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Abstract; Image colorization has attracted considerable
research interest over the past few decades. However,
current methodologies frequently struggle with limited local
colorization flexibility and produce unnatural color outputs,
primarily due to the absence of comprehensive
understanding of color perception. In this work, we propose
an expressive diffusion network ( EDN) that leverages a
robust diffusion network to significantly enhance both
colorization accuracy and diversity. The EDN consists of
two main components; a pre-trained latent diffusion model
and a perceptual luminance model based on VQ-Diffusion.
These components work together to generate rich and
vibrant colors while maintaining high fidelity to the
structural features of the original grayscale image. The EDN
incorporates controllable creative diffusion (CCD) to direct
the color generation process toward more realistic outcomes.
Extensive experiments demonstrate that the EDN
outperforms existing methods in perceptual quality, offering
notable improvements in visual realism and vibrancy across
various scenes. The proposed EDN showcases significant
improvements over ChromaGAN and InstColor, confirming
its robustness in both simple and complex scenarios.
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(CCD) ; guided model

CLC number: TP391. 4

Article ID . 1672-5220(2026) 02-0103-09

Document code: A

Open Science Identity
(OSID)

0 Introduction

In recent years, generative diffusion models have
made significant advancements in image generation tasks,
such as image synthesis, restoration, and enhancement.
However, effectively colorizing grayscale images remains
a challenge, often leading to unsatisfactory results,
particularly in preserving the semantic consistency of
color and the perceptual richness of generated images.
Liu et al."" proposed a piggybacked model for cross-task
colorization, but its iterative refinement process
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introduced structural distortions in high-frequency
details'®’ , especially after multiple iterations with blurred
or inaccurate images. This challenge is even more
prominent in image colorization tasks where it is essential
to balance global color richness, visual harmony, and
object-level semantics.

While substantial progress has been made in using
diffusion-based models for image generation, existing
networks still face limitations in controlling the colorization
process. The growing importance of diffusion-based text-
to-image models has shown their ability to generate
highly realistic 1images by transforming textual
descriptions into corresponding visual representations'® .
However, when applied to grayscale image colorization,
these models often fall short due to a lack of fine-grained
control over the colorization process. Specifically, Fei
et al.'¥ demonstrated that while text-to-image models
could leverage semantic information from text prompts to
generate images ~ , these models struggled to apply this
capability to the nuanced task of colorizing grayscale
images. Existing pre-trained models frequently fail to fully
leverage grayscale information, resulting in colors that
appear muted and lack perceptual coherence. There is thus
an urgent need for innovative models that offer detailed
guidance and more effective colorization techniques.

In contrast, traditional models such as image
transformer and ImageGPT generate images
autoregressively by predicting one pixel at a time. These
models, while capable of generating images, are
computationally expensive and struggle with scalability
and resolution, particularly when handling high-resolution
images. Other hybrid models like VQ-VAE, VQGAN,
and ImageBART aim to reduce image representation
complexity by learning discrete latent spaces. Though
they are efficient in terms of compression, these models
often face training stability issues and may lose detail
during the decoding process, resulting in less precise
colorization'.

To address the challenges of traditional diffusion
models in grayscale image colorization, this paper
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proposes a novel model based on a diffusion network. By
introducing a controllable creative diffusion ( CCD )
model and VQ-Diffusion decoders, the proposed model
enhances control over the colorization process,
overcoming the limitations of traditional models and
achieving vibrant and consistent colorization.

The contributions of this research are as follows.

1) We propose a novel network based on a pre-
trained latent diffusion model to achieve realistic and
diverse image colorization and reduce the need for large
training datasets and computational resources.

2) We introduce a diffusion-guided model by
combining pre-trained weights to produce latent color
priors that are closely aligned with the visual semantics of
the grayscale input.

3) We develop a luminance-aware VQ-Diffusion
model by using RGB channels to ensure the precise
transmission of grayscale information to the decoder for
accurate pixel-level coloring.

