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Which image is more similar to the reference image?
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图 1: 在这些例子里，哪个图块（左边还是右边）与中间的图块 “更接近”？每一组中，传统度量（L2/PSNR、
SSIM、FSIM）都与人类判断相左。然而深度网络——即便横跨不同架构（SqueezeNet [20]、AlexNet [27]、VGG [52]）
与不同监督类型（监督 [47]、自监督 [13, 40, 43, 64]，乃至无监督 [26]）——却都能给出一种涌现的嵌入，与人
类判断出奇地吻合。我们进一步在一个大规模感知判断数据库上对已有的深度嵌入加以校准；模型与数据参见
https://www.github.com/richzhang/PerceptualSimilarity。

摘要
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-

本文为 AI 辅助翻译版本，仅供学习交流；引用请以英文原文为
准：arXiv:1801.03924。

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.

对人类而言，迅速判断两幅图像之间的感知相似

性几乎毫不费力，但其背后的加工过程据信相当复杂。

尽管如此，当今最广为使用的感知度量——例如 PSNR
与 SSIM——却都是简单、浅层的函数，无法刻画人
类感知的诸多微妙之处。近来，深度学习界发现，在

ImageNet 分类任务上训练的 VGG 网络，其特征作为
图像合成的训练损失异常有用。但这些所谓的 “感知
损失” 究竟有多 “感知”？它们成功的关键要素又是什
么？为回答这些问题，我们构建了一个新的人类感知

相似性判断数据集。我们系统地评测了不同架构、不
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同任务下的深度特征，并将其与经典度量作比较。我

们发现，在本数据集上，深度特征以很大优势超越了

以往所有度量。更出人意料的是，这一结果并不限于

ImageNet 训练的 VGG 特征，而是在不同的深度架构
与不同监督程度（监督、自监督乃至无监督）下都成

立。这些结果表明，感知相似性是各类深度视觉表示

所共有的一种涌现属性。

1. 动机 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.

比较数据项的能力，或许是支撑一切计算的最基
本操作。在计算机科学的许多领域，这并不构成太大困
难：可以用汉明距离比较二进制模式，用编辑距离比较
文本文件，用欧氏距离比较向量，等等。计算机视觉的
独特挑战在于，即便是比较视觉模式这样看似简单的
任务，至今仍是一个悬而未决的问题。视觉模式不仅维
度极高、彼此高度相关，而且视觉相似性这一概念本身
往往是主观的，其目标是模拟人类的视觉感知。例如在
图像压缩中，目标是让压缩后的图像在人类观察者看
来与原图无从区分，而不论二者的像素表示可能相差
甚大。

Classic per-pixel measures, such as ℓ2 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 ℓ2 change.

经典的逐像素度量——如回归问题中常用的 ℓ2 欧
氏距离，或与之相关的峰值信噪比（PSNR）——不足
以评价图像这类结构化输出，因为它们假设各像素相
互独立。一个众所周知的例子是：模糊会带来很大的感
知变化，ℓ2 上的变化却很小。

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].

我们真正想要的是一种 “感知距离”，它以契合
人类判断的方式来衡量两幅图像有多相似。这一问题
是长期以来的目标，人们已提出了众多受感知启发的
距离度量，如 SSIM [58]、MSSIM [60]、FSIM [62] 与
HDR-VDP [34]。

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.

然而，构建感知度量并不容易，因为人类的相
似性判断 (1) 依赖高阶图像结构 [58]，(2) 依赖上下
文 [19, 36, 35]，且 (3)未必真的构成一个距离度量 [56]。
第 (2) 点的关键在于，我们心中可以同时持有许多不
同的 “相似之感”：一个红色圆更像一个红色方，还是
更像一个蓝色圆？由于判断既依赖上下文又是成对的
（比较两幅图像之间的相似性），直接对人类判断拟合一
个函数可能难以处理。事实上，本文给出了一个反面结
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Original Perturbed Patches

(a) 传统

Original Perturbed Patches

(b) 基于 CNN

图 2: 失真示例。展示了分别用我们的 (a) 传统方法与 (b) 基于 CNN 的方法所生成的失真示例。

果：即便在包含多种失真类型的大规模数据集上训练，
这种做法仍无法泛化。

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].

换个思路：是否存在一种无需直接为之训练、却能
学到感知相似性概念的途径？计算机视觉界已经发现，
深度卷积网络的内部激活尽管是在高层图像分类任务
上训练得到的，却常常出人意料地可用作范围广得多
的各类任务的表示空间。例如，VGG 架构 [52]的特征
已被用于神经风格迁移 [17]、图像超分辨率 [23]以及条
件图像合成 [14, 8] 等任务。这些方法把 VGG 特征空
间中的距离用作图像回归问题的 “感知损失” [23, 14]。

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?

但这些 “感知损失” 究竟在多大程度上契合人类的
视觉感知？与传统的感知图像评价度量相比又如何？网
络架构是否重要？是否非得在 ImageNet 分类任务上训
练，抑或换成别的任务同样奏效？网络到底需不需要经
过训练？

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.

