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Abstract While language-based video colorization addresses
the inherent ambiguity of color assignment, language de-
scriptions typically focus on central objects, neglecting the
crucial context of emotional tone and surrounding environ-
ment necessary for accurate film colorization. In this paper,
we introduce L-VOCAL, a novel framework for language-
based video colorization that leverages audio alignment to
supplement context not explicitly provided by language. L-
VOCAL pretrains an alignment model to establish correspon-
dences between color and audio, enabling the learning of
emotional tone and environmental atmosphere. Subsequently,
these aligned audio features guide the colorization process
through specially designed condition injection modules. We
additionally contribute L-VACOLOR, a new dataset tailored
for this task, consisting of cinematic clips with diverse color
and audio tones for training and evaluation. Extensive experi-
mental results demonstrate that L-VOCAL produces coloriza-
tion results that more accurately reflect filmmakers’ artistic
expression.
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1 Introduction

Old films serve as a vital medium for cultural heritage. How-
ever, early black-and-white films are typically monochro-
matic, which inherently limits their ability to convey emo-
tional nuances and capture the full visual spectrum of real
scenes, potentially diminishing the viewing experience for
contemporary audiences. To address this issue, researchers
explore ways to breathe new life into old films through col-
orization techniques (Welsh et al, 2002; Liu et al, 2008;
Cheng et al, 2015).

Automatic video colorization methods (Liu et al, 2024b;
Zhao et al, 2023; Lei and Chen, 2019) rely on semantic cues
in the luminance channel to predict corresponding colors.
Consequently, these methods suffer from inherent ambiguity
in mapping grayscale to color, resulting in multiple seman-
tically plausible colors for a single object. Language-based
colorization methods (Li et al, 2024; Bozic et al, 2024; Chang
et al, 2024, 2023) use language descriptions to guide the color
assignment, further improving controllability and flexibility.
However, these methods focus on central objects (e.g., un-
derlined words in Fig. 1), neglecting other relevant elements
for accurate film colorization (e.g., the emotional tone and
surrounding environment).

As a multi-modal medium, film integrates rich emotional
and environmental information through its audio component.
Filmmakers often leverage the interplay of audio and visuals
to connect with audiences, resulting in an intrinsic correspon-
dence between audio and color. This audio-visual interplay is
evident in two aspects: (i) Emotional tone. Audio amplifies
the emotional impact and is frequently used to establish color-
emotion relationships to evoke specific emotional responses
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“Schindler’s List” 1993 Man in orange uniform roaring. Env: crackling fire+

“Waterloo Bridge” 1940 Women in white dress dancing. Emo: excitement+

L-C4

“Psycho” 1960 Woman in blue sweater driving. Emo: sadness+

L-C4 Ours

“Seven Samurai” 1954 Man in yellow pants walking in the forest. Env: rain+

L-C4 Ours

Ours

OursL-C4

Fig. 1 Colorization results for black-and-white sound films, compared to the language-based method (Chang et al, 2024). By introducing film audio
to supplement context not explicitly provided by language descriptions, L-VOCAL effectively produces colorization results with an appropriate
emotional tone (first and second rows) and an enriched environmental atmosphere (third and fourth rows).

(Palmer et al, 2013; Barbiere et al, 2007) (e.g., exciting music
paired with vibrant colors and sad music with dull colors).
(ii) Environmental atmosphere. Audio creates an immer-
sive atmosphere, providing crucial environmental cues to
enrich the viewer’s scene understanding (e.g., the sounds
of crackling fire and rain). These observations motivate us
to incorporate the audio semantics into the language-based
video colorization process.

In this paper, we propose L-VOCAL, a novel Language-
based VideO Colorization with Audio aLignment for the first
time. To guide the colorization of central objects based on lan-
guage descriptions, we build the model upon the pre-trained
text-to-video generation model (WanTeam, 2025), leverag-
ing its generative priors to colorize monochrome videos.
The grayscale features are extracted to preserve the struc-
ture of original videos. To equip the pre-trained model with
the audio semantics, we additionally develop an audio-color
alignment model, which effectively enriches audio features
with corresponding emotional and environmental context.
During colorization, emotionally-aware audio features are
used to modulate video features, guiding the colorization
towards the appropriate emotional tone (e.g., the bright tone
in Fig. 1 first row and the dull tone in Fig. 1 second row). The
environmentally-aware audio features are injected into the
denoising network via cross-attention, improving the envi-

ronmental atmosphere (e.g., the crackling fire in Fig. 1 third
row and the heavy rain in Fig. 1 fourth row).

For robust training and comprehensive evaluation of our
L-VOCAL, we construct the L-VACOLOR dataset, consist-
ing of film clips with Language descriptions and aligned
Visual and Auditory samples for COLORization. A tailored
filtering process selects film clips to ensure the accompany-
ing audios provide clear emotional tone or environmental
atmosphere. We further divide the dataset into 50K training
and 50 testing samples, used for both audio-color alignment
and colorization models. Each clip is additionally annotated
with captions to describe the colors of central objects, en-
abling flexible and user-friendly interaction via language
descriptions.

Our contributions can be summarized as follows:

– We establish the correspondence between color and au-
dio, leveraging the emotional tone and environmental
atmosphere to suggest film colors implicitly.

– We incorporate emotionally-aware and environmentally-
aware audio features, producing colorization results that
better reflect the filmmakers’ artistic expression.

– We introduce the L-VACOLOR dataset featuring diverse
film colors and audio tones, enabling the training and eval-
uation of audio-color alignment and colorization models.
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2 Related work

2.1 Video colorization

The target of video colorization is to accurately assign seman-
tically appropriate and visually appealing colors to monochrome
videos while ensuring temporal consistency between frames.
Although various strategies are proposed to improve coloriza-
tion results (e.g., self-regularization (Lei and Chen, 2019),
adversarial learning (Zhao et al, 2023), and optical flow es-
timation (Liu et al, 2024b)), automatic video colorization
methods predict colors based solely on luminance, which
makes the colorization task inherently ill-posed. Exemplar-
based video colorization methods (Wan et al, 2022; Zhang
et al, 2019; Iizuka and Simo-Serra, 2019; Yang et al, 2024b)
utilize reference images or user-selected frames to create
implicit correspondences with monochrome frames. While
they can produce plausible colorization results, their effec-
tiveness is heavily dependent on the relevance and quality of
the chosen exemplars, which restricts their application sce-
narios. Language-based video colorization methods (Chang
et al, 2024; Liu et al, 2023) allow for flexible control over
object colors. However, these methods tend to focus on the
central objects as users tend to only describe objects they are
interested in. This results in neglecting the color tone and
environment atmosphere, and motivates us to introduce audio
cues to assist in producing accurate colorization results.