The remainder of this paper is structured as follows.
Section 1 presents the detailed structure of the expressive
diffusion network ( EDN ). Section 2 discusses the
experimental results and analyses. Section 3 concludes
with a summary of the findings.

Some different styles of CLIP text

1 Methodology

To address the challenges of controlling generated
images in traditional diffusion models, we propose an
innovative solution that integrates the CCD model within
the EDN. The CCD model allows users to control the
colorization process by using textual descriptions or color
hints, providing high flexibility and customization. In
addition, the network incorporates a VQ-Diffusion
model, which combines vector quantization with diffusion
techniques. By efficiently compressing color information
with vector quantization and refining it through the
diffusion process, the model achieves improved
computational efficiency and visual fidelity, ensuring
high-quality and scalable colorization.

As shown in Fig. 1, our network uses a two-step
pipeline. First, the CCD model applies a stable diffusion
process in the latent space where the user’ s inputs like
text prompts or color hints direct the colorization® and
allow for precise control. Second, the VQ-Diffusion
model refines the compressed color information and
merges it with the grayscale input to produce high-quality
and vivid results.
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CLIP—encoder extracting semantic information from text descriptions; Z, —intermediate latent variable at time step ¢ in diffusion process;

Z, —initial latent variable representing start of diffusion process; Z, —transformed latent variable representing final colorized output;

M —module for specific processing or transformation steps; C —color information or condition extracted from image;

U-Net—architecture used for feature extraction and noise removal; D;,—denoising at step i.
Fig.1 Architecture of EDN

Regarding the loss function, we combine the losses
from the diffusion process, CCD model, and VQ-
Diffusion model to achieve both accurate image
generation and high-quality colorization. To further
optimize the model, we modify the total loss function as

L = Ldif + AILCCD + /\ZL\'QVDif’ (1)

total

where L is the total loss function to be minimized
during training; L, refers to the loss from the diffusion
model, which focuses on predicting noise at each
timestep during the reverse diffusion process; L.,

focuses on color consistency and exposure control; Ly,
drives the model to restore fine details during the reverse
diffusion process; A, and A, are the guidance weights of
Loy and Ly 1, tespectively. Specifically, we set A, = 0.1
and A, = 0. 6, which means that the CCD model loss is
weighted less than the VQ-Diffusion model loss in the
total loss function.

1.1 Diffusion model

The diffusion model is an innovative probabilistic
network for learning the data distribution p(x) through a
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progressive denoising process. This process can be
viewed as the reverse of a Markov chain with a fixed
length of 7. In traditional networks, image generation in
the high-dimensional pixel space directly learns the data
distribution, which is computationally expensive and
challenging. Our network leverages latent diffusion
models to address this challenge by using autoencoders
for perceptual compression, allowing us to work in a
more efficient low-dimensional latent space. This not
only reduces computational complexity but also improves
the robustness of the model, enabling better
generalization to unseen data.

However, the standard diffusion model still struggles
to produce vivid and detailed results, especially in tasks
like image colorization. To address this, we incorporate a
reweighted version of the variational lower bound, which
emphasizes denoising score matching to effectively handle
the noise at each denoising step. The motivation is to
optimize the generative process during which our model
progressively enhances the image’ s perceptual qualities,
allowing us to carefully control the final outcome.

The loss function for the diffusion model in our
network is designed to predict the noise added at each
step of the diffusion process. It is based on the mean
squared error ( MSE) between the predicted noise and the
actual noise. The loss function is

Ly= E [ ‘Ee(x,, t) _5‘2], (2)
xgs €5 1

where x, represents the original data sample; x, is the
noisy version of the data at timestep ¢; 6 refers to the set
of parameters of the model; €,(x,, ¢) is the noise predicted
by the model at timestep ¢; € is the actual noise added
during the diffusion process, typically sampled from a
standard normal distribution. The expectation £ is taken
over the distribution of the data x,, noise €, and timestep .

