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Figure 1. (a) Set of results generated by the proposed method. (b) Prior works on user-guided sketch colouring [79] that use text descriptions
often lack precision. Hence, we focus on precision and convenience by requiring designers to specify the region mask (e.g., use Photoshop)
and its desired colour palettes. Our training-free method finds the optimal way to colour specified regions with chosen colours.

Abstract

We introduce SketchDeco, a training-free approach to
sketch colourisation that bridges the gap between profes-
sional design needs and intuitive, region-based control. Our
method empowers artists to use simple masks and colour
palettes for precise spatial and chromatic specification,
avoiding both the tediousness of manual assignment and
the ambiguity of text-based prompts. We reformulate this
task as a novel, training-free composition problem. Our
core technical contribution is a guided latent-space blend-
ing process: we first leverage diffusion inversion to pre-
cisely “paint” user-defined colours into specified regions,
and then use a custom self-attention mechanism to harmo-
niously blend these local edits with a globally consistent
base image. This ensures both local colour fidelity and
global harmony without requiring any model fine-tuning.
Our system produces high-quality results in 15–20 inference
steps on consumer GPUs, making professional-quality, con-
trollable colourisation accessible.

1. Introduction

Transforming a line-art sketch into a fully coloured image
is a fundamental task in creative workflows, from animation
storyboards and product design to concept art. This process
requires not just the artistic application of colour, but also
precise spatial control to define regions and maintain co-
herence. While large-scale diffusion models [52, 54] have
revolutionized image synthesis, achieving this fine-grained,

region-specific colour control remains a major challenge.
Text prompts are semantically powerful but spatially am-
biguous. And while structural controls like sketches can
define form [79], they do not solve the core problem of how
to grant artists direct command over where and how colour
is applied without compromising the model’s rich genera-
tive priors.

The challenge is a trade-off between control and qual-
ity. Traditional methods, from manual assignment [56, 78]
to reference-based transfer [35, 76], offer precision but are
far too labour-intensive for modern workflows. Conversely,
text-guided approaches [11, 77] are fast but imprecise, of-
ten resulting in semantic errors and “colour bleeding” that
require manual correction.

This paper argues that the solution is not more training,
but a novel, training-free composition framework. We in-
troduce SketchDeco, a system that reformulates region-
controlled colourisation as a latent-space blending problem.
We empower artists with simple, practical inputs – a sketch,
region masks, and colour palettes – and integrate them with-
out fine-tuning.

Our core intuition is to separate global consistency from
local control. Instead of trying to force a single model to
do both at once, our system first generates a globally con-
sistent, fully-coloured base image from the sketch. Then, it
composites the user’s specific colour choices (from palettes)
into their specified regions (from masks) at the latent level.
This approach allows us to blend the local edits harmo-
niously with the global base image, rather than fighting
against the model’s priors.
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More specifically, to achieve this composition, we em-
ploy a guided inversion and blending process. We lever-
age diffusion inversion [48, 60] with DPM-Solver++ [43]
to find an optimal noise vector and precisely “paint” the
user’s colours into the target latent regions. To ensure this
edit is both precise and stable, we use guided sampling
with classifier-free guidance (CFG) [25] and an exceptional
prompt [44]. Finally, a custom self-attention mechanism,
modulated by a scaling factor τ , harmoniously blends these
local edits, preserving the original sketch structure while
ensuring global coherence.

Our unified, training-free approach provides the follow-
ing contributions:
• A novel region-guided framework that composes masks

and palettes for precise, flexible colour control.
• A latent-space composition technique combining diffu-

sion inversion and guided sampling to ensure both local
colour fidelity and global harmony.

• A custom attention mechanism that adaptively balances
sketch structure preservation with controlled colour dif-
fusion.

• An efficient, training-free method that produces high-
quality results in 15-20 steps on consumer GPUs.

2. Related Works
Sketch-to-Image Generation: Sketch-to-image genera-
tion [32] diverges from traditional image-to-image trans-
lation [14, 28, 34, 50, 84, 85] to generate realistic images
from input sketches, bridging the gap between hand-drawn
sketches and real images. SketchyGAN [12] pioneers this
task by employing GANs [21] alongside edge-preserving
image augmentations, while ContextualGAN [45] utilises
conditional GANs to learn joint image-sketch representa-
tions. Given the difficulty in acquiring paired sketch-image
datasets, some researchers have explored unsupervised [40]
and self-supervised [39, 55] learning paradigms to tackle
this challenge. Subsequent studies have enhanced results by
fine-tuning pretrained StyleGAN models [69] or leveraging
VQGAN to minimise discrepancies between ground truth
image-sketch embeddings [22]. Despite these advance-
ments, existing GANs-based methods for sketch-to-image
generation often suffer from issues of unstable training and
inferior quality, leading to a shift towards diffusion models
[26, 38, 49, 66, 68, 79]. In this paper, we utilise pretrained
text-to-image (T2I) diffusion models and address sketch-to-
image generation problem as a downstream task.

