performance
for VGG than linear calibration. However, these still out-
perform low-level metrics. This indicates that the distor-
tions we have expressed do project onto our test-time tasks

of judging real algorithms.

BATEROIEREIN LB B 5 R ey ok, W
4(b)s SqueezeNet, AlexNet 5 VGG ZEMAJES s 77
A 64.0%. 65.0% 5 62.6%. F3— DML ER
(%) ERTEMSRIPERERS IR . £ 3 TS
4 MESRTEESH 12 Mo eh, A 11 MEEIES,
RUTABNTHBERAERERoR b Rk Bus, 2IRE
NEVERERR TR ZIRE (ZF T 1.1%. 0.3%
5 1.5%)0 MKINZRMLE (Frt) X AlexNet HIPERE
TR, X VGG Mg, EEMETREE
o XK, BATRTZIE R EHSKRER N 2K
HESKRIENIES Lo

Interestingly, starting with a pre-trained network and
tuning throughout lowers transfer performance. This is an
interesting negative result, as training for a low-level per-
ceptual task directly does not necessarily perform as well
as transferring a representation trained for the high-level

task.
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R B SR 57 1?  Where do deep

metrics and low-level metrics disagree?  In Figure 11, we
show a qualitative comparison across our traditional distor-
tions for a deep method, BiGANs [13], and a representation
traditional perceptual method, SSIM [58]. Pairs which Bi-
GAN perceives to be far but SSIM to be close generally
contain some blur. BiGAN tends to perceive correlated

noise patterns to be a smaller distortion than SSIM.

e 11 W, BATRIEGRE, N —FIRE 2%
BiGAN [13] 5 —FERRIEAUE G775 SSIM [58)
PEE MRS, TREERE BIGAN HIMiZE, #H1g: SSIM HIh
MR IS, 8 AR A —E R, AL SSIM, BiGAN
1) AR G RR E AR CN BE /N R L

5. %iﬁ Conclusions

Our results indicate that networks trained to solve
challenging visual prediction and modeling tasks end up
learning a representation of the world that correlates well
with perceptual judgments. A similar story has recently
emerged in the representation learning literature: networks
trained on self-supervised and unsupervised objectives end
up learning a representation that is also effective at se-
mantic tasks [12]. Interestingly, recent findings in neuro-
science make much the same point: representations trained
on computer vision tasks also end up being effective models
of neural activity in macaque visual cortex [61]. Moreover
(and roughly speaking), the stronger the representation is
at the computer vision task, the stronger it is as a model
of cortical activity. Our paper makes a similar finding: the
stronger a feature set is at classification and detection, the
stronger it is as a model of perceptual similarity judgments,
as suggested in Table 4. Together, these results suggest
that a good feature is a good feature. Features that are
good at semantic tasks are also good at self-supervised and
unsupervised tasks, and also provide good models of both
human perceptual behavior and macaque neural activity.

This last point aligns with the “rational analysis” expla-
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nation of visual cognition [4], suggesting that the idiosyn-
crasies of biological perception arise as a consequence of a
rational agent attempting to solve natural tasks. Further
refining the degree to which this is true is an important

question for future research.
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Unsupervised learning by cross-channel

Igﬁ‘% Appendix

We show full quantitative details in Appendix A. We
also discuss training details in Appendix B. Finally, we show

results on the TID2013 dataset [45] in Appendix C.

BAHEMT R A FREHI SRR E B4, eI B
PRI, BRIGTEMISK C FFRRTE TID2013 £
gk [45] ERIGER,

A. %ﬁ%% Quantitative Results

In Table 5, we show full quantitative results across all
validation sets and considered metrics, including low-level
metrics, along with random, unsupervised, self-supervised,

supervised, and perceptually-learned networks.
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RUeRE BER, ERRERE, DAIRBEYL. JoiE.
BHIRE. W& SERAIY SR,

-

In Figures 7, 8, 9, we plot performance in individual
validation sets. Figure 7 shows our traditional and CNN-
based distortions, and Figures 8, 9 show results on real

algorithm applications individually.
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A;@i‘éfm Human performance

{z1,20} with fraction {p,1—p}, the theoretical maximum for

[f humans chose patches

an oracle is max(p, 1 — p). However, human performance is
lower. If an agent chooses them with probability {¢,1 — ¢},
the agent will agree with gp 4+ (1 — ¢)(1 — p) humans on

expectation. With a human agent, ¢ = p, the expected

2

human score is p* + (1 — p)
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ing linear weights on top of the Alex model achieves state-

Learn-

of-the-art results on the real algorithms test set. The linear
models have a learned linear layer on top of each channel,
whereas the out-of-the-box versions weight each channel
equally. In Figure 10b, we show the learned weights for
the Alex —frozen model. The conv1-5 layers contain 64,
192, 384, 256, and 256 channels, respectively, for a total
of 1152 weights. convl-5, 79.7%, 71.4%,
56.8%, 46.5%, 27.7%, respectively, of the weights are zero.

For each layer,
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This means that a majority of the convl and conv2 units are
ignored, and almost all of the conv5 units are used. Overall,
about half of the units are ignored. Taking the cosine dis-

tance is equivalent to setting all weights to 1 (Figure 10a).
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5 956 MNMEIE, HIf 1152 MUE, X convi-5 KR,
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e H LSBT FR AR R Daca quantity for train-

ing models on distortions

idation set on our distortions (80.6% and 81.4% for Alex

The performance of the val-

— tune and VGG — tune, respectively), is almost equal
to human performance of 82.6%. This indicates that our
training set size of 150k patch pairs and 300k judgments
is nearly large enough to fully explore the traditional and
CNN-based distortions which we defined. However, there
is a small gap between the tune and scratch models (0.4%

and 0.6% for Alex and VGG, respectively).

