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Abstract

Image colorization is a typical ill-posed problem. Among
various colorization methods, scribble-based methods have
a unique advantage that allows users to accurately resolve
ambiguities and modify the colors of any objects to suit their
specific tastes. However, due to the time-consuming scrib-
ble drawing process, users tend to draw sparse scribbles in-
stead of dense and detailed scribbles, which makes it chal-
lenging for existing methods, especially for regions with no
immediate scribbles. Facing the above problems, this paper
proposes a novel colorization algorithm named Local and
Global Affinity Net (LGA-Net) that formulates the scribble-
based colorization task as an affinity propagation process
at both local and global levels. Instead of predicting color
values directly, our neural network learns to predict local
and global affinity relationships between pixels for a given
grayscale input, describing how colors should be propa-
gated, which are independent of the scribbles. Given reli-
able affinity relationships, the color propagation process is
formulated as a maximum a posteriori problem. Both local
and global affinities are represented using a weighted graph
and enabled by a graph Laplacian regularizer to ensure ac-
curate color propagation. Extensive experiments demon-
strate that LGA-Net produces state-of-the-art colorization
results when using sparse scribbles.

1. Introduction

Image colorization predicts color channels based on
grayscale input, which as an ill-posed problem. Since image
colorization tasks often do not have specific ‘correct’ an-
swers, a controllable colorization algorithm that can accu-
rately depict users’ aesthetic preference and/or prior knowl-
edge of the target scene is more in line with practical re-
quirements.

*Corresponding author

Existing image colorization works can be broadly di-
vided into two categories: automatic and user-guided col-
orization, which are described in detail in Section 2. Al-
though automatic colorization algorithms [14, 16, 31, 36,
46] can directly generate colorized results with remarkable
visual quality, users cannot make changes to the coloriza-
tion results based on their knowledge or individual prefer-
ence. According to the different forms of user guidance,
user-guided methods can be further divided into the fol-
lowing three sub-categories: scribbles/pixel hints based col-
orization [10, 20, 30, 43, 45] (referred to as scribble-based
methods for simplicity), example-based colorization [8, 19,
21, 22, 38], and text-driven colorization [2, 15, 35, 47].
Although example-based and text-driven methods can also
provide some control, they are not sufficiently detailed for
fine-grained control, and can often introduce some ambi-
guities w.r.t. user preference. In contrast, scribble-based
method provides intuitive, fine-grained colorization control.

Although scribble-based methods can satisfy users’ aes-
thetic preference and prior knowledge to the greatest extent,
they require user-provided detailed scribbles/pixel hints. In
real-world scenarios however, users tend to draw sparse
scribbles to reduce effort. They tend to only draw one
or a few scribbles for multiple regions with similar tex-
ture/intended color, corresponding to e.g. multiple in-
stances of the same type of objects, or one object split into
multiple image regions due to occlusion. Moreover, ex-
isting methods tend to predict a color image as output di-
rectly, given a grayscale image and scribbles/pixel hints as
input. This approach however means the network needs to
not only understand the grayscale image content and struc-
ture but also how the pixel hints should be propagated in an
entangled manner, leading to limited generality for realis-
tic sparse scribbles scenarios, even with large-scale training
data. Furthermore, as real hand-drawn scribbles are diffi-
cult to acquire, randomly choosing pixels as hints during
training further restricts existing methods in sparse scribble
scenarios, especially for distant regions with similar texture
that require accurate understanding of global relationships.
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Facing the above problems, we propose a fundamentally
different approach for scribble-based colorization: instead
of predicting color images, LGA-Net learns to predict Lo-
cal and Global Affinities which are solely dependent on the
grayscale image, and irrelevant to the scribbles. This makes
learning much more effective and generalizable. Once the
affinities are predicted, we formulate scribble-based col-
orization as a maximum a posteriori problem that prop-
agates scribble colors to the rest of the image, regulated
by the affinity relationships. In contrast, existing scribble-
based methods learn to directly predict color, which may
cause conflicts between known color from training data and
user-scribbled color. Our key contributions are:
• This paper innovatively conceptualizes the image col-

orization task as a color propagation process based on
affinity relationships. Once the affinity relationships are
effectively learned, the scribbles’ colors can be appropri-
ately propagated to suitable regions.