本文在一个新的大规模人类判断数据库上考察这
些问题，并得出若干令人惊讶的结论。我们发现，为高
层分类任务训练的网络，其内部激活即便跨越不同网
络架构 [20, 28, 52]、且不作任何进一步校准，也确实
与人类的感知判断相符。事实上，它们的吻合程度远胜
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数据集 输入图像/ 输入 失真 失真 强度 失真图像/ 判断 判断
图块数 类型 数目 类型数 级数 图块数 数目 类型

LIVE [51] 29 图像 5 传统 连续 .8k 25k MOS
CSIQ [29] 30 图像 6 传统 5 .8k 25k MOS

TID2008 [46] 25 图像 17 传统 4 2.7k 250k MOS
TID2013 [45] 25 图像 24 传统 5 3.0k 500k MOS

BAPPS (2AFC–Distort) 160.8k 64× 64 图块 425 传统 +CNN 连续 321.6k 349.8k 2AFC
BAPPS (2AFC–Real alg) 26.9k 64× 64 图块 – 算法输出 – 53.8k 134.5k 2AFC
BAPPS (JND–Distort) 9.6k 64× 64 图块 425 传统 +CNN 连续 9.6k 28.8k 相同/不同

表 1: 数据集对比。我们提出的 Berkeley-Adobe 感知图块相似性（BAPPS）数据集与以往工作的一个主要区别，
在于失真类型的规模。我们用取自 [7, 10] 的未压缩图像，在失真集合上提供人类感知判断。以往数据集使用少量
失真、且强度取离散级别；我们则使用大量失真（由若干原子失真按顺序组合而成）并连续采样。对每个输入图
块，我们用两种失真对其进行破坏，并就每对征集少量人类判断（训练集 2 条、测试集 5 条），这使我们得以在大
量图块上获取判断。以往数据库把判断汇总为一个平均意见得分（MOS）；我们则直接报告成对判断（二选一强迫
选择）。此外，我们还提供对真实算法输出的判断，以及一个相同/不同的恰可察觉差异（JND）感知测试。

于 SSIM、FSIM [58, 62] 等常用度量——后者本就不是
为应对空间歧义成为主要因素的情形而设计的 [49]。此
外，表现最好的自监督网络——包括 BiGAN [13]、跨
通道预测 [64] 与拼图求解 [40]——在这项任务上同样出
色，哪怕没有人工标注的训练数据可用。就连用堆叠
k-means [26] 做简单无监督初始化的网络，也以很大优
势击败了经典度量！这体现出一种在各网络之间、乃至
跨架构与跨训练信号所共有的涌现属性。但重要的是，
具备某种训练信号似乎不可或缺——随机初始化的网络
性能要低得多。

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.

我们的研究基于一个新采集的感知相似性数据集，
使用了大量失真以及真实算法的输出。它既包含传统
失真，如对比度与饱和度调整、噪声模式、滤波以及空
间形变操作，也包含由多种架构与损失产生的、基于
CNN 的算法输出，如自编码、去噪与着色。相比以往
的同类数据集 [45]，我们的数据集更丰富、更多样。我
们还针对超分辨率、帧插值与图像去模糊等任务，采集
了对真实算法输出的判断——这一点尤为重要，因为它
们正是感知度量在现实中的用武之地。我们表明，通过
学习对各层激活作一个简单的线性缩放，我们的数据
可用来 “校准” 已有网络，使之更贴合低层的人类判断。

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.

我们的结果与如下假设相符：感知相似性并非一
项自成一体的特殊功能，而是视觉表示被调校得能对
世界中的重要结构作出预测之后的一种产物。凡是在
语义预测任务上有效的表示，也正是欧氏距离能高度
预测感知相似性判断的表示。
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Our contributions are as follows:

我们的贡献如下：
• 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).

我们提出了一个大规模、高度多样的感知相似性
数据集，包含 48.4 万条人类判断。该数据集不仅
含有参数化失真，还含有真实算法的输出。我们还
就另一种感知测试——恰可察觉差异（JND）——
采集了判断。

• 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.

我们表明，无论以监督、自监督还是无监督目标训
练，深度特征都能出人意料地很好地刻画低层感
知相似性，超越以往广泛使用的度量。

• We demonstrate that network architecture alone does
not account for the performance: untrained nets
achieve much lower performance.

我们证明，仅凭网络架构并不足以解释这一性能：
未经训练的网络性能要低得多。

• With our data, we can improve performance by “cali-
brating” feature responses from a pre-trained network.

借助我们的数据，可以通过 “校准” 预训练网络的
特征响应来提升性能。

数据集方面的已有工作 Prior work on datasets In
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 [38]
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).

为评价已有的相似性度量，人们提出了若干数
据集，其中最流行的包括 LIVE [51]、TID2008 [46]、
CSIQ [29] 与 TID2013 [45]。这些被称为全参考图像质
量评价（FR-IQA）数据集，事实上已成为相似性度量
研发与评价的基准。与之相关的另一条研究线是无参
考图像质量评价（NR-IQA），如 AVA [38] 与 LIVE In
the Wild [18]。这类数据集在没有参考图像的情况下，
单独考察每幅图像自身的 “质量”。我们采集的新数据
集与它们互补：它包含的失真数量大得多，其中既有来
自较新的、基于深度网络的输出，也有几何失真。我们
的数据集聚焦于感知相似性，而非质量评价；此外，它
采集的是图块而非整幅图像，在自然环境下进行，并采
用了不同的实验设计（详见第 2 节）。

深度网络与人类判断方面的已有工作 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.

近来，深度神经网络（DNN）的进展推动了在视
觉相似性与图像质量评价场景下的应用研究。Kim 与
Lee [25] 用一个 CNN，通过在低层差异上训练来预测
视觉相似性。Talebi 与 Milanfar [54, 55] 的同期工作，
则在 NR-IQA 的背景下训练深度网络以评估图像美学。
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Gao 等 [16] 与 Amirshahi 等 [3] 提出的方法，分别借
助深度网络（VGG 与 AlexNet）的内部激活，再辅以
额外的多尺度后处理。在本工作中，我们在一个全新
的、大规模且高度多样的数据集上，跨越不同架构与不
同训练信号开展了更深入的研究。

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.

