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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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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. | 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 2.3 Multimodal-guided visual editing

2.1 Video colorization Although recent language-guided visual editing methods
(Brooks et al, 2023; Feng et al, 2024; Liu et al, 2024a) have
The target of video colorization is to accurately assign semarntemonstrated signi cant advancements, they struggle to cap-
tically appropriate and visually appealing colors to monochrotuee the rich semantic nuances required for complex editing
videos while ensuring temporal consistency between framegoals (e.qg., distinguishing between heavy rain and thunder-
Although various strategies are proposed to improve colorizstorms). As an alternative, researchers explore approaches
tion results (e.g., self-regularization (Lei and Chen, 2019)or incorporating audio semantics into image editing. Lee
adversarial learning (Zhao et al, 2023), and optical ow eset al.(Lee et al, 2022b) project audio into a multimodal em-
timation (Liu et al, 2024b)), automatic video colorization bedding space and optimize image generation by aligning
methods predict colors based solely on luminance, whichudio representations. SonicDiffusion (Biner et al, 2024)
makes the colorization task inherently ill-posed. Exemplarntroduces the audio-image cross-attention layer, enabling
based video colorization methods (Wan et al, 2022; Zhangudio-guided image generation and editing. Recently, audio
etal, 2019; lizuka and Simo-Serra, 2019; Yang et al, 2024has been further applied to capture continuous and dynamic
utilize reference images or user-selected frames to creafeatures in video editing. TPOS (Jeong et al, 2023) combines
implicit correspondences with monochrome frames. Whildemporal semantics and amplitude features of audio to guide
they can produce plausible colorization results, their effedhe audio-reactive video content generation. Soundini (Lee
tiveness is heavily dependent on the relevance and quality @ft al, 2023b) incorporates sound-guided visual effects (e.g.,
the chosen exemplars, which restricts their application scexplosion and lightning) into speci ¢ regions with a zero-
narios. Language-based video colorization methods (Charghot approach. AudioScenic (Shen et al, 2024) preserves
et al, 2024; Liu et al, 2023) allow for exible control over foreground content while modifying backgrounds through a
object colors. However, these methods tend to focus on thiemporally-aware audio semantic injection process. Inspired
central objects as users tend to only describe objects they apy these achievements, we leverage audio to supplement the
interested in. This results in neglecting the color tone angontext not explicitly provided by language descriptions for
environment atmosphere, and motivates us to introduce audibe video colorization.
cues to assist in producing accurate colorization results.

3 L-VACOLOR dataset

2.2 Multimodal feature alignment The datasets used by previous video colorization methods typ-
ically lack accompanying audio, as these methods generally
Multimodal alignment models are designed to facilitate moredo not incorporate audio cues. Although audio-driven video
effective feature fusion by projecting features from differentediting models collect a large-scale synchronized video and
modalities into a common space. CLIP (Radford et al, 2021audio recordings (Chen et al, 2020), they primarily consist of
achieves text-image alignment through contrastive learningnedited real-world clips, still lacking the intentional artistic
on large-scale text-image pairs. Inspired by their remarkablexpression rendering in Ims. To further explore the corre-
success, CLAP (Elizalde et al, 2023) aligns text and audigpondence between audio and color in Ims, we construct the
features, demonstrating strong performance across variolsVACOLOR dataset, consisting of Im clips with aligned
audio classi cation tasks. ImageBind (Girdhar et al, 2023)isual and auditory elements. The construction process of
learns a uni ed embedding across six modalities (i.e., imeur dataset is illustrated in Fig. 2.
age, text, audio, depth, thermal, and IMU data), extendingata source. The L-VACOLOR dataset is derived from two
the zero-shot capabilities to these multiple modalities angublic movie datasets: the Condensed Movies Dataset (Bain
enabling novel cross-modal applications (e.g., audio-to-textt al, 2020) and MovieBench (Wu et al, 2025). The Con-
and audio-to-image generation). SCAV (Tsiamas et al, 2024Jensed Movies Dataset provides a rich collection of repre-
leverages sequential contrastive audio-visual learning arekbntative clips extracted from 3,605 Ims with a duration
achieves signi cant performance improvements in retrievabf 1,270 hours, capturing key scenes with synchronized au-
tasks. To align emotions between modalities, Emo-CLIMdio and visual content. MovieBench delivers 69 hours of
(Stewart et al, 2024) introduces an emotional embeddinbigh-quality clips from 91 movies, further offering diverse
space for images and music through emotion-supervised coseenes. By integrating these sources, L-VACOLOR combines
trastive learning. The success of these methods in aligningbundant movie clips with audio tracks.
diverse modalities motivates us to investigate a nuanced alig&ingle-shot segmentation. Previous foundational models for
ment between audio cues and visual color, to better modeideo colorization (Chang et al, 2024; Bozic et al, 2024; Li
the rich audio-visual interplay presented in Ims. et al, 2024) and video generation (WanTeam, 2025; Chen
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Fig. 2 The processing pipeline for our L-VACOLOR dataset.