2.2 Multimodal feature alignment

Multimodal alignment models are designed to facilitate more
effective feature fusion by projecting features from different
modalities into a common space. CLIP (Radford et al, 2021)
achieves text-image alignment through contrastive learning
on large-scale text-image pairs. Inspired by their remarkable
success, CLAP (Elizalde et al, 2023) aligns text and audio
features, demonstrating strong performance across various
audio classification tasks. ImageBind (Girdhar et al, 2023)
learns a unified embedding across six modalities (i.e., im-
age, text, audio, depth, thermal, and IMU data), extending
the zero-shot capabilities to these multiple modalities and
enabling novel cross-modal applications (e.g., audio-to-text
and audio-to-image generation). SCAV (Tsiamas et al, 2024)
leverages sequential contrastive audio-visual learning and
achieves significant performance improvements in retrieval
tasks. To align emotions between modalities, Emo-CLIM
(Stewart et al, 2024) introduces an emotional embedding
space for images and music through emotion-supervised con-
trastive learning. The success of these methods in aligning
diverse modalities motivates us to investigate a nuanced align-
ment between audio cues and visual color, to better model
the rich audio-visual interplay presented in films.

2.3 Multimodal-guided visual editing

Although recent language-guided visual editing methods
(Brooks et al, 2023; Feng et al, 2024; Liu et al, 2024a) have
demonstrated significant advancements, they struggle to cap-
ture the rich semantic nuances required for complex editing
goals (e.g., distinguishing between heavy rain and thunder-
storms). As an alternative, researchers explore approaches
for incorporating audio semantics into image editing. Lee
et al.(Lee et al, 2022b) project audio into a multimodal em-
bedding space and optimize image generation by aligning
audio representations. SonicDiffusion (Biner et al, 2024)
introduces the audio-image cross-attention layer, enabling
audio-guided image generation and editing. Recently, audio
has been further applied to capture continuous and dynamic
features in video editing. TPOS (Jeong et al, 2023) combines
temporal semantics and amplitude features of audio to guide
the audio-reactive video content generation. Soundini (Lee
et al, 2023b) incorporates sound-guided visual effects (e.g.,
explosion and lightning) into specific regions with a zero-
shot approach. AudioScenic (Shen et al, 2024) preserves
foreground content while modifying backgrounds through a
temporally-aware audio semantic injection process. Inspired
by these achievements, we leverage audio to supplement the
context not explicitly provided by language descriptions for
the video colorization.

3 L-VACOLOR dataset

The datasets used by previous video colorization methods typ-
ically lack accompanying audio, as these methods generally
do not incorporate audio cues. Although audio-driven video
editing models collect a large-scale synchronized video and
audio recordings (Chen et al, 2020), they primarily consist of
unedited real-world clips, still lacking the intentional artistic
expression rendering in films. To further explore the corre-
spondence between audio and color in films, we construct the
L-VACOLOR dataset, consisting of film clips with aligned
visual and auditory elements. The construction process of
our dataset is illustrated in Fig. 2.
Data source. The L-VACOLOR dataset is derived from two
public movie datasets: the Condensed Movies Dataset (Bain
et al, 2020) and MovieBench (Wu et al, 2025). The Con-
densed Movies Dataset provides a rich collection of repre-
sentative clips extracted from 3,605 films with a duration
of 1,270 hours, capturing key scenes with synchronized au-
dio and visual content. MovieBench delivers 69 hours of
high-quality clips from 91 movies, further offering diverse
scenes. By integrating these sources, L-VACOLOR combines
abundant movie clips with audio tracks.
Single-shot segmentation. Previous foundational models for
video colorization (Chang et al, 2024; Bozic et al, 2024; Li
et al, 2024) and video generation (WanTeam, 2025; Chen
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Fig. 2 The processing pipeline for our L-VACOLOR dataset.
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Fig. 3 Statistical analysis of the L-VACOLOR dataset. Left: The distribution of emotion and environment categories. Right: Illustration of
correspondence between audio cues and visual color in collected film clips.

et al, 2024; Blattmann et al, 2023) treat single shots as their
fundamental processing unit. Following this practice, we
segment movie data into single-shot clips to represent a con-
tinuous environmental atmosphere and consistent emotional
representation. The pre-trained TransNet (Soucek and Lokoc,
2024) is used to divide videos into single-shot clips with dura-
tions ranging from 3 to 15 seconds, with an average duration
of approximately 10 seconds.

Color aesthetic filtering. We filter the dataset using the
color aesthetic scoring (He et al, 2023), based on dominant
colors, color harmony, and color combination. Higher color
aesthetic scores indicate more deliberate color design dur-
ing post-processing, suggesting a stronger artistic expression
from filmmakers. We select clips with scores above 6.5, de-
termined empirically.

Audio track separation. Audio tracks of film clips can
be formulated as a combination of human speech, back-
ground music, and ambient sound effects. We observe that
human speech generally lacks a direct correlation with spe-
cific color choices. Therefore, we separate the audio tracks of

movie clips and discard the human speech track using Bandit
(Watcharasupat et al, 2024), which requires approximately
2.1 GB of GPU memory and takes only about 1.16 seconds
per sample. Background music is preserved to facilitate emo-
tional tone, while ambient sound effects are preserved to
reflect the environmental atmosphere. To remove silent por-
tions, we conduct volume filtering to exclude clips with back-
ground music and ambient sound effects tracks falling below
-30 dB.