近来，Berardino 等 [6] 在感知相似性上训练网络，
并且重要的是，评估了深度网络在一项另设任务上作
预测的能力——预测失真中感知上最显著与最不显著的
方向。类似地，我们不仅在参数化失真上评估图像块相
似性，还测试了对真实算法的泛化，以及对另一项感知
任务——恰可察觉差异——的泛化。

2. Berkeley-Adobe 感 知 图 块 相 似 性
（BAPPS）数据集 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.

为评价不同感知度量的性能，我们用两种方式采
集了一个大规模、高度多样的感知判断数据集。主体数
据采用二选一强迫选择（2AFC）测试，询问两个失真
中哪一个与参考更相似。我们再用第二个实验加以验
证，即恰可察觉差异（JND）测试，询问两个图块——
一个是参考、一个是失真——是相同还是不同。这些判

断是在一个广阔的失真与真实算法输出空间上采集的。

2.1.失真 Distortions

传统失真 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.

我们构造了一组 “传统” 失真，由施加在输入图块
上的常见操作组成，列于表 2（左）。总体上，我们使
用光度失真、随机噪声、模糊、空间平移与破坏，以及
压缩伪影。图 2 给出了传统失真的定性示例。每种扰
动的强度都被参数化——例如对于高斯模糊，核宽度决
定了施加于输入图像的破坏量。我们还把成对的失真
按顺序组合，以扩大可能失真的整体空间。总计我们有
20 种失真与 308 种顺序组合而成的失真。

基于 CNN 的失真 CNN-based distortions To more
closely simulate the space of artifacts that can arise from
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.

为更贴近地模拟基于深度学习的方法可能产生的
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子类型 失真类型
光度 亮度偏移、颜色偏移、对比度、饱和度

均匀白噪声、高斯白噪声、粉噪声、
噪声 蓝噪声、高斯有色（介于紫与

棕之间）噪声、棋盘伪影
模糊 高斯、双边滤波
空间 平移、仿射形变、单应、

线性形变、三次形变、重影、
色差

压缩 jpeg

参数类型 参数
输入 null、粉噪声、白噪声、
破坏 去色、下采样

层数、跳连数、
生成器 带 dropout 的层数、
网络 在最高层强制跳连、上采样方法、
架构 归一化方法、首层步幅、

第 1 层通道数、最大通道数
判别器 层数
损失/学习 逐像素（ℓ1）、VGG、

判别器损失的权重，学习率
表 2: 我们的失真。我们的传统失真（左）由基本的低层图像编辑操作实现，我们还将它们按顺序组合，以更好地
探索该空间。基于 CNN 的失真（右）则通过随机改变任务、网络架构与学习参数等生成。这些失真的目标，是模
拟真实算法输出中可能出现的失真。

伪影空间，我们构造了一组由神经网络生成的失真。如
表 2（右）所示，我们通过探索多种任务、架构与损失
来模拟可能的算法输出。这些任务包括自编码、去噪、
着色与超分辨率，且都可以通过对输入施加适当的破
坏来实现。我们总共生成了 96 个 “去噪自编码器”，并
把它们用作基于 CNN 的失真函数。每个网络都在 130
万张的 ImageNet 数据集 [47] 上训练 1 个 epoch。每
个网络的目标并不在于解决任务本身，而是要探索那
些困扰深度学习方法输出的常见伪影。

来自真实算法的失真图块 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.

对图像评价算法的真正考验，在于真实问题与真
实算法。我们利用这类输出来收集感知判断。真实算法
的数据更为有限，因为每种应用都有其独特性质。例

如，不同的着色方法在结构上不会有太大变化，却容易
出现颜色渗溢、颜色偏差等效应；而超分辨率不存在颜
色歧义，却可能因算法不同而出现更大的结构变化。

超分辨率 Superresolution We evaluate results from
the 2017 NTIRE workshop [2]. We use 3 tracks from the
workshop – ×2, ×3, ×4 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 × 64 triplets from random locations of images
in the Div2K [2] dataset – the ground truth high-resolution
image, along with two algorithm outputs.

我们评测 2017 年 NTIRE workshop [2] 的结果。
我们采用其中 3 个赛道——分别用 “未知” 下采样生
成输入图像的 ×2、×3、×4 上采样倍率，每个赛道约
有 20 份算法提交。我们还评测了若干额外方法，包括
双三次上采样，以及四种表现最好的深度超分辨率方
法 [24, 59, 31, 48]。呈现超分辨率结果的一种常见定
性方式，是放大特定图块并比较差异。为此，我们从
Div2K [2] 数据集图像的随机位置采样随机的 64 × 64
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三元组——真值高分辨率图像，连同两份算法输出。

帧插值 Frame interpolation We sample patches from dif-
ferent frame interpolation algorithms, including three vari-
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.

我们从不同的帧插值算法中采样图块，包括三种
基于光流的插值 [33] 变体、基于 CNN 的插值 [39] 与
基于相位的插值 [37]，数据取自 Davis Middleburry 数
据集 [50]。由于帧插值产生的伪影可能出现在不同尺度
上，我们在采样图块三元组前先对图像作随机缩放。

视频去模糊 Video deblurring We sample from the
video deblurring dataset [53], along with deblurring out-
puts from Photoshop Shake Reduction, Weighted Fourier
Aggregation [11], and three variants of a deep video de-
blurring method [53].

我们从视频去模糊数据集 [53] 中采样，同时纳入
来自 Photoshop 抖动消减、加权傅里叶聚合 [11] 以及
某深度视频去模糊方法 [53] 三个变体的去模糊输出。

着色 Colorization We sample patches using random
scales on the colorization task, on images from the Ima-
geNet dataset [47]. The algorithms are from pix2pix [22],
Larsson et al. [30], and variants from Zhang et al. [63].

针对着色任务，我们在 ImageNet数据集 [47]的图
像上以随机尺度采样图块。所用算法来自 pix2pix [22]、
Larsson 等 [30]，以及 Zhang 等 [63] 的若干变体。

2.2.心理物理相似性测量 Psychophysical Similarity Mea-

surements

2AFC 相似性判断 2AFC similarity judgments We
randomly select an image patch x and apply two distortions
to produce patches x0, x1. We then ask a human which is
closer to the original patch x, and record response h ∈
{0, 1}. On average, people spent approximately 3 seconds
per judgment. Let T denote our dataset of patch triplets
(x, x0, x1, h).

