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Supplementary Material

A. Supplementary Material

This supplementary material complements the main pa-
per, “SketchDeco: Training-Free Latent Composition for
Precise Sketch Colourisation,” by providing additional de-
tails: ablation study of textual prompts (Sec. B), the un-
usual effectiveness of K-D Tree (Sec. C), ablation on local
sketch colourisation (Sec. D), additional discussion on de-
sign choices (Sec. E), clarification on contributions (Sec. F),
limitation and future study (Sec. G), and full quantitative re-
sults on in-the-wild sketch dataset (Sec. H).

B. Ablation Study of Textual Prompts

We conduct an additional ablation study to investigate
the contribution of each textual information on our global
sketch colourisation process in the following cases: (i)
Baseline, where the colourised results are generated without
any textual guidance (i.e., only input sketches are utilised
as conditions); (ii) only class semantics (i.e., “[class]”),
derived from BLIP-2[6] prediction, are applied for textual
guidance; (iii) class semantics and positive prompts (i.e.,
“[class], hyper-realistic, quality, photography style”)
are used; (iv) negative prompts are combined; (v) finally,
four main textual information, including class semantics,
colour names, positive prompts (i.e., “[class], hyper-
realistic, quality, photography style, using only colours in
colour palette of [ci] , - [ci] - ... [c?1”) and negative
prompts (i.e., “drawing look, sketch look, line art style, car-
toon look, unnatural colour, unnatural texture, unrealistic
look, low-quality”) are utilised. The experimental outcomes
demonstrate that each component of textual guidance plays
a pivotal role in generating faithful result. Notably, the pres-
ence of colour names and class semantics significantly en-
hances the visual outputs, as depicted in Fig. S1.
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Fig. S1. Ablation study of different textual prompt settings.
In our global sketch colourisation pipeline, the textual prompts ¢,
are composed of four main textual information, including class se-
mantics, colour names, positive prompts (i.e., “[class], hyper-
realistic, quality, photography style, using only colours in colour
palette of [ct1,- [c2] - ... [¢*]1”) and negative prompts (i.e.,
“drawing look, sketch look, line art style, cartoon look, unnatural
colour, unnatural texture, unrealistic look, low-quality”)

C. The Unusual Effectiveness of K-D Tree

[i] Compatability with professional designer workflow:
In our envisioned user interface (UI), we prioritise con-
venience by allowing designers to specify region masks
and their desired colour palettes using Photoshop. While
these palettes are typically provided as colour codes (e.g.,
#FFD700 or rgb (255,215, 0)), our diffusion models
require text-based input to specify colours (i.e., “gold”).
To bridge this gap between user-friendly inputs and the re-
quirements of Stable Diffusion [13], we propose a straight-
forward yet highly effective solution — a binary search tree
(specifically, a K-D Tree with K = 3) that maps RGB val-
ues Prgp = {(r,9,b) | 7,9,b € [0,255]} to a W3C standard
database of 147 CSS3 colour names.

[ii] Choice of standard CSS3 colour database: Remark-
ably, we found that using these standard CSS3 colour names
as input to the pre-trained text encoder CLIP [9] effec-
tively conditions Stable Diffusion to accurately reproduce
the specified colour in the generated images, which are de-
picted in Fig. S2. This unexpected effectiveness may stem
from the fact that both CLIP and Stable Diffusion were
trained on large-scale internet data, where Cascading Style
Sheets (CSS) are widely used as a language for describing
the rendering of HTML and XML documents. By lever-
aging the inherent compatibility of these models with web
standards, we eliminate the need for training a custom Hex-

code encoder, keeping SketchDeco entirely training-free.
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Fig. S2. Diverse colourised outputs. Our training-free global
sketch colourisation technique leverages the rich generative priors
from a large-scale text-to-image (T2I) diffusion model to produce
diverse and realistic outputs. Colour names are derived from the

K-D Tree algorithm with specific colours [cL], [¢?1,..., [c}]

[iii] Benefits over LLMs: When compared to LLMs, which
are computationally intensive for tasks such as colour nam-
ing, a KD-tree provides a more efficient solution. LLMs are
prone to generating non-existent colours, which can lead to
inaccuracies in diffusion models. In contrast, a KD-tree en-
ables quick and efficient lookups with minimal overhead.
By aligning a KD-tree with standard CSS3 colours, we en-
sure accuracy, scalability, and easy future expansions.



D. Ablation on Local Sketch Colourisation

[i] Benefits of staged generation: Our method employs a
divide-and-conquer strategy to facilitate a complex task (see
Fig.2). The global stage generates initial outputs adhering
to predefined sketch and colour palettes. These outputs are
subsequently combined in the local stage, guided by region
masks, which carefully refine the results to ensure seamless
colour transitions and maintain the integrity of the sketch
and colours. Moreover, this design also offers user flexibil-
ity, allowing for verification and potential regeneration of
global colourised results, as depicted in Fig.S2.

