ColorControlNet: A Diffusion Model-Based
Dual-Branch Framework for Image Colorization
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Abstract—Image colorization is an essential task in im-
age generation, aimed at producing realistic color results for
grayscale images to enhance visual performance. Despite signifi-
cant progress in deep learning-based methods for natural images,
challenges such as uneven color distribution, color bleeding,
and structural instability persist in scenes with limited semantic
information. To address these issues, ColorControlNet, a dual-
branch image colorization framework based on diffusion models,
is proposed in this paper. The model takes grayscale images,
palette images, and text descriptions as multimodal inputs. The
gating mechanism adaptively combines structural features and
color priors, enabling precise feature fusion. To efficiently extract
structural and color control features, a lightweight encoding
network is designed, integrating multi-scale context fusion and
axial self-attention mechanisms to enhance local texture repre-
sentation and consistency modeling across regions. Additionally,
an inference-stage enhancement strategy is proposed to suppress
local color bleeding and enhance details without increasing train-
ing costs. Experimental results demonstrate that the proposed
method outperforms existing methods on both a custom flat
design dataset and the DomainNet-painting dataset.

Index Terms—diffusion models, gating fusion mechanism, axial
self-attention, multiscale feature fusion, discrete wavelet trans-
form

I. INTRODUCTION

Image colorization is an important technology in image
generation and content restoration, generating reasonable color
distributions based on grayscale structures. It is widely used
for tasks such as color transfer in artwork [1], coloring old
photographs [2], and restoring historical films [3]. Manual
colorization can provide high-quality image coloring, but it
heavily relies on the designer’s experience and creativity,
making the process labor-intensive, inefficient, and costly. In
recent years, deep learning-based image colorization methods
have made significant progress. However, such methods still
face limitations in low-semantic images (such as flat design
images). These images often consist of regular color blocks
and repeated geometric structures, lacking stable object-level
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semantics and distinguishable texture cues, making it difficult
for the model to form reliable region partitions and bound-
ary perceptions, thereby weakening the effective constraint
of color propagation paths. Additionally, when incorporating
multiple conditional inputs, such as palettes or text, the con-
straints between structural information and color priors are
often difficult to couple stably. As a result, color constraints
may diffuse across boundaries during denoising or genera-
tion, leading to uneven color distribution, color bleeding, and
structural inconsistency issues. To address these challenges,
we propose a dual-branch conditional control framework for
image colorization based on diffusion models, called Col-
orControlNet. This framework separately models structural
information and color priors, and uses a gating mechanism in
the control branches to adaptively fuse them. After generating
unified control features, these features are injected into the
diffusion denoising network, effectively coordinating structural
preservation and color consistency in low-semantic scenes.
A lightweight encoder is designed for efficiently extracting
control features, and an inference-stage enhancement module,
decoupled from the training process, is proposed for detail
compensation and suppression of color bleeding. The main
contributions of this paper are:

e The proposal of the ColorControlNet diffusion model-
based dual-branch colorization framework, which uses
gating fusion to achieve adaptive integration between
structural constraints and color priors. In the Stable
Diffusion 1.5 setting, the model requires training only
33,299,072 (33.3M) parameters, significantly reducing
the trainable parameters by about 91% compared to the
ControlNet [4], thus lowering training and deployment
costs.

o The design of a lightweight feature encoding network,
MulAxialControlNet (MACN), which combines multi-
scale context fusion and axial self-attention mechanisms



to improve local texture expression and cross-region con-
sistency modeling, alleviating color unevenness, Cross-
boundary color bleeding, and structural instability issues
in low-semantic image colorization.

o The proposed optional inference-stage enhancement strat-
egy reduces color bleeding and improves high-frequency
details without increasing training costs.