我们随机选取一个图像块 x，施加两种失真以产生
图块 x0, x1，然后请人判断哪一个与原始图块 x 更接
近，并记录回答 h ∈ {0, 1}。平均而言，人们每次判断
约花 3 秒。令 T 表示我们由图块三元组 (x, x0, x1, h)

构成的数据集。
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 × 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 × 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 RAISE1k dataset [10] for validation.

表 1 给出了我们的数据集与以往数据集的对比。
以往数据集侧重于就少数图像与失真类型采集大量人
类判断。例如最大的数据集 TID2013 [45] 对 3000 种
失真（源自 25 幅输入图像、24 种失真类型，每种在 5
个强度上采样）收集了 50 万条判断。我们提供的则是
一个互补的数据集，转而侧重于大量的失真类型；此
外，我们在大量 64× 64 图块（而非少量整幅图像）上
采集判断。这样做有三个原因。其一，整幅图像的空间
极其庞大，用判断覆盖该领域相当一部分要难得多（即
便 64 × 64 的彩色图块也对应一个难以处理的 12k 维
空间）。其二，选用较小的图块尺寸能让我们聚焦于相
似性中更低层的方面，从而减轻可能受高层语义影响
的 “相似的不同方面” 所带来的干扰 [36]。其三，现代
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图像合成方法用基于图块的损失（以卷积实现）来训练
深度网络 [8, 21]。我们的数据集包含超过 16.1 万个图
块，训练部分取自 MIT-Adobe 5k 数据集 [7]（5000 幅
未压缩图像），验证部分取自 RAISE1k 数据集 [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.

为实现大规模采集，我们的数据是在亚马逊 Me-
chanical Turk 上 “自然环境” 式收集的，而非受控的实
验室环境。Crump 等 [9] 表明，尽管无法控制所有环
境因素，AMT 仍可可靠地用于复现许多心理物理学研
究。我们在 “训练” 集上对每个样本征集 2 条判断，在
“验证” 集上征集 5 条。征集较少的判断使我们得以探
索更大的图像块与失真集合。我们加入了哨兵样本，即
包含明显形变的图块对，例如大量高斯噪声对少量高
斯噪声。约 90% 的标注者能正确通过至少 93% 的哨兵
样本（15 个中的 14 个），表明他们理解任务且保持专
注。我们选择使用比以往数据集更多的失真种类。

恰可察觉差异（JND）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

数据集
数据 训练/ 样本 每样本
来源 验证 数 判断数

传统 [7] 训练 56.6k 2
基于 CNN [7] 训练 38.1k 2
混合 [7] 训练 56.6k 2

2AFC–失真 [训练] – 训练 151.4k 2

传统 [10] 训练 4.7k 5
基于 CNN [10] 训练 4.7k 5

2AFC–失真 [验证] – 验证 9.4k 5

超分辨率 [32] 验证 10.9k 5
帧插值 [50] 验证 1.9 5
视频去模糊 [5] 验证 9.4 5
着色 [47] 验证 4.7 5

2AFC–真实算法 [验证] – 验证 26.9k 5

传统 [10] 验证 4.8k 3
基于 CNN [10] 验证 4.8k 3

JND–失真 – 验证 9.6k 3

表 3: 我们的数据集划分。我们把 2AFC 数据集划分
为三个主要部分：(1,2) 使用我们失真的训练集与测试
集，其图块分别采样自 MIT5k [7] 与 RAISE1k [10] 数
据集；(3) 一个包含真实算法输出的测试集，其图块来
自多种应用。我们的 JND 数据取自传统与基于 CNN
的失真。

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
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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 任务的一个潜在缺点是它 “认知可渗透”：
参与者在完成任务时可以有意识地选择关注相似性的
哪些方面 [36]，这会给判断引入主观性。为验证这些判
断确实反映了某种客观而有意义的东西，我们还采集
了用户对 “恰可察觉差异”（JND）的判断。我们先展
示一幅参考图像，再展示一幅随机失真的图像，并请
人判断两幅图像相同还是不同。两个图块各展示 1 秒，
中间间隔 250 毫秒。看起来相似的两幅图像容易被混
淆，而好的感知度量应能把图像对按从最易混淆到最
不易混淆排序。这样的 JND 测试可视为更少主观性，
因为每次判断只有一个正确答案，且可假定参与者清
楚何为正确行为。我们对传统与基于 CNN 的验证集中
的 4800 个图块，每个采集 3 次 JND 观测。每位被试
看到 160 对图像，外加 40 个哨兵样本（32 个完全相
同，8 个施加了大量高斯噪声失真）。我们还提供了一
段由 10 对图像组成的简短训练，其中含 4 对 “相同”、
1 对明显不同，以及 5 对由我们的失真生成的 “不同”
图像。我们这样做，是为了让用户在预期上倾向于认为
约 40% 的图块对是完全相同的。结果确有 36.4% 的图
块对被标为 “相同”（哨兵样本中占 70.4%，测试图块
对中占 27.9%）。

3. 深度特征空间 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.

我们评测不同网络中的特征距离。对给定的卷积
层，我们（在通道维度上）计算余弦距离，并在网络的
空间维度与各层上取平均。我们还讨论如何在我们的
数据上微调一个已有网络。

网络架构 Network architectures We evaluate the
SqueezeNet [20], AlexNet [28], and VGG [52] architec-
tures. We use 5 conv layers from the VGG network, which

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 conv1-
conv5 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.

