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This supplementary document provides additional details and results to support the main
paper. In Section 1, we discuss the artistic perspective of images, linking our proposed
descriptors to artistic elements. Section 2 describes the experimental settings, including
training configurations, optimisation strategies for multi-task learning, and choice of colour
segmentation clusters. Section 3 introduces and derives the information-theoretic analysis
of different model inputs. In Section 4, we present an ablation study analysing the contribu-
tions of different loss functions. Section 5 showcases additional representation experiments,
including qualitative analysis on colour editing task and representation experiment on bright-
ness editing task. Section 6 discusses social impact, section 7 shows the experiments com-
puting resources. Finally, section 8 displays more visualisation results on image restoration
task (in subsection 8.1) and image colour editing task (in subsection 8.2).

1 Artistic Perspective on Images
The decoupling of image representation in computational visual perception is an important
problem. Human visual perception, being inherently abstract, also relies on the ability to
identify and explain fundamental components within a visual scene. To introduce a method
for describing human visual scenes, Esaak [4] proposes a method to deconstruct images
into seven basic artistic elements: line, shape, form, space, texture, value, and colour (see
Figure 1). They function as the building blocks for composing an image and offer a thorough
framework for understanding and describing the image at hand.

This paper aims to model the aforementioned abstract nature of human perception within
the framework of the proposed learning paradigm. Previous studies have made significant
progress in utilising classical visual descriptors to accomplish vision tasks using deep learn-
ing methods, such as leveraging shape and texture for classification tasks [8], as well as
incorporating shape, texture, and colour for recognition purposes [5]. In this paper, we aim
to explore how a more generalised visual perception can be learned from classical visual
descriptors in a learning-based framework, focusing on three fundamental descriptors: edge,
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grey-scale intensity, and colour. We highlight that colour directly represents itself, and grey-
scale intensity reflects form and value. Meanwhile, edges offer more generalised geometric
information and encapsulate aspects of line, space, and texture. Collectively, these three de-
scriptors encompass the seven fundamental elements outlined in Esaak’s theory, forming a
comprehensive foundation for visual analysis.
Notes: Although the proposed descriptors, such as the Sobel operator, may be considered
outdated and less effective, this work aims to establish a foundational approach for leveraging
‘basic‘ descriptors to enable the learning of more advanced representations, as confirmed by
the experiments in the paper.

Figure 1: Depiction of the 7 elements of art (figure from [4]).

2 Experiment Settings

We have specified disclosure hyperparameters for each experimental configuration as de-
tailed in Table 1. Drawing from the ViT training setup as a basis, we conducted a pre-
liminary parameter experiment to establish the optimal hyperparameters for each individual
experiment.

2.1 Multi-Task Learning

Training with multiple tasks presents a unique challenge: how to balance and coordinate
them effectively. Introducing all losses from the outset proves counterproductive, as the
early training stages often produce disorganised reconstructions, rendering the descriptor
consistency loss irrelevant. To address this, we adopt an optimisation-scheduling approach,
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ℇ = −3 ℇ = −2 ℇ = −1 ℇ = 1 ℇ = 2 ℇ = 3 Equalizedℇ = 0 (Original)

Figure 2: Comparison of brightness editing results using modified grey-level histograms
as guidance input with Stable Diffusion 1.5 (v_prediction) with our method. Each column
represents a different exposure compensation, ε , with values ranging from −3 to 3, followed
by an equalized version. The original images are displayed in the central column. Each
image’s corresponding grey-level histogram is shown in the top right corner of each image.

delaying the introduction of the descriptor consistency loss until after 50 epochs, when the
reconstructed images become more coherent and meaningful.

Another challenge lies in the varying scales of the loss functions, which can impede
their effective integration. To address this, we normalise each loss by its maximum observed
value during training, ensuring they operate on a common scale. Additionally, we employ an
automatic weight adjustment strategy that dynamically allocates weights to each normalised
loss based on its relative importance and contribution during training. The weight wi for each
loss at time t is calculated as:

wi(t) =
exp
(

∆Li(t)
T

)
∑ j exp

(
∆L j(t)

T

) , (1)

where the term ∆Li(t) quantifies the change at iteration t relative to the previous step, with
the temperature parameter T = 2.0 controlling the sensitivity of weight adjustments.

2.2 Implementation of Differentiable Descriptors
2.2.1 Sobel Operator

We compute image gradients with a differentiable Sobel operator in three steps:

1. Kernel definition. Two fixed 3× 3 kernels capture horizontal and vertical intensity
changes:

Kx =

[
−1 0 1
−2 0 2
−1 0 1

]
, Ky =

[
−1 −2 −1
0 0 0
1 2 1

]
.
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Table 1: Implementation hyper-parameter details.