Diffusion Models for Vision-based Tasks: Diffusion mod-
els [26, 59, 60], a recent class of generative models, out-
perform GANs [21] and VAEs [31] in both output qual-
ity and training stability by learning to reverse a Markov
process through a denoising autoencoder. To improve ef-
ficiency, Rombach et al. [52] introduced Latent Diffusion
Models (LDMs), later popularised as Stable Diffusion (SD),

which perform the diffusion process in a latent space rather
than in pixel space, significantly reducing computational
costs while enabling conditional control via cross-attention
[65]. Text-to-image (T2I) diffusion models employ tex-
tual inputs to iteratively guide denoising, achieving state-of-
the-art results in applications such as image synthesis [13],
style transfer [27], content manipulation [74], inpainting
[46], and compositional generation [44]. Beyond text-based
conditioning, additional modalities, such as sketches, en-
hance control and fidelity; however, naive methods necessi-
tate full model retraining [13, 27, 68], leading to substantial
computational overhead. To mitigate this, techniques like
ControlNet [79], GLIGEN [38], and T2I-Adapter [49] fine-
tune hypernetworks for domain adaptation. More recent ap-
proaches introduce conditioning mechanisms that circum-
vent the need for retraining or fine-tuning [44, 47, 58], refin-
ing the UNet’s [53] denoising process by leveraging cross-
attention maps [65]. In this work, we adopt a training-free
methodology to address the realistic sketch colourisation
problem, ensuring efficiency while preserving fidelity and
control in the generated outputs.

Image and Sketch Colourisation: Deep learning (DL)-
based image colourisation has advanced well beyond tra-
ditional methods [19, 20], with approaches commonly cat-
egorised as reference-based [10, 35, 41, 73, 75], text-
based [4, 9, 11, 70, 77], or user-guided [4, 8, 27, 36, 80].
Reference-based methods transfer colour via pixel or se-
mantic correspondences [10, 41], often using GANs [73]
or pretrained networks [75], but remain prone to seman-
tic misalignment. Text-based methods employ language
cues through attention [11], palettes [4], or large-scale mod-
els [77], yet suffer from ambiguity and limited control.
User-guided methods spread user-specified hints [4, 7], op-
timise colour propagation [36], or combine global [8, 27]
and local inputs [6, 80], though spatial coherence and in-
tuitive control remain challenging. Sketch colourisation
[42, 71, 72, 76, 86, 87] extends this field, sharing similar
principles but facing distinct difficulties due to sparse struc-
ture and lack of texture. As such, it remains a relatively new
and challenging area with considerable potential for further
exploration. In this study, we introduce a user-guided, text-
free framework that enhances creative expression by lever-
aging a sketch, region-controlled masks, and corresponding
colour palettes, thereby enabling precise, coherent, and spa-
tially controllable sketch colourisation.

3. Proposed Method
Overview: We introduce a novel training-free paradigm for
sketch colourisation, as illustrated in Fig. 2. Our method
runs efficiently on a consumer-grade GPU and leverages
the rich prior knowledge embedded in large-scale diffu-
sion models [52]. Given an input sketch S ∈ R512×512×3,
a set of colour palettes {PH1,PH2, ...,PHn}, where PH
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comprises hexadecimal colour codes, and corresponding re-
gion masks

{
M(1),M(2), . . . ,M(n)

}
, with each M ∈

R512×512×1, we adopt a divide-and-conquer strategy con-
sisting of two sequential stages: global sketch colourisation
(Sec. 3.2) and local sketch colourisation (Sec. 3.3). The
global stage generates multiple plausible colourised outputs
IG that preserve both the structure of S and the specified
colour palettes PH. The local stage refines these outputs
using region masks M, ensuring seamless composition and
smooth colour transitions. The final result, IL, preserves
spatial coherence while satisfying user-defined constraints.

Global Sketch
Colourisation

Local Sketch
Colourisation

Input Sketch

Colour Palettes

Region Masks

Globally Colourised Results

Final ResultUser

Figure 2. Framework Overview. Given an input sketch and
region-specific colour palettes with corresponding masks, our
method employs a divide-and-conquer strategy consisting of two
sequential stages: Global and Local Sketch Colourisations.

3.1. Background
Pixel Space Diffusion Models: Diffusion Probabilistic
Models (DPMs) [17, 26, 60] approximate a data distribu-
tion p(x) by iteratively denoising a Gaussian-distributed
variable. The denoising function is trained to reverse a
fixed Markov Chain process of length T . Diffusion mod-
eling consists of two stochastic processes: forward and
backward diffusion [60]. In training, forward diffusion
gradually corrupts an image x0 ∈ RH×W×3 by adding
Gaussian noise, producing xt as xt =

√
ᾱtx0+(

√
1− ᾱt)ϵ,

where, αt controls noise levels from α0 = 1 to αT ≃ 0, and
t is sampled from {1, ..., T} [60]. The backward process
employs denoising autoencoders ϵθ(·) to predict clean im-
ages by minimizing:

LDM = Ex,ϵ∼N (0,1),t

[
∥ϵ− ϵθ(xt, t)∥22

]
. (1)