我 们 评 测 SqueezeNet [20]、AlexNet [28] 与
VGG [52] 三种架构。我们使用 VGG 网络的 5 个
conv 层——VGG 已成为图像生成任务事实上的标
准 [17, 14, 8]。我们还与更浅的 AlexNet 网络作比较，
后者或许更贴近人类视觉皮层的结构 [61]。我们取
自 [27] 的 conv1-conv5 层。最后，SqueezeNet 架构被
设计得极为轻量（2.8 MB），分类性能却与 AlexNet 相
近。我们使用其第一个 conv层以及随后的若干 “fire”
模块。

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].

我们还额外评测了若干自监督方法，包括拼图求
解 [40]、跨通道预测 [63, 64]、从视频中学习 [43] 与生
成式建模 [13]。我们使用这些方法及其他方法公开可得
的网络，它们均采用 AlexNet [28] 的变体。

从网络激活到距离 Network activations to distance Fig-
ure 3 (left) and Equation 1 illustrate how we obtain the dis-
tance between reference and distorted patches x, x0 with
network F . We extract feature stack from L layers and
unit-normalize in the channel dimension, which we desig-
nate as ŷl, ŷl

0 ∈ RHl×Wl×Cl for layer l. We scale the acti-
vations channel-wise by vector wl ∈ RCl and compute the
ℓ2 distance. Finally, we average spatially and sum channel-
wise. Note that using wl = 1∀l is equivalent to computing
cosine distance.

图 3（左）与式 1 说明了我们如何用网络 F 得到
参考图块与失真图块 x, x0 之间的距离。我们从 L个层
提取特征堆栈，并在通道维度上作单位归一化，对层 l
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图 3: 用网络计算距离。（左）给定网络 F，为计算两个图块 x、x0 之间的距离 d0，我们先计算深度嵌入，在通道
维度上对激活作归一化，再用向量 w 逐通道缩放，然后取 ℓ2 距离。之后在空间维度以及所有层上取平均。（右）
训练一个小网络 G，从距离对 (d0, d1) 预测感知判断 h。
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图 4: 定量比较。我们在测试集上对各度量作定量比较。（左）在传统与基于 CNN 的失真上取平均的结果。（右）
在 4 个真实算法集合上取平均的结果。

记为 ŷl, ŷl0 ∈ RHl×Wl×Cl。我们用向量 wl ∈ RCl 逐通
道缩放激活，并计算 ℓ2 距离。最后在空间上取平均、在
通道上求和。注意，取 wl = 1∀l 等价于计算余弦距离。

d(x, x0) =
∑
l

1

HlWl

∑
h,w

||wl ⊙ (ŷlhw − ŷl0hw)||22 (1)

在我们的数据上训练 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

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.

我们考虑用感知判断进行训练的几种变体：lin、
tune 与 scratch。在 lin 配置下，我们保持预训练网
络权重 F 固定，只在其上学习线性权重 w。这相当于
对已有特征空间中的少量参数作一次 “感知校准”。例
如对 VGG 网络，需学习 1472 个参数。在 tune 配置
下，我们从预训练的分类模型初始化，允许网络 F 的
所有权重被微调。最后在 scratch 配置下，我们用随
机高斯权重初始化网络，完全在我们的判断上训练它。
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总体上，我们把这些统称为所提出的学习式感知图像
块相似性（LPIPS）度量的各变体。训练损失函数见
图 3（右），并在附录中作进一步描述。

4. 实验 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 x0 and 1 for x1,
an algorithm which predicts the more popular choice x0

would receive 80% credit. If a given example is scored with
fraction p humans in one direction and 1 − p in the other,
a human would achieve score p2 + (1− p)2 on expectation.

我们在验证集上的结果见图 4。我们首先评估各度
量与网络的表现如何。所有验证集对每个三元组都含 5
条成对判断。由于这本质上是一个含噪过程，我们计
算算法与全部判断的一致程度。例如，若有 4 票偏向
x0、1 票偏向 x1，则预测更受欢迎选项 x0 的算法可得
80% 的分数。若某样本在一个方向上得到比例为 p 的
人类判断、另一方向为 1− p，则一个人在期望上会得
到 p2 + (1− p)2 的分数。

4.1.评测 Evaluations

低层度量与分类网络表现如何？ 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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图 5: 关联各感知测试。我们展示了各类方法的表现，
包括无监督 [26]、自监督 [1, 44, 12, 57, 63, 41, 43, 40,
13, 64]、监督 [27, 52, 20]，以及我们经感知学习得到的
度量（LPIPS）。分数取自我们的 2AFC 与 JND 测试，
并在传统与基于 CNN 的失真上取平均。

traditional metrics ℓ2, 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].

图 4 展示了各种低层度量（红色）、深度网络以及
人类上限（黑色）的表现。分数在图 4（左）中于 2 个
失真测试集（传统 + 基于 CNN）上取平均，在图 4
（右）中于 4 个真实算法基准（超分辨率、帧插值、视
频去模糊、着色）上取平均。各测试集内的全部分数
见附录。在全部 6 个测试集上取平均，人类的一致率
为 73.9%。有意思的是，监督网络彼此表现相当，分
别为 68.6%、68.9% 与 67.0%，即便模型大小差异明显
——SqueezeNet（2.8 MB）、AlexNet（9.1 MB）与 VGG
（58.9 MB）（仅计卷积层）。它们都优于传统度量 ℓ2、
SSIM 与 FSIM，后者分别为 63.2%、63.1% 与 63.8%。
SSIM 虽被广泛使用，却并非为几何失真占主要因素的
情形而设计 [49]。

网络是否必须在分类任务上训练？ 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 BiGANs [13], solving puzzles [40], cross-channel
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2AFC JND 分类 检测 平均
感知 2AFC – .928 .640 .363 .644
感知 JND .928 – .612 .232 .591

PASCAL 分类 .640 .612 – .429 .560
PASCAL 检测 .363 .232 .429 – .341

表 4: 任务相关性。我们跨方法计算低层感知测试与
高层语义测试之间的分数相关性。感知分数在传统与
基于 CNN 的失真集合上取平均。相关性分数针对类
AlexNet 架构计算。

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.

