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Abstract

We present a language-based noise modulation module for
diffusion models that improves image color generation un-
der textual guidance. Unlike standard approaches that inject
noise uniformly, our method leverages semantic cues from
text to selectively control the noise injection process, preserv-
ing local details and enhancing color accuracy even when de-
scriptions are ambiguous or incomplete. Applied to language-
guided image colorization, this targeted modulation leads to
more faithful and visually consistent results. The proposed
module is lightweight, generalizable, and can be integrated
into existing diffusion pipelines, offering a simple yet effec-
tive step toward more controllable text-to-image generation.

Introduction
Colorizing grayscale images from textual descriptions is
a challenging task, as users often provide only partial or
vague color information. Existing language-based coloriza-
tion methods (Chang et al. 2022, 2023) improve alignment
between text and colorization through feature fusion or ob-
ject–color decoupling, yet they typically assume detailed de-
scriptions for most objects. This assumption limits perfor-
mance when descriptions are incomplete, and it fails to pre-
serve background regions that users generally expect to re-
main unchanged.

To address this issue, we propose a Unified Noise
Modulation for Enhanced Diffusion-based Image
Colorization named as NoMoColor. Standard diffu-
sion injects noise uniformly, which erodes fine details and
alters background context. In contrast, our module leverages
semantic cues from text to selectively modulate noise
during the forward process. By reducing noise in regions
not mentioned in the description, the model preserves local
structures while recoloring only the specified objects.

As shown in Figure 1, this targeted noise modulation al-
lows accurate color mapping even under minimal or ambigu-
ous descriptions, improving both fidelity and background
preservation compared to prior approaches. Our contribution
is simple, lightweight, and generalizable to other text-guided
diffusion tasks such as editing and style transfer.
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Figure 1: Comparison of language-based and automatic im-
age colorization results with varying levels of detail.

Methodology
Diffusion models generate images by gradually adding noise
to a latent representation during the forward process and
learning to reverse this corruption in the backward process.
Standard noise injection is uniform across the image, which
often destroys fine details and alters background regions,
particularly when textual descriptions are incomplete.

To address this, we propose a language-based noise
modulation module that selectively adjusts the noise level
according to semantic cues in the text. Given an input de-
scription, we used SAM segmentation model (Kirillov et al.
2023) to identify regions relevant to the prompt. The result-
ing mask is encoded into the latent space, where noise is
injected differently for masked and unmasked areas: more
noise in target regions to enable recoloring, and reduced
noise elsewhere to preserve background details (Figure 2).
If no mask is available, the model defaults to standard noise
addition. At each timestep t ∈ {0, . . . , T}, the noisy latent
zt is defined as:

zt =
√
αtz0 +

√
1− αtϵt, (1)

for masked regions, and

zt =
√
αtz0 +

√
1− αt(δϵt), (2)

for unmasked regions, where ϵt ∼ N (0, 1) and δ < 1
controls the reduced noise level. This formulation preserves
both local structures and global consistency by limiting cor-
ruption in background regions. The denoising network ϵθ is
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Method Extended COCO-Stuff Multi-instance

PSNR↑ LPIPS↓ C↑ ∆C↓ PSNR↑ LPIPS↓ C↑ ∆C↓
Text-Guided Colorization

LBIE (Chen et al. 2018) 22.15 0.263 30.23 5.88 22.05 0.254 29.95 5.92
FILM (Manjunatha et al. 2018) 21.19 0.279 29.78 6.16 20.70 0.291 29.41 6.36
L-CoDe (Weng et al. 2022b) 24.96 0.169 32.94 4.53 23.96 0.172 32.38 4.48
L-CoDer (Chang et al. 2022) 25.50 0.159 33.52 4.13 24.22 0.165 32.92 4.04
L-CoIns (Chang et al. 2023) 25.51 0.157 34.24 3.45 24.81 0.162 33.03 3.61
L-CAD (Weng et al. 2024) 25.97 0.142 36.15 2.26 25.51 0.127 35.74 2.52