Config Pre-training Fine-tuning Linear Probing

optimizer AdamW AdamW AdamW
learning rate 1.5e-4 1.0e-3 1.0e-1
weight decay 1e-5 1e-5 0
β1 0.95 0.95 0.9
β2 0.999 0.999 0.999
ε 1e-8 1e-8 1e-8
batch size 128 128 256
learning rate
scheduler

cosine decay cosine decay cosine decay

warmup steps 1000 1000 500
image size 224 224 224
data normalisation ✓ ✓ ✗
image mean (0.485, 0.456,

0.406)
(0.485, 0.456,

0.406)
—

standard deviation (0.229, 0.224,
0.225)

(0.229, 0.224,
0.225)

—

Each kernel is applied channel-wise and kept constant (no learning).

2. Convolution. Given an input tensor x ∈ RN×H×W , we obtain per-pixel gradients by
2-D convolution with unit stride and padding 1:

gx = conv2d(x,Kx), gy = conv2d(x,Ky).

3. Gradient magnitude. The final edge strength combines the two orthogonal responses:

e =
√

g2
x +g2

y ∈ RN×H×W .

2.2.2 Soft K-means

We assign features to clusters with a differentiable, temperature-controlled variant of k-
means:

1. Learnable centroids. We maintain M cluster centres C = {cm}M
m=1 ∈ RM×D as train-

able parameters, where D is the feature dimension.

2. Pairwise distances. For a mini-batch of feature vectors X = {fi}B
i=1 ∈RB×D we com-

pute the Euclidean distance to every centroid:

dim =
∥∥fi − cm

∥∥
2, D ∈ RB×M.

3. Soft assignment with temperature. Distances are converted to assignment probabil-
ities through a softmax scaled by an inverse temperature τ:

aim =
exp(−dim/τ)

∑
M
m′=1 exp(−dim′/τ)

, A ∈ RB×M.

A lower τ yields crisper assignments, while τ → 0 recovers hard k-means. In our case,
we set τ = 1e−3.
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Table 2: Comparative performance with different number of decoder blocks in Linear Prob-
ing and Finetuning

Block 1 2 4 8 12 24

Linear Probing 60.2 68.8 72.5 74.0 73.6 73.4
Fine-tuning 82.9 83.4 83.4 83.5 83.4 83.4

2.2.3 Grey-level Histogram

We implement the differentiable grey-level histogram through the following steps:

1. Binning: We define K bins uniformly spaced within the grey-level interval [0,1]:

bk =
k−1
K −1

, k = 1,2, . . . ,K.

2. Gaussian Kernel Smoothing: For each pixel value xnp (from the input image tensor
x ∈ RN×H×W ), we compute its distance to each bin centre bk, and apply a Gaussian
kernel with standard deviation σ :

G(xnp,bk;σ) = exp
(
−
(xnp −bk)

2

2σ2

)
.

3. Aggregation: Finally, we sum the kernel responses across the spatial dimension (H ×
W ) to form the smooth histogram hnk:

hnk =
HW

∑
p=1

G(xnp,bk;σ).

2.3 Choice of Colour Segmentation Clusters

In Section 4.2 of the main paper, we have elaborated on the rationale behind our choice of
the number of colour segmentation clusters. This hyperparameter was consistently applied
across all tasks, and our results on various tasks ,as well as the Places and ADE20K datasets,
demonstrate the generality of our selection. However, we need to note that this value can be
treated as a hyperparameter and adjusted for different tasks and datasets. Such adjustments,
while potentially valuable, are beyond the scope of this study.

2.4 The Power of Image Decoder

We also investigated the impact of the decoder’s capacity on performance. We compared the
decoders with different numbers of blocks in Table 2. It shows 8-block decoder performs the
best. Although a stronger decoder may lead to better pixel for the pre-train reconstruction
task, the performance on the latent representation is more important for the downstream task.
ViTMAE [6] also suggested that a lightweight decoder benefits the encoder learning more in
the pre-training task.
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Table 3: Comparative performance with different latent vector length in Linear Probing and
Finetuning

Length 128 256 512 768 1024
Linear Probing 61.5 68.9 73.5 74.0 74.6

Fine-tuning 75.1 80.1 83.3 83.5 83.6

2.5 Further Research on Latent Vectors
Although our goal is not to achieve the best performance, and thus we simply followed the
ViT-base [3] design for the latent vector length, we still conducted a comparison of different
latent vector lengths, with the results shown in Table 3, and we found that the larger the latent
vector length, the better the performance, up to a length of 1024.