在图 4 中，我们展示了模型在多种无监督与自监
督任务上的表现（绿色）——用 BiGAN 做生成式建
模 [13]、拼图求解 [40]、跨通道预测 [64]，以及从视频
中分割前景物体 [43]。这些自监督任务的表现与分类网
络相当。这表明，跨越广泛谱系的任务都能诱导出可
良好迁移到感知距离的表示。此外，堆叠 k-means 方
法 [26]（黄色）的表现优于低层度量。而权重从高斯分
布中抽取的随机网络（橙色）几乎没有带来提升。这表
明，网络结构本身，加上把滤波器朝数据更稠密的方向
对齐，能更好地与感知判断相关联。

In Table 5, we explore how well our perceptual task
correlates to semantic tasks on the PASCAL dataset [15],
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-

tection tasks (.429), even though both are considered “high-
level” semantic tasks, and our perceptual task is “low-level.”

在表 5 中，我们借助 [64] 汇总的结果（并纳入若
干额外的自监督方法 [1, 44, 12, 57, 63, 41]），考察我们
的感知任务与 PASCAL 数据集 [15] 上的语义任务相
关程度如何。我们跨不同方法计算各任务（感知或语
义）之间的相关系数。从我们的 2AFC 失真偏好任务
到分类与检测的相关系数分别为.640 与.363。有意思的
是，这与分类和检测两个任务之间的相关系数（.429）
相近，尽管后两者都被视作 “高层” 语义任务，而我们
的感知任务是 “低层” 的。

各度量在不同感知任务间是否相关？ Do metrics corre-
late across different perceptual tasks? 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: ρ = .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.

我们检验为 2AFC 失真偏好测试所作的训练，是
否与另一项感知任务——JND 测试——相吻合。我们按
给定度量对图块对升序排列，并在基于 CNN 的失真上
计算精确率-召回率——对好的度量而言，彼此接近的
图块更可能被混淆为相同。我们计算曲线下面积，即所
谓的 mAP [15]。2AFC 失真偏好测试与 JND 高度相
关：在各失真类型上取平均时 ρ = .928。图 5 展示了
不同方法在各感知测试下的表现。这表明 2AFC 能泛
化到另一项感知测试，并为我们提供了关于人类判断
的信号。

我们能否在传统与基于 CNN 的失真上训练一个度
量？ 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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图 6: 失真上的定性比较。我们用 SSIM [58] 度量与 BiGAN 网络 [13]，对传统失真作定性比较，展示了二者一致
与不一致的例子。一个主要差异是，深度嵌入似乎对模糊更敏感。更多示例请见附录。

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). The higher capacity network VGG also performs
better than the lower capacity SqueezeNet and AlexNet ar-
chitectures. These results verify that networks can indeed
learn from perceptual judgments.

在图 4 中，我们展示了 lin、scratch 与 tune 三
种配置的表现，分别以紫色、粉色与棕色标示。在传统
与基于 CNN 的失真上验证时（图 4(a)），我们看到了
提升。允许网络端到端微调（棕色）比仅学习线性权重
（紫色）或从头训练（粉色）取得更高性能。容量更大的
VGG 网络也优于容量更小的 SqueezeNet 与 AlexNet
架构。这些结果验证了网络确实能从感知判断中学习。

在传统与基于 CNN 的失真上训练能否迁移到真实
场景？ 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-
cating that “calibrating” activations on a pre-existing rep-

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.

我们更关心性能如何泛化到真实世界的算法，见
图 4(b)。SqueezeNet、AlexNet 与 VGG 架构的起点分
别为 64.0%、65.0% 与 62.6%。学习一个线性分类器
（紫色）使所有网络的性能都得到提升。在 3 个网络与
4 个真实算法任务的 12 个分数中，有 11 个得到提高，
表明用我们的数据在既有表示上 “校准” 激活，是获得
小幅性能提升的稳妥途径（三者分别提升 1.1%、0.3%
与 1.5%）。从头训练网络（粉色）对 AlexNet 的性能略
低于线性校准，对 VGG 则略高；但它们仍优于低层度
量。这表明，我们所刻画的失真确实能投射到测试时评
判真实算法的任务上。

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.

14



有意思的是，从预训练网络出发并全程微调反而
降低了迁移性能。这是一个耐人寻味的反面结果：直接
为低层感知任务训练，未必比迁移一个为高层任务训
练的表示表现更好。

深度度量与低层度量在何处产生分歧？ 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.

在图 11 中，我们就传统失真，对一种深度方法
BiGAN [13]与一种有代表性的传统感知方法 SSIM [58]
作定性比较。那些被 BiGAN 判为远、却被 SSIM 判为
近的图块对，通常都带有一定模糊。相比 SSIM，BiGAN
倾向于把相关噪声模式视为更小的失真。

5. 结论 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-

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.

我们的结果表明，为解决具有挑战性的视觉预测
与建模任务而训练的网络，最终学到了一种与感知判
断高度相关的世界表示。表示学习文献中近来出现了
类似的现象：以自监督与无监督目标训练的网络，最终
学到的表示在语义任务上同样有效 [12]。有意思的是，
神经科学的近期发现也道出了大致相同的道理：为计
算机视觉任务训练的表示，最终也成了猕猴视觉皮层
神经活动的有效模型 [61]。而且（粗略地说），表示在
计算机视觉任务上越强，作为皮层活动模型也越强。本
文得出了类似的发现：如表 4 所示，一组特征在分类
与检测上越强，作为感知相似性判断的模型也越强。综
合来看，这些结果提示：好特征就是好特征。在语义任
务上表现好的特征，在自监督与无监督任务上也表现
好，同时还能为人类的感知行为与猕猴的神经活动提
供良好的模型。最后这一点与视觉认知的 “理性分析”
解释 [4]相吻合，即生物感知的种种特性，是一个理性
主体试图解决自然任务的产物。进一步厘清这一说法
在多大程度上成立，是未来研究的一个重要问题。
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附录 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.