1.2 CCD model

Image colorization'” is a classic inverse problem in
image processing. Traditional networks often face
limitations due to the availability of training data and the
challenge of generating high-fidelity colorized images
from grayscale inputs. We propose the CCD model,
which introduces a control mechanism into the diffusion
process to enable better colorization results and overcome
the constraints of traditional supervised networks, as
discussed in Ref. [10].

The key idea behind CCD is to use CLIP’ s text-
image encoder to modulate grayscale image features'"’ |
introducing color hint points to guide the generation
process. The use of this model is motivated by the need
for control over the colorization process, as traditional
diffusion models are often difficult to guide in a targeted
way. With CCD, we can inject color hints at each
generation step, ensuring that the colorization process is
both guided and flexible, aligning more closely with the
user intent. In every layer of the generation process,
features from the grayscale image /, and the hint point

1

map [, are injected to modulate the diffusion model’ s
feature maps. Referring to the structure in Fig. 2, the
specific formula is

x, J1 —a,
NS e,
where x, represents the original image at the final
generation step; «, denotes the noise schedule parameter
for the diffusion process at timestep ¢; «, is the
cumulative product of «;, up to timestep ¢, and determines the
amount of noise removed during denoising. Equation (3)

controls how /, and I, modulate the denoising process to
guide the colorization.
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x¢ —final colorized output result; x, , —image or intermediate state
recovered during decoding process; Y; —intermediate feature

information or features extracted from input image.
Fig.2 Structure of CCD

For the loss function, the addition of color
consistency and exposure control losses is critical for
ensuring that the generated images are not only accurate
in color but also aesthetically pleasing in terms of
brightness and overall naturalness''>’. These losses serve
to mitigate the common issue of unnatural color
distributions that often arise in purely generative models.

The complete loss function is

U
Lccuzz ‘RA-_RE‘+ z (Y,,,_Yn>2+
k=1
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n=1 ce¢

)%, (4)

where the first term ensures global color consistency by
minimizing the deviation | R, — E | between the predicted
and reference color distributions; the second term
penalizes luminance discrepancies (Y, — Y, )° across
adjacent regions (m and n) to maintain smooth exposure
transitions; the third term regularizes the gradient
magnitude of color maps M, along horizontal ( V) and
vertical (V) directions to reduce artifacts and enforce
spatial coherence; n refers to a pixel or position index in
the image; k£ is often used for iterating through color
components or layers; U represents the total number; N
indicates the number of samples or features; & denotes a
set or range, possibly for color channels; R, is the

predicted color distribution for component; R, represents
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the expected or reference color distribution.
1.3 Luminance -aware VQ-Diffusion model

The problem of detail loss and error accumulation is
especially prominent in the latent decoder of VQVAE, as
the vector quantization process only approximates the
original image’ s details. Such missing details lead to
inaccuracies in the generated image, and structural
distortions become more severe in complex scenes.
Moreover, VQVAE models face the problem of error
accumulation. Since the prediction at each inference step
depends on the results of previous steps, early errors
progressively accumulate, negatively affecting the quality
of subsequent generations. This is particularly
problematic in colorization tasks, where the generated
colors may not align well with the structure of the
grayscale input. The primary cause of this error
accumulation is the information loss during VQVAE’ s
quantization process, which limits the model’ s ability to
accurately recover the original details and color
distributions.

We propose a new solution by replacing VQVAE with
a VQ-Diffusion model. In the VQ-Diffusion model, we
improve the latent space representation to avoid the loss of
critical details during decoding. The structure of the VQ-
Diffusion model is shown in Fig. 2. It gradually restores
details during the diffusion process, and thus mitigates
distortion and error accumulation. Furthermore, we
introduce the grayscale encoder model to enhance the
decoding accuracy. The grayscale encoder extracts features
from the input grayscale image and directly injects them
into the upsampling layers of the VQ-Diffusion decoder.
Thus, the decoder leverages both the latent representation
and the grayscale features to ensure that the output image
aligns perfectly with the original structure. This fusion
network effectively enhances pixel-level detail retention
and reduces the loss of structural and texture information.
The equation for the decoder is

Fy. =F, +C0nV1x1(FG;)’ (5)

where F, is the enhanced feature map, and incorporates
both the latent representation and the grayscale features;
F,. represents the feature map from the VQ-Diffusion
decoder at the current stage; F denotes the feature map
extracted by the grayscale encoder from the input
grayscale image; Conv,,, refers to a 1 X 1 convolutional
layer, which is applied to F; to ensure that they are in the
same dimension as F,. This fusion process helps the
model preserve structural details and improve the overall
decoding accuracy.