3 Shannon Entropy and Representation Learning
Because the self-supervised representation learning approaches commonly rely on the princi-
ple of missing information prediction, the input complexity is necessary to compare different
methods. Based on information Bottleneck method [13] - the model should capture the most
representative essence of the input in order to fulfil its task when it receives only partial in-
formation, increasing the amount of missing information generally enhances the difficulty
of the representation learning task and encourages the model to learn more meaningful rep-
resentations. [1] We can justify it via Shannon Entropy [12]. Let’s revise the Shannon
Entropy definition, for a discrete variable X ,

H(X) =−Ex [logP(x)] . (2)

In the context of missing information, the uncertainty of the missing content given the ob-
served input is measured by the conditional entropy:

H(M | O) =−EP(M,O) [logP(M | O)] , (3)

where M stands for missing information, O is the observed information. When we try to
minimise the prediction loss during the pre-training task, we are essentially approaching the
optimal P(M|O).

Therefore, when M increases, while O decreases, the entropy H(M | O) generally in-
creases, making the prediction task more difficult. To reduce this uncertainty, the model is
forced to extract higher-level semantic and structural features from the observed content O,
thereby yielding more abstract and meaningful representations.

To quantitatively compare the input complexity and theoretical efficiency of different
pre-training methods, we adopt the concept of Maximum Shannon Entropy. The Maximum
Shannon Entropy represents the highest possible information content (in bits) an input rep-
resentation can theoretically encode, assuming all input symbols are independent and uni-
formly distributed. This provides a method-agnostic metric to assess the theoretical upper
bound of information provided by the input data.

3.1 General Formula
Given an input consisting of discrete symbols, each represented by a fixed number of bits,
the Maximum Shannon Entropy (in bits) is computed as:
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Hmax = ∑
i

Ni ·bi (4)

where Ni is the total number of symbols of the ith type, and bi is the number of bits used
to represent each symbol.

When the input consists primarily of RGB pixels, each pixel has three colour channels
(RGB), and each channel typically has 8 bits:

Hmax
RGB = N ×C×b (5)

where:

• N is the number of pixels (e.g., 224×224),

• C = 3 for RGB channels,

• b = 8 bits per channel.

3.2 Instantiation for Each Method
We instantiate the above general formula (Eq. 4) for specific methods:

(1) Raw RGB Images For an RGB image of resolution 224×224:

Hmax
RGB = 224×224×3×8 = 1,204,224 bits ≈ 1.204 Mbit (6)

(2) Split-Brain Autoencoder Split-Brain Autoencoder [15] splits input into two branches:
one with the L channel (greyscale) and the other with ab channels (colour). The average
entropy across branches is thus:

Hmax
SBA =

1
2
(224×224×1×8+224×224×2×8) =

1
2

Hmax
RGB ≈ 0.602 Mbit (7)

(3) PeCo (Perceptual Codebook) [2] PeCo applies a masking strategy similar to BEiT,
masking 40% of pixels and thus retaining 60% of pixels:

Hmax
PeCo = 0.6×Hmax

RGB ≈ 0.723 Mbit (8)

(4) MAE (Masked Autoencoder) [6] MAE masks 75% of pixels, keeping only 25%:

Hmax
MAE = 0.25×Hmax

RGB ≈ 0.301 Mbit (9)

(5) VisualSplit (Ours) Our VisualSplit uses compact descriptors rather than raw RGB:

• Binary edge map: 1 bit/pixel

• 8-cluster colour map: log2(8) = 3 bits/pixel

• Grey-level histogram (100 bins, 8 bits/bin): 100×8 bits
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Table 4: Maximum Shannon Entropy for each pre-training method at 224×224 resolution.