我们在附录 A 中给出完整的定量细节，在附录 B
中讨论训练细节，最后在附录 C 中展示在 TID2013 数
据集 [45] 上的结果。

A. 定量结果 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.

在表 5 中，我们展示了所有验证集与所考虑度量
的完整定量结果，包括低层度量，以及随机、无监督、
自监督、监督与经感知学习的网络。

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.

在图 7、8、9 中，我们分别绘制了各个验证集上的
表现。图 7 展示传统与基于 CNN 的失真，图 8、9 则
分别展示在真实算法应用上的结果。

人类表现 Human performance If humans chose patches
{x1,x0} with fraction {p,1−p}, the theoretical maximum for
an oracle is max(p, 1− p). However, human performance is
lower. If an agent chooses them with probability {q,1− q},
the agent will agree with qp + (1 − q)(1 − p) humans on
expectation. With a human agent, q = p, the expected
human score is p2 + (1− p)2.

若人类以比例 {p,1−p}选择图块 {x1,x0}，则一个
理想判断者（oracle）的理论上限为 max(p, 1− p)。然
而人类的表现低于此。若某主体以概率 {q,1− q} 作选
择，则该主体在期望上会与比例为 qp+ (1− q)(1− p)
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图 7: 单项结果。（左）传统失真（右）基于 CNN 的失真

真实算法（超分辨率） 真实算法（帧插值）
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图 8: 单项结果。（左）超分辨率（右）帧插值

的人类一致。对人类主体而言 q = p，故人类的期望得
分为 p2 + (1− p)2。

对网络作线性校准 Linearly calibrating networks Learn-
ing linear weights on top of the Alex model achieves state-
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. For each layer, conv1-5, 79.7%, 71.4%,
56.8%, 46.5%, 27.7%, respectively, of the weights are zero.

This means that a majority of the conv1 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).

在 Alex 模型之上学习线性权重，在真实算法测试
集上取得了当时最优的结果。linear 模型在每个通道
之上有一层学到的线性层，而开箱即用的版本对每个通
道等权对待。在图 10b 中，我们展示 Alex –frozen 模
型学到的权重。conv1-5各层分别含 64、192、384、256
与 256 个通道，共计 1152 个权重。对 conv1-5 各层，
权重为零的比例分别为 79.7%、71.4%、56.8%、46.5%
与 27.7%。这意味着 conv1 与 conv2 的多数单元被忽
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真实算法（视频去模糊） 真实算法（着色）
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图 9: 单项结果。（左）视频去模糊（右）着色

略，而 conv5 的单元几乎全部被使用；总体上约有一
半单元被忽略。取余弦距离等价于把所有权重设为 1
（图 10a）。

在失真上训练模型所需的数据量 Data quantity for train-
ing models on distortions The performance of the val-
idation set on our distortions (80.6% and 81.4% for Alex
– 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).

在我们失真上的验证集表现（Alex – tune 与
VGG – tune 分别为 80.6% 与 81.4%），几乎等同于
82.6% 的人类表现。这表明，我们 15 万对图块、30 万
条判断的训练集规模，已几乎足以充分探索我们所定
义的传统与基于 CNN的失真。不过，tune与 scratch
模型之间仍有小幅差距（Alex 与 VGG 分别为 0.4%
与 0.6%）。

B. 模型训练细节 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, (d0, d1), we train a

small network G on top to map to a score ĥ ∈ (0, 1). The ar-
chitecture uses two 32-channel FC-ReLU layers, followed by
a 1-channel FC layer and a sigmoid. Our final loss function
is shown in Equation 2.

我们在图 3（右）中示意了用于训练网络的损失函
数，并在补充材料中进一步描述。给定两个距离 (d0, d1)，
我们在其上训练一个小网络 G，将其映射为一个分数
ĥ ∈ (0, 1)。该架构使用两个 32 通道的 FC-ReLU 层，随
后接一个 1 通道的 FC 层与一个 sigmoid。最终的损失
函数见式 2。

L(x, x0, x1, h) = −h logG(d(x, x0), d(x, x1))

−(1− h) log(1− G(d(x, x0), d(x, x1)))
(2)

In preliminary experiments, we also tried a ranking
loss, which attempts to force a constant margin between
patch pairs d(x, x0) and d(x, x1). We found that using a
learned network, rather than enforcing the same margin in
all cases, worked better.

在初步实验中，我们还尝试过一种排序损失，它试
图在图块对 d(x, x0) 与 d(x, x1) 之间强制一个恒定的
间隔。我们发现，使用一个学到的网络，比在所有情况
下都强制相同间隔效果更好。

Here, we provide some additional details on model
training for our networks trained on distortions. We train
with 5 epochs at initial learning rate 10−4, 5 epochs with
linear decay, and batch size 50. Each training patch pair is
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子类型 度量
失真 真实算法 全部

传统 基于 CNN 全部 超分辨率 视频去模糊 着色 帧插值 全部 全部

理想上限 人类 80.8 84.4 82.6 73.4 67.1 68.8 68.6 69.5 73.9

低层

L2 59.9 77.8 68.9 64.7 58.2 63.5 55.0 60.3 63.2
SSIM [58] 60.3 79.1 69.7 65.1 58.6 58.1 57.7 59.8 63.1
FSIMc [62] 61.4 78.6 70.0 68.1 59.5 57.3 57.7 60.6 63.8
HDR-VDP [34] 57.4 76.8 67.1 64.7 59.0 53.7 56.6 58.5 61.4