Emotional alignment. To ensure emotional synchronization
between film clips and background music, we assign both
of them emotion categories based on Mikel’s Wheel (Mikels
et al, 2005), and then filter out unmatched samples. Specif-
ically, the emotion for each segmented single shot is deter-
mined by annotating two key components: its middle frame
using the image classifier (He et al, 2016) from EmoGen
(Yang et al, 2024a), and its background music track using
Qwen2-Audio (Chu et al, 2024). Only data with consistent
emotion categories across these modalities are preserved for
subsequent processing.
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The park shows blue water, green trees.

Emo: amusement

Woman with golden hair smiling.

Emo: excitement

Woman in white shirt looking down.

Emo: contentment

Blue clouds drift under the sky.

Emo: awe

Woman with black hair mocks.

Emo: disgust

Soldier in faded gray-green uniform scolds chef.

Emo: anger

White-shirted man cries in ward.

Emo: sadness

Pale face and red lips.

Emo: fear

Azure waves crash on shore.

Env: sea waves

Orange flames engulf the house.

Env: crackling fire

Purple lightning flashes across the sky.

Env: thunder

Girl in white is walking alone in the rain.

Env: rain

Reeds swaying under blue sky, white clouds.

Env: wind

Golden flames burn the mountains.

Env: burning

Man in dark green jacket shoveling snow.

Env: snow

Fig. 4 Samples from the L-VACOLOR dataset, demonstrating that our collected film clips effectively align the visual and auditory elements.

Environmental alignment. To align the film clips with ambi-
ent sound effects, we discard data with unclear environmental
semantics or out-of-synchronization issues. Specifically, we
use labels from the ESC-50 dataset (Piczak, 2015) and the
Landscape dataset (Lee et al, 2022a) (e.g., “rain” and “sea
waves”) to construct language descriptions representing am-
bient sound effects, including a total of 59 distinct categories
that cover a wide range of cinematic environments. Then, we
utilize CLAP (Elizalde et al, 2023) to calculate the similarity
between ambient sound effects and language descriptions.
To filter out samples with unclear environmental semantics,

we only preserve those with a similarity score greater than
0.7. Finally, we apply ASVA (Zhang et al, 2024) to calculate
the similarity between the ambient sound effect track and
the video, filtering out scores lower than 0.8, thereby further
ensuring temporal synchronization.

Language description annotation. Following InternVid
(Wang et al, 2023), we further annotate the colors of central
objects in each clip using language descriptions. Specifically,
we generate captions for film clips at 20-frame intervals using
InstructBLIP (Dai et al, 2023). After that, we integrate these
captions into coherent descriptions using GPT-4 (Achiam
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Fig. 5 The pipeline of L-VOCAL. (a) For learning emotional tone, we adopt the Intra-Modality Contrastive (IMC) loss to construct the emotionally-
aware feature space and the Cross-Modality Contrastive (CMC) loss to align audio features with the emotional tone in a contrastive learning manner.
(b) For learning environmental atmosphere, we introduce the Attentional Cross-modality Contrastive (ACC) loss to align environmentally-aware
features with the corresponding sound-producing objects. (c) Our colorization framework builds upon a pre-trained text-to-video generation model,
including a self-attention (SelfAttn), a language cross-attention (LagAttn), and feed-forward network (FFN). To further supplement the context not
explicitly provided by language descriptions, we use these aligned audio features with (d) the environment cross-attention (EnvAttn) to render a
realistic surrounding environmental atmosphere and (e) the emotion modulation (EmoMod) to control the global style of the generated video.

et al, 2023) with pre-defined prompts. Additionally, we em-
ploy human annotators to provide captions describing the
colors of central objects in the evaluation film clips.
Dataset statistics and analysis. Our processed dataset in-
cludes approximately 50K videos for training and 50 videos
for testing, each with a resolution of 480× 832 pixels. Am-
bient sound effects, background music, and language de-
scriptions of central objects are carefully annotated for these
videos. To clarify the category distribution, we present the dis-
tribution of emotion and environment categories in Fig. 3 left.
To further illustrate the correspondence between audio cues
and visual color in these film clips, quantitative results are
presented in Fig. 3 right, where average saturation, value,
and hue for each category are calculated. Note that hue is a
cyclical value from 0 to 1, where 0 and 1 represent red, 0.33
corresponds to green, and 0.67 to blue. Analysis of the corre-
spondence between background music and color attributes
reveals that positive emotions (i.e., “amusement”, “excite-
ment”, “contentment”, and “awe”) tend to exhibit higher
saturation and brightness, whereas negative emotions (i.e.,
“anger”, “disgust”, “fear”, and “sadness”) correspond to lower
saturation and brightness. Moreover, fire-related sounds (i.e.,
“crackling fires” and “explosions”) are generally associated
with higher brightness and warm colors while water-related
sounds (i.e., “sea waves” and “waterfall burbling”) tend to

correspond to lower brightness and cool colors. We present
samples of our L-VACOLOR dataset in Fig. 4.

4 Method

In this section, we introduce the proposed framework of L-
VOCAL, as shown in Fig. 5. Firstly, we build the alignment
model to learn the correspondence between color and audio
through two key aspects: emotional tone and environmental
atmosphere (Sec. 4.1). Subsequently, we develop our col-
orization model, which leverages language descriptions to
specify the colors of central objects while incorporating au-
dio features to enhance the emotional tone and refine the
color of the surrounding environment (Sec. 4.2). Finally, we
describe the training details (Sec. 4.3).

4.1 Alignment between audio and color

Following previous approaches (Radford et al, 2021; Elizalde
et al, 2023; Girdhar et al, 2023), we design the alignment
model to align color and audio, enabling the accurate ex-
traction of aligned emotionally-aware and environmentally-
aware audio features.
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L-C4

TCVC

L-VOCAL

Input

SonicDiff

A man in white shirt is walking. Flaming logs blaze near icy blue glaciers.

Emo: contentment+ Env: crackling fire +

VCGAN

ColorDiff

AADiff

VACE

Fig. 6 Visual quality comparison results with relevant methods, including automatic colorization (i.e., TCVC (Liu et al, 2024b) and VCGAN
(Zhao et al, 2023)), language-based colorization (i.e., L-C4 (Chang et al, 2024), ColorDiff (Liu et al, 2023), and VACE (Jiang et al, 2025)), and
audio-driven approaches (i.e., SonicDiff (Biner et al, 2024) and AADiff (Lee et al, 2023a)).