During inference, the trained network ϵθ(·) iteratively re-
fines a Gaussian noise sample xT over T steps to recon-
struct x0, recovering the data distribution [60].
Latent Diffusion Models: Latent Diffusion Models
(LDMs, e.g., Stable Diffusion [52]) learn data distributions
in a compact latent space rather than directly in pixel space.
An autoencoder with encoder E(·) and decoder D(·) (UNet
backbone [53]) performs diffusion efficiently [52]. Given
an image x0 ∈ RH×W×3, the encoder downsamples it by
f = H/h = W/w into z0 ∈ Rh×w×d as z0 = E(x0),
and the decoder reconstructs x̃0 = D(z0) = D(E(x0)).
Conditional generation is enabled by adding cross-attention
[65] so that the denoising network ϵθ(zt, t, c) learns p(z|c),
where c is the condition. The training objective is:

LLDM = EE(x),c,ϵ∼N (0,1),t

[
∥ϵ− ϵθ(zt, t, c)∥22

]
(2)

LDMs support various conditions (e.g., text [52], sketch
[79]) using the same objective. For text condition-
ing, a prompt p is embedded via T(·) and encoded

by the pretrained CLIP text encoder Et(·) [51] to ob-
tain tp = Et(T(p)). The text encoding is injected
into UNet layers through cross-attention [65], defined as
Attention(Q,K, V ) = softmax

(
QKT

√
d

)
· V , with

Q = WQ · zt, K = WK · tp, V = WV · tp (3)

where WQ,WK ,WV are learnable projection matrices;
WK ,WV linearly project tp ∈ R77×768 to Keys and Val-
ues, and WQ projects noisy latents to Query maps [52].

3.2. Global Sketch Colourisation
We present a novel user-guided global sketch colouri-
sation framework (see Fig. 3 a) operating on input
sketch S ∈ R512×512×3 and colour palette PH =
{h | h is a colour hexcode}. The model leverages genera-
tive priors from pretrained Stable Diffusion to achieve two
goals: (a) generate faithful images IG preserving sketch
identity and structure (i.e. id(IG) ≈ id(S)), and (b) pro-
duce vivid colours aligned with PH (i.e. colour(IG) ≈
colour(PH)). The main challenges are: (i) the prompt-
free setup hinders sketch-to-image generation without the
sketch’s class label in textual conditioning [79], and (ii)
colour hexcodes must be mapped to standard colour names.

To address these, we use BLIP-2 [37] in a VQA setup to
infer sketch semantics, a K-Dimensional Tree (K-D Tree)
[5] to match hexcodes with colour names, and a pretrained
Scribble ControlNet [79] for structure-preserving sketch-
to-image generation. Building on [16], our pipeline di-
rectly processes the input sketch, integrates BLIP-2 class
cues, and employs K-D Tree colour retrieval for enabling
training-free, user-guided sketch colourisation.
Sketch Semantic Prediction: We utilise BLIP-2 [37],
a vision–language pre-training framework that effectively
aligns image and text modalities via its Q-former module
[37]. The Q-former connects CLIP’s image encoder with a
large language model (LLM) through learnable query em-
beddings that attend to relevant visual regions. We adopt
BLIP-2’s Visual Question Answering (VQA) setup to in-
fer class semantics from input sketches by prompting (e.g.,
“What is the object in this sketch?”). This approach pro-
vides strong zero-shot generalisation across diverse sketch
types, outperforming previous works [30, 76, 78] that relied
solely on task-specific sketch encoders.
Colour Name Searching: We employ the CSS3 colour
database [3] and a K-Dimensional Tree (K-D Tree) [5] to ef-
ficiently map colour hexcodes to their nearest named coun-
terparts in RGB space. A K-D Tree with K = 3 is con-
structed from the 147 CSS3 reference colours (see Fig. 4),
ensuring that any colour in R3 can be associated with a valid
name. Every colour hexcodes PH = {hi}ni=1 are converted
to RGB values, and the tree retrieves the closest colour
names Pname = {cis}ni=1. The retrieved names are inte-
grated into textual prompts that incorporate class semantics
and descriptive cues. The final guidance tp is formatted as:
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Figure 3. Global and Local Sketch Colourisation Stages. (a) In global stage 3.2, given a sketch S and colour palettes {PH}ni=1, BLIP-2
[37] infers sketch class semantics, a K-D Tree [5] maps palette hexcodes to colour names, and Scribble ControlNet [79] generates globally
colourised results {IG

PHi
}ni=1 and an auxiliary image IG

Pϕ, preserving id(S) and colour(PH), while enabling interactive refinement for
adjusting unsatisfying textures further. (b) In local stage 3.3, pre-colourised regions from {IG

PHi
}ni=1 are composed with background from

IG
Pϕ to form composited image I∗, which is then inverted to noisy latents z∗ and refined via guided-sampling [43]. Noise incorporation

enhances boundary smoothness, while SA injection, guided by τ , produces the final result IL with smooth blending and structural fidelity.

“[class], hyper-realistic, quality, photography style, us-
ing only colours in colour palette of [c1s], - [c2s] - . . .
[cns]” and negative prompts “drawing look, sketch look,
...”. See supplement for more details about the K-D Tree al-
gorithm (e.g., design choices, and advantages over LLMs).
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Figure 4. 3D search space constructed using K-D Tree algorithm.

