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Fig. 1. Comparison with existing colorization frameworks: classificationmodel [Zhang et al. 2016](a), regressionmodel [Zhang et al. 2017](b), and autoregression
model [Kumar et al. 2021](c), and ours (d). The colors of the bus and human clothes are inherently multimodal while involve long-range correlated structures.
Notably, our results show superiority in color vividness and structural consistence. Flickr ©Snakebite90; Flickr ©stacey shintani.

Colorization is multimodal by nature and challenges existing frameworks to
achieve colorful and structurally consistent results. Even the sophisticated
autoregressive model struggles to maintain long-distance color consistency
due to the fragility of sequential dependence. To overcome this challenge, we
propose a novel colorization framework that disentangles color multimodal-
ity and structure consistency through global color anchors, so that both
aspects could be learned effectively. Our key insight is that several carefully
located anchors could approximately represent the color distribution of an
image, and conditioned on the anchor colors, we can predict the image
color in a deterministic manner by utilizing internal correlation. To this
end, we construct a colorization model with dual branches, where the color
modeler predicts the color distribution for anchor color representation, and
the color generator predicts the pixel colors by referring the sampled anchor
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colors. Importantly, the anchors are located under two principles: color
independence and global coverage, which is realized with clustering analysis
on the deep color features. To simplify the computation, we creatively adopt
soft superpixel segmentation to reduce the image primitives, which still
nicely reserves the reversibility to pixel-wise representation. Extensive
experiments show that our method achieves notable superiority over various
mainstream frameworks in perceptual quality. Thanks to anchor-based
color representation, our model has the flexibility to support diverse and
controllable colorization as well.

CCS Concepts: • Computing methodologies→ Image processing.
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1 INTRODUCTION
As a classic graphics problem, image colorization has been attracting
research interests of the community for decades. Its popularity is
mainly attributed to the fascinating applications, e.g., rekindling
black and white photos or remastering legacy films, and even
assisting artistic expression with color collocation, etc. Among
various colorization paradigms, automatic colorization [Zhang

ACM Trans. Graph., Vol. 41, No. 6, Article 204. Publication date: December 2022.

https://doi.org/10.1145/3550454.3555432
https://doi.org/10.1145/3550454.3555432


204:2 ˆ Menghan Xia, Wenbo Hu, Tien-Tsin Wong, and Jue Wang

Table 1. Feature comparison among various colorization frameworks.

Framework Colorfulness Consistence Diversity E�ciency

Regression model low fair 7 high
Classi�cation model high low 3 high

Autoregression model high fair 3 low
Disentangled model (ours) high high 3 high

et al. 2016] is the most general one and serves as the technical
basis of other derivatives, such as interactive colorization [Levin
et al. 2004], example-based colorization [Li et al. 2017], and text
guided colorization [Cho et al. 2018]. Recently, as the prevail of
deep learning, data-driven colorization methods make signi�cant
progress by exploiting large-scale data priors. Nevertheless, despite
su�cient paired data is available for supervision, it still remains
challenging to achieve visually satisfactory results because of the
hinder of multimodality that one object may take on multiple
possible colors. As shown in Fig. 1, the bus or the man's T-shirt is
potential to be red, yellow and blue, etc, but the ground truth is just
one of them.

Early attempts formulate the colorization as a regression problem
under the supervision of the ground truth [Cheng et al. 2015].
They tend to generate desaturated colors because regression losses
encourage conservative average modes. Even with semantic guid-
ance [Iizuka et al. 2016; Su et al. 2020] or global attention [Antic
2019] introduced, this problem can only be partially alleviated. To
model the color distribution, some works propose to formulate
the colorization as per-pixel multinomial classi�cation over the
quantized color gamut [Larsson et al. 2016; Zhang et al. 2016].
Nevertheless, it is non-trivial to guarantee structural consistency
by pixel-independently color sampling. As a more sophisticated for-
mulation, the autoregressive model is employed to model the pixel
color distribution and inter-pixel dependence together [Guadarrama
et al. 2017; Kumar et al. 2021], but the long-distance consistence is
vulnerable to the error accumulation from sequential dependence.