II. RELATED WORK
A. Automatic Colorization

Automatic colorization is an image coloring technique that
eliminates the need for user intervention. It uses deep neural
networks to learn the color distribution in images, enabling
fully automated colorization. These methods are primarily di-
vided into two types: methods based on Convolutional Neural
Networks (CNN) [5] and methods based on Generative Adver-
sarial Networks (GAN) [6]. CNN-based methods are typically
divided into two stages. The first stage involves extracting
image features from grayscale images through convolution
and pooling. In the second stage, the network uses these
features to predict color information through regression [7] or
classification [8] tasks, restoring the color image. To improve
accuracy, category labels [9], semantic segmentation maps
[10], or bounding boxes [11] are often added to the framework.
GAN-based methods, on the other hand, use an adversarial
training framework with a generator and a discriminator. The
generator produces colorized images from grayscale inputs,
while the discriminator evaluates their authenticity. Methods
like ChromaGAN [12] optimize the colorization process,
ensuring that the generated images match real-world color
distributions. Additionally, Wu [13] and Kim [9] use pre-
trained GAN models to generate color priors, transferring
knowledge to improve colorization performance.

B. Conditional Colorization

Conditional colorization methods introduce more user con-
trol into the colorization process, allowing for the adjustment
of the generated color effects based on specific conditions.
Depending on the input type, conditional colorization methods
can be categorized into four types: brush-based colorization,
text-based colorization, reference-image-based colorization,
and palette-based colorization. In the early stages, brush-
based colorization relied on similarity measures [14], prop-
agating local color hints across the entire image through
spatial shifts or learned by neural networks. Recent meth-
ods, such as UniColor [15], use end-to-end frameworks for
assisted colorization. Text-based colorization methods guide
colorization with natural language descriptions, with feature
affine transformations [16] and cyclic attention models [17]
helping to fuse text and image features to improve colorization
results. Chang et al. [18] focus on matching color informa-
tion with objects. Reference-image-based colorization methods
[19] colorize grayscale images using the color information
from reference images. Palette-based colorization methods use
predefined color palettes to guide the colorization process,

such as the PalGAN [20], which employs a palette-based
generative adversarial network for image colorization.

C. Image Generation with Diffusion Models

Diffusion models have made significant progress in the field
of image generation, particularly in generating high-quality
images and improving generation efficiency. The GLIDE [21]
and Imagen models [22] leverage pre-trained visual or lan-
guage models (such as CLIP [23] and TS5 [24]) to encode
textual input into latent vectors, significantly enhancing the
quality and effectiveness of image generation. To enhance
the control capabilities of diffusion models, researchers have
proposed several approaches. Some methods utilize input
masks [25] to achieve precise control over local regions of an
image. Others employ encoded textual features [26] to improve
the understanding of text descriptions. Additionally, certain
techniques decompose images into multiple independent con-
trol components [27], enabling finer-grained control. Diffusion
models have been applied to image colorization. L-CAD. [28]
utilizes latent diffusion models for image colorization guided
by flexible textual descriptions. Qiu et al. [29] combine text
and palette information to enhance color consistency in gen-
erated images. However, these methods still face challenges
in the collaborative modeling of image structure and color
information, leading to issues with structural fidelity and color
spillover. We propose a dual-branch control framework based
on diffusion models, which, through an adaptive gating fusion
mechanism, precisely coordinates the fusion of structural in-
formation and color priors, maintaining structural fidelity and
color consistency in low-semantic scenes.

III. METHODOLOGY
A. Overall Network Architecture

We propose a palette-guided image colorization framework
based on diffusion models, named ColorControlNet, as illus-
trated in Fig. 1 (a), the framework takes a grayscale image
Igrey, a palette image 1,1, and a text prompt P as conditional
inputs. The grayscale image provides structural cues, while
the palette image supplies explicit chromatic priors. The text
prompt offers high-level semantic guidance.

Two lightweight control branches with identical architec-
ture, referred to as MulAxialControlNet (MACN), are em-
ployed to extract control features. One branch processes the
grayscale image and produces a time-dependent structural
feature threy, while the other processes the palette image
and produces a time-dependent chromatic feature F;ar Both
branches are conditioned on the diffusion timestep ¢ through
timestep embeddings. The timestep ¢ is shared with the de-
noising UNet and corresponds to the noisy latent variable Z;
in the diffusion process.

The grayscale and palette features are merged using a gating
fusion mechanism. At each timestep ¢, a gate map G* € [0, 1]
is predicted from the combined representation of the two
features:

Gt = U(Convgate (threy + F;al)) ’ M



Colorize the grayscale image
using the provided color palette.
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(b) Architecture of the MulAxialControlNet (MACN).