[ii] Choice of local colour composition The composition
of global colourised results serves as an essential bridge
between the global and local stages. This process en-
sures the preservation of sketch and colour integrity for Z*.
As the global outcomes are consistently derived from the
same sketch, their integration is seamless. We further ex-
amine the efficacy of our approach by contrasting it with
the user-guided image colourisation technique, IDeepColor
[14], which utilises convolutional neural network (CNN) to
propagate colour hints. Our experimental setup involved
providing a grayscale image along with 100 random hints
to IDeepColor for recolourisation. Fig. S3 illustrates that
IDeepColor not only fails short to retain the original colours
but also introduces visual artefacts and colour bleeding.
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Fig. S3. Impact of local colour composition. Our method can
maintain colour accuracy in the local stage due to the implementa-
tion of the local colour composition step. In contrast, IDeepColour

[14] falls short and also introduces colour artefacts, e.g., grayish.

[iii] Does inversion of composited image 7* and local re-
finement steps help?: In this ablation study, we examine
the effectiveness of our local refinement process initiated by
the ODE inversion of Z*. We compare this to SDEdit [8],
an inversion-free image editing method, using only Gaus-
sian noise addition to facilitate editing process. We fixed
the guidance scale at 6.5, varying only the intensity of the
noise to assess the impact on the local nuances. As shown
in Fig. S4, SDEdit generally smooths images but struggles
with creative colour blending and detail preservation, lead-
ing to distorted textures (e.g., in a cow at s = 0.5) and
unrealistic features (e.g., in a bird at s = 0.5). In contrast,
our method surpasses SDEdit by integrating ODE inversion
of Z* together with T¢ycep: and injection of self-attention
to preserve the integrity of sketch and colour. Then, we
enhance smooth colour transitions through strategic noise
incorporation and textual guidance. Additionally, we also
introduce the parameter 7 to effectively balance these ele-
ments during the final sampling process, facilitating an op-
timal trade-off between fidelity and aesthetic refinement.
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Fig. S4. Ablation study on local refinement steps. Evaluation
of our inversion-based local refinement technique compared to the
inversion-free SDEdit[8] method. SDEdit tends to oversmooth im-
ages, compromising creative colour blending and texture fidelity,
resulting in distorted textures (e.g., cow at s = 0.5) and unrealis-
tic features (e.g., bird at s = 0.5). In contrast, our method retains
the original colours and sketches from the composite image while
facilitating harmonious colour transitions across different regions.

[iv] Can naive ControlNet match our fine-grained colour
control?: We additionally investigate whether a standard
pretrained Scribble ControlNet [13], originally developed
for text-guided sketch-to-image generation, can approxi-
mate the performance of our training-free, region-controlled
colourisation framework. To construct a fair comparison,
captions were generated from our method’s outputs Z%
using multimodal LLMs, and these captions were subse-
quently used as text prompts for ControlNet. Even after
multiple attempts and manual selection of the top three re-
sult candidates, the reproduced images remained unable to
match the spatial fidelity and chromatic precision achieved
by our method. This outcome indicates that text-guided
conditioning is inherently limited for the task of precise
local sketch colourisation, thereby reinforcing the strength
of our approach in delivering fine-grained, spatially aligned
colour control without any additional training (see Fig. S5).
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Fig. S5. Comparison with a naive ControlNet baseline. We
compare our method, which leverages ControlNet in global stage,
against a traditional text-guided ControlNet model. The naive
ControlNet fails to reproduce our results, demonstrating its inabil-
ity to enforce fine-grained, spatially localised colour constraints.

E. Additional Discussion on Design Choices

In our study, we assess the impact of several design choices
within the contexts of AFHQ-cat[4] and AFHQ-dog[4].
Firstly, within Visual Question Answering (VQA) tasks,
substituting BLIP2 with GIT [11] results in FID/LPIPS
scores of (65.71/0.693) and (129.19/0.742), respectively.
Comparatively, the adoption of llama-3-vision-alpha [7]
yields (57.23/0.673) and (61.22/0.683), while llava-1.5-
7b [7] delivers (55.97/0.669) and (62.96/0.686). Sec-
ondly, in the domain of local sketch colourisation through
inversion schemes, replacing DPM-Solver++ with DDIM



results in FID/LPIPS scores of (35.09/0.716), with DPM-
Solver achieving (33.74/0.714). These findings highlight
the nuanced influence of specific algorithmic changes on
model performance across different tasks.

