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We provide extensive experimental results in this supple-
mentary document:

* To present more clearly the performance of LGA-Net
and different methods [1, 2, 4, 5] in colorization tasks
when using sparse scribbles, this supplementary material
additionally shows the colorized results of 60 randomly
selected examples displayed in Fig. 1 - Fig. 6 (using
both manually drawn and automatically generated sparse
scribbles) in Section 1.

» To demonstrate the crucial role of local and global affini-
ties in LGA-Net, we further provide more examples of
the ablation study regarding local and global affinity rela-
tionships. This includes 20 randomly selected examples
displayed in Fig. 7-Fig. 8 in Section 2.1. Furthermore,
three ablation experiments involving different loss terms
have been quantitatively analyzed in Section 2.2, which
further demonstrates the importance of each loss term.

e To verify the robustness of LGA-Net on real and di-
verse scribble inputs, we compare LGA-Net with differ-
ent methods [1, 2, 4, 5] under 2 examples, each with 5 dif-
ferent user scribbles (covering difference in density, posi-
tion, and color selection) in Fig. 9 in Section 3, further
illustrating its effectiveness across real application sce-
narios.

 Section 4 further presents 8 examples shown in published
papers (Zhang [5], UniColor [1] and iColoriT [4]) to com-
pare the performance of LGA-Net with other methods,
which further demonstrate that LGA-Net can stably gen-
erate high-quality colorization result.

* A new automatic scribble generation algorithm described
in Section 5 is proposed to simulate user-provided scrib-
bles, which substantially reduces the effort of creating
scribble-based test datasets.

*Corresponding author

1. Qualitative Comparison with Other Meth-
ods: Expanding Examples and Scenarios

LGA-Net formulates the colorization task as an affinity
propagation process, and achieves state-of-the-art perfor-
mance in colorization when applying sparse scribbles by
explicitly learning two different levels of affinities (local
and global). Benefiting from the novel and powerful affin-
ity learning and propagation mechanism mentioned above,
LGA-Net trained on the training dataset D, containing only
4K images outperforms other methods [1, 4, 5] trained on
the ImageNet dataset with 1.3M images.

In this supplementary document, we present extensive
experimental results, showing 60 randomly selected test im-
ages and comparing four different methods, allowing for a
more comprehensive and in-depth understanding of the per-
formance of different methods in various scenarios.

Out of these test cases, 30 test images in Fig. | - Fig. 3
are from D,,,4nual, manually created by authors, while the
other 30 test images in Fig. 4 - Fig. 6 are from D+, auto-
matically generated by AutoSS described in Section 5.

The four methods are Levin et al. [2], Zhang et al. [5],
UniColor [1] and iColoriT [4]. Among them, Zhang [5]
and iColoriT [4] trained under D; are abbreviated as Z4K
and iC4K. The official pre-trained models on ImageNet of
Zhang [5], UniColor [1], and iColoriT [4] are abbreviated
as Z1M, UCI1M, and iC1M respectively. Due to the lack of
official training instructions, we do not conduct UniColor
trained under D;. Thus, the results generated by seven
pre-trained models are ultimately showcased: Levin, Z4K,
iC4K, Z1M, iC1M, UC1M, and LGA-Net.

Key conclusions are shown below:

* Levin struggles to cope with sparse scribbles inputs due
to its lack of capability to learn global affinities.

* Despite their well-designed network architectures,
Zhang [5] and iColoriT [4], which heavily rely on large
training datasets, produce obvious artifacts when trained



on limited datasets (Z4K and iC4k).

* Benefiting from the extensive training data of ImageNet,
Z1M, iC1M, and UCIM have acquired better capabilities
for scribble-based colorization.

* Without exploiting affinities explicitly as done in our
work, Z1M struggles to learn a sufficiently generalizable
model, leading to instability when faced with challenging
inputs, even with the help of 1.3M ImageNet dataset.

» The unique network design of iC1M enables certain local
and global affinities to be captured, but also results in sig-
nificant artifacts generation when provided with scribble
hints.

* Due to the lack of an explicit mechanism for learning
global affinities, UCIM still struggles to stably accom-
plish long-range color propagation, despite leveraging
Transformer and VQGAN for higher quality affinities.

2. Ablation Study

2.1. Ablation Study involving More Examples and
Varied Scenarios

LGA-Net relies on learned accurate local and global affini-
ties to effectively accomplish color propagation tasks at
both short and long distances, which respectively originate
from the introduction of adjacent points and global points.