(a)Overall network architecture for palette-guided diffusion colorization. Two MulAxialControlNet (MACN) branches independently extract

structural and chromatic features, which are fused into control features. These features are then injected into the pretrained Stable Diffusion UNet to guide the
denoising process in the latent space. (b) The architecture of the MulAxialControlNet (MACN). It is used for extracting control features from grayscale

and palette images.
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where o(-) denotes the sigmoid activation, Convgate is a 1
1 convolution, and ® represents element-wise multiplication.
The fused control feature is defined as

C’étrl = Fftused' (3)

Generation is performed in the VAE latent space using a
latent diffusion model. A ground-truth color image x is first
encoded into a latent representation Zy = Evag(xg). The
forward diffusion process progressively injects Gaussian noise
to obtain the noisy latent Z;:

Zy = oy Zo + V1 — Qg €,

During reverse diffusion, a conditional denoising network
with a UNet backbone predicts the injected noise:

e~ N(0,1). G))

€= EQ(Zt,t,Ct). (5)

The conditioning input C; consists of a text embedding and
the fused control feature:

Ct - (Ctexta Cgtrl)7 Ctext = T&(P) (6)
The text condition modulates UNet features through cross-
attention. The control feature C%,, is injected after the first
downsampling block of the UNet via residual addition. Di-
rectly adding the control feature to the network input was
found to cause training instability, likely due to interference
between control and denoising functions. The adopted in-
jection strategy preserves the main denoising pathway while
enabling effective structural and chromatic guidance.
The estimate of the clean latent is obtained as
Zy— 1 —ayé 7

Qi

Zy =

and the final colorized image is reconstructed by the VAE
decoder:

& = Dvag(Zo). ®)

During training, the parameters of MulAxialControlNet and
the linear layers within the attention blocks of the denoising
UNet are updated, while the remaining components are kept
frozen. Under this training strategy, the total number of
trainable parameters is 33.3M, which is significantly lower
than the approximately 360M additional parameters introduced
by ControlNet [4]. During inference, sampling starts from
Zp ~ N(0,I) and proceeds iteratively to ¢ = 0 under the
guidance of the diffusion scheduler.

B. MulAxialControlNet

As illustrated in Fig. 1 (b), an image feature encoding
network termed MulAxialControlNet (MACN) is designed
in this work. The structural control branch and the color
prior branch adopt an isomorphic encoder architecture, which
extracts diffusion time-dependent control features from the
grayscale structural image Ige, and the palette image Ipai,
respectively. These features serve as external constraints for
the diffusion denoising network. Given the diffusion timestep
t, the feature extraction processes in the two branches are
formulated as

threy = MACN(Igey, t), Féal = MACN(Ipa1,t).  (9)

In the shallow encoding stage, the input image is first
projected from pixel space to feature space by an embedding
module. A single 3 x 3 convolution with stride 2 is applied to
perform initial downsampling and to extract edge and local
texture features. Subsequently, a multi-scale feature fusion
module MS(-) is introduced to jointly model structural in-



formation and contextual cues at different scales. This module
consists of four parallel branches, defined as

fi1(z) = Convyx1(x),
fa(z) = Convzys(x),
f3(x) = Convyys(x),
fa(x) = Convyx1(MaxPoolsxs(z)) .

The outputs of all branches are concatenated along the
channel dimension as

ZLcat :Concat(f1($),f2($)7f3(1'),f4($)), (11)

and then fused and aligned by a 1 x 1 convolution followed
by a nonlinear mapping,

MS(.’L’) = ¢(Conlel(xcat)) )

where ¢(-) denotes a nonlinear transformation composed of
Group Normalization and ReLU activation.

Based on the shallow embedding, MACN adopts a two-stage
hierarchical encoding structure to progressively aggregate fea-
tures. Each stage consists of a ResnetBlock2D followed by
a Downsample2D module. The residual learning mechanism
preserves structural information across layers, while downsam-
pling gradually enlarges the effective receptive field. The time
embedding is obtained as

(10)

12)

e; = TimeEmbed(t), (13)
and the hierarchical feature propagation is expressed as
x1+1 = Down(ResBlock(x;, e;)) , (14)

where [ denotes the encoding stage index.