4.1.1 Multi-modal feature extraction

Auditory features. We leverage the background music and
ambient sound effects provided by the L-VACOLOR dataset
(Sec. 3) to learn the correspondence with visual colors. Specif-
ically, since the background music of film clips contains

abundant emotional cues and the emotion representation
within a single shot typically remains consistent, we utilize
the CLAP (Elizalde et al, 2023) audio encoder to extract
emotionally-aware features from it. This converts the back-
ground music into a global vector, which is subsequently
mapped into an emotion space using an emotional projec-



8 Zheng Chang†, Shuchen Weng†, Huan Ouyang†, Yuchen Hong, Lihan Lin, Si Li �, Boxin Shi

tor, represented as Aemo ∈ RD, where D is the embedding
dimension. Furthermore, since dynamic environmental at-
mosphere often indicates local scene variations, we extract
environmentally-aware features from the ambient sound ef-
fect track. The CLAP audio encoder is then employed to
generate a temporal feature sequence. This sequence is sub-
sequently projected into an environment space through an en-
vironmental projector,represented as Aenv ∈ RM×D, where
M is the length of the sequence.
Visual features. Given a colored video X ∈ RF×H×W×3,
we employ a pre-trained VAE from the generative model
framework (WanTeam, 2025), including a stack of 3D convo-
lutional and flatten operations, to extract a visual semantic
representation V ∈ RN×D, where N = (F/4+1)∗(H/16)∗
(W/16) represents the sequence length of visual features. To
obtain a global representation reflecting the overall scene
context, we perform average pooling on the visual representa-
tion V across both the temporal and spatial dimensions. This
pooled representation is then projected into a shared emotion
space using a linear layer, resulting in a vector V emo ∈ RD.
Another linear layer is applied to map visual representation
into a shared environment space, denoted as V env ∈ RN×D.

4.1.2 Learning emotional tone

We develop intra-modal and cross-modal contrastive losses
for effective emotional representation.
Intra-modal loss. This loss is designed to construct the
emotionally-aware feature space for audios according to emo-
tion categories defined by Mikel’s Wheel (Mikels et al, 2005).
Specifically, we sample paired triplets based on their emotion
categories, which comprise an anchor feature, a positive fea-
ture, and a negative feature, denoted as [Aemo

anc , A
emo
pos , A

emo
neg ]

for audio features. Here, positive samples match the anchor’s
emotion category, while negative samples have a different
one. Consequently, the intra-modal contrastive loss is formu-
lated as:

LIMC=max
(
d(Aemo

anc , A
emo
pos )−d(Aemo

anc , A
emo
neg )+α1, 0

)
, (1)

where the margin parameter α1 = 0.01 and d(·, ·) represents
the cosine distance.
Cross-modal loss. This loss serves to align the audio fea-
tures Aemo with their corresponding visual feature V emo

in a shared emotion space. Specifically, we further sam-
ple paired triplets for emotional visual features, denoted as
[V emo

anc , V emo
pos , V emo

neg ]. After that, we establish a hierarchical
correspondence, where paired audio and visual features have
the highest similarity, followed by features sharing the same
emotion category, while features with different emotion cate-
gories show the greatest distance. As a result, the cross-modal
contrastive loss is formulated as:

LCMC=max
(
d(Aemo

anc , V
emo
anc )−d(Aemo

anc , V
emo
pos )+α2, 0

)
+

max
(
d(Aemo

anc , V
emo
pos )−d(Aemo

anc , V
emo
neg )+α3, 0

)
, (2)

where we set α2 = 0.02 and α3 = 0.01 to control margins
between different correspondences.

4.1.3 Learning environmental atmosphere

To enhance the rendered atmosphere of film clips, we fur-
ther align the environmentally-aware audio features with the
corresponding sound-producing objects. Specifically, we cal-
culate the dot product similarity between the i-th local audio
feature ai ∈ RD from the environmentally-aware audio fea-
tures Aenv and the j-th local video feature vj ∈ RD from the
environmental visual features V env as S(ai, vj) = ai · vj .
Next, we perform a weighted sum based on these similarity
scores to produce the visual representation corresponding to
the i-th audio feature, formulated as:

ṽi =

N∑
j=1

wjvj , where wj =
exp(S(ai, vj))∑N
k=1 exp(S(ai, vk))

. (3)

As a result, the similarity between audio and visual features
can be formulated as:

R(Aenv, V env) = log(

M∑
i=1

exp(S(ai, ṽi))). (4)

To ensure that corresponding video and audio pairs have
higher similarity within the fed batch of size B, we calculate
the attentional cross-modal contrastive loss:

LACC = −
B∑
i=1

log

(
exp(R(Aenv

i , V env
i )/τ)∑B

j=1 exp(R(Aenv
i , V env

j )/τ)

)
, (5)

where the temperature hyperparameter τ = 0.1 controls
the smoothness of the distribution. Finally, these losses are
combined to train the alignment model:

LALI = λ1LIMC + λ2LCMC + LACC, (6)

where λ1 = 0.5 and λ2 = 0.5 are loss function weights.

4.2 Language-based colorization with audio alignment

We build our colorization model upon a text-to-video genera-
tion framework (WanTeam, 2025). Leveraging its robust lan-
guage understanding capabilities, our model precisely speci-
fies colors for central objects. Additionally, we incorporate
aligned audio features to guide the generation of emotional
tone and the surrounding environment.
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Table 1 Quantitative results on two test sets. Throughout this paper, ↑ (↓) means higher (lower) is better. Best scores are highlighted in bold. CDC
is reported with a scale of 1000 for better readability.