We argue that image colorization is an internally entangled
task. On the one hand, it needs to predict a reasonable color for
each pixel based on semantic contexts, which is color-dependent
and involvescolor multimodality. On the other, it also needs to
preserve the inter-pixel color a�nity, which is color-agnostic and
involves structural consistency. For example, A T-shirt might be
red or blue, which is ambiguous, but it is certain that the internal
pixels should share the same color. However, existing colorization
frameworks generally solve the two sub-tasks through a single
prediction, which hence struggle to coordinate them well.

Based on this concept, we propose to solve the colorization
problem with a disentangled framework. The key idea is to specially
locate several color anchors that can approximately represent the
color distribution of the whole image (multimodal coloronly),
and then by specifying the anchor colors, the image color can
be deterministically predicted by utilizing the global color a�nity
(consistent structureonly). To this end, we propose a colorization
model with dual branches, i.e. the probabilistic color modeler
predicts the color distribution for anchor representation and the
color generator predicts the image colors conditioned on the
assigned anchor colors. In particular, the anchors are located

through clustering analysis on the deep color features, which
ful�ll the requirements of inter-anchor color independence and
global coverage. To avoid the complexity of pixel-wise attention
computation, we creatively adopt the soft superpixel segmentation
in our model, which not only reduces image primitives in a
reasonable way but also suppresses color bleeding by leveraging
luminance cues. All these designs enable our method to achieve both
vibrant colors and consistent structures. Moreover, by manipulating
the color anchors, our model even supports diverse and controllable
colorization. Table 1 compares the features of existing mainstream
colorization frameworks and ours.

Since colorization aims at generating visually plausible colors
rather than recovering the actual ground truth, those ground-truth
based �delity metrics (like PSRN, SSIM, LIPIS) are inapplicable for
evaluation, unless the color ambiguity gets removed. Instead, the
visual perception related metrics (like FID, IS and Colorfulness) are
more re�ective to the demanded colorization quality. Quantitative
evaluation under perceptual metrics shows that our method out-
performs the state-of-the-arts at a clear margin. User study further
con�rms our superiority in perceptual realism. In addition, ablation
studies justify the e�ectiveness of our technical designs consistently.
Our contribution are as follows:

� We propose the disentangled colorization concept for the �rst
time, which contributes novel insight to the long-standing
colorization problem.

� We present a novel colorization model that disentangles the
color multimodality and structure consistency via global an-
chors, which pushes forward the state-of-the-art signi�cantly.

� We introduce soft superpixel segmentation to colorization
task and demonstrate its advantages.

2 RELATED WORKS
Automatic Colorization.Automatic colorization is generally learn-

ing based method since data prior becomes indispensable cues.
Early attempts de�ne colorization as a regression problem and
solve it with simple prediction models [Cheng et al. 2015; Desh-
pande et al. 2015]. Recently, some end-to-end CNN models are
proposed to promote the performance by integrating some advanced
techniques. To encourage global semantic guidance, Iizuka et
al. [2016] propose a dual-task structure to jointly learn pixel color
prediction and image classi�cation. To learn color priors of separate
categories, semantic segmentation maps [Guadarrama et al. 2017;
Zhao et al. 2020] or instance-level bounding box [Su et al. 2020]
is integrated into the colorization framework. Vitoria et al. [2020]
further adopt Generative Adversarial Network (GAN) to promote
the realism of colorized results. Antic et al. [2019] develop a
popular open-source colorization project that is based on Self-
attention GAN [Zhang et al. 2019] and uses lots of engineering
tricks to optimize the results. Although remarkable results can
be obtained on color-deterministic cases (like natural scenery),
these regression based methods still struggle to generate vivid and
structurally coherent colors for most man-made scenes that are
generally with color uncertainty. Considering this limitation, some
probabilistic modeling based methods are proposed to take the
color multimodality into account. However, per-pixel probability
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Fig. 2. System overview. Given a grayscale inputG, we first extract the feature mapF and the local a�inity association mapA. Then, the tokenized backbone
featureF0 is used for anchor-based color modeling and anchor-guided color generation respectively. Particularly, the anchors are adaptively located by the
anchor locator. Finally, by pixel-level refinement, we obtain the color outputC. � denotes Hadamard product and� denotes channel concatenation.

prediction [Larsson et al. 2016; Zhang et al. 2016] poses challenge
to sampling structurally consistent colors, while image-level based
modeling [Deshpande et al. 2017; Messaoud et al. 2018] (e.g., mixture
Gaussian model) is only feasible to speci�c category (human face,
church, etc) because of limited expressiveness. Stepping forward
further, seminal works [Guadarrama et al. 2017; Zhao et al. 2020]
propose to model the color multimodality and inter-pixel correlation
through a uniform autoregressive model. Most recently, Kumar et
al. [2021] utilize Transformer based autoregressive model to further
promote the performance. Unfortunately, such model is vulnerable
to error accumulation from sequential dependence and thus can not
guarantee long-distance consistence well.