F. Clarification on Contributions

Image/sketch colourisation is a long-standing [3, 5, 12]
open-problem in Computer Vision. While prior works
used GANs [12], the latest works [5] use fine-tuned dif-
fusion models. We take the next step by introducing (i)
training-free paradigm for sketch colourisation that out-
performs fine-tuned SOTA (see Fig. S6), (ii) existing
diffusion-based colourisation only allow global colour con-
sistency, whereas SketchDeco enable precise user-directed
local colourisation, (iii) intuitively blend several modules
for a fast pipeline that is compatible with consumer grade
GPUs. While the use of modules like BLIP-2, Control-
Net, SD-1.5 have become ubiquitous in computer vision
(due to their reliable performance) our method intuitively
integrates them to introduce several “firsts” that advances
image/sketch colourisation literature. Particularly, (i) We
use coarse-to-fine multi-staged generation with diffusion
models to combine global and local colourisation, (ii) Prior
colourisation methods using SD-1.5 lacks local colour con-
sistency. We adapt SD-1.5 to ensure both global and lo-
cal colour consistency defined by region masks and colour
palette. (iii) A latent-space composition technique combin-
ing diffusion inversion and guided sampling to ensure both
local colour fidelity and global harmony. (iv) A custom at-
tention mechanism that adaptively balances sketch structure
preservation with controlled colour diffusion.

G. Limitation and Future Study

In our work, we acknowledge several limitations and sug-
gest avenues for future research. Firstly, when process-
ing small selected regions for local colourisation, the initial
blending ability derived from global colourisation pipeline
may lead to some losses in colour fidelity, necessitating ex-
ploration of novel techniques to address this challenge. This
could involve the development of adaptive blending strate-
gies or localised colour correction mechanisms to better
preserve colour accuracy in intricate or fine-textured areas.
Additionally, while our approach relies on matching colour
hexcodes with name entries in a standard CSS3 colour
database[1], there is potential to enhance the database to
accommodate a wider variety of colours. However, cau-
tion must be exercised to ensure compatibility with the pre-
trained Stable Diffusion[10] model, as ambiguous or non-
standard colour names may introduce uncertainty and in-
consistency in the colourisation process.

H. Qualitative Results on Random Sketches

We perform qualitative comparison against two state-of-
the-art (SOTA) diffusion-based approaches: DiffBlender
[5] and DiSS[2]. DiffBlender aims to enhance the func-
tionality of Text-to-Image diffusion models by integrating
inputs from multiple modalities. These inputs are pro-
cessed based on their conditional types, which include im-
age/sketches, spatial tokens (i.e., bounding boxes), and non-
spatial tokens (i.e., colour palettes). For fair comparison,
we use a combination of sketch and colour palette modal-
ities, equivalent to our global sketch colourisation. As for
DiSS, the primary objective is to generate realistic images
based on sketch and stroke conditions. DiSS also proposes
a region-sensitive stroke-to-image method using partially
coloured strokes as input, to synthesise diverse content in
the non-coloured regions. For a fair comparison with our
approach, we use a single colour instead of a colour palette.
To the best of our knowledge, there is no prior work ad-
dressing the use of masks and colour palettes for region-
aware colourisation. Importantly, unlike our method, ex-
isting SOTA methods [2, 5] are not training-free and re-
quire expensive fine-tuning. As a result, from Fig. S6,
our training-free colourisation approach outperforms fine-
tuned state-of-the-art (SOTA) models in various aspects in-
cluding colour vividness, colour harmonisation, fidelity to
the original sketch, and overall realistic look. Additionally,
Figs. S7 to S9 represents qualitative results on 15 random
sketches obtained from www . freepik . com using search
keywords: “black-and-white [class] sketch”. Notably,
the seamless colour transition effects before and after un-
dergoing our local refinement processes in the local stage
are highlighted using blue bounding boxes.
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Fig. S6. Qualitative assessment against fine-tuned SOTA meth-
ods using randomly sourced internet sketches. We demonstrate
that our training-free approach surpasses contemporary state-of-
the-art methods (i.e., DiffBlender [5] and DiSS [2]) that rely on
extensive fine-tuning, particularly in areas such as sketch fidelity,
the application of creative colour schemes, and enhanced realism.
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Fig. S7. Qualitative evaluation with in-the-wild sketches. The local sketch colourisation pipeline showcased notable adaptability, allow-
ing users to incorporate three conditional inputs: a variety of sketches, hand-drawn masks, and preferred colour palettes. Consequently, our
approach yields precise outcomes tailored to user-defined specifications. It is non-trivial to mention that these sketch images are randomly
sourced from www. freepik.com with search keywords: “black-and-white [class] sketch”.
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Fig. S8. Qualitative evaluation with in-the-wild sketches. The local sketch colourisation pipeline showcased notable adaptability, allow-
ing users to incorporate three conditional inputs: a variety of sketches, hand-drawn masks, and preferred colour palettes. Consequently, our
approach yields precise outcomes tailored to user-defined specifications. It is non-trivial to mention that these sketch images are randomly
sourced from www . freepik.com with search keywords: “black-and-white [class] sketch”.
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Fig. S9. Qualitative evaluation with in-the-wild sketches. The local sketch colourisation pipeline showcased notable adaptability, allow-
ing users to incorporate three conditional inputs: a variety of sketches, hand-drawn masks, and preferred colour palettes. Consequently, our

approach yields precise outcomes tailored to user-defined specifications. It is non-trivial to mention that these sketch images are randomly
sourced from www . freepik . com with search keywords: “black-and-white [class] sketch”.