Method L-VACOLOR test Black-and-white test
Color. ↑ PSNR ↑ SSIM ↑ LPIPS ↓ FVD ↓ CDC ↓ Temp-S ↑ CAM-S ↑ Color. ↑ CDC ↓ Temp-S ↑ CAM-S ↑

VCGAN (Zhao et al, 2023) 19.78 24.77 0.863 0.202 2457.81 2.524 0.233 0.468 19.66 6.457 0.222 0.380
TCVC (Liu et al, 2024b) 25.48 24.79 0.885 0.209 2825.24 2.917 0.225 0.478 25.79 7.753 0.221 0.382
ColorDiff (Liu et al, 2023) 26.88 22.84 0.895 0.211 2247.36 4.216 0.234 0.488 24.16 6.955 0.257 0.452
L-C4 (Chang et al, 2024) 23.90 25.17 0.912 0.202 1919.56 1.458 0.237 0.486 21.65 5.432 0.257 0.454
VACE (Jiang et al, 2025) 25.37 23.86 0.897 0.304 2968.25 3.545 0.225 0.443 25.26 8.123 0.249 0.468
AADiff (Lee et al, 2023a) 19.87 22.24 0.848 0.252 2563.44 2.477 0.241 0.468 18.91 7.568 0.245 0.414
SonicDiff (Biner et al, 2024) 19.71 22.97 0.852 0.266 2245.99 2.747 0.232 0.466 19.33 6.985 0.246 0.424

W/ RTD 26.23 24.92 0.928 0.197 1985.47 1.656 0.245 0.492 25.77 7.342 0.237 0.451
W/o AC 23.11 24.77 0.924 0.206 2256.33 1.771 0.247 0.480 21.77 7.868 0.251 0.458
W/o ETG 24.55 24.88 0.910 0.212 2274.19 1.601 0.245 0.494 24.77 6.274 0.257 0.454
W/o EAG 27.06 24.18 0.930 0.221 2436.87 1.567 0.250 0.488 25.99 5.787 0.249 0.462
W/o ETA 26.94 23.75 0.918 0.200 2147.26 1.878 0.239 0.504 25.22 8.023 0.247 0.456
W/o EAA 27.07 23.10 0.907 0.215 1988.93 1.784 0.249 0.488 24.51 7.651 0.254 0.458

Ours (L-VOCAL) 27.81 25.59 0.929 0.184 1654.54 1.341 0.260 0.510 26.87 5.146 0.258 0.472

Table 2 Qualitative comparison with relevant methods in model efficiency and complexity.

Method VCGAN TCVC L-C4 ColorDiff AADiff SonicDiff VACE Ours (L-VOCAL)

Trainable params 106.02 M 198.38 M 1.43 B 1.11 B 116.01 M 109.47 M 1.95 B 1.52 B
GPU memory usage 4.61 GB 3.43 GB 12.23 GB 7.27 GB 13.71 GB 8.23 GB 25.94 GB 7.06 GB

Inference time 12.3s 15.7s 334.6s 539.7s 457.5s 427.1s 313.7s 179.9s

4.2.1 Architecture of colorization framework

Our video colorization model integrates a variational autoen-
coder (VAE) to compress high-dimensional video data into
a compact latent representation. This representation is then
processed by a diffusion transformer, which converts random
noise into structured latent code based on language descrip-
tions and aligned audio conditions. To preserve the original
grayscale video structure, we incorporate grayscale guidance.
The diffusion model is trained using rectified flow loss.
Variational autoencoder. To enable scalable and efficient
training, a 3D causal variational autoencoder (VAE) is used to
extract compact latent representations from high-dimensional
video data. Specifically, the VAE encoder compresses a col-
ored video X ∈ RF×H×W×3 into a latent code Z with a
shape of [1 + F/4, H/8,W/8, 16]. Then, the VAE decoder
with a symmetric structure reconstructs the video from this
compressed latent code.
Diffusion transformer. The diffusion transformer is de-
signed to convert noise into a structured latent code. It pri-
marily comprises three components: a patchify module, trans-
former blocks, and an output head. The patchify module uses
a 3D convolutional layer to further spatially compress the
noisy latent code Zt by a factor of 2. We then flatten this out-
put to obtain hin ∈ RN×D, which serves as the input for the
transformer blocks, where N = (F/4+1)∗(H/16)∗(W/16)

represents the sequence length of visual features. Within each
transformer block, a self-attention mechanism is first inte-

grated to model complex dependencies within the visual
sequence. After that, language descriptions are encoded by
umT5 (Chung et al, 2023) and injected to guide the genera-
tion process via a language cross-attention. Following this,
emotionally-aware Aemo and environmentally-aware Aenv

audio features are injected into the latent code to control
the generation of the emotional tone and the surrounding
environment, respectively. Finally, a feed-forward network
is adopted to further extract high-dimensional features. The
output head then projects the output of the transformer block
into the dimensions of the original latent code Z.
Grayscale guidance. Since the VAE encoder requires a 3-
channel input, we first repeat the single color channel of the
grayscale video to form a 3-channel input, resulting in Xg ∈
RF×H×W×3. The VAE encoder then processes this grayscale
input to produce a latent representation Zg. A 3D convolution
further compresses and flattens Zg to match the shape of
hin. This grayscale feature is added to hin via element-wise
summation, thereby injecting structural information from the
grayscale video into the transformer’s input.
Rectified flow loss. Our model is formulated as a recti-
fied flow model. Compared to traditional diffusion mod-
els, this formulation offers improved stability and robust-
ness during training. Its forward process is formulated as
a linear interpolation between the latent code Z and ran-
dom noise ϵ ∼ N (0, 1), expressed as Zt = tZ + (1 −
t)ϵ. The backward process involves predicting a velocity
uθ to transform the noise into structured data dZ/dt =
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Waves hit the golden beach.  

Env: sea waves+

The left man in gray and the right man in blue skirt.

Emo: excitement+

W/o EAG

W/o ESG

W/o AC

W/o ESA

W/o EAA

L-VOCAL

Input

Smiling man on the left in a light gray shirt walking beside a man on the 

right in a blue shirt. Sunny green field, cheerful and excited mood, 

vibrant outdoor energy enhancing their joyful interaction.

W/ RTD

Waves crashing onto golden sand under vivid deep-blue coastal. Clear 

turquoise water, lush green island in the distance, creating a fresh, 

vibrant seaside atmosphere full of clarity, and tropical energy.