Sketch-to-Image Generation: To generate a realistic im-
age IG based on input sketch S , we employ the gener-
ative prior derived from a robust pretrained T2I diffusion
model. Unlike textual conditioning tp, sketches embody
spatial information [57]. Thus, we harness the capabilities
of the pretrained Scribble ControlNet [79] to attain fidelity
and realism in the sketch-to-image generation. Given the
sketch latents zs = Es(S); zs ∈ Rh×w×d, the noise es-
timator ϵθ(zt, t, tp, zs) needs to incorporate sketch condi-
tion p(z|tp, zs). In this step, we generate n + 1 images:
the globally colourised results {IG

PHi
}ni=1, derived from the

given colour palettes {PHi}ni=1, and an auxiliary image
IG
Pϕ, which has no colour description (see Fig. 3). This ex-

tra image serves as the background for composition steps.
User-interactive Refinement: Users can apply local colour
composition in the latent space z using user-defined masks
{M(i)}ni=1. However, since interactions in latent space are
not directly perceptible to the human eye, this approach
offers limited controllability and interpretability for cre-
ative workflows, where human feedback is essential [16].
To address this, our pipeline renders global previews (i.e.,
{IG

PHi
}ni=1 and IG

Pϕ) in pixel space, allowing users to in-
spect, regenerate, and compare variants with different ran-
dom seeds (see Supp. video). Rather than explicitly com-
positing latent features, our method initiates composition
in pixel space, then applies ODE inversion to blend the re-

sults back into latent space during the local stage (Fig. 3
b), implicitly reproducing the same compositional effect.
This hybrid approach retains the flexibility of latent editing
while enabling direct, interpretable interaction ideal for cre-
ative domains, like interior design, where rapid exploration
of colour-texture combinations is critical (see Fig.5).

Input Sketch

Globally-Colourised
Results from 
Palette #1

Final Results
Globally-Colourised
Results from 
Palette #2

Variant #1

Variant #2

Variant #3

Initial Background
Images

Figure 5. User-interactive refinement process for interior design.

3.3. Local Sketch Colourisation
In local sketch colourisation (see Fig. 3 b), we are, to the
best of our knowledge, the first to reframe this task as a
combination of image composition [44] and reconstruction
[43]. For text-guided approach [79], textual prompts often
struggle to provide precise colour control (see Fig. 1 b), so
we instead introduce spatial colour information directly into
the noisy latent space rather than relying solely on the cross-
attention mechanism [65]. In our approach, pre-colourised
regions derived from IG

PH
are composed with IG

Pϕ. Since
all global results IG originate from the same sketch, this
composition step inherently preserves sketch faithfulness.
The composited image is then inverted back into the la-
tent space, allowing the colour information to be directly
embedded in the noisy latents, and finally performs latent
composition to refine boundaries and ensure coherent visual
blending, all without any model retraining or fine-tuning.

Therefore, the final colourised image IL aims to sat-
isfy three objectives: (a) preserve the identity of the input
sketch (i.e., id(IL) ≈ id(S)), (b) maintain local colour
consistency within each mask region M such that the re-
sulting colours align with the provided palette PH (i.e.,
colour(IL ⊙ M) ≈ colour(PH)), and (c) ensure smooth
and coherent transitions between locally coloured regions.
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Parallel Local Colour Composition: Since IG inherits
both id(S) and colour(PH), we first apply each mask M(i)

to the corresponding IG
PHi

to isolate its region of interest:
IG
M(i) = IG

PHi
⊙M(i), i = 1, . . . , n, where ⊙ denotes the

Hadamard product. The composited image I∗ is then ob-
tained as: I∗ = IG

Pϕ ⊙ (1−Mtot) +
∑n

i=1 IG
M(i) , with

Mtot = maxni=1 M(i). This design enables parallel pro-
cessing of multiple masks, where the number of regions only
affects the number of intermediate globally colourised re-
sults IG

PH
, without impacting the quality of I∗ and IL.

Latent Composition via ODE Inversion: The compos-
ited image I∗ satisfies our second objective – local colour
consistency – but lacks smooth transition between local
coloured regions (third objective). To achieve smooth tran-
sitions between local colourised regions, a crucial step in-
volves transforming the composited image I∗ into a latent
representation z∗. The sampling process within diffusion
probabilistic models (DPM) can be executed by solving or-
dinary differential equations (ODE) from T to 0 [61]:
dxt

dt
= f(t)xt +

g2(t)

2σt
ϵθ(xt, t), where, xT ∼ N (0, σ̃2I), (4)

To perform the inversion process, we integrate the diffu-
sion ODE from (0) to (T) using DPM-Solver++[43], cho-
sen for its efficiency in generating high-quality samples
within 15–20 steps, compared with the 100–250 steps typi-
cally required by DDIM[60]. We adopt DPM-Solver++ for
its efficiency and strong trajectory alignment, which bet-
ter preserves colour fidelity during inversion. Nevertheless,
for text-to-image diffusion models, several works[23, 48,
64, 67] report substantial reconstruction errors when ap-
plying inversion in the text-conditioned setting ϵθ(xt, t, tp).
This issue primarily arises from the inherent instability of
classifier-free guidance (CFG) mechanisms:

ϵ̂θ(xt, t, tp,∅) = s · ϵθ(xt, t, tp) + (1− s) · ϵθ(xt, t,∅) (5)
where, tp = Et(T(p)) and ∅ = Et(“ ”) denotes text encod-
ings of normal and null prompt (empty string) embeddings,
and s is the guidance scale. To address this, we replace null
prompt with exceptional prompt embedding Texcept[44],
which sets all token numbers to a common value and re-
moves excessive positional embeddings and special tokens
like [startoftext], [endoftext], and [pad].
This leads to more accurate inversion ϵθ(xt, t, Et(Texcept)),
as any information included in the prompt causes backward
ODE trajectories to deviate from forward trajectories.