In the VQ-Diffusion model for grayscale image
colorization, we train the model to restore fine details and
enhance the image quality by reversing a diffusion
process. Lygp; is

T-1

VQ-Dif =L, + sz + L, (6)
t=1

L

where L, is the reconstruction loss at timestep O that
encourages accurate colorization from tokens, defined as
L, = —log p,(x, | x,, y); L, is the KL divergence that
quantifies the difference between two probability
distributions, guiding model predictions toward the target
distribution at intermediate steps and facilitating the reverse
diffusion process'™, and L, = D (q(x',, «', ') |
po(x' 'y, y)) fore =1,2, -, T-1; L, is the final
KL divergence at timestep 7, and compares the noisy
token distribution to the prior, and L, = D, (q(x,x,) |
p(x;) ). Here, x, represents the color image tokens; x’ is
the noisy token at timestep t; y is the text condition
guiding the colorization; p, is the model predicted
distribution at each timestep; ¢( -, -) is the forward
diffusion process; p(x,) is the prior noise distribution at
the final timestep. This loss function helps the model
recover high-quality color images while progressively
reducing noise during the reverse diffusion process.
1.4 User interaction mechanism

The CCD model offers a dual-mode interactive
control system, which can be operated either through
natural language descriptions or localized color hints, as
illustrated in Fig. 3.

Fig. 3 Example of user interaction mechanism:
(a) textual guidance implementation;
(b) color hint propagation

When users input semantic directives such as “a
yellow fire hydrant” as shown on the left side of
Fig.3(a), the system initially extracts semantic
embeddings via the CLIP text encoder. Subsequently, it
maps the color constraints to the corresponding object
regions through a cross-modal attention mechanism. The
fire hydrant is accurately colored in a bright yellow, and
maintains a natural gradient effect in non-specified areas
as shown on the right side of Fig.3(a).

For localized fine-grained control ( shown on the
marked point example on the left side of Fig.3(b)),
after the user marks the target color block in the grayscale
image selection area, the CCD model employs an
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adaptive propagation algorithm based on color similarity.
This mechanism ensures that adjacent pixels maintain
color coherence in the hue-saturation lightness ( HSL)
color space, while strictly adhering to the original
gradient features of the input image in the luminance
channel, thereby ensuring visual authenticity after color
injection.

When no user input is provided, the system
automatically invokes the pre-trained VQ-Diffusion
codebook, and matches the image semantic content with a
historical color scheme library to achieve automated and
faithful colorization.

2 Experiments and Analyses

2.1 Datasets

All experiments were conducted on a server equipped
with 8 NVIDIA TITAN RTX GPUs, each with 24 GB
GDDR6 VRAM, providing substantial computational
power and memory capacity for handling large-scale
image generation tasks. The experiments were implemented
based on PyTorch 1.13, utilizing an open-source latent
diffusion network. We employed the pre-trained miniSD
and the fine-tuned Stable Diffusion v1.4 model (at an
image resolution of 256 X 256 pixels) as the latent
diffusion priors for text-to-image generation.

The model training was conducted separately on the
COCO-Stuff dataset'""’ and ImageNet dataset'””’. For the
latent diffusion-guided model, training was performed on
the COCO-Stuff dataset, while the Iluminance-aware
VQVAE model was trained on the ImageNet dataset in
Ref. [16]. The AdamW optimizer was used for both
models with a learning rate r, of 0. 000 01. To generate
color hint maps, we applied the simple linear iterative
clustering ( SLIC ) superpixel segmention and color
quantization techniques. During training, 30% —50% of
the color hint regions were extracted from the quantized
superpixel maps of the original images'"”’. For unconditional
colorization, the original captions were randomly replaced
with generic prompts (such as “colored photo” and “high-
quality photo”) with 50% probability during training'"’.