NoMoColor (Ours) 27.92 0.133 41.25 1.06 27.46 0.118 42.34 1.02
Automatic Colorization

CIC (Zhang, Isola, and Efros 2016) 22.21 0.221 30.52 4.97 22.09 0.233 29.96 5.02
InstColor (Su, Chu, and Huang 2020) 23.79 0.194 25.94 11.62 23.61 0.202 25.43 11.68
ColorFormer (Ji et al. 2022) 24.12 0.188 38.34 1.34 24.04 0.196 37.87 1.37
DISCO (Xia et al. 2022) 20.77 0.208 43.67 11.45 20.88 0.202 43.24 11.51
ColTran (Kumar, Weissenborn, and Kalchbrenner 2021) 20.68 0.314 35.12 3.61 20.34 0.321 34.56 3.85
GCP (Wu et al. 2021) 23.94 0.186 31.82 5.39 23.78 0.189 31.35 5.44
CT2 (Weng et al. 2022a) 24.16 0.184 39.79 2.11 24.05 0.186 39.48 2.15

NoMoColor (Ours) 24.42 0.168 37.35 2.65 24.15 0.165 37.96 2.69

Table 1: Comparison of selected methods on both tasks and datasets. We report PSNR, LPIPS, Colorful (C) and ∆Colorful
(∆C)↓ metrics.

trained in the latent space with conditional inputs y from
text, using the LDM loss:

L = Ex,y,ϵ,t

[
∥ϵ− ϵθ(zt, t, τθ(y))∥2

]
, (3)

where τθ encodes the textual prompt.
Overall, this noise-aware conditioning allows the model

to accurately recolor objects while leaving unspecified areas
intact, enabling robust performance even under ambiguous
or minimal descriptions.

Figure 2: Language-based Noise Addition in the the forward
diffusion process.

Experiments
We evaluate our approach on two public datasets for
automatic and language-guided colorization: an extended
COCO-Stuff dataset (Weng et al. 2022b) containing 59.3K
training and 2.5K validation images, and a Multi-instance
dataset (Chang et al. 2023) with 65.2K training and 7.2K
validation images. Each image is paired with textual descrip-
tions of varying detail.

The model is trained using classifier-free guidance (Ho
and Salimans 2022), with 30% of full or partial descriptions
randomly replaced by minimal descriptions to improve ro-
bustness. The latent space modules are trained for 50 epochs
using the Adam optimizer with a learning rate of 5× 10−5,
while the image space modules are trained separately for 20
epochs with a batch size of 8. Sampling is performed using
PLMS (Liu et al. 2022) over 50 steps.

We evaluate performance using PSNR, LPIPS (Zhang
et al. 2018), and the colorfulness score (Hasler and
Suesstrunk 2003), where ∆Colorful measures the absolute
difference from the ground truth. Our method is compared
with leading language-based techniques (LBIE, FILM, L-
CoDe, L-CoDer, L-CoIns, L-CAD) and automatic coloriza-
tion methods (CIC, InstColor, ColorFormer, Disco, ColTran,
GCP, CT2). Results in Table 1 show that our language-based
noise modulation achieves the highest PSNR and color ac-
curacy while maintaining lower LPIPS and ∆Colorful. Even
with minimal descriptions, our model surpasses automatic
methods, effectively recoloring target objects while preserv-
ing background regions, demonstrating the robustness and
controllability of our approach.

Conclusion
We presented a simple yet effective language-based noise
modulation module for text-guided image colorization. By
selectively adjusting noise levels based on textual descrip-
tions, our approach enables accurate recoloring of target
regions while preserving background details. Experiments
demonstrate that this targeted modulation improves color ac-
curacy and visual fidelity, even with minimal or ambiguous
descriptions. This method is lightweight, generalizable, and
can be integrated into various diffusion-based image gen-
eration tasks, offering a step toward more controllable and
precise text-to-image colorization.
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