Initial Gaussian Noise Incorporation: After inversion
process I∗ → z∗, we incorporate the additional Gaus-
sian noise z+ to enhance transition smoothness by allow-
ing the rich generative priors [52] to effectively in-paint
the transition area between regions inside (i.e., Mtot) and
outside (i.e., 1 − Mtot) the user masks. Initially, we de-
termine the spatial extent of each regional mask M by
computing its coverage rectangular area Mrect. Subse-
quently, we identify the transitional area Mtran by em-
ploying the summation of XOR operations ⊕ between each

rectangular area and its corresponding user-defined mask
as Mtran =

∑n
i=1(Mi

rect ⊕ Mi). Therefore, the ini-
tial noise incorporation for final diffusion ODE solving be-
comes: z∗f = z∗⊙ (1−Mtran)+ z+⊙Mtran (see Fig.6).

)

Parallel Local Colour Composition (in pixel space) Gaussian Noise Incorporation (in latent space)

Figure 6. Initial Gaussian noise incorporation in latent space.

Self-attention Injection for Global Consistency: In the fi-
nal stage of latent composition, the initial noise z∗f , derived
from the composited image I∗, serves as the starting point
for solving the diffusion ODE from T to 0 [61]. Through-
out this stage, sketch class semantics along with additional
prompt p (e.g., “hyper-realistic [class] in photography
style.”) is instrumental in producing smooth colour transi-
tions across boundary regions. Nonetheless, relying solely
on the initial noise may not sufficiently preserve the desired
colour consistency (i.e., colour(IL ⊙ M) ̸≈ colour(PH))
or maintain sketch identity (i.e., id(IL) ̸≈ id(S)). To ad-
dress this, we inject the self-attention map A∗

l,t of I∗ to
guide the denoising steps. This self-attention map is de-
rived using self-attention modules from the pretrained Sta-
ble Diffusion model [52], incorporating exceptional prompt
embedding Texcept for enhanced contextual understanding.
Particularly, the self-attention module at layer l composes
of three projection matrices as WQl

,WKl
,WVl

and the en-
coded features of composited image at timestep t and layer
l is z∗l,t ∈ Rh×w×d, we compute the self-attention map A∗

l,t

by A∗
l,t = softmax

(
Ql,tK

T
l,t√

d

)
· Vl,t with:

Ql,t = WQl · z
∗
l,t, Kl,t = WKl · z

∗
l,t, Vl,t = WVl · z

∗
l,t. (6)

However, achieving a balanced trade-off between textual
and spatial guidance is essential. Therefore, we introduce a
scaling factor τ to regulate this trade-off. During the initial
phase t ∈ [T, T · (1 − τ)] we inject the self-attention map
A∗

l,t to maintain global fidelity; whereas, in the subsequent
phase t ∈ [T · (1− τ), 0] the text encoding tp from the text
prompt p facilitates smooth transitions and colour-blending
throughout local regions of the final colourised result IL.

4. Experiments
Dataset: We evaluate our method on four diverse datasets
chosen to cover distinct domains: AFHQ-cat and AFHQ-
dog [15] for animal face images, Place365-small [83] for
complex indoor and outdoor scenes, Danbooru20231 for
anime-style content, and PascalVOC2012 [18] for multi-
object natural scenes. Specifically, we use ∼5k images
each from AFHQ-cat/dog training sets, 900 test images
from five randomly selected indoor and outdoor categories

1https://huggingface.co/datasets/nyanko7/danbooru2023
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in Place365-small, the first 10k samples of Danbooru2023,
and ∼12k images from PascalVOC2012. To obtain high-
quality sketches, we combine the edge detection algorithms
PiDiNet [62] and LineartDetector [79]. Experiments are di-
vided into global and local sketch colourisation. For global
stage, we use K-Means clustering with K=4 to extract
dominant colours (choice of K detailed in Sec. 4.3). For
local stage, two random masks are applied—sufficient as
mask count has no impact on results (see Sec. 3.3)—and
dominant colours are computed within masked regions us-
ing the same K=4. We further test our method in-the-wild
on 15 randomly sourced sketches from www.freepik.
com using the query “black-and-white [class] sketch”.