Method Bits (Mbit) Relative to RGB

Raw RGB 1.204 100%
Split-Brain Auto [15] 0.602 50%
PeCo [2] 0.723 60%
MAE [6] 0.301 25%
VisualSplit (Ours) 0.202 17%

Table 5: Comparative performance with and without LPIPS and MSE losses in Linear Prob-
ing and Finetuning over training steps

#steps Linear Probing Fine-tuning
ours w/o LPIPS w/o MSE ours w/o LPIPS w/o MSE

100k 22.5 22.7 (+0.2) 17.7 (-4.8) 70.9 71.0 (+0.1) 70.0 (-0.9)

200k 42.2 42.6 (+0.4) 37.1 (-5.1) 75.7 75.6 (-0.1) 74.5 (-1.2)

400k 55.9 56.0 (+0.1) 50.3 (-5.6) 78.8 78.8 (±0.0) 78.1 (-0.7)

800k 64.7 64.6 (-0.1) 60.1 (-4.6) 81.1 80.9 (-0.2) 80.7 (-0.4)

1600k 69.6 69.2 (-0.4) 64.2 (-5.4) 82.7 82.3 (-0.4) 82.1 (-0.6)

3200k 72.6 71.9 (-0.7) 65.6 (-7.0) 83.3 83.0 (-0.3) 82.6 (-0.7)

6400k 74.0 73.0 (-1.0) 66.5 (-7.5) 83.5 83.1 (-0.4) 82.6 (-0.9)

Thus,
Hmax

VS = 224×224×1× (1+3)+100×8 ≈ 0.202 Mbit (10)

Because our descriptors are intrinsically sparse, we achieve this reduction without any
patch masking or channel dropping, while the sparser input forces the network to model
deeper underlying visual concepts, thus enabling more robust representation learning. The
comparison is shown in Table 4.

4 Loss Function Ablation Study
The intuition behind the loss selection was detailed in Section 3, Methodology, Pre-training
Objectives. Specifically, the combination of MSE loss and LPIPS loss is employed because
our pre-training task is a reconstruction task. Furthermore, we introduced descriptor con-
sistency loss to ensure that the model captures the input descriptor. This loss aligns the
descriptors from the reconstructed image with those from the original image.

Meanwhile, we understand the importance of the individual contribution of these losses
to the overall performance to justify them. Therefore, we further conducted ablation studies
for them.

4.1 Reconstruction Loss
Firstly, as we mentioned on the main page, MSE loss ensures pixel-wise similarity, while the
LPIPS loss measures the global similarity between the reconstructed and original images.
Here, we conducted ablation studies for each. The results of those on the classification task
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PSNR/ SSIM 31.33/ 0.864729.16/ 0.5932
Original Image Result w/o LPIPS Result w/ LPIPS

Figure 3: Qualitative Performance with and without LPIPS Loss. Left: Original Image,
Middle: Result without LPIPS, Right: Result with LPIPS. The result without LPIPS loss has
significant grid-like artefacts.

PSNR/ SSIM 32.62/ 0.863929.87/ 0.5656
Original Image Result w/o MSE Result w/ MSE

Figure 4: Qualitative Performance with and without MSE Loss. Left: Original Image, Mid-
dle: Result without MSE, Right: Result with MSE. The result without MSE loss has distorted
torus-like artefacts and lose more colour information.

are shown in Table 5, and the quantitative and qualitative performance on the pre-training
task are shown in Table 6 and Figure 3, respectively.

From the quantitative result, we can see that LPIPS and MSE loss both affect the perfor-
mance of linear probing and fine-tuning tasks, specifically, they affect linear probing more
than fine-tuning. MSE has a great impact on classification, since it may force the model to
learn the details, which helps the classification task a lot. Comparatively, LPIPS loss does
affect the result but not significantly, however, as shown in Figure 3, its reconstructed image
has more grid-like artefacts, which is because MSE loss is not able to measure the global
similarity, therefore we conduct the LPIPS loss to improve the performance to reduce the
artefacts. Regarding the reconstruction result of MSE loss shown in Figure 4, the method
with only the LPIPS method contains distorted torus-like artefacts [10]. The quantitative
results are shown in Table 6, which shows that both reconstruction loss contributes to the
pre-training task.
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Table 6: Quantitative results of the pre-training image restoration task. The results are pre-
sented in PSNR/SSIM.

w/o LPIPS w/o MSE Full

29.71/ 0.6012 30.72/ 0.6133 31.42/ 0.8409

Table 7: Comparative Performance with and without descriptor loss in Linear Probing and
Fine-tuning Over Training Steps. Early stopping may intervene to prevent overfitting. De-
scriptor loss is notated as Ld .