• To efficiently produce high-quality colorized images that
are in line with users’ intentions, the color propagation
process is formulated as a maximum a posteriori problem
with a Laplacian prior on a weighted graph that represents
pixel affinities, which explicitly enables both local and
global affinity relationships by introducing adjacent and
global points in the graph Laplacian matrix.

• Extensive experiments demonstrate that LGA-Net trained
on a very small dataset containing only 4K images outper-
forms state-of-the-art methods even when they are trained
on more than 1M images. Our method also shows good
scalability and cross dataset generalization1.

2. Related Work

2.1. Automatic Colorization

Early effort for automatic colorization [7] applied graph
theory to maximize global image color probability, but the
method relies on handcrafted features, and thus has limited
robustness. Deep learning based methods [9, 13, 18, 44]
showed improved robustness, by exploiting large amounts
of paired grayscale and color images. Subsequently, Wu
et al. [36] integrated the generative priors of pre-trained
GANs (Generative Adversarial Networks) into the coloriza-
tion process instead of using natural examples as most
example-based methods do. Palette [29] applies a unified
conditional diffusion model to deal with different image-to-
image tasks. UniColor [12] can handle both unconditional
and conditional tasks, with the help of hint points serving as
an intermediate unified representation. Automatic methods
can produce impressive results, but they lack the flexibility
for users to customize colors according to their preferences.

1The source code and trained models are available at https://
github.com/HONGJINLYUCS/LGA-Net-ICCV-2025.

2.2. Example-based Colorization
Example-based methods use user-provided reference im-
ages for guidance to offer some user control. He et al.
[11] provided recommended reference images from the Im-
ageNet dataset [28] based on semantic and luminance statis-
tics. Wang et al. [33] deployed a dual pyramid architecture
into exemplar-based colorization. Li et al. [23] bridged
the gap between input and target images by a more rea-
sonable gradient updating method. Although the above-
mentioned methods allow user involvement during the col-
orization process, users still cannot provided detailed cus-
tomization for the colorization results.

2.3. Text-driven Colorization
The work [25] firstly converted input text into a vector rep-
resentation using a bi-directional LSTM (Long Short-Term
Memory) network, which was then integrated into all in-
termediate feature maps of a basic fully-convolutional net-
work. Kim et al. [15] fused textual and image structure
features at the deepest layer of the generator. Weng et al.
[35] innovatively used the object-adjective correspondence
by utilizing a bi-affine mechanism and an attention trans-
fer module. While text-based methods offer some level of
customization, the control can still be quite limited.

2.4. Scribbles/points-based Colorization
Some scribble-based colorization methods are designed for
colorizing line arts [5, 6, 43], and not suitable for general
grayscale images. For grayscale images, pioneering work
by Levin et al. [20] achieved scribble-based colorization by
propagating scribble colors to neighboring pixels based on
intensity similarities. Luan et al. [24] presented an inter-
active system that first groups regions with similar colors
and then fine-tunes colors in such regions. These methods
rely on handcrafted formulas and have limited robustness.
Zhang et al. [45] proposed to use ground-truth colors of
randomly sampled pixels as simulated user input to train a
neural network for interactive colorization. Such hint pixels
can differ significantly from user scribbles, and the method
relies on large amounts of training data. Yun et al. [41]
enhanced the global affinity learning based on the global
receptive field and self-attention mechanism. However, ex-
isting methods poorly handle sparse scribble inputs. To ad-
dress this, our LGA-Net first predicts local and global affini-
ties from grayscale inputs, then reliably transfers user col-
ors to the entire image via these affinities, regardless of the
distance. The idea is conceptually related to edit propaga-
tion research [1, 3, 37] for image and/or video editing, al-
though these methods use handcrafted similarity measures
rather than learned affinities and address a rather different
problem. Observing how color is propagated in automatic
video colorization also shows usefulness for label-free vi-
sual tracking [32].
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3. Methodology
3.1. Colorization by Learning Affinities
Colorization in this paper is the process of inferring the
color channels based on the grayscale image (gsi) and user-
specified scribbles. Inspired by concepts from graph the-
ory, an image with N pixels can be represented by a graph
G = (V, E), where V and E are the sets of vertices and
edges in G, respectively. Each pixel i, (i = 1, 2, . . . , N)
in the image is represented by a vertex in V , and the con-
nection between two pixels is represented by an edge in E .
After assigning weights to E , we can get the relationship
weight matrix W , where wij ∈ W , (i, j) ∈ E for i, j ∈ V .