Fig. 7 Ablation study results, including discarding audio conditions (i.e., W/ RTD and W/o AC), removing audio guidance modules (i.e., W/o ETG
and W/o EAG), and disabling audio alignment modules (i.e., W/o ETA and W/o EAA).

uθ(Zt, Z
g, ytex, Aenv, Aemo, t), where uθ represents the pre-

dicted velocity conditioned on the latent code Zt, grayscale
video Zg, language description ytxt, and time t. The ground
truth velocity is defined as vt = Z−ϵ. Thus, the loss function
can be formulated as the mean squared error (MSE) between
the model output and vt:

LMSE = EZ,ϵ,t||uθ(Zt, Z
g, ytex, Aenv, Aemo, t)−vt||2. (7)

4.2.2 Colorization with aligned audio guidance

Environmental guidance. To render a realistic surrounding
environmental atmosphere, we introduce environmentally-
aware audio features Aenv to guide the colorization process
via an environment cross-attention. Specifically, this cross-
attention is performed frame-wise to learn the temporal cor-
respondence between audio and video. We first divide the
environmentally-aware audio features Aenv into (F/4 + 1)
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Env: crackling fire+Emo: excitement+

Env: burning+

Lush island with palm-fringed shores.
Env: sea waves+

The firewood is burning in the fireplace.

Env: rain+Emo: sadness+

A girl stands on the balcony and looks down.

Emo: sadness+
A girl is staring at others.

Emo: fear+
L-VOCAL

L-VOCAL

Input

L-VOCAL

Input

L-VOCAL

Fig. 8 Qualitative colorization results demonstrating audio condition controllability. Given the same language descriptions, L-VOCAL produces
diverse colorization results that align with the emotional tones and environmental atmospheres of the provided audio conditions.

segments, matching the number of latent video frames. Each
segment is then injected into the corresponding frame repre-
sentation:

henv
f = CrossAttn(hf , A

env
f ) + hf , (8)

where hf represents the f -th latent frame and Aenv
f represents

the corresponding audio segment. CrossAttn(·, ·) refers to a
cross-attention module where the latent frame serves as the
query, and the audio feature segment as the key and value.
Emotional guidance. To ensure emotional synchronization
between colorization results and the provided background
music, we incorporate emotionally-aware audio features Aemo

into the colorization process. Inspired by the effectiveness of
feature modulation (Huang and Belongie, 2017) in control-
ling the global style of generated results, we use an emotion
modulation to integrate emotional audio features. Specifi-
cally, we process the emotionally-aware audio feature Aemo

through two linear layers to produce the modulation parame-
ters γemo and βemo:

γemo = Aemo ·W γ , βemo = Aemo ·W β , (9)

where the linear layer parameters W γ and W β are initialized
to zero to ensure that the output remains unchanged at the
beginning of training. These parameters then modulate the
latent feature henv through scaling and shifting, ensuring the
colorization captures nuanced emotional tones aligned with
the accompanying audio:

hemo = henv ⊙ (γemo + 1) + βemo. (10)

4.3 Training and evaluation details

We train the alignment model with a batch size of 16 and the
colorization model with a batch size of 2, requiring approx-
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A man in light purple shirt walks with a woman on the beach.

Emo: excitement+
A man in light yellow shirt walks with a woman on the beach.

Emo: contentment+
Man is crafting a orange pumpkin head.

Man is crafting a green pumpkin head.

A gray car passes by in the rain.
Env: rain+

A blue car passes by in the rain.

Green lightning tears through the stormy sky.
Env: thunder+

Blue lightning tears through the stormy sky.

Input

L-VOCAL

L-VOCAL

Input

L-VOCAL

L-VOCAL

Fig. 9 Qualitative colorization results demonstrating language description controllability. Given the same audio conditions, L-VOCAL produces
diverse results that specify central object colors by modifying text descriptions.

imately 36 hours and 72 hours, respectively. AdamW opti-
mizer (Loshchilov and Hutter, 2019) is used with a learning
rate of 1× 10−5 and momentum parameters β1 = 0.99 and
β2 = 0.999. The clip length for training is set to F = 81. All
experiments are conducted on 4 NVIDIA A100 40G graph-
ics cards. During inference, L-VOCAL takes approximately
179.9 seconds and consumes 7.06 GB of GPU memory to
colorize an 81-frame monochrome video (480 × 832) on a
single NVIDIA A100 GPU.

5 Experiments

Metrics. We adopt eight metrics to evaluate our proposed col-
orization model comprehensively. Following previous video
colorization methods (Liu et al, 2024b; Zhao et al, 2023;

Bozic et al, 2024; Li et al, 2024; Yang et al, 2024b; Liu et al,
2023), we assess the video quality using: (i) the Fréchet
Video Distance (FVD) (Unterthiner et al, 2019) for percep-
tual realism; (ii) the Colorfulness score (Color.) (Hasler and
Suesstrunk, 2003) for color vibrancy; (iii) the PSNR (Huynh-
Thu and Ghanbari, 2008), SSIM (Wang et al, 2004), and
LPIPS (Zhang et al, 2018) for perceptual quality; and (iv)
Color Distribution Consistency (CDC) (Liu et al, 2024b)
and Temporal Score (Temp-S) (Shen et al, 2024) for tempo-
ral consistency. Additionally, we introduce the Color-Audio
Matching Score (CAM-S), to assess the alignment between
colorization results and the corresponding audio. Specifically,
we leverage the Qwen2.5-Omni (Xu et al, 2025) 7B model
to assign a relevance score ranging from 0 to 10, quantifying
the correlation strength between visual chromatic attributes
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Sadness

A man in brown is riding a motorcycle with a woman. 𝜶: 𝒆𝒙𝒄𝒊𝒕𝒆𝒎𝒆𝒏𝒕 𝒔𝒄𝒂𝒍𝒆 𝟏 − 𝜶: 𝒔𝒂𝒅𝒏𝒆𝒔𝒔 𝒔𝒄𝒂𝒍𝒆

Excitement

𝜶=1 𝜶=0.75 𝜶=0.5 𝜶=0.25 𝜶=0

Fig. 10 Qualitative results for linearly interpolated emotional audio features. As features shift from excitement to sadness, the model enables
fine-grained controllability over the emotional tone.