Our network was evaluated on standard benchmarks,
specifically the ImageNet and COCO-Stuff datasets.
Following the established protocol, we assessed all
networks on a subset of the ImageNet validation set
(containing 10 000 images) , and conducted comparative
tests on the COCO-Stuff validation set (5 000 images) .
2.2 Evaluation metrics

The main evaluation criteria for image colorization
are perceptual realism and color vividness. Therefore, we
adopted the Fréchet inception distance ( FID) to measure
the distribution similarity between the predicted and
ground truth values, which to some extent reflected
perceptual realism. To assess color vividness, we
employed the chrominance metric, which aligned with
human visual perception. Additionally, we reported
evaluation results by using the peak signal-to-noise ratio

(PSNR ), structural similarity index measure ( SSIM),
and learned perceptual image patch similarity ( LPIPS).
The lower FID and LPIPS, the better the results; the
higher PSNR and SSIM, the better the results. However,
it is important to note that plausible colorization results
may exhibit significant color differences from ground
truth, so these metrics may not accurately reflect actual
performance and should be considered as reference
points.

2.3 Implementation details

To evaluate the performance of the network in
unconditional colorization, we compared it with three
categories of state-of-the-art networks that could colorize
grayscale images without user input. The first category
includes CNN-based networks such as CIColor'"’,
UGColor™' | Deoldify ', InstColor'™", ChromaGAN'>',
and PiggybackGAN. The second category focuses on
transformer-based networks, exemplified by ColTran"™"’.
The third category is hybrid architectures combining
CNNs and transformers, like DISCO'®’.

For the task of colorization based on user-provided
hint points, we benchmarked our network against two
recent advanced networks. These include a CNN-based
user-guided network and a transformer-based multimodal
colorization network. Our evaluation highlights how these
models perform in integrating hint points to achieve
accurate and realistic colorization.

To understand the contribution of individual
components in the VQ-Diffusion model, we conducted a
series of ablation studies. First, we examined the
grayscale encoder model, finding that its removal
significantly impaired the model’ s ability to recover the
structure and resulted in less precise outputs, particularly
in complex scenes. When the grayscale encoder was
included, the model preserved local details effectively,
ensuring the structural consistency of the generated
images with the input. Then, we assessed the mask-and-
replace diffusion strategy. Replacing it with a traditional
network caused noticeable error accumulation during
inference, leading to inaccurate colors. The mask-and-
replace diffusion strategy corrected errors and maintained
color consistency. Finally, we analyzed the impact of
diffusion step counts. Fewer steps accelerated generation
but reduced detail and image quality, whereas more steps
improved the quality at the expense of slower inference.

The contribution of the CCD model was analyzed by
examining color hint points, variance terms, and loss
functions. First, the CCD model without hint points
exhibited a significant drop in colorization accuracy,
underscoring the importance of CLIP-provided hints.
Then, the removal of the variance term resulted in
improved clarity of the generated images, supporting the
hypothesis that eliminating variance enhanced generation
performance. Finally, we evaluated the role of the color
consistency loss and exposure control loss. The results
showed that removing the color consistency loss
substantially decreased colorization accuracy, while
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eliminating exposure control loss mainly affected the
luminance and naturalness of the generated images.
2.4 Experimental results
2.4.1 Quantitative comparison

The results in Table 1 and Table 2 demonstrate the
effectiveness of our network on both the ImageNet and
COCO-Stuff datasets. On the ImageNet dataset, the
proposed EDN achieves an FID of 5.51, slightly
outperforming DISCO with an FID of 5.57. On the
COCO-Stuff dataset, the proposed EDN obtains the
lowest FID of 8. 22, outperforming Deoldify with an FID
of 12. 75. This highlights the effectiveness of our CCD
model in reducing FID through controlled color hint
points.