Based on graph theory, the scribbles’ colors can be reli-
ably propagated throughout an entire image if the precise G
corresponding to gsi can be obtained. The key point is to
obtain W in a way that is both accurate and reliable. Based
on the powerful feature extraction and representation capa-
bility of neural networks, we compute wij ∈ W using a
neural network CNNF, which provides a suitable represen-
tation of the original input image for color propagation.

Instead of directly predicting pairwise affinity relation-
ships between pixels, which can be highly expensive,
CNNF is formulated as a matrix-feature function Fgsi:
RN 7→ RN×H , which maps each grayscale pixel to an H-
dimensional feature space. Then the edge weight wij is cal-
culated according to the following formula:

wij = exp

(
−
∑H

h=1

(
fh
i − fh

j

)2
2σ2

)
(1)

where fh
i represents the ith element in the hth feature map,

and σ is a pre-defined parameter.

3.2. Laplacian Coloring Layer
Building upon the user-provided scribbles and the obtained
weighted graph G, we treat the color propagation process
as a maximum a posteriori problem with a Laplacian prior,
realized through the Laplacian Coloring layer (LCL) which
does not require training:

x⋆ = argmin
x

∥y − x∥2M + α · xTLx (2)

where y of size N × 1 denotes the user-provided scribbles’
colors (taking one chrominance channel for example), and
x⋆ of size N ×1 is the color channel after propagation. The
first term in Eq.(2) is the fidelity term which minimizes the
discrepancy between y and x⋆. M is an N × N diagonal
matrix, in which the diagonal elements with value 1 indi-
cate the positions of scribbled points (and 0 otherwise). The
second term is the Laplacian regularizer of the graph corre-
sponding to gsi; α serves as a weighting term to balance the
above two terms. Given a specific W , the corresponding

degree matrix D is a diagonal matrix, in which the diago-
nal elements Dii =

∑N
j=1 wij . Then, the Laplacian matrix

of G is defined as L = D −W .

3.2.1. Enhanced Local-Global Affinity Regularization
In this paper, we build a graph Laplacian matrix containing
both local and global affinities for a more accurate regu-
larizer xTLx. In detail, each pixel is firstly related to the
surrounding eight neighboring pixels, which enables local
level affinity. Secondly, we further choose a subset of pixels
as global pixels, which are evenly spaced in a regular grid,
with the gap between adjacent global pixels referred to as
global steps (GS). Each global pixel is connected to every
other global pixel when forming G; these are used to de-
scribe global (long-range) affinity relationships. Intuitively,
these global pixels are used as anchor points at different po-
sitions, which enables the priors for global affinities to be
explicitly added into regularizer xTLx to enhance the rep-
resentation for image structure.

3.2.2. Singular Matrix and Solution Ambiguity
Eq.(2) gives a formulation for scribble color propagation,
and can be rewritten in the matrix form:

(M + αL)x⋆ = My (3)
In practice, depending on the scribbles drawn and the affin-
ity weights, the matrix M +αL may be degenerate, result-
ing in the linear system not having a unique solution. To ad-
dress such ambiguities, a weak regularization constraint on
adjacent pixels is introduced with a small balancing weight
ϕ, which enforces adjacent pixels to have similar colors.
This extends Eq. (2) to the following:

x⋆ = argmin
x

∥y − x∥2M + α · xTLx+ ϕ · xTLadjx (4)

x⋆ = (M + αL+ ϕLadj)
−1My (5)

where Ladj is an N × N matrix that serves as the newly
added adjacency constraint term, which is 1 for adjacent
pixels and 0 otherwise. ϕ is set to an appropriate value,
which is sufficient to stabilize the linear system while mini-
mizing its impact on the final solution as much as possible.
Since the new coefficient matrix A⋆ = M + αL + ϕLadj

is non-singular, there is a closed-form solution, as shown in
Eq. (4) and Eq. (5).