To better demonstrate the significant role of local
and global affinities, this supplementary material further
presents the results of 20 randomly selected examples under
Rgp (removing global points/affinities), R4p (removing
local points/affinities), and Full LGA-Net. Fig. 7 displays
10 random examples from D,,,qnuaqi, While Fig. 8 exhibits
the remaining 10 random examples from D,,+,. This sup-
plementary material does not continue to present the results
of the ablation experiment regarding removing Non-Local
blocks (RxzB), as the Non-Local block is not the primary
contribution of LGA-Net.

Although Rgp can reasonably diffuse the colors pro-
vided by users’ scribbles in local areas, it fails to accurately
transmit colors to distant regions with similar textures. This
shortcoming arises from the removal of global affinities in
R p, which prevents it from effectively learning the crucial
global affinities necessary for long-range color propagation.

R A p, which retains only global affinities, exhibits some
degree of short-range and long-range color propagation but
falls short of stably generating high-quality colorization re-
sults. This limitation stems from the inability to accurately
learn precise local and global affinities relying solely on
global relationships.

During the training process, LGA-Net jointly learns lo-
cal and global affinities based on adjacent and global points,
which can enable a better understanding of image struc-
ture, spatial layouts and relationships among different ob-
jects in the image. Based on the aforementioned mecha-

nisms, LGA-Net facilitates more accurate affinities, thereby
achieving more precise localization and more proper color
propagation.

Table 1. Quantitative Analysis on three separate losses
Dmanuai  MSEL ~ PSNRT MSSSIM{  LPIPS|

200 cases  x1072 dB x10~—2 x10~2
Re, 1.72 25.34 91.94 12.23
Rey,, 1.50 25.88 92.63 11.07
Repy 5.57 20.20 88.27 20.75
LGA-Net 1.42 26.07 92.78 10.49

Dauto MSE|  PSNRT MSSSIMt  LPIPS)

3000 cases  x10—2 dB x10~2 x10~2
Re, 1.10 29.39 95.45 10.53
Rey,, 0.98 29.58 95.55 10.10
Repy 1.51 27.97 94.76 12.51
LGA-Net 0.90 29.89 95.73 9.62

2.2. Ablation study involving Loss Terms

In this section, we further conducted ablation experiments
on three different loss terms: removing £; abbreviated as
R.,, removing L;,, abbreviated as Rglw, and removing
L7y abbreviated as Rz, .

R, fails to accurately learn the distribution of pixel val-
ues due to the lack of pixel-level £, loss, resulting in re-
constructed images with relatively large pixel value devia-
tions. R, approximates full LGA-Net but underperforms
in all tests since it is unable to accurately guide LGA-Net at
multiple different scales, thus losing the effective learning
ability for detailed information. Removing Lrv in Rz,
makes LGA-Net unable to effectively remove noise which
consequently leads to the worst performance. Full LGA-
Net consistently excels in all evaluation scenarios (bold),
underscoring the significance of each loss term.

3. Usability Study: Evaluating Method Ro-
bustness with Real Diverse Scribble Inputs

To further validate the effectiveness and robustness of LGA-
Net, we conducted a usability study to evaluate how differ-
ent colorization approaches perform with real and diverse
scribble inputs for the same grayscale image. For identi-
cal grayscale images, color scribbles provided by different
users vary in many aspects, such as density, position, and
color selection. Comparing the colorization results of dif-
ferent methods under these diverse input conditions enables
a more convincing assessment of whether our method can
stably generate high-quality results across real-world user
input patterns, further demonstrating its effectiveness.

As shown in the third column of Fig. 9, Levin et al. [2]’s
method fails to handle real sparse scribble inputs due to its
lack of long-range color propagation capability.

Results in the fourth and fifth columns of Fig. 9 demon-
strate that both Z4K [5] and iC4K [4] cannot stably generate



satisfactory colorization outputs, as they lack support from
a large-scale training dataset.

The sixth column of Fig. 9 reveals that Z1M [5], trained
on 1.3 million samples, acquires a certain degree of long-
range color propagation ability. However, Z1M still strug-
gles to stably perform this function under real sparse scrib-
ble inputs (see 3rd, 4th, 5th, 6th, and 8th rows).

The seventh column of Fig. 9 shows that although long-
range color propagation is achieved via the self-attention
mechanism, the pixel shuffling operation in iC1M [4] added
to accelerate data processing introduces obvious artifacts,
degrading result quality.

In the eighth column of Fig. 9, UCIM [1], benefiting
from the integration of Transformer and VQGAN, effec-
tively handles most real scribble inputs. Nevertheless, its
performance is limited under diverse real scribble inputs
due to the absence of explicit long-range affinity learning:
for instance, it fails to accurately perform long-range color
propagation in row 5, and in row 6, it colors the right wall
(without color scribbles) based on prior knowledge rather
than user-provided information.

Results in the ninth column of Fig. 9 validate LGA-Net’s
performance: it stably transfers colors from user-provided
scribbles to reasonable regions and effectively adapts to di-
verse sparse scribble inputs in real scenarios, further con-
firming the strong robustness of our proposed method.