ERMEE EHRRIEE RN (Alex — tune 5
VGG — tune 73519 80.6% 5 81.4%), JLFZERT
82.6% HINFEERM, XK, Ff1 15 TAEBR 30 /7
SFHWRINZRERE, TR AFEHRRBATATE
NIMEREHT CNN K HE, Fidt, tune 5 scratch
R A /MEZERE (Alex 5 VGG 53514 0.4%
50.6%)0

B. ﬁfﬂi}ll?ﬁ.ﬁﬂ% Model Training Details

We illustrate the loss function for training the network
in Figure 3 (right) and describe it further in the supple-

mentary material. Given two distances, (do,d1), we train a
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small network G on top to map to a score he (0,1). The ar-
chitecture uses two 32-channel FC-ReLU layers, followed by
a l-channel FC layer and a sigmoid. Our final loss function

is shown in Equation 2.

FAERE 3 () HoRE T HTUIZRMZS R 26 K
8, A FTER R — PR B EEES (do, dy),
TAHEH EYIGE—A/ N2t G, R — 408
he (0,1), ZAMIERAMA 32 JEIEN FC-ReLU B, F
JEE— 1 EIER] FC B5— sigmoid, HZARIRK
PRI 2,
‘C(xv To, 1, h) = —h].Og g(d<$7 .’E()), d(l‘7 iEl))
_(1 - h) log(l - g(d(l‘, 1‘0), d(:l,‘, 1'1)))

In preliminary experiments, we also tried a ranking
loss, which attempts to force a constant margin between
patch pairs d(x,z0) and d(z,z1). We found that using a
learned network, rather than enforcing the same margin in

all cases, worked better.

RIS, TANEZRAE —MiEFkL, Bl
EBIEERPN d(z,20) 5 d(z,21) Z RERHI—MEE R
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RS 7] TR PR RSCR A

Here, we provide some additional details on model
training for our networks trained on distortions. We train
with 5 epochs at initial learning rate 107*, 5 epochs with

linear decay, and batch size 50. Each training patch pair is
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A EIAA (RIMENAE AR E WD) A HA IR SR XEECORoR; S8R ar R R ElE 5 DA

TR,

judged 2 times, and the judgments are grouped together. If,
for example, the two judges are split, then the classification
target (h in Figure 3) will be set at 0.5. We enforce non-
negative weightings on the linear layer w, since larger dis-

tances in a certain feature should not result in two patches

becoming closer in the distance metric. This is done by
projecting the weights into the constraint set at every iter-
ation. In other words, we check for any negative weights,
and force them to be 0. The project was implemented using

PyTorch [42].
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C. TID2013 ﬁjﬁ% TID2013 Dataset

In Figure 12, we compute scores on the TID2013 [45]
dataset. We test the images at a different resolutions, us-
ing {128,192,256, 384,512} for the smaller dimension. We
note that even averaging across all scales and layers, with
no further calibration, the AlexNet [27] architecture gives
scores near the highest metric, FSIMc [62]. On our tra-
ditional perturbations, the FSIMc metric achieves 61.4%,
close to £2 at 59.9%, while the deep classification networks
we tested achieved 73.3%, 70.6%, and 70.1%, respectively.

The difference is likely due to the inclusion of geometric
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distortions in our dataset. Despite their frequent use in

such situations, metrics such as SSIM were not designed to

handle geometric distortions [49].

£ 12 1, FATHHELE TID2013 [45) $dEsE LY
I BAMERF PR TIMNAENE, B/ —4EE
{128,192, 256,384,512}, BANFER, BMEENERE
5B FECES, BAEEMHE—P R, AlexNet [27)
ZEREE I B R B = Y S & FSIMc [62], fEFk
LSS |, FSIMc FERIAF] 61.4%, ik (o 1Y
59.9%, HEATIELATIR 53 KM 48 73 RIS F] 73.3%.
70.6% 5 70.1%, 1X—Z%FIRAIRETR T A THIEHEHN
ANTTUARE, SSIM %51 B RS # ¥ T I K16,
HIFE AR LA R AL [49],

D. ﬂ%ﬁiﬂ% Changelog

v1 initial preprint release
HIRETRENA £ AT
v2 CVPR camera ready; moved TID results (Ap-

pendix C), SSIM vs BiGAN (Figure 11), and some training
details into the Appendix to fit into 8 page limit; clari-
fied that SSIM was not designed to handle geometric dis-

tortions [49] and clarified that our dataset is a perceptual



similarity dataset (as opposed to an IQA dataset); added
linear weights for Squeeze-lin and VG G-lin architectures in

Figure 10; miscellaneous small edits to text.

CVPR JEfRRR; NiHE 8 TURIRIRE], ¥4 TID 45
BO(ff® C). SSIM 5 BiGAN ByxfEt (& 11) PAMN
B VISR TR A SR, 7878 SSIM FHAEJy b B LAl
KA [49], FFEE A TRIEHE S 2 A IR
et (MAE IQA BEE); B 10 HFtHY Squeeze-lin
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o
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