Table 1 Results on ImageNet dataset

Network FID PSNR/dB SSIM LPIPS
CIColor 11.58 21.96 0. 897 0.224
UGColor 6. 85 24.26 0.919 0.174
Deoldity 5.78 23.34 0. 907 0. 188
InstColor 7.35 22.03 0. 909 0.919
ChromaGAN 9. 60 22.85 0. 876 0.230
ColTran 6.37 21.81 0. 892 0.218
DISCO 5.57 20.72 0. 862 0.229
EDN 5.51 22.78 0. 926 0.173

In terms of the image quality, as shown in Table 2,
the proposed EDN achieves a PSNR of 24. 44 dB on the

COCO-Stuff dataset, an increase of about 7. 5% over that
of ChromaGAN ( 22.74 dB ). Additionally, SSIM
reaches 0. 893, surpassing that of ChromaGAN (0. 871).
The integration of the grayscale encoder in our VQ-
Diffusion model aids in preserving structural details,
contributing to these enhanced quality metrics.

Table 2 Results on COCO-Stuff dataset

Network FID PSNR/dB SSIM LPIPS
CIColor 21.44 22.08 0.902 0.217
UGColor 14.74 24.34 0. 924 0. 165
Deoldity 12.75 23.49 0.914 0. 181
InstColor 12.24 22.35 0. 838 0.238
ChromaGAN 20.57 22.74 0.871 0.233
ColTran 11. 65 22.11 0. 898 0.210
DISCO 10. 59 20. 46 0. 851 0.236
EDN 8.22 24. 44 0.893 0. 164

2.4.2 Qualitative comparison

Figure 4 presents visual comparison of various
models applied to colorization tasks on different types of
images, including simple and complex scenes. In simple
scenes, our model generates vivid and realistic colors,
effectively avoiding color biases. In complex scenes, the
CCD model > s mask-and-replace diffusion strategy
mitigates color bleeding and produces diverse and natural
colorization.

Fig.4 Qualitative comparison with existing colorization approaches: (a) input; (b) ground truth; (c) ChromaGAN;

(d) ColTran; (e) DISCO; (f) EDN

2.5 Ablation studies

The impact of the VQ-Diffusion model was assessed
by comparing it with the original KL-f8 VQVAE decoder
used in the diffusion model, as well as two fine-tuned

versions; ft-EMA and the Iluminance-aware VQVAE
models. The VQ-Diffusion model outperforms the
alternatives by leveraging grayscale features, delivering
the sharpest results, as illustrated in Fig. 5.



Expressive Diffusion Network: a Novel Approach to Grayscale Image Colorization Using

Diffusion Models

109

(a) (b)
Fig.5 Quantitative comparison of reconstructions by different decoders on COCO-Stuff validation set: (a) KL-f8 VQVAE;
(b) ft-EMA VQVAE; (c¢) luminance-aware VQVAE; (d) VQ-Diffusion; (e) ground truth

As summarized in Table 3, our VQ-Diffusion model
achieves superior results compared to the baseline KL-{8,

ft-EMA, and luminance-aware VQVAE models.

Our

model reaches a PSNR of 35. 6 dB and an SSIM of 0. 99,
significantly outperforming other versions by utilizing the

grayscale encoder to retain local image details and
enhance the structural accuracy. Furthermore, the mask-
and-replace diffusion strategy reduces error accumulation,
contributing to a notable improvement in PSIM, with our
model achieving 0. 04.