4. Qualitative Analysis involving Examples
from Published Papers

To further compare the performance of LGA-Net with other
methods, we selected 8 examples presented in Fig. 10,
which are taken from latest published papers (Zhang [5],
UniColor [1] and iColoriT [4]). In the first four rows, each
case is provided with a small number of point-based hints,
representing typical sparse hint scenarios. In contrast, the
last four rows illustrate results under dense hint conditions,
where more than 50 point-based hints are provided. This
division between sparse and dense hint distributions helps
readers more intuitively compare the performance of differ-
ent methods.

Under sparse hint conditions, Levin, Z4K, and iC4K
struggle to generate high-quality colorization results consis-
tently. This is primarily due to limitations in their inherent
mechanisms: Levin relies solely on pixel intensity, making
it incapable of capturing global affinity relationships, while
74K and iC4K are heavily dependent on the generalization
capabilities of large-scale training datasets, lacking robust-
ness when faced with sparse hints. In contrast, Z1M, iC1M,
and UCIM benefit from the strong generalization capabil-
ities of large-scale training datasets (ImageNet), which en-
able them to handle sparse hints to a certain extent.

LGA-Net can properly achieve colorization task when
facing sparse hints input as shown in the 9th column in

Fig 10. The reason behind is that LGA-Net innovatively
formulates the scribble-based colorization task as a color
propagation problem grounded in affinity relationships. By
decomposing this task into two explicit processes, image
structure understanding using CNNs and color propaga-
tion based on both local and global affinity relationships,
LGA-Net achieves precise and faithful propagation of user-
provided hints to the appropriate regions, which ensures that
LGA-Net can stably generate high-quality colorized results
and strictly adheres to user intentions when facing sparse
hints input.

The 5th row to 8th row of Fig 10 further illustrate
the performance of each method under dense hint inputs.
Levin, Z4K, and iC4K still fail to achieve stable and re-
liable high-quality colorization results. In contrast, LGA-
Net, trained on a small dataset containing only 4K cases,
stably achieves colorization results comparable to Z1M,
iC1M and UC1M (official pre-trained models on the 1.3M-
case ImageNet for Zhang et al. [5], iColoriT [4] and Uni-
Color [1]), which further highlights the innovation and ef-
fectiveness of LGA-Net. Moreover, LGA-Net consistently
produces high-quality colorization results when applied to
real-world scenarios involving scribble-based hints. The
above observations further validate that LGA-Net can ac-
curately achieve scribble-based colorization task and faith-
fully propagate user-provided color hints to the proper re-
gions.

5. Automated Scribble Generation (AutoSS)

Algorithm 1 Automatic Sparse Scribble Algorithm

Require: Input=7;
11 8€8recuy = HllClimbingSegment(J;, iBinNum);
iBinNum controls the color sensitivity degree;
2: S€gresult = filtering(segresult’ [Ws, WD)
trols the considering area;
3: skepesuit = Skeletonizating(logical_mask(seg,oquii));

Wy con-

skeresuit = Clean_process(skeresult);
for each scribble do
Pick the largest scribbles from the top B sub-regions;
end for
K = Similar(B); calculating the K most similar scrib-
bles pairs;
9: Randomly remove R scribbles from K to simulate dif-
ferent impatience degree;
10: Output final sparse scribble mask;

® 3R

In order to ease the practical challenge of creating
scribble-based datasets, this paper proposes a heuristic
method for automatically generating scribbles of color
images, called AutoSS. Given a color image J;, we



firstly get the segmentation result seg.... based on
HillClimbingSegment [3] and filtering which performs
mode filtering for the most frequently occurring value
within a neighborhood around each pixel. Wj controls
the considering area. Then a logical mask is generated
by logical mask, facilitating the following skeletonization
process by Skeletonizating in Line 3; detailed cleaning
operations are then conducted by Clean_process, which
contains eliminating too short lines, thickening skeletons,
etc. The biggest scribbles of the top B sub-regions are se-
lected as the preliminary baseline. In Lines 8 and 9, AutoSS
calculates the most similar scribble pairs according to the
Similar() function, and randomly deletes the top R scrib-
bles to simulate users being impatient.

In AutoSS, to mimic varying user patience levels realis-
tically, R selects a value randomly from {0,1,2,3,4,5,6,7},
with higher values indicating greater impatience. iBinNum
as the input parameter of HillClimbingSegment, is set
to 20, which controls the color sensitivity. Wy is set to
11, which controls the size of the filtering window. The
Similar() function determines similarity by averaging the
difference of the RGB channels. We commit to releasing the
source code of this research upon acceptance of the paper.
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Figure 1. Qualitative comparison with state-of-the-art methods in Section 1. This figure shows 10 randomly selected examples from
Dinanual- The first two columns show the ground truth and the applied scribbles, while the following columns separately display: Levin
[2]; ZAK and iC4K (Zhang [5] and iColoriT [4] trained on D;); Z1M, iC1M and UCIM (official pre-trained models on ImageNet for Zhang
et al. [5], iColoriT [4] and UniColor [1]); LGA-Net.