Implementation Details: We use the official Stable Diffu-
sion v1.5 implementation [52] with Huggingface versions
of Scribble ControlNet [79] and BLIP-2’s Q-former [37]
for the global stage, following default settings and p de-
scribed in Sec. 3.2. Class semantics are derived from BLIP-
2’s VQA features, and colour names are retrieved via a K-D
Tree [5] search over the RGB space restricted to the CSS3
colour database [3]. The local stage employs official Stable
Diffusion v1.5 [52], DPM-Solver++ [43], TF-ICON [44],
and Prompt-to-Prompt [23] implementations with CFG =
2.5, τ = 0.4, and p described in Sec. 3.3. All experiments
are conducted on a single Nvidia RTX 4090 Super GPU.

Evaluation Metrics: We evaluate performance using five
metrics. (i) Fréchet Inception Distance (FID) [24] measures
the distributional difference between real and generated
samples using InceptionV3 activations [63], where lower
scores indicate better fidelity. (ii) Learned Perceptual Image
Patch Similarity (LPIPS) [82] computes the weighted l2 dis-
tance between deep features from an ImageNet-pretrained
AlexNet [33], with lower values implying closer perceptual
alignment. (iii) Peak Signal-to-Noise Ratio (PSNR) com-
pares the maximum signal power to noise distortion, where
higher values reflect superior reconstruction quality. (iv)
SSIM measures luminance, contrast, and structural similar-
ity, with scores closer to 1 denoting higher consistency. (v)
Dynamic Closest Colour Warping (DCCW) [29] measures
palette similarity by estimating the perceptual distance be-
tween predicted and reference colour palettes, providing ac-
curate reflection of colour consistency.
Competitors: We evaluate our framework against SOTA
methods for global and local sketch colourisation: (i) For
global colourisation, DiffBlender [30] enhances text-to-
image diffusion with sketch and palette inputs, while T2I-
Adapter [49] serves as a ControlNet-based baseline [79]
using identical sketches and textual prompts. IDeepColor
[81] is adapted by colourising grayscale T2I-Adapter out-
puts with 100 sampled hints from ground-truths. Anime-
Painter [1] and CounterfeitXL [2], tuned for anime styles,
are tested on Danbooru2023 to assess domain generalisa-

tion. (ii) For local colourisation, we compare with Col-
orizeDiffusion [76], ColorFlow [86], MangaNinja [42],
and Cobra [87]. All models receive identical reference
patches; baselines use them directly, while our method ex-
tracts dominant colours and processes them with our two-
stage pipeline (Sec. 3) to ensure fairness and consistency.
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Figure 7. Qualitative results on diverse datasets (global). Our
method outperforms SOTA techniques, showing better sketch fi-
delity, colour vividness, realism, and overall colourisation quality.

4.1. Qualitative Evaluation
Local Colourisation: Compared with reference-based
methods, our approach yields more realistic results with
vivid colours and stronger fidelity to input sketch and ref-
erence local colours (see Fig. 8). While MangaNinja [42]
transfers local colours effectively, it lacks global consis-
tency. On Danbooru2023 dataset, Cobra [87] provides con-
vincing texture and shading but produces less vibrant back-
grounds. Thus, the results demonstrate the robustness of our
training-free framework, achieving competitive or superior
local colourisation even against domain-specific methods.

Global Colourisation: Fig. 7 demonstrates the effective-
ness of our global colourisation framework in preserving
sketch structure and colour consistency across all diverse
domains, from simple animal sketches (AFHQ [15]) to
complex multi-object scenes (PascalVOC2012 [18]). Our
method achieves higher sketch fidelity than competing ap-
proaches. While IDeepColor [81] attains accurate colour
placement using colour hints from ground-truth images, it
still exhibits colour artefacts such as colour bleeding and de-
saturation, suggesting that image colourisation techniques
are suboptimal for improving sketch colourisation pipeline.
In contrast, our training-free design integrates seamlessly
with domain-specific backbones (i.e., Anime-Painter [1] and
CounterfeitXL [2]), showing strong adaptability across do-
mains, as evidenced on the Danbooru2023 results.
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Figure 8. Qualitative evaluation on diverse datasets. (local) Our method outperforms SOTA techniques, achieving more accurate local
colour propagation, and enhanced sketch fidelity. By effectively integrating local reference cues through the proposed two-stage pipeline
(see Sec. 3), it produces coherent and realistic colourisation with improved consistency and visual quality across diverse styles and datasets.

Table 1. Benchmarks on diverse datasets (local colourisation).

Methods
Place365 (Indoor) Place365 (Outdoor) Danbooru2023 PascalVOC2012

FID↓ LPIPS↓ PSNR ↑ SSIM ↑ DCCW ↓ FID↓ LPIPS↓ PSNR ↑ SSIM ↑ DCCW ↓ FID↓ LPIPS↓ PSNR ↑ SSIM ↑ DCCW ↓ FID↓ LPIPS↓ PSNR ↑ SSIM ↑ DCCW ↓

ColorizeDiffusion [76] 151.52 0.645 11.18 0.310 15.30 125.936 0.554 12.04 0.386 9.73 229.44 0.455 9.56 0.485 9.65 110.80 0.517 11.42 0.257 24.37

ColorFlow [86] 354.07 0.643 5.97 0.225 17.05 204.45 0.603 8.13 0.361 16.05 94.87 0.313 10.02 0.541 10.23 367.69 0.491 8.14 0.295 14.98