#steps Linear Probing Fine-tuning
ours w/o Ld ours w/o Ld

100k 22.5 17.7 (-4.8) 70.9 68.9 (-2.0)

200k 42.2 34.8 (-7.4) 75.7 72.7 (-3.0)

400k 55.9 48.3 (-7.6) 78.8 76.3 (-2.5)

800k 64.7 58.5 (-6.2) 81.1 79.3 (-1.8)

1600k 69.6 63.6 (-6.0) 82.7 81.1 (-1.6)

3200k 72.6 65.8 (-6.8) 83.3 82.2 (-1.1)

6400k 74.0 66.8 (-8.0) 83.5 82.8 (-0.7)

4.2 Descriptor Loss

The descriptor loss plays a crucial role in ensuring the model effectively captures and re-
constructs the input descriptors. To evaluate its contribution, we conducted ablation studies
comparing the performance with and without it across both linear probing and fine-tuning
tasks. The results are presented in Table 7, in which descriptor loss is notated as Ld .

For linear probing and fine-tuning, removing descriptor loss caused significant degrada-
tion in performance across all training steps. For example, at 6400k steps of linear probing,
the accuracy dropped by 8.0%. The descriptor loss aligns the reconstructed image descriptors
with those of the input image, ensuring that the decoupled representations remain faithful to
the original visual elements.

5 More Representation Experiments for Visual Editing

5.1 Qualitative Analysis on Colour Editing Task

To evaluate the performance of our colour editing task, we conducted a survey based on
three critical aspects: naturalness, accuracy, and consistency. Naturalness measures how
natural the edited image looks, while accuracy shows how accurately the colour modification
matches the target effect, and consistency means how well the edited image retains details
from the original image.

Participants were asked to rate these attributes on a scale of 1 (poor) to 5 (excellent)
for ten editing images. During the survey, the result images will be served randomly and
anonymously. The result is shown in Table 8.

As shown in the table, our model achieved an average rating of 4.13 for Naturalness, 4.16
for Accuracy, and 4.25 for Consistency, significantly outperforming the other methods in all
attributes.
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Table 8: Survey results for different models on the image colour editing task with attributes.
Models Naturalness Accuracy Consistency

ControlNet [14] w/ prompt 2.02 2.89 2.06
T2I Adapter [11] w/ prompt 2.72 3.10 2.13
ControlNet++ [7] w/ prompt 2.32 3.41 2.33

Ours 4.13 4.16 4.25

5.2 Representation Experiments on Brightness Editing Task
Continuing from the main paper Section 4.6, Representation for Visual Editing, we further
explored image brightness editing through adjustments to the grey-level histogram while
maintaining the same setup as before, but adjusting the grey-level histogram. Due to the page
limitation, we show it here. We adjust the grey-level histogram by adjusting the exposure
compensation with the following equation:

i′ = i×2ε , (11)

where i is the l channel in the image. We also did histogram equalisation for the original
image with the equation:

i′ = round

(
(L−1) ·

∑
i
j=0 n j

N

)
, (12)

where L is the number of grey-levels, because signal leakage in Stable Diffusion 1.5 training
makes it only able to generate images with medium brightness [9], we used a variant with
v_prediction and enabled a zero signal-to-noise ratio.

As shown in Figure 2, the edited result shows a similar effect to classic image enhance-
ment methods while preserving the coherence of other visual elements. The generated result
follows the input grey-level histogram.

6 Social Impact
Although deep representation learning is intriguing, its opacity impedes understanding of
the learning process. Our approach, drawing inspiration from elements of art description,
involves segmenting images into traditional descriptors using image processing methods that
align with these elements. These descriptors, renowned for their human understandability,
serve as a tool to spark curiosity in unravelling the black box. We strive to illuminate the
inner workings of these mechanisms and advocate for transparency in the learning process.

This research paper delves into fundamental representation learning, detached from spe-
cific applications. Nonetheless, the acquired representation could potentially be harnessed
for controlled image generation, serving as a potential wellspring for DeepFake attacks tai-
lored for generating fake individuals or scenes with photorealism.

7 Experiments Computing Resources
We used four NVIDIA A100 GPUs for model pre-training, running for 40 hours. Addition-
ally, we used a single NVIDIA A100 GPU for 12 hours to train each low-level task.
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8 More Visualisation Results

8.1 More Visualisation Results on Image Restoration Task
More visualisation results on the image restoration task are shown in Figure 5 - 56.

8.2 More Visualisation Results on Image Colour Editing Task
More visualisation results on the image colour editing task are shown in Figure 57 - 61.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 5: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 6: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 7: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.

Citation
Citation
{Zhang, Rao, and Agrawala} 2023

Citation
Citation
{Mou, Wang, Xie, Wu, Zhang, Qi, and Shan} 2024

Citation
Citation
{Li, Yang, Kuang, Wu, Wang, Xiao, and Chen} 2025



CHENYUAN QU, HAO CHEN, JIANBO JIAO: EXPLORING IMAGE REPRESENTATION 17

(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 8: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 9: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 10: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 11: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 12: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 13: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 14: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 15: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.