(a) GT (b) Hint (c) Levin (d) Z4K (e) iC4K () ZIM (g)iCIM (h) UCIM (i) LGA

Figure 2. Qualitative comparison with state-of-the-art methods in Section 1. This figure shows 10 randomly selected examples from
Dinanual- The first two columns show the ground truth and the applied scribbles, while the following columns separately display: Levin
[2]; ZAK and iC4K (Zhang [5] and iColoriT [4] trained on D;); Z1M, iC1M and UCIM (official pre-trained models on ImageNet for Zhang
et al. [5], iColoriT [4] and UniColor [1]); LGA-Net.
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Figure 3. Qualitative comparison with state-of-the-art methods in Section 1. This figure shows 10 randomly selected examples from
Dinanual- The first two columns show the ground truth and the applied scribbles, while the following columns separately display: Levin
[2]; ZAK and iC4K (Zhang [5] and iColoriT [4] trained on D;); Z1M, iC1M and UCIM (official pre-trained models on ImageNet for Zhang
et al. [5], iColoriT [4] and UniColor [1]); LGA-Net.
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Figure 4. Qualitative comparison with state-of-the-art methods in Section 1. This figure shows 10 randomly selected examples from Dy 0.
The first two columns show the ground truth and the applied scribbles, while the following columns separately display: Levin [2]; Z4K and

iC4K (Zhang [5] and iColoriT [4] trained on D;); Z1M, iCIM and UCIM (official pre-trained models on ImageNet for Zhang et al. [5],
iColoriT [4] and UniColor [1]); LGA-Net.
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Figure 5. Qualitative comparison with state-of-the-art methods in Section 1. This figure shows 10 randomly selected examples from Dy 0.
The first two columns show the ground truth and the applied scribbles, while the following columns separately display: Levin [2]; Z4K and
iC4K (Zhang [5] and iColoriT [4] trained on D;); Z1M, iCIM and UCIM (official pre-trained models on ImageNet for Zhang et al. [5],
iColoriT [4] and UniColor [1]); LGA-Net.
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Figure 6. Qualitative comparison with state-of-the-art methods in Section 1. This figure shows 10 randomly selected examples from Dy 0.
The first two columns show the ground truth and the applied scribbles, while the following columns separately display: Levin [2]; Z4K and

iC4K (Zhang [5] and iColoriT [4] trained on D;); Z1M, iC1M and UCIM (official pre-trained models on ImageNet for Zhang et al. [5],
iColoriT [4] and UniColor [1]); LGA-Net.



(a) GT (b) Hint (© Rgp (d) Rap (e) LGA

Figure 7. Qualitative comparison of Ablation Study in Section 2. This figure shows 10 randomly selected examples from D, qnuar. The
first two columns show the ground truth and the applied scribbles, while the following columns separately display: R p removing global
points/affinities; R4 p removing adjacent points/affinities; full LGA-Net.
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Figure 8. Qualitative comparison of Ablation Study in Section 2. This figure shows 10 randomly selected examples from Dgyto. The
first two columns show the ground truth and the applied scribbles, while the following columns separately display: R p removing global
points/affinities; R4 p removing adjacent points/affinities; full LGA-Net.
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Figure 9. Usability Study: Evaluating Method Robustness Across Real and Diverse Scribble Inputs in Section 3. This figure shows
2 randomly selected examples under five scribbles from different users. The first two columns show the ground truth and five applied
scribbles from different users, while the following columns separately display: Levin [2]; Z4K and iC4K (Zhang [5] and iColoriT [4]
trained on D;); Z1M, iCIM and UCIM (official pre-trained models on ImageNet for Zhang et al. [5], iColoriT [4] and UniColor [1]);

LGA-Net.
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Figure 10. Qualitative comparison with state-of-the-art methods in Section 4. This figure displays 8 shown examples from other published
papers (Zhang [5], UniColor [1] and iColoriT [4]). The first two columns show the ground truth and the applied scribbles, where the blank
means there is no ground truth released from other papers. The following columns separately display the results of: Levin [2]; Z4K and
iC4K (Zhang [5] and iColoriT [4] trained on D;); Z1M, iC1M and UCIM (official pre-trained models on ImageNet for Zhang et al. [5],
iColoriT [4] and UniColor [1]); LGA-Net.
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