3.2.3. Sparse Tensor Optimization
The coefficient matrix A⋆ is of size N × N , which
would have significant memory/computation demands dur-
ing training if treated as a dense tensor. Thus, all operations
of LCL are conducted using sparse tensors. Especially, the
calculation of (M + αL+ ϕLadj)

−1My using dense ten-
sors is prohibitively expensive due to the immense GPU
resources required. To overcome this, LGA-Net utilizes a
CPU-based method [17] to solve this sparse linear system,
which significantly reduces the memory and time required.
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(a) Overall Diagram of LGA-Net

(b) Detailed Structure of CNNF (c) Detailed Structure of CNNα

Figure 1. Overview and detailed structure of LGA-Net

3.3. Network architecture
As shown in Fig. 1a, the luminance channel Y is firstly fed
into CNNF to obtain the rich high-dimensional feature rep-
resentation, which is beneficial for predicting more accu-
rate affinity weights wij . α, as a key weight to balance
the fidelity term and the regularization term, is also learn-
able, and predicted by a separate light-weight neural net-
work CNNα as shown in Fig. 1c; Ladj is a fixed matrix
that enforces a weak connection between each pixel and
its neighbors; ϕ is a fixed weight for Ladj . LGA-Net first
builds a Laplacian matrix L reflecting the structural infor-
mation of the input image based on the output of CNNF, and
then solves a large sparse linear equation system A⋆x = b
according to the given Laplacian prior, α, ϕ and Ladj .

CNNF as shown in Fig. 1b, consists of the basic feature
extraction sub-network BFEnet and the Non-local block
(NLB) [34]. BFEnet is composed of only seven convolu-
tional layers, which reduces computational complexity, en-
hances efficient gradient propagation and training conver-
gence. Further, richer high-dimensional features are intro-
duced by embedding NLB after BFEnet, which improves
the capability of LGA-Net to perceive image structure.

3.3.1. Loss function
Let T denote the ground truth domain, C denote the col-
orized domain, and Dt denote the training dataset. For a
training example d ∈ Dt, T d and Cd refer to the ground
truth color image and the colorized result by LGA-Net.

Firstly the simple but efficient Least Absolute Deviations
L1 is applied to enable a pixel-wise difference judgment:

L1

(
T d, Cd

)
=

N∑
i=1

∥T d
i − Cd

i ∥. (6)

where i is used as the pixel index.
Secondly, we apply the Laplacian pyramid loss Llap [4]

to perform multi-resolution analysis between T and C:

Llap

(
T d, Cd

)
=
∑
p

22p
∥∥Lp(T d)− Lp(Cd)

∥∥ (7)

where Lp(·) means the p-th level of the Laplacian pyramid
feature of the input.

Finally, for smoother results, we introduce total varia-
tion loss LTV to explicitly constrain C in terms of spatial
variation:

LTV (Cd) =
∑

i=1,2,...,N ;j∈Nbr(i)

∥Cd
i − Cd

j ∥22 (8)

where Nbr(i) defines the neighbor pixels of i. The total
loss is a weighted sum of these terms:

L =
∑
d∈Dt

(
L1(T d, Cd) + λlapL1(T d, Cd) + λTV LTV (Cd)

)
,

(9)
where λlap and λTV are balancing weights.

4. Evaluation
In this section, the implementation details are described

in detail in Section 4.1. Then, we compare LGA-Net with
the state-of-the-art scribble-based colorization methods in
Section 4.2. The visualization of affinities relationships is
shown in Section 4.3, enabling a more intuitive understand-
ing of LGA-Net. The ablation study for each key compo-
nent is presented in Section 4.4.

4.1. Implementation Details
LGA-Net is implemented based on PyTorch, where the
training and testing phases of all experiments presented in
this paper are conducted on an NVIDIA Tesla P100 GPU.
ϕ, serving as the pre-defined weight of Ladj , is configured
as 10−8. λlap and λTV are set to 1.5 and 25, respectively.
The Adam optimizer is used, where the learning rate is set
to 10−4, β1 = 0.5, β2 = 0.999. LGA-Net training process
is performed at 128×128 scale, with the Y-channel resized
to this size before input and the colorized results bilinearly
up-sampled for the final output. This is sufficient in prac-
tice, as lower chrominance resolution is often unnoticeable.
In addition, LGA-Net can be trained to handle larger im-
ages. For 128× 128, 256× 256, and 512× 512, peak GPU
memory usage is 3.05GB, 8.36GB, and 22.70GB respec-
tively, so the space complexity is sublinear w.r.t. the num-
ber of pixels. The training time per epoch is 2.3h, 12.5h, and
75h respectively, which is slightly higher than linear w.r.t.
the number of pixels. The reason behind this is that the
CPU-based method [17] mentioned in Section 3.2.3 is ap-
plied to solve the large sparse system. Although the current
CPU-based sparse solver is quite slow, it ensures LGA-Net
is memory efficient and has good scalability compared with
GPU-based dense solvers.