To enhance global consistency across spatial regions, an
axial self-attention module is introduced at low-resolution
feature maps. This module consists of row-wise attention and
column-wise attention, which model long-range dependencies
along the horizontal and vertical directions, respectively. The
fused attention output is projected and added to the input
feature via a residual connection, formulated as

ASA(z) = z + Proj(GN(3 (Yrow + Yeo1))) »  (15)

where Proj(-) denotes a 1 x 1 convolution and GN(-) denotes
Group Normalization.

In the output stage, a residual refinement block composed
of two 3 x 3 convolutions is applied to further regularize and
refine the intermediate features. A final 1 x 1 convolution is
used to project the features to the target dimension, producing
the final control features F*, corresponding to Fy,.. and F} |
for the grayscale and palette branches, respectively. The com-
bination of multi-scale feature fusion and residual propagation
improves structural fidelity and suppresses cross-boundary
color diffusion. Axial self-attention further strengthens cross-
region consistency through long-range dependency modeling,
facilitating coordinated color assignment within the same
structural regions and enhancing overall structural stability.

C. Inference-Time Enhancement with SAG and DWT

To further suppress local color bleeding and recover fine
details, an inference-time enhancement strategy is applied at
each diffusion step based on self-attention guidance (SAG)
and discrete wavelet transform (DWT). The strategy operates
on the current latent estimate Z, and produces a refined latent
variable Zo.

Self-Attention Guidance (SAG). SAG leverages self-
attention weights inside the UNet to construct a spatial im-
portance mask, which highlights regions that are sensitive to
color bleeding. Let A; denote the self-attention map obtained
from the attention block (computed from query @) and key K
with a softmax operation). A spatial response map is derived
from A;, resized to the latent resolution, and normalized or
thresholded to obtain a mask M,;. A Gaussian blur is applied
to the latent variable Z, to produce ZH™*. The guided latent
Z® is then formed by replacing masked regions with the
blurred latent:

Z3%% = My © Zg" + (1 — My) © Zo, (16)
where © denotes element-wise multiplication. A residual pull-
back step is used to strengthen the correction:

Zo=Zo+ Asag - (Zo — Z3®), )
where Ag,¢ controls the guidance strength.

Discrete Wavelet Transform (DWT) Detail Enhance-
ment. To enhance high-frequency details while preserving
global structure, a 2D Haar wavelet decomposition is applied
to the latent variable Zj:

(LL,LH,HL,HH) = DWT(Z,), (18)
where LL is the low-frequency approximation and LH, HL,
HH are the high-frequency sub-bands. The enhancement is
applied only to high-frequency components while keeping
LL unchanged. A gain factor ¢ > 0 is introduced, and a
suppression coefficient 77 € (0,1] is used for the diagonal
band to reduce noise amplification. A spatial mask M € [0, 1]
(constructed from gradient magnitude or attention responses)
is downsampled to the sub-band resolution, denoted as M.
The high-frequency modulation is defined as:

LH =(14g¢M,)® LH,

HL = (1+gM,)® HL, (19)
HH' = (1+ngM,)® HH,
followed by inverse wavelet reconstruction:
Zy =iDWT(LL,LH' ,HL'HH'). (20)

SAG mainly constrains spatially sensitive regions to miti-
gate color bleeding, while DWT strengthens edge and texture
details through controlled high-frequency enhancement. Their
combination provides a lightweight inference-time refinement
without introducing additional training cost.



IV. EXPERIMENT AND RESULTS
A. Datasets

We collect a dataset of 10,000 flat design images and apply
data augmentation techniques, including translation, flipping,
and random cropping, to expand the dataset to 20,000 images.
Among them, the last 2,000 images are used as the test set.
In addition, 4,000 images from the painting subset of the
DomainNet dataset [30] are used for evaluation. For each
image, the luminance channel (L) in the Lab color space is
extracted as the grayscale input. To obtain palette guidance,
K-means clustering is applied to the color channels to generate
five representative color values for each image. These colors
are then visualized as a 512 x 512 palette image, which
serves as an additional conditional input during training. For
quantitative evaluation, we adopt a reference palette setting,
where the palette condition is extracted from the corresponding
ground-truth color image using K-means clustering (K=5).
This setting provides an upper bound under ideal palette
constraints, and is used to assess both the colorization quality
and the model’s adherence to the given palette. In practical
applications, the palette condition is typically provided by the
user or extracted from a user-provided reference image.