网络（随机） Gaussian 60.5 80.7 70.6 64.9 59.5 62.8 57.2 61.1 64.3

网络（无监督） K-means [26] 66.6 83.0 74.8 67.3 59.8 63.1 59.8 62.5 66.6

网络（自监督）

Watching [43] 66.5 80.7 73.6 69.6 60.6 64.4 61.6 64.1 67.2
Split-Brain [64] 69.5 81.4 75.5 69.6 59.3 64.3 61.1 63.6 67.5
Puzzle [40] 71.5 82.0 76.8 70.2 60.2 62.8 61.8 63.8 68.1
BiGAN [13] 69.8 83.0 76.4 70.7 60.5 63.7 62.5 64.4 68.4

网络（监督）
SqueezeNet [20] 73.3 82.6 78.0 70.1 60.1 63.6 62.0 64.0 68.6
AlexNet [27] 70.6 83.1 76.8 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

*LPIPS（学习式

Squeeze – lin 76.1 83.5 79.8 71.1 60.8 65.3 63.2 65.1 70.0

感知图像

Alex – lin 73.9 83.4 78.7 71.5 61.2 65.3 63.2 65.3 69.8

块相似性）

VGG – lin 76.0 82.8 79.4 70.5 60.5 62.5 63.0 64.1 69.2
Squeeze – scratch 74.9 83.1 79.0 71.1 60.8 63.0 62.4 64.3 69.2
Alex – scratch 77.6 82.8 80.2 71.1 61.0 65.6 63.3 65.2 70.2
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 64.5 69.6
Alex – tune 77.7 83.5 80.6 69.1 60.5 64.8 62.9 64.3 69.7
VGG – tune 79.3 83.5 81.4 69.8 60.5 63.4 62.3 64.0 69.8

表 5: 结果。我们展示了一系列方法与测试集上的 2AFC 分数（越高越好）。加粗并加下划线 的值为表现最高者；
加粗并斜体的值处于最高值 0.5% 以内。*LPIPS 度量在相同的传统与基于 CNN 的失真上训练，因此在同类失真
类型上测试时（即便测试图像未曾见过）相对其他方法占有优势。这些值以灰色标示；每列中最好的灰色值另以加
粗表示。

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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(a) AlexNet 模型的未学习权重（余弦距离）
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(b) Alex–lin 模型学到的权重
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(c) VGG–lin 模型学到的权重
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(d) Squeeze–lin 模型学到的权重

图 10: 按层展示的学习到的线性权重。 (a) 未学习权重对应于对每层每个通道都取权重 1，其结果即计算余弦距
离。(b) 我们展示 Alex–lin 模型各层学到的权重，即图 3 中的 w 项。每个子图展示某一层的通道权重，按降序排
列；横轴为通道编号，纵轴为权重。权重被限制为非负，因为图像块之间不应有负距离。(c,d) 同 (b)，但分别对应
VGG–lin 与 Squeeze–lin 模型。

这里，我们为在失真上训练的网络补充一些模型
训练细节。我们以初始学习率 10−4 训练 5 个 epoch，
再以线性衰减训练 5 个 epoch，批大小为 50。每对训
练图块被判断 2 次，并将两次判断归并在一起。举例
来说，若两位判断者意见相左，则分类目标（图 3 中的

h）设为 0.5。我们对线性层 w 施加非负约束，因为某
一特征上更大的距离不应导致两个图块在距离度量上
变得更近。这通过在每次迭代把权重投影到约束集来
实现；换言之，我们检查是否存在负权重，并强制将其
置 0。该项目使用 PyTorch [42] 实现。
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图 11: 失真上的定性比较。我们用 SSIM [58] 度量与 BiGAN 网络 [13]，对基于 CNN 的失真作定性比较。我们既
展示二者一致地认为图块更近或更远的例子，也展示二者产生分歧的例子。一个主要差异是，深度嵌入似乎对模糊
更敏感。更多示例请见附录。
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图 12: TID 数据集。我们展示各方法在 TID2013 数
据集 [45] 上的 Spearman 相关系数。注意，为分类而
训练的深度网络开箱即用便表现良好（蓝色）。

C. TID2013 数据集 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 ℓ2 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

distortions in our dataset. Despite their frequent use in
such situations, metrics such as SSIM were not designed to
handle geometric distortions [49].

在图 12 中，我们计算在 TID2013 [45] 数据集上的
分数。我们在不同分辨率下测试图像，较小的一维取
{128, 192, 256, 384, 512}。我们注意到，即便在所有尺度
与层上取平均、且不作任何进一步校准，AlexNet [27]
架构给出的分数也接近最高的度量 FSIMc [62]。在我
们的传统扰动上，FSIMc 度量达到 61.4%，接近 ℓ2 的
59.9%，而我们测试的深度分类网络分别达到 73.3%、
70.6% 与 70.1%。这一差异很可能源于我们的数据集纳
入了几何失真。SSIM 等度量尽管常被用于此类情形，
却并非为处理几何失真而设计 [49]。

D. 修订记录 Changelog

v1 initial preprint release

初始预印本发布

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
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similarity dataset (as opposed to an IQA dataset); added
linear weights for Squeeze-lin and VGG-lin architectures in
Figure 10; miscellaneous small edits to text.

CVPR 定稿版；为满足 8 页篇幅限制，将 TID 结
果（附录 C）、SSIM 与 BiGAN 的对比（图 11）以及
部分训练细节移入附录；澄清 SSIM 并非为处理几何
失真而设计 [49]，并澄清我们的数据集是感知相似性数
据集（而非 IQA 数据集）；在图 10 中新增 Squeeze-lin
与 VGG-lin 架构的线性权重；以及对正文的若干小改
动。
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