Leveraging ImageNet’s semantic diversity, we create the
training dataset Dt containing 4K images by selecting 4 im-
ages from each category. For testing purposes, Dmanual

contains 200 color images randomly chosen from the Ima-
geNet test dataset, with the authors creating sparse scribbles
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(a) GT (b) Hint (c) Levin (d) Z4K (e) iC4K (f) Z1M (g) iC1M (h) UC1M (i) LGA-Net

Figure 2. Qualitative comparison with state-of-the-art methods in Section 4.2.1. This figure shows four different examples (top two from
Dmanual and bottom two from Dauto. The first two columns show the ground truth and the applied scribbles, while the following columns
separately display: Levin [20]; Z4K and iC4K (Zhang [45] and iColoriT [41] trained on Dt); Z1M, iC1M and UC1M (official pre-trained
models on ImageNet for Zhang et al. [45], iColoriT [41] and UniColor [12]); our LGA-Net.

for each to simulate user-provided inputs. While Dmanual

only comprises 200 examples due to the labor-intensive
process of manually creating scribbles, leveraging AutoSS
(a new automatic scribble generation algorithm described
in the supplementary material), we further create Dauto

by randomly selecting 3K images from the Place365 test
dataset and generating sparse scribbles accordingly.

4.2. Compared with Representative Methods

Diffusion-based colorization methods are becoming pop-
ular but existing diffusion-based methods often use text
prompts rather than scribbles to guide colorization. More-
over,: [39] lacks a mechanism to map scribbles or points
to latent space, making direct comparison in scribble-
based tasks unfeasible. The methods [40, 42] have not
released any official code. Thus, LGA-Net is compared
with the following four scribble-based methods: Levin et
al. [20], Zhang et al. [45], UniColor[12] and iColoriT[41].
Zhang [45] and iColoriT [41] trained under Dt are abbrevi-
ated as Z4K and iC4K. The official pre-trained models on
the ImageNet of Zhang[45], UniColor[12] and iColoriT[41]
are abbreviated as Z1M, UC1M and iC1M separately. Due
to the lack of official training instruction, we do not com-
pare UniColor under Dt.

Regarding [26], no official code release makes direct
comparison infeasible. Despite a seemingly similar col-
orization equation, LGA-Net differs fundamentally. The
method can auto-generate diverse colorizations and accept
user constraints. As a tougher task, it needs two-stage train-
ing with color images as input and relies on strong priors

(e.g., “pixels with similar intensities should have similar
colorizations”) to regularize the problem. In contrast, LGA-
Net applies pre-learned affinities to achieve scribble-based
colorization. Taking only grayscale images, our method
shows strong generalizability: our 4K-trained model out-
performs other methods trained on 1.3M images and works
well on datasets beyond the training set (Section 4.2). [26]
is trained on larger datasets, excelling on specific-content
ones (e.g., faces). Its binary-term approach is costly, and
shown images have low resolution. Conversely, LGA-Net
with sparse matrices has better scalability (Section 4.1).

In order to obtain more reliable comparison, the follow-
ing content includes qualitative analysis (Figs. 2, 3, and 4),
quantitative analysis (Tables 1 – 2), and user study (Fig. 5).
More examples including different scenarios are shown in
the supplementary material.

(a) GT (b) Hint (c) Z1M (d) LGA-Net

Figure 3. Poor Z1M result under sparse scribbles.
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(a) GT (b) 10% (c) 50% (d) 100%

Figure 4. iC1M comparison under different point sparsity levels.