B. Implementation Details

All experiments are conducted based on Stable Diffu-
sion 1.5. During training, the parameters of MulAxialControl-
Net (MACN) and selected linear layers in the UNet denoising
network are updated, while the remaining parameters are kept
frozen. The image resolution is set to 512 x 512, with a
batch size of 2. The model is trained for 50 epochs. The
learning rate is set to 5 x 107° for MACN and 5 x 1076
for the trainable UNet parameters. During inference, DDIM
sampling is employed with 50 denoising steps to ensure stable
and high-quality image generation. To further enhance visual
quality, self-attention guidance (SAG) and discrete wavelet
transform (DWT)-based detail enhancement are applied at
inference time. The guidance strength for SAG is set to 0.1,
while the high-frequency enhancement strength for DWT is set
to 0.05. All baselines were retrained on our flat-design dataset
using the same training protocol for fair comparison.

C. Comparative methods

We compare the proposed method with representative col-
orization approaches. As shown in Fig. 2, BigColor [9] often
yields inaccurate colors and distorted textures, DDColor [2]
suffers from color bleeding and detail loss, and DISCO [31]
produces uneven or incorrect color assignments. In contrast,
our method generates more consistent color distributions,
preserves fine textures, and effectively mitigates color bleeding
while maintaining structural coherence.

Quantitative comparisons are conducted using three widely
adopted evaluation metrics: structural similarity index mea-
sure (SSIM), peak signal-to-noise ratio (PSNR), and learned
perceptual image patch similarity (LPIPS). SSIM evaluates
structural similarity, PSNR measures pixel-level reconstruction
accuracy, and LPIPS reflects perceptual similarity beyond

(c)

Fig. 2. Overall comparison of different image colorization methods. Columns
(a)—(f) correspond to the following: (a) Ground truth color image, (b) Input
grayscale image, (c) Result from our method, (d) Result from BigColor, (e)
Result from DDColor, and (f) Result from Disco.

TABLE I
QUANTITATIVE COMPARISON ON THE FLAT-DESIGN AND
DOMAINNET-PAINTING TEST SETS.

Method Flat-design DomainNet-painting
SSIMT PSNR{ LPIPS| SSIM{ PSNRT LPIPS|
Bigcolor [9]  0.7482 1543  0.2182 0.7813 18.80  0.1672
DDcolor [2]  0.7621 1557  0.2179 0.7928 19.48  0.1562
DISCO [31] 0.7377 1473  0.2364 0.7504 17.26  0.3221
PCGDM [29] 0.7563 1436  0.2058 0.7736  16.41  0.1946
Ours 0.8138 21.76  0.1248  0.8030  20.96  0.1472

pixel-wise differences. As shown in Table I, quantitative
results on both the Flat-design test set (2,000 images) and the
painting subset of the DomainNet dataset [30] (4,000 images)
are reported and compared with BigColor [9], DDColor [2],
DISCO [31], and PCGDM [29]. On the Flat-design dataset,
our method achieves the best performance across all metrics.
Similar gains are observed on DomainNet-painting, where it
consistently attains higher SSIM and PSNR and lower LPIPS
than competing methods.

D. Ablation Study

Gating mechanism. To verify the effectiveness of the
proposed gating mechanism, an ablation study is conducted
by comparing the gated fusion strategy with direct feature
fusion. The direct fusion approach simply performs element-
wise addition of the grayscale features and the palette fea-
tures. As shown in Table II (a), the gated fusion consistently
outperforms direct fusion across all evaluation metrics. In par-
ticular, the SSIM increases from 0.7928 to 0.8138, indicating
improved structural preservation, while the LPIPS decreases
from 0.1437 to 0.1248, demonstrating a clear enhancement
in perceptual quality. The PSNR also shows a slight improve-
ment. These results indicate that adaptive gating plays a critical
role in balancing structural fidelity and color consistency.