Example-Based Colorization.Early example-based methods try to
transfer colors from an example image to the grayscale image by
utilizing global color statistics [Welsh et al. 2002] or some local
similarity measurements [Bugeau et al. 2014; Ironi et al. 2005].
Apparently, such hand-crafted similarity metrics can not guarantee
reasonable correspondences between varied image contents and
thus tends to cause noticeable artifacts. Recently, some works
propose to make use of deep features extracted from pretrained
semantic understanding network (i.e. VGG-19) for reliable matching,
so that those visual di�erence but semantically-related content
can be transferred between images [He et al. 2019]. However,
these methods require a suitable content-related reference to work
properly, which poses challenge for users, even with automatic
retrieval system assisted [Chia et al. 2011]. To alleviate this obstacle,
He et al. [He et al. 2018] propose to learn the example-based
colorization mapping from the large-scale dataset, which achieves
robustness to the given reference thanks to the learned natural color
distributions. Contributing in another line, Wu et al. [Wu et al. 2021]
make the �rst attempt to utilize GAN inversion [Abdal et al. 2019;
Gu et al. 2020] techniques to obtain a content-related reference
image for example-guided colorization, though its application is
restricted by the samples used for GAN training.

Interactive Colorization.Interactive methods require users to
provide color hints to guide the colorization process. The pioneering
work [Levin et al. 2004] solves a Markov Random Field to propagate
sparse color strokes to the whole grayscale image under the
assumption that adjacent pixels probably have similar color. The
follow-ups leverage more advanced similarity measurements, like
texture [Qu et al. 2006], intrinsic distance [Yatziv and Sapiro
2006], etc, to achieve better propagation. While remarkable results
can be obtained with careful interactions, it demands intensive
manual work and professional skills. By exploiting the capability
of deep neural networks, a real-time user interactive colorization
model [Zhang et al. 2017] is proposed and only requires sparse
color points to generate a visual plausible result. More recently, an
edge-enhancing framework is proposed to post-process the color
bleeding artifacts by providing interactive scribbles [Kim et al. 2021].
Additionally, global hints like color palettes [Chang et al. 2015] or
even cross-modal text description [Cho et al. 2018] are also useful
interaction measures to guide the colorization.

3 OVERVIEW
Given a grayscale input, our disentangled colorization model learns
to represent the color distribution through several carefully located
anchors, and then predict the pixel-wise colors conditioned on the
freely sampled anchor colors. Fig. 2 illustrates the model structure
that consists of three functional modules, i.e. feature extraction,
anchor color representation, and anchor-guided color generation.
Speci�cally, we �rst extract the shared featuresFand the superpixel
association mapA from the input grayscaleL 2 R� � , � 1 through
the backbone network andSPixNetrespectively. By poolingF with
A, we get the superpixel based feature tokensFB that are then fed
to the probabilistic color modeler and color generator separately.
Note that, the color modeler predicts the color probabilitiesPB for
all primitive tokens, from which the color anchors are selected with
the anchor location maskMB that is computed by the anchor locator.
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Sampling from the color distributions of anchors (i.e.P0
B = MB � PB),

a set of anchor colorsC0
B andFB are fed to the color generator and

then pixel-wisely re�ned by theRe�neNetto generate the �nal color
output C 2 R� � , � 2 in Lab color space.

The advantage of this disentangled model lies in: (i) the color
multimodality of the image is represented by the color distribu-
tion of several independent anchors, which are free of structural
consistency constraint; (ii) once the anchor colors are determined,
the image color prediction almost equals to learning global a�nity
between the anchors and other primitives, which are free of color
ambiguity. The anchors are allocated by clustering analysis on colors
a�nity, which guarantees the anchors with color independence and
global coverage. In training phase, we perform clustering on the
chromatic channels of the ground truth and select one primitive
from each color cluster as anchors. In inference phase, the clustering
analysis is conducted on the learned features of the color modeler,
which makes similar e�ects.