Table 1. Quantitative analysis under Dmanual in Section 4.2.2

Dmanual MSE↓ PSNR↑ MS-SSIM↑ LPIPS↓
200 cases ×10−2 dB ×10−2 ×10−2

Levin 4.41 21.48 91.69 16.50
Z4K 5.81 19.72 83.43 25.16
iC4K 4.49 21.32 85.22 21.41
Z1M 3.65 23.19 90.77 12.14
iC1M 1.53 25.92 90.34 12.43
UC1M 2.13 25.36 93.62 7.90

LGA-Net 1.42 26.07 92.78 10.49

Table 2. Quantitative analysis under Dauto in Section 4.2.2

Dauto MSE↓ PSNR↑ MS-SSIM↑ LPIPS↓
3000 cases ×10−2 dB ×10−2 ×10−2

Levin 1.11 29.52 95.73 10.65
Z4K 2.42 25.12 91.53 16.26
iC4K 2.96 25.08 91.83 15.70
Z1M 1.16 28.47 95.30 9.74
iC1M 1.08 28.75 94.84 10.42
UC1M 0.95 29.15 95.79 8.11

LGA-Net 0.90 29.89 95.73 9.62

4.2.1. Qualitative Analysis
Levin’s results shown in the 3rd column of Fig. 2, are ac-
ceptable for local regions based on provided color scribbles.
But Levin struggles to propagate color to distant regions
with similar texture since it lacks a mechanism for learn-
ing global affinities, hindering remote color propagation.

In Fig. 2, the 4th and 5th columns show Z4K and iC4K
results. Despite strictly following official training guid-
ances on Dt, both models fail to generate stable outputs
across local and remote regions due to the dataset’s limited
size. This limited size of Dt hinders Zhang and iColoriT,
which require extensive training data, and even iC4K utiliz-
ing Transformers fails to compensate adequately.

In Fig. 2, the 6th, 7th, and 8th columns show Z1M,
iC1M, and UC1M results. Unlike Z4K and iC4K trained
under limited cases, these models leverage the power of

Figure 5. The user study’s statistical results

(a) Gray (b) Hint (c) LGA (d) Local
(Left)

(e) Local
(Down)

(f)
Global

Figure 6. Visualization of local and global affinities in Section 4.3.
For local affinity, the heatmaps show the affinity for each pixel
with its neighbor in the specific direction. For global affinity, each
local map indicates the affinity of the highlighted position (in red)
and other global points.

ImageNet to handle color propagation. However, Z1M, as
an image-to-image colorization approach, lacks robustness
for long-range propagation due to implicit affinity storage
in network parameters. In addition, Fig. 3 highlights chal-
lenges with sparse scribbles only in the sky (upper left and
lower right) and grass (upper half), where LGA-Net prop-
erly extends colors to regions without scribbles, while Z1M
relies on prior knowledge, leading to inaccuracies in distant
regions without scribbles.

The self-attention mechanism allows iC1M to learn the
global affinities. However, using a light-weight pixel shuf-
fling operation to speed up processing, especially with high
upsampling ratios, leads to significant artifacts when dense
scribble hints are provided. Fig. 4 demonstrates iC1M’s
generation results under varying levels of hint sparsity, re-
vealing increased artifact occurrence and prominence with
denser hints. This highlights the limitations of iColoriT [41]
in handling scribbles and dense pixel hint inputs.

UniColor leverages Transformer and VQGAN to im-
prove final performance. However, unlike LGA-Net, which
directly enables local and global affinities, UC1M struggles
with remote color propagation due to lack of explicit global
affinity learning, even with the large ImageNet dataset.

Fig. 2’s 9th column displays LGA-Net’s results, offer-
ing proper colors for both short and long-range propagation,
even with the much smaller 4K training set. This is due to
explicitly enabling local and global affinities and faithful
color propagation process.
4.2.2. Quantitative Analysis
Four evaluation metrics (mean squared error (MSE), peak
signal-to-noise ratio (PSNR), Multi-scale Structural Simi-
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larity index measure (MS-SSIM), and the learned percep-
tual image patch similarity (LPIPS)) are applied to reflect
the colorization quality. MS-SSIM is applied instead of
SSIM since [27] shows that MS-SSIM is the most consis-
tent metric with human judgment. Quantitative analyses on
Dmanual and Dauto are separately presented in Tables 1 and
2. Key conclusions drawn from the experiments are:
• Lacking global affinity capture, Levin [20] performs

worse than LGA-Net on both test datasets, especially the
57.29% increase in LPIPS on Dmanual.