MangaNinja [42] 134.57 0.548 9.57 0.331 15.19 127.70 0.568 11.24 0.403 9.46 304.17 0.507 9.57 0.485 19.61 289.21 0.492 9.83 0.302 10.61

Cobra [87] 221.38 0.603 8.01 0.186 14.96 193.58 0.732 4.18 0.107 9.05 138.48 0.373 6.27 0.402 13.57 382.70 0.554 5.72 0.164 13.96

Proposed 123.87 0.527 11.65 0.352 11.85 112.48 0.489 12.51 0.408 7.65 134.54 0.450 7.31 0.416 9.23 95.64 0.481 8.97 0.298 8.89

Table 2. Benchmarks on diverse datasets (global colourisation).

Methods
AFHQ-cat AFHQ-dog

FID↓ LPIPS↓ PSNR ↑ SSIM ↑ DCCW ↓ FID↓ LPIPS↓ PSNR ↑ SSIM ↑ DCCW ↓

DiffBlender [30] 86.82 0.811 6.94 0.032 11.60 145.50 0.858 6.81 0.033 11.74

T2I-Adapter [49] 68.95 0.706 7.80 0.134 10.44 107.12 0.746 8.12 0.134 11.66

T2I-Adapter + IDeepColor [81] 68.41 0.673 7.89 0.133 6.93 116.95 0.699 8.27 0.135 7.66
Proposed 50.31 0.671 8.65 0.187 10.30 89.70 0.687 8.78 0.214 11.44

Methods
Place365 (Indoor) Place365 (Outdoor)

FID↓ LPIPS↓ PSNR ↑ SSIM ↑ DCCW ↓ FID↓ LPIPS↓ PSNR ↑ SSIM ↑ DCCW ↓

DiffBlender [30] 133.12 0.720 6.59 0.045 10.24 144.37 0.724 7.00 0.050 13.72

T2I-Adapter [49] 121.48 0.643 8.80 0.154 10.81 176.12 0.740 9.22 0.100 13.16

T2I-Adapter + IDeepColor [81] 121.57 0.614 8.86 0.153 7.28 176.40 0.690 9.42 0.119 8.61
Proposed 113.99 0.553 9.03 0.199 10.69 129.11 0.605 9.46 0.166 12.11

Methods
Danbooru2023 PascalVOC2012

FID↓ LPIPS↓ PSNR ↑ SSIM ↑ DCCW ↓ FID↓ LPIPS↓ PSNR ↑ SSIM ↑ DCCW ↓

DiffBlender [30] 232.01 0.779 4.06 0.068 18.09 82.15 0.776 6.43 0.071 14.16

T2I-Adapter [49] 232.70 0.735 6.57 0.148 17.11 154.30 0.697 8.61 0.155 11.77

T2I-Adapter + IDeepColor [81] 233.36 0.709 6.77 0.152 13.15 160.62 0.670 8.74 0.156 8.17
Proposed (ControlNet [79] + SD1.5 [52]) 149.66 0.657 6.90 0.237 15.71 75.27 0.558 8.97 0.163 11.12

Proposed (Anime-Painter [1] + CounterfeitXL [2]) 138.74 0.483 8.82 0.438 15.10 - - - - -

4.2. Quantitative Evaluation
Local Colourisation: As shown in Table 1, our method
shows superior performance for indoor and outdoor scenes
(see Fig. 8), demonstrating stronger generalisation to real-
world settings. On Danbooru2023, other methods achieve
better LPIPS, PSNR, and SSIM, reflecting their capabili-
ties in the line-art domain, yet our lower FID and higher
DCCW indicate greater realism and local colour fidelity.
For PascalVOC2012, while methods like ColorizeDiffusion
[76] score well on LPIPS, PSNR, and SSIM, likely due to its
resemblance to line-art scenes, their outputs appear less co-
herent with visually unappealing backgrounds (see Fig. 8).
Overall, our approach achieves the best FID and DCCW
scores across all datasets, confirming its strong global con-
sistency while facilitating precise local colour transfer.

Global Colourisation: As shown in Table 2, our method
consistently outperforms competing approaches across sce-
narios, including animal faces and indoor/outdoor settings.
Although IDeepColor [81] attains superior DCCW perfor-
mance due to its direct use of ground-truth colour hints, it
degrades perceptual quality with noticeable colour artefacts
(see Fig. 7). On Danbooru2023, the benefits of our training-
free design are evident, offering strong domain adaptability
and seamless integration of stronger pretrained backbones,
such as transitioning from SD1.5 to SDXL (i.e., Counter-
feitXL [2]). Using SDXL further boosts PSNR and SSIM
scores, confirming improved pixel-level fidelity for IG

PH
.

4.3. Ablation Study
Impact of colour palette size: We evaluate the influence
of palette size PH on the globally colourised result IG

PH

using LPIPS [82] for perceptual quality and DCCW [29] for
colour fidelity. As shown in Table 3, larger palettes improve
colour faithfulness by capturing greater chromatic diversity,
but excessive sizes introduce textual ambiguity in the T2I
diffusion model, slightly reducing structural coherence, as
indicated by higher LPIPS when n increases from 4 to 5.