Input

L-VOCAL

Emo: sadness+

L-VOCAL

A woman wearing a red hat stands on the street, with the warm sky above, filled with 

a cheerful and joyful atmosphere.

Emo: amusment+

Fig. 11 Colorization results under conflicting text and audio conditions.
When replacing the original audio with a conflicting one (different
emotional tone), L-VOCAL adjusts the global style accordingly while
preserving the semantic object colors defined by the text.

and emotionally-aware and environmentally-aware audio fea-
tures. Higher scores indicate stronger perceptual coherence.
Evaluation dataset. Following the test set sizes of the pre-
vious works (Yang et al, 2024b; Liu et al, 2024b; Zhao
et al, 2023; Li et al, 2024), we construct two test sets: (i)
L-VACOLOR test: We randomly select 50 color film clips
from the L-VACOLOR dataset, ensuring no overlap with
its training set; (ii) Black-and-white test: We collect 50
black-and-white film clips to evaluate the model’s general-
ization and real-world applicability. As ground truth color is
unavailable for these clips, we manually annotate the colors
of salient objects and compute only a subset of the metrics.
We utilize Bandit (Watcharasupat et al, 2024) for automated
track separation, which requires approximately 2.1 GB of
GPU memory and takes only about 1.16 seconds per sample.
This demonstrates that processing monaural audio does not
impose a significant computational burden on our model in
real-world application scenarios.

5.1 Comparison

Qualitative comparisons. As shown in Fig. 6, we conduct
qualitative comparisons with relevant video editing meth-
ods. Compared to automatic colorization approaches (i.e.,
TCVC (Liu et al, 2024b) and VCGAN (Zhao et al, 2023)),
our L-VOCAL effectively addresses the inherent ambiguity
in color assignment (e.g., the man’s white clothes in Fig. 6
left). Compared to language-based colorization approaches
(i.e., L-C4 (Chang et al, 2024), ColorDiff (Liu et al, 2023),
and VACE (Jiang et al, 2025)), our L-VOCAL leverages
environmentally-aware audio features to supplement the envi-
ronmental atmosphere (e.g., the crackling fire in Fig. 6 right).
Furthermore, in contrast to the audio-driven approaches (i.e.,
SonicDiff (Biner et al, 2024) and AADiff (Lee et al, 2023a),
adapted by fine-tuning on L-VACOLOR), our method specifi-
cally establishes the correspondence between emotional tone
and background music, thereby better reflecting the film-
maker’s original expression (e.g., the contentment tone in
Fig. 6 left).

Quantitative comparisons. We further quantitatively com-
pare our L-VOCAL against the relevant automatic, language-
based, and audio-driven video colorization approaches pre-
viously discussed. As shown in Table 1, our L-VOCAL
achieves the best scores across all evaluation metrics on
both test sets, demonstrating superior colorization quality
and temporal consistency. The top CAM-S further highlights
the strong alignment between the colorization results and the
accompanying audio.

Efficiency comparison. We additionally compare the effi-
ciency and complexity of L-VOCAL against relevant meth-
ods, reporting the number of trainable parameters, GPU
memory footprint, and average inference time per frame.
To ensure a fair comparison, all models are evaluated on a
single NVIDIA A100 GPU at a resolution of 480× 832. As
presented in Table 2, L-VOCAL demonstrates a significant
inference speed advantage over comparable diffusion-based
methods (e.g., L-C4 (Chang et al, 2024), ColorDiffuser (Liu
et al, 2023), and VACE (Jiang et al, 2025)). While some
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non-diffusion models (e.g., TCVC (Liu et al, 2024b) and VC-
GAN (Zhao et al, 2023)) still offer faster inference speeds,
this efficiency comes at the cost of colorization quality, as
reflected in the lower performance on generative metrics (e.g.,
FVD and CDC) shown in Table 1.

5.2 Ablation

To evaluate the effectiveness of our proposed modules, we
conduct five ablation studies. Quantitative and qualitative
results are respectively presented in Fig. 7 and Table 1.
W/ Rich Text Descriptions (RTD). We discard all audio
modules and instead provide the model with rich text de-
scriptions that explicitly describe the emotional tone and
environmental atmosphere. This leads to noticeably inferior
emotional and environmental rendering. As shown in Fig. 7
(left), the model generates results with insufficient saturation
to express the excited emotional tone specified in the text.
W/o Audio Condition (AC). We discard audio conditions
and their corresponding injection modules from the denoising
network. This leads our model to degrade into a language-
based video colorization model without audio alignment.
As shown in Fig. 7 (left), the produced colorization results
tend to be neutral and lack an accurate emotional tone and
environmental atmosphere.
W/o Emotional Tone Guidance (ETG). We remove the emo-
tional modulation (EmoMod) module from the colorization
framework, thereby discarding emotional guidance from the
background music. This results in the unmatched emotional
tones of colorization. As shown in Fig. 7 (left), the coloriza-
tion results cannot effectively express the tone of excitement.
W/o Environmental Atmosphere Guidance (EAG). We
remove the environmental cross-attention (EnVAttn) module
from the colorization framework, preventing the colorization
model from receiving guidance from ambient sound effects.
This leads to an inaccurate environmental atmosphere. As
illustrated in Fig. 7 (right), the model failed to reproduce the
vivid color of the seawater.
W/o Emotional Tone Alignment (ETA). We disable the
alignment module for learning emotional tone. This results in
injected emotionally-aware audio features being unaligned,
and the colorization model loses pre-trained correspondence
with the emotional tone. As shown in Fig. 7 (left), the overall
tone becomes dull, mismatching exciting music.
W/o Environmental Atmosphere Alignment (EAA). We
disable the alignment module for learning the environmen-
tal atmosphere. Therefore, the environmentally-aware audio
features used for cross-attention are unaligned, leading the
colorization results to be less sensitive to ambient sound ef-
fects. As shown in Fig. 7 (right), the color contrast between
the beach and the sea is reduced.

Table 3 User study results. Our L-VOCAL produces a higher score
than relevant approaches.