• Z4K and iC4K exhibit the worst performance, highlight-
ing Zhang [45] and iColoriT’s [41] reliance on large
datasets. iC4K slightly outperforms Z4K due to the
Transformer’s enhanced affinity learning.

• Z1M and iC1M consistently underperform compared to
LGA-Net across all metrics. Z1M’s implicit affinity rep-
resentation hampers remote color propagation, with an
average LPIPS increase of 8.49% and PSNR drop of 2.15
dB. Although iC1M benefits from the Transformer, it still
struggles with artifacts from scribbles and dense hints.

• UC1M trained on 1.3M cases roughly matches LGA-Net
trained on 4K cases, highlighting that LGA-Net reduces
the need for extensive data and simplifies training by re-
defining the coloring task and explicitly incorporating lo-
cal and global affinities.

• LGA-Net outperforms others in MSE and PSNR, and
ranks second in LPIPS and MS-SSIM with minimal dif-
ferences. The explicit affinity learning enables stable col-
orization, as confirmed by qualitative analysis.

4.2.3. User Study
A user study shown in Fig. 5 is conducted for more convinc-
ing evaluation. The total area covered by the colors rep-
resents 100%. Larger areas indicate stronger competitive-
ness of the corresponding methods. We randomly selected
15 test examples from both Dmanual and Dauto, forming a
total of 30 questions. Each question presents participants
with results from seven methods, displayed in random or-
der. Participants were asked to select the option they be-
lieved achieved the best coloring quality. 1500 votes from
50 participants were finally collected.

LGA-Net obtains the most votes (44.6%), which fur-
ther demonstrates the superiority of LGA-Net in the sparse-
scribbles-based colorization scenario. Levin which lacks
sufficient ability to face remote color propagation, receives
the least 5.2% votes. Z4K and iC4K cannot securely gen-
erate acceptable colorization results, which only receives
5.9% and 5.3% of the votes, respectively. iC1M and Z1M
receives 10.4% and 7.3% of the votes, respectively, mainly
attributing to the powerful training dataset. This big dis-
parity with LGA-Net arises primarily from the lack of
an explicit affinity learning mechanism. With the help
of Transformer and VQGAN, UC1M achieves the perfor-
mance closest to LGA-Net among all the comparison meth-

(a) GT (b) Hint (c) RGP (d) RAP (e) RNLB (f) LGA
Figure 7. Ablation study results in Section 4.4.1.

ods, albeit with a significant 23.3% gap still present.
4.3. Affinity Visualization
Fig. 6 clearly illustrates the roles of local and global affini-
ties in LGA-Net through heatmaps, providing intuitive in-
sights into the model’s operational principles. The 4th and
5th columns depict the heatmaps of local affinities corre-
sponding to the left and bottom directions, showing that
LGA-Net can accurately reflect image structures from these
local directions. LGA-Net employs a total of eight distinct
directions of local affinities, jointly ensuring the stability of
local color propagation. The 6th column uses heatmaps to
show affinities between sampled points (red boxes) and all
global points (blue boxes), where high-value global affini-
ties digitize accurate numerical representations of distant
similar-textured regions, assisting LGA-Net in a more com-
prehensive understanding of image structures.

Table 3. Quantitative analysis under Dmanual in Section 4.4.2

Dmanual MSE↓ PSNR↑ MS-SSIM↑ LPIPS↓
200 cases ×10−2 dB ×10−2 ×10−2

RGP 4.81 21.89 91.10 15.38
RAP 2.24 24.40 91.02 13.89
RNLB 1.55 25.82 92.56 11.19

LGA-Net 1.42 26.07 92.78 10.49

Table 4. Quantitative analysis under Dauto in Section 4.4.2

Dauto MSE↓ PSNR↑ MS-SSIM↑ LPIPS↓
3000 cases ×10−2 dB ×10−2 ×10−2

RGP 2.01 28.16 95.01 11.30
RAP 1.32 28.82 95.06 11.48
RNLB 1.04 29.55 95.64 10.10

LGA-Net 0.90 29.89 95.73 9.62

4.4. Ablation Study
The role of each key element in LGA-Net is analyzed in
this section from two perspectives: qualitative analysis as
shown in Fig. 7 and quantitative analysis in Table 3 and
Table 4. Further ablation study on three different loss terms
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Table 5. Quantitative analysis in different NLBs in Section 4.4.4