Table 3. Ablation on different colour palette sizes.

Methods AFHQ-cat Place365 (Indoor) Danbooru2023 PascalVOC2012
LPIPS↓ DCCW↓ LPIPS↓ DCCW↓ LPIPS↓ DCCW↓ LPIPS↓ DCCW↓

w/ 1 colour 0.693 14.23 0.562 15.72 0.694 32.16 0.673 15.06
w/ 2 colours 0.674 12.12 0.559 12.32 0.676 19.10 0.676 12.36
w/ 3 colours 0.686 10.61 0.557 11.21 0.671 16.66 0.665 11.20
w/ 4 colours 0.671 10.30 0.553 10.69 0.657 15.71 0.558 11.12
w/ 5 colours 0.682 9.21 0.560 10.22 0.668 15.55 0.662 10.58
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Figure 9. Qualitative evaluation on in-the-wild sketches. We randomly selected sketches from www.freepik.com using the keywords
“black-and-white [class] sketch.” Our sketch colourisation technique allows users to specify colour palettes and corresponding region
masks (using Photoshop), with generative priors embedded in diffusion model determining the best way to apply the chosen palettes.

Comparison of Attention Map Injections: Fig. 10 com-
pares results from different attention map injection strate-
gies. The baseline solves the diffusion ODE from T to 0
using DPM-Solver++ [43] without injections (Eq. 4). (i) In-
creasing injected maps does not improve quality, especially
for local colourisation, where colour and sketch fidelity are
critical. (ii) Injecting multiple maps adds unnecessary com-
putational cost, as each requires solving another diffusion
ODE. Hence, we inject only the self-attention map of the
composited image, fixing the diffusion process count at two.
This design achieves better detail preservation, while global
consistency is maintained through textual guidance.

Input Sketch Masks and Colours Null Prompt Inv. Our MethodNo Injection Injection A Injection B Injection C Injection D Injection E
(vii) (viii)(i) (ii) (iii) (iv) (v) (vi)

Figure 10. Contributions of Attention Maps. (i) No injection
(without attention map injection), (ii-vi) Injection A-E (different
combinations of attention map injection: A = SA(I∗)+CA(I∗, IG

M),
B = SA(I∗)+SA(IG

M), C = SA(I∗)+CA(I∗, IG
M)+SA(IG

M),
D = SA(IG

M)+CA(IG
M, IG

Pϕ+SA(IG
Pϕ), E = SA(IG

M)+CA(IG
M, IG

Pϕ),
(SA: self-attention and CA: cross-attention)), (vii) Null inversion
(change from exceptional prompt to null prompt inversion [48]),
(viii) Our method (default settings as in Sec. 3.3).

Effect of Exceptional Prompt Texcept: To assess Texcept,
we replace it with a null prompt (i.e., the unconditional term
in classifier-free guidance (CFG), Eq. 5) during inversion.
As shown in Fig. 10, this results in reduced colour rich-
ness and content fidelity. The degradation arises from spe-
cial tokens in the null prompt (e.g., [startoftext],
[endoftext], . . . ) that cause embedding shifts and dis-
tort spatial coherence. Texcept, with these tokens removed,
yields a more stable and accurate inversion, maintaining
alignment between forward and backward ODE trajectories.

     Input Sketch               Masks and Colours                         = 0.0                          = 0.2                             = 0.4                              = 0.6                             = 0.8                        = 1.0

Figure 11. Trade-off between harmonisation and faithfulness.
A low τ = 0.0 gives better harmonisation of colours but lacks
faithfulness (e.g., missing regions in the wings of ‘butterfly’)
whereas a high τ = 1.0 gives highly faithful image generation
but lacks harmonisation of colours (e.g., the red patch on “cow”).

Benefit of Scaling Factor τ : Fig. 11 shows the ef-
fect of varying scaling factor τ . Lower τ values yield
smoother colour transitions guided mainly by the prompt
(e.g., [class], hyper-realistic), but at τ = 0 the out-
put loses alignment with the sketch and colours. Increas-
ing τ strengthens structural and colour fidelity via the self-
attention injection (Sec. 3.3), yet excessive values reduce
blending and make results resemble I∗. Optimal coherence
occurs for τ ∈ [0.3, 0.6]; we set τ = 0.4 in all experiments.

5. Conclusion
In conclusion, this paper introduces a novel approach to
sketch colourisation that expertly balances precision and
user convenience. Our method leverages easily created Pho-
toshop region masks and user-defined colour palettes to of-
fer intuitive control. We utilise staged generation, latent-
space composition via ODE inversion and guided sampling,
and a custom self-attention mechanism with an innova-
tive scaling factor. Our approach addresses existing limi-
tations, such as limited user creativity from restrictive tex-
tual prompts, inaccurate local colour assignment, and un-
pleasant results. Our design, which requires no training or
fine-tuning, enhances zero-shot capabilities and integrates
smoothly with more advanced foundational methods. Fi-
nally, our model is fast (takes less than 20 steps), training-
free, and works on consumer-grade Nvidia RTX 4090 GPU.
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