Citation
Citation
{Zhang, Rao, and Agrawala} 2023

Citation
Citation
{Mou, Wang, Xie, Wu, Zhang, Qi, and Shan} 2024

Citation
Citation
{Li, Yang, Kuang, Wu, Wang, Xiao, and Chen} 2025



CHENYUAN QU, HAO CHEN, JIANBO JIAO: EXPLORING IMAGE REPRESENTATION 25

(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 16: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 17: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 18: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 19: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 20: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 21: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 22: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 23: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 24: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 25: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 26: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 27: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 28: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 29: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 30: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 31: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 32: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 33: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 34: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.

Citation
Citation
{Zhang, Rao, and Agrawala} 2023

Citation
Citation
{Mou, Wang, Xie, Wu, Zhang, Qi, and Shan} 2024

Citation
Citation
{Li, Yang, Kuang, Wu, Wang, Xiao, and Chen} 2025



44 CHENYUAN QU, HAO CHEN, JIANBO JIAO: EXPLORING IMAGE REPRESENTATION

(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 35: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 36: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 37: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 38: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 39: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 40: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 41: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 42: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 43: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 44: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 45: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 46: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 47: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 48: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 49: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 50: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 51: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 52: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 53: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 54: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 55: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image

(b) ControlNet [14] w/ prompt Result (c) T2I Adapter [11] w/ Prompt Result

(d) ControlNet++ [7] w/ Prompt Result (e) VisualSplit (Ours) Result

Figure 56: Comparison of colour restoration results from different models using descriptors
as input with Stable Diffusion 1.5.
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(a) Original Image (b) Original Colour Map (c) Edited Colour Map

(d) ControlNet [14] w/ prompt Result (e) T2I Adapter [11] w/ Prompt Result

(f) ControlNet++ [7] w/ Prompt Result (g) VisualSplit (Ours) Result

Figure 57: Comparison of colour editing results using modified segmented colour maps as
input with Stable Diffusion 1.5 with different guidance methods. The prompts generated by
BLIP with edited colour keywords.

Citation
Citation
{Zhang, Rao, and Agrawala} 2023

Citation
Citation
{Mou, Wang, Xie, Wu, Zhang, Qi, and Shan} 2024

Citation
Citation
{Li, Yang, Kuang, Wu, Wang, Xiao, and Chen} 2025



CHENYUAN QU, HAO CHEN, JIANBO JIAO: EXPLORING IMAGE REPRESENTATION 67

(a) Original Image (b) Original Colour Map (c) Edited Colour Map

(d) ControlNet [14] w/ prompt Result (e) T2I Adapter [11] w/ Prompt Result

(f) ControlNet++ [7] w/ Prompt Result (g) VisualSplit (Ours) Result

Figure 58: Comparison of colour editing results using modified segmented colour maps as
input with Stable Diffusion 1.5 with different guidance methods. The prompts generated by
BLIP with edited colour keywords.
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(a) Original Image (b) Original Colour Map (c) Edited Colour Map

(d) ControlNet [14] w/ prompt Result (e) T2I Adapter [11] w/ Prompt Result

(f) ControlNet++ [7] w/ Prompt Result (g) VisualSplit (Ours) Result

Figure 59: Comparison of colour editing results using modified segmented colour maps as
input with Stable Diffusion 1.5 with different guidance methods. The prompts generated by
BLIP with edited colour keywords.
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(a) Original Image (b) Original Colour Map (c) Edited Colour Map

(d) ControlNet [14] w/ prompt Result (e) T2I Adapter [11] w/ Prompt Result

(f) ControlNet++ [7] w/ Prompt Result (g) VisualSplit (Ours) Result

Figure 60: Comparison of colour editing results using modified segmented colour maps as
input with Stable Diffusion 1.5 with different guidance methods. The prompts generated by
BLIP with edited colour keywords.
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(a) Original Image (b) Original Colour Map (c) Edited Colour Map

(d) ControlNet [14] w/ prompt Result (e) T2I Adapter [11] w/ Prompt Result

(f) ControlNet++ [7] w/ Prompt Result (g) VisualSplit (Ours) Result

Figure 61: Comparison of colour editing results using modified segmented colour maps as
input with Stable Diffusion 1.5 with different guidance methods. The prompts generated by
BLIP with edited colour keywords.
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