Table 3 Quantitative comparison of reconstructions by different decoders on COCO-Stuff validation set

Decoder Step FID PSNR/dB SSIM PSIM
KL-f8 VQVAE 246 000 4.99 23.4 0. 69 1.01
ft-EMA VQVAE 313 000 4.42 23.8 0. 69 0.96
Luminance-aware VQVAE 44 000 1. 88 35.3 0.97 0.03
VQ-Diffusion 42 000 1.83 35.6 0.99 0.04

The impact of the CCD model was evaluated by

guiding the denoising diffusion process toward a subspace
aligned with the input grayscale image. As a baseline,
we first excluded the proposed model and then applied an
alternative guidance mechanism : SDEdit!".
Additionally, when the CCD model was removed, the
model generated less controllable results, as shown in

(b)

To strengthen the ablation studies, key parameters
were  systematically analyzed. @ The temperature
parameter, which controls color diversity through VQ-
Diffusion codebook sampling, demonstrates stable
performance with =+ 0.2 variations, with PSNR
fluctuations below 0.8 dB within the range of 0.8 to
1.2. The guidance weight proves critical for balancing
user inputs and model autonomy; values below 4.0
degrade FID scores by over 33.7% due to insufficient
constraint enforcement, and values exceeding 6.0 cause
oversaturation artifacts. The denoising step exhibits a

Fig. 6, including images unrelated to the input or
distorted shapes of the input image. The results were
evaluated by using the default guidance scale and DDIM
sampler with 50 steps. For SDEdit, the sampling strength
was set to 0.45. Both vanilla-diffusion and SDEdit
deviate from the grayscale inputs, while our network
delivers superior performance.

(©
Fig.6  Quantitative comparison of different diffusion-based image editing networks: (a) input; (b) SDEdit; (c) EDN
without CCD; (d) EDN; (e) ground truth

quality-speed tradeoff, where 50 steps achieve optimal
balance with FID below 30 and the inference latency
below 160 ms, consistent with recent diffusion
benchmarks for image restoration tasks.

Table 4 Results for parameter sensitivity analysis
Range PSNR/dB FID

0.8-1.2 22.3-23.1 28.2-33.7

3.0-7.0 20.8-22.9 28.2-42.6
30-70  20.1-23.1 29.8-51.3

Parameter

Temperature parameter
Guidance weight

Denoising step
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2.6 Training and inference efficiency

The proposed EDN integrates the mask-and-replace
diffusion strategy of VQ-Diffusion to optimize the
training flow. With 8 NVIDIA RTX Titan GPUs
configuration, the model achieves full convergence within
64 h (a step of 50 000), showing an efficiency gain of
8% -28% compared to ChromaGAN ( 70 h) and
InstColor (90 h). For inference, the cross-step sampling
in VQ-Diffusion enables 300 ms per image latency at a
resolution of 512 X 512 pixels (a denoising step of 50) ,
outperforming ChromaGAN (380 ms) and InstColor
(450 ms with its three-stage pipeline). This efficiency
gain benefits from the VQ-Diffusion-based perceptual
luminance model in the backbone, which enables rapid
prediction of fine-grained color distributions.

3 Conclusions

In this paper, we introduce an efficient colorization
pipeline that leverages pre-trained latent diffusion models
for producing realistic and diverse image colorization
results. By developing the luminance-aware VQ-
Diffusion model that injects grayscale structural details
directly into the decoder through quantized latent
channels, our network achieves superior precision in both
edge preservation and color distribution consistency,
thereby addressing the critical challenge of semantic
misalignment in diffusion-based colorization. The
proposed CCD further harnesses text-to-image priors to
generate latent color references aligned with the input’ s
visual semantics, enabling flexible user guidance through
textual or chromatic hints. These innovations establish
our network as a practical solution for heritage restoration
pipelines, where accurate color recovery of archival
materials is essential, and for automated colorization tools
requiring adaptive control. As diffusion models evolve,
networks combining semantic fidelity with granular
controllability will remain pivotal for advancing image
colorization.

Future directions include extending cross-modal
interaction for dynamic user guidance adaptation in
heritage restoration, and integrating meta-learning
strategies with the VQ-Diffusion backbone to reduce
dependency on large training datasets, which is a critical
need for rare historical image domains where sample
scarcity persists. Theoretical exploration of latent
disentanglement and edge-device deployment through
quantization remains a critical challenge.
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