CVE TCVC VCGAN L-C4 ColorDiffuser L-VOCAL
10.2 % 13.8 % 15.4 % 14.4 % 46.2 %

AAE AADiff SonicDiff L-C4 ColorDiffuser L-VOCAL
12.4 % 10.6 % 20.2 % 13.6 % 43.2 %

Please select the clip with the highest cinematic aesthetic quality.

B CA

D E

Fig. 12 The interface used for the user study, where audio and video
colorization results are played synchronously. Users are required to
select their preference according to the given requirement.

5.3 Controllability study

Audio control. We demonstrate audio controllability by re-
placing the provided audio condition. As a result, given the
same grayscale video and language descriptions, L-VOCAL’s
colorization results align with the emotional tones and en-
vironmental atmosphere of the provided audio features. As
shown in the first row of Fig. 8 (left), L-VOCAL renders a vi-
brant color for the excitement tone, while the sadness tone is
well applied even when the character has a happy expression.
As shown in the second row of Fig. 8 (right), sea wave sounds
produce cool colors, whereas the burning sound renders the
sea surface in vibrant red hues. These results demonstrate the
effectiveness of audio condition controllability.
Language control. We demonstrate language controllability
by replacing the color in language descriptions of the central
object. As shown in Fig. 9, the modified language description
effectively alters the color of the specified instances, while
preserving emotional tone and environmental atmosphere
alignment with the provided audio condition.
Emotion control. We demonstrate the fine-grained control-
lability of emotional guidance by linearly interpolating emo-
tional audio features between two distinct emotions. As
shown in Fig. 10, when the features shift from excitement
to sadness, colorization results demonstrate a smooth tran-
sition from vibrant and warm tones to desaturated and cool
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“Roman Holiday”1953

Input

L-VOCAL

Man in pink suit riding a electric scooter.

+ Emo: excitement

“ Ivan’s Childhood ” 1962

Input

L-VOCAL

Logs burn inside black stove’s flames.

+ Env: crackling fire

A person is cutting an orange with a knife.

Env: cutting

Everyday Video

+

Documentary

+ Env: waves

White yachts sail on the blue sea..

Fig. 13 Qualitative colorization results for diverse real-world scenarios, including realistic black-and-white sound films (left), along with everyday
videos and documentaries (right).

“The woman in brown suit is crying.”  200 Frames Emo: sadness+

L-VOCAL

Input

1f 40f 80f

Input

120f
160

f
200f

Fig. 14 Colorization results for long video clips. L-VOCAL colorizes monochrome videos exceeding 200 frames using a sliding window strategy,
maintaining temporal consistency without degradation.

tones. This confirms that our model achieves fine-grained
controllability over the global style.

Condition disentanglement. We demonstrate that our model
effectively disentangles conflicting control signals from text
and audio by visualizing a potential conflict case in Fig. 11.
Specifically, we fix the text description to present a “happy”
emotion for both samples, while introducing corresponding
“amusement audio” and conflicting “sad audio” in the first and
second rows, respectively. As a result, the colorization results
with sad audio present reduced brightness and saturation to
render the global emotional style compared to the case with
amusement audio, while preserving the semantic colors of
the central objects as defined by the text.

5.4 User study

In addition to qualitative and quantitative comparisons, we
conduct two user studies to evaluate human observer prefer-
ences: (i) Cinematic Visual Effects (CVE). Participants are
shown colorization results produced by L-VOCAL alongside
relevant comparison methods and are asked to select the one
with the highest cinematic aesthetic quality. (ii) Audio Align-
ment Evaluation (AAE). Participants are provided with the
original film audio and colorization results from L-VOCAL
and relevant comparison methods. They are asked to select
the colorization results most aligned with the audio condi-
tion. We conduct experiments on Amazon Mechanical Turk
(AMT). Each experiment uses 20 randomly selected samples
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Input

L-VOCAL

Emo: disgust+The woman in the green shirt is petting a cat.

Fig. 15 Visualization of failure cases. L-VOCAL fails to track the
identity of characters across shots in multi-shot videos.

from the L-VACOLOR test set, and outcomes are indepen-
dently evaluated by 25 volunteers. As shown in Table 3,
our model achieves highest preference scores in both experi-
ments. The experimental interface is presented in Fig. 12.

5.5 Application

Generalization ability. To demonstrate that the learned color
priors generalize well to diverse real-world scenarios, we ap-
ply L-VOCAL to colorize realistic black-and-white sound
films, everyday videos, and documentaries. As shown in
Fig. 13, L-VOCAL achieves robust colorization results that
capture the appropriate emotional tone and enhance the envi-
ronmental atmosphere on these samples, validating its strong
cross-domain generalization capability.
Long video colorization. We extend L-VOCAL to colorize
longer monochrome videos via a standard sliding window in-
ference strategy. By processing overlapping segments across
the temporal dimension and fusing the results to ensure
smooth transitions, L-VOCAL can generate temporally con-
sistent colorization results for videos exceeding 200 frames
without performance degradation, as shown in Fig. 14.

6 Conclusion

In this paper, we propose L-VOCAL, a novel language-based
video colorization with audio alignment to supplement con-
text not explicitly provided by language descriptions. By
establishing the correspondence between color and audio
for emotional tone and environmental atmosphere, we ob-
tain aligned audio features to guide the colorization process
through designed condition injection modules. Additionally,
we contribute the L-VACOLOR dataset, specifically tailored
for this task, which provides abundant film clips with diverse
audio and color tones for both training and evaluation. Ex-
perimental results demonstrate that L-VOCAL produces col-
orization results that faithfully capture filmmakers’ artistic ex-
pression, achieving emotionally-aware and environmentally-
aware colorization.

Limitations. While our model performs robustly within sin-
gle continuous video shots, it faces challenges in maintain-
ing semantic consistency across abrupt shot transitions in
real-world films. As visualized in Fig. 15, the model fails to
track the identity of the character across shots, resulting in
the woman’s sleeve incorrectly shifting from a dark color to
white in the subsequent shot. This issue could be mitigated by
designing a cross-shot identity correspondence mechanism,
which we leave for future work.
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