Our model can be trained in an end-to-end manner. The loss
function and training details will be introduced in Section 4.4 and
Section 5.1 respectively. In inference phase, our model still reserves
decent manipulative �exibility for users. Apart from the default
automatic colorization, we can further obtain diverse or controllable
colorization results by sampling from the anchor color distribution
or manually modifying anchor colors and locations.

4 METHODOLOGY
We aim at an automatic colorization method that guarantees vivid
colors and consistent structures through disentanglement learning.
As diagrammed in Fig. 2, our model adopts two kinds of mainstream
network architecture, Convolutional Neural Networks (CNN) and
Transformers [Vaswani et al. 2017], because of their respective
merits. Particularly, the CNN backbone network holds the major
model capacity and extracts features based on structured receptive
�eld. For the superiority in capturing global attentions, two light-
weight Transformers (only3%parameters of the whole model), i.e.
the color modeler and the color generator, are additionally employed
to capture the global semantics and color correlations. Besides,
SPixNetpredicts a soft association map for superpixel based feature
representation, andRe�neNetfurther re�nes the output of the color
generator in pixel level. Note that, although multiple modules are
used, our model is still in line with most mainstream colorization
models in parameter amount and computational e�ciency (see Ta-
ble 5). The network architectures are detailed in the supplementary.

4.1 Local A�inity Aggregation
Digital images generally consist of massive pixels that present strong
color correlation within neighborhoods. It is very necessary to
reduce the colorization primitives through a�nity aggregation.
On the one hand, concise primitives facilitate more e�ective
global attention computation (avoiding distraction). On the other,
representing a set of color-homogeneous pixels with one color
primitive bene�ts spatial consistency. Speci�cally, we introduce
the soft association map based superpixel segmentation [Yang et al.
2020] to our colorization model, because of the unique merits.

Fig. 3. Association map based superpixel segmentation and reconstruction.
For visualization purpose, the segmentation is overlaid on the ground-truth
color image (b), and the chromatic channels reconstructed via Eq. 2 are
combined with the input grayscale as a color image (c). Flickr©Emma.

Following [Yang et al. 2020], we represent the superpixel segmen-
tation as a soft association mapA 2 R� � , � jN ? j, where each entry
A¹p•sº denotes the probability of the pixelp being assigned to the
candidate superpixels, and we only considerjN? j = 9 surrounding
superpixels as candidates, such that

Í
s2N? A¹p•sº = 1•8p. Note

that, the superpixels are initialized by partitioning the image into
a regular grid of size~� � ~, (where ~� = �

( • ~, = ,
( and( is the

grid cell size.), namely each grid cell is an initial superpixel seed.
Given the predicted association mapA and the pixel propertyF (e.g.
pixel values or other features), we can compute the center of any
superpixels = f vB•lBg, wherevB is the property vector andlB is the
location vector, as follow:

vB =

Í
p2PB F¹pº � A¹p•sº
Í

p2PB A¹p•sº
• lB =

Í
p2PB p � A¹p•sº
Í

p2PB A¹p•sº
” (1)

HerePB = f p8js 2 N?8gdenotes the pixel set with a possibility to be
assigned to the target superpixels. This is actually an average pool-
ing operation within each superpixel, calledSP-Pooling. Inversely,
given the association mapA and superpixel representation, we can
also reconstruct the pixel propertyF0, as follow:

~F¹pº =
Õ

s2N?

vB � A¹p•sº• ~p¹pº =
Õ

s2N?

lB � A¹p•sº” (2)

Accordingly, we call this operationSP-Di�usion. In our method,
the association mapA is predicted by theSPixNetunder the
supervision of the self-reconstruction of the ground-truth colorsC6C

(see Section 4.4 for details). Fig. 3 illustrates an example that the soft
association map enables faithful color gradient reconstruction from
the superpixels, which would be impossible by those traditional
hard superpixel segmentation. Here, we visualize the superpixels by
assigning each pixelp to the grid cell with the highest probability:
ŝ = arg max

s
A¹p•sº.

4.2 Color Anchor Construction
Considering the semantic correlations among image primitives, we
are motivated to represent the multimodal colors of the whole image
with some sparse color anchors. The anchors should be allocated
under some requirements. First, these anchors are uncorrelated
in terms of their potential colors, so that we can assign colors to
them independently yet risks no structure inconsistency. Second,
their colors are representative to the whole image so that no color
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