Dmanual MSE↓ PSNR↑ MS-SSIM↑ LPIPS↓
200 cases ×10−2 dB ×10−2 ×10−2

Concatenation 1.55 25.77 92.56 10.93
EbGaussian 1.47 25.88 92.54 10.94

Gaussian 1.52 25.81 92.62 10.98
Dot product 1.42 26.07 92.78 10.49

and more examples including different scenarios are shown
in the supplementary material.

4.4.1. Qualitative Analysis

Fig. 7 shows results from three ablation experiments (re-
moving global points/affinities (RGP ), removing local
points/affinities (RAP ) and removing the Non-local Block
(RNLB)) and full LGA. The top two examples are from
Dmanual, and the bottom two are from Dauto. RGP (3rd
column) only keep adjacency affinities constraints, limit-
ing its ability to achieve proper remote color propagation.
RAP (4th column), which retains only global affinities,
exhibits some degree of short-range and long-range color
propagation but falls short of stably generating high-quality
colorization results. RNLB (5th column) relies solely on
the raw feature representation from BFEnet, compromis-
ing color propagation accuracy. With the help of NLB, Full
LGA-Net (6th column) incorporating both local and global
affinities achieves the best performance, demonstrating the
importance of all components for optimal performance.

4.4.2. Quantitative Analysis

Similar to Section 4.2.2, the same four metrics are applied
to evaluate the effects of different components quantita-
tively. Results on Dmanual and Dauto are shown in Table 3
and Table 4, respectively.

In Tables 3 and 4, RGP exhibits the worst perfor-
mance across all metrics, particularly evident with a 4.18dB
decline in PSNR and 46.62% deterioration in LPIPS on
Dmanual compared to LGA-Net. This performance gap
highlights the crucial role of global points/affinities. Com-
pared to RGP , RAP performs better, achieving only
marginal improvements in the LPIPS evaluation under
Dmanual and the MS-SSIM evaluation under Dauto. The
reason behind is that, in the colorization task with sparse
scribbles, the global points retained in RAP can still learn
both local and global affinities to some extent. RNLB con-
sistently under-performs compared to LGA-Net in all eval-
uation scenarios due to the lack of richer feature represen-
tation from NLB. LGA-Net uniformly outperforms RGP ,
RAP and RNLB across all evaluation scenarios, which fur-
ther demonstrates the essential roles of local/global affini-
ties and NLB in achieving high-quality colorization results.
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Figure 8. Ablation study involving GS.

4.4.3. Global Step
This section examines the impact of global points spar-
sity on colorization quality by adjusting GS ∈ [10, 17],
as shown in Fig. 8. Increasing GS enables sparser global
pixels, leading to insufficient global affinity constraints,
thereby increasing LPIPS and decreasing MS-SSIM. Con-
versely, decreasing GS enhances global affinities but also
increases sensitivity to training data, limiting generalizabil-
ity. At GS=12, LGA-Net achieves optimal performance.

4.4.4. Different Non-Local Blocks
Four NLB types based on different affinity functions (Con-
catenation; Embedded Gaussian (EbGaussian); Gaussian;
Dot Product) are utilized and analyzed quantitatively on
Dmanual (Table 5). Overall, all NLB types enhance LGA-
Net’s ability to learn better affinities. The dot product ver-
sion achieves the best performance, due to its suitability for
weight computation relying on Euclidean geometry.

5. Conclusion
This paper proposes LGA-Net which regards the scribble-
based colorization task as an affinity propagation process.
For a given grayscale input, LGA-Net can accurately pre-
dict the pixel affinities that indicate the image structure in-
formation, regardless of the input hints or the color prop-
agation process, thus achieving better generality. User-
provided color information is propagated into the whole im-
age in the form of solving a maximum a posteriori prob-
lem with Laplacian prior under the guidance of the pre-
calculated local and global affinities. Global affinities boost
accuracy of image structure understanding but raise compu-
tational burden. Future study will further seek better affinity
formulation for efficiency.
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