TABLE II
ABLATION STUDIES.

(a) Gate mechanism.

Model SSIMt PSNRt  LPIPS|
Direct add 0.7928 21.63 0.1437
Gate mechanism  0.8138 21.76 0.1248

(c) Multi-scale and attention in MACN.

MACN Architecture SSIMT  PSNRtT  LPIPS|
No Multi-scale or Attention  0.7530 20.03 0.1626
Only Attention 0.7691 20.55 0.1439
Only Multi-scale 0.7932 21.44 0.1340
Attention + Multi-scale 0.8138 21.76 0.1248
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Fig. 4. Visual results of ablation on Multi-scale and Axial Attention. Columns
(a)—(e) correspond to the following: (a) Input grayscale image, (b) No Multi-
scale or Attention, (c) Only Attention, (d) Only Multi-scale, and (e) Attention
+ Multi-scale.

Effectiveness of palette guidance. Palette input enhances
controllability and consistency in colorization by providing ex-
plicit color priors. The impact of palette guidance is analyzed
on the Flat-design test set. As shown in Table II (b), No Palette
refers to the setting without palette guidance. Although SSIM
shows a small difference, indicating structural preservation,
there are noticeable gaps in PSNR and LPIPS. This suggests
that the absence of palette guidance degrades color fidelity
and perceptual quality. These results highlight the critical
role of palette guidance in improving color consistency and
visual quality. Additionally, palette input allows flexible color
control, as different palettes applied during inference guide the
model to generate diverse color schemes while maintaining
clear structural boundaries, as illustrated in Fig. 3.

Multi-scale Feature Fusion and Axial Attention. To
evaluate the impact of multi-scale feature fusion and axial
attention, an ablation study is conducted with four config-
urations. As shown in Fig. 4, removing both components

(b) Palette guidance.

Model SSIMT  PSNR{T  LPIPS|
No Palette  0.8072 16.67 0.2039
Palette 0.8138 21.76 0.1248

(d) Inference-time strategies.

Configuration SSIMt PSNRtT  LPIPS]
Baseline (Direct Inference)  0.8138 21.76 0.1248
SAG Guidance 0.8143 21.77 0.1246
DWT Enhancement 0.8174 21.78 0.1247
DWT + SAG Guidance 0.8178 21.80 0.1237
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Fig. 5. Visual results of ablation on SAG and DWT. (a) Input image, (b)
Baseline, (c) SAG-guided, (d) DWT-guided, and (e) SAG + DWT-guided
results.

degrades detail and color consistency. Axial attention improves
structural coherence but still exhibits color bleeding, while
multi-scale fusion enhances local details yet causes uneven
color distribution. Combining them produces the most stable
structures and consistent colors. Table II(c) further indicates
that combining both modules yields higher SSIM and PSNR
and lower LPIPS, reflecting better structural fidelity and per-
ceptual quality.

SAG and DWT. Fig. 5 and Table II (d) illustrate the effects
of introducing SAG and DWT at the inference stage. As
shown in Fig. 5, SAG tends to smooth color transitions and
alleviate local color bleeding, while DWT mainly enhances
high-frequency details such as edges and fine textures. Corre-
spondingly, Table II (d) shows marginal increases in SSIM and
PSNR and slight reductions in LPIPS for both strategies. When
SAG and DWT are combined, the results exhibit slightly better
color consistency and detail preservation, suggesting that the
two inference-time strategies provide complementary benefits.

V. CONCLUSION

In this paper, we propose ColorControlNet, a diffusion-
based image colorization framework that incorporates multi-
modal conditions, including grayscale images, palette images,
and text descriptions. A gated fusion mechanism is introduced
to coordinate structural constraints and color priors, together
with a lightweight MACN encoder for efficient control feature
extraction. In addition, inference-time strategies based on self-
attention guidance and discrete wavelet transform are explored
to refine color transitions and local details. Experimental



results on multiple datasets, particularly flat-design images,
indicate that the proposed approach improves color consis-
tency and structural stability compared with existing methods.
These findings suggest that explicitly modeling the interaction
between structure and color priors can benefit controllable
image colorization.
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