Fig. 3 Statistical analysis of the L-VACOLOR dataset. Left: The distribution of emotion and environment categories. Right: lllustration of
correspondence between audio cues and visual color in collected Im clips.

et al, 2024, Blattmann et al, 2023) treat single shots as theinovie clips and discard the human speech track using Bandit
fundamental processing unit. Following this practice, wgWatcharasupat et al, 2024), which requires approximately
segment movie data into single-shot clips to represent a co:1 GB of GPU memory and takes only about 1.16 seconds
tinuous environmental atmosphere and consistent emotionper sample. Background music is preserved to facilitate emo-
representation. The pre-trained TransNet (Soucek and Lokaiipnal tone, while ambient sound effects are preserved to
2024) is used to divide videos into single-shot clips with durare ect the environmental atmosphere. To remove silent por-
tions ranging from 3 to 15 seconds, with an average duratiotions, we conduct volume Itering to exclude clips with back-

of approximately 10 seconds. ground music and ambient sound effects tracks falling below

Color aesthetic Itering. We Iter the dataset using the -30dB.

color aesthetic scoring (He et al, 2023), based on dominamtmotional alignment. To ensure emotional synchronization
colors, color harmony, and color combination. Higher colorpetween Im clips and background music, we assign both
aesthetic scores indicate more deliberate color design dyfthem emotion categories based on Mikel's Wheel (Mikels
ing post-processing, suggesting a stronger artistic expressi@fi a1, 2005), and then Iter out unmatched samples. Specif-
from Immakers. We select clips with scores abd®, de-  ically, the emotion for each segmented single shot is deter-
termined empirically. mined by annotating two key components: its middle frame
Audio track separation. Audio tracks of Im clips can using the image classi er (He et al, 2016) from EmoGen
be formulated as a combination of human speech, back¥ang et al, 2024a), and its background music track using
ground music, and ambient sound effects. We observe th&@wen2-Audio (Chu et al, 2024). Only data with consistent
human speech generally lacks a direct correlation with spemotion categories across these modalities are preserved for
ci ¢ color choices. Therefore, we separate the audio tracks ofubsequent processing.
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Fig. 4 Samples from the L-VACOLOR dataset, demonstrating that our collected Im clips effectively align the visual and auditory elements.

Environmental alignment. To align the Im clips with ambi- we only preserve those with a similarity score greater than
ent sound effects, we discard data with unclear environment#l.7. Finally, we apply ASVA (Zhang et al, 2024) to calculate
semantics or out-of-synchronization issues. Speci cally, wethe similarity between the ambient sound effect track and
use labels from the ESC-50 dataset (Piczak, 2015) and thbe video, Itering out scores lower than 0.8, thereby further
Landscape dataset (Lee et al, 2022a) (e.g., “rain” and “seansuring temporal synchronization.

waves”) to construct language descriptions representing @Manguage description annotation. Following InternVid
bient sound effects, including a total of 59 distinct categorie?Wang et al, 2023), we further annotate the colors of central
that cover a wide range of cinematic environments. Then, W8bjects in each clip using language descriptions. Speci cally,
utilize CLAP (Elizalde et al, 2023) to calculate the similiarit.y we generate captions for Im clips at 20-frame intervals using
between ambient sound effects and language descriptionssryctBLIP (Dai et al, 2023). After that, we integrate these
To lter out samples with unclear environmental semanticscaptiOns 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-de ned prompts. Additionally, we em-correspond to lower brightness and cool colors. We present
ploy human annotators to provide captions describing theamples of our L-VACOLOR dataset in Fig. 4.

colors of central objects in the evaluation Im clips.

Dataset statistics and analysis. Our processed dataset in-
cludes approximately 50K videos for training and 50 videos4
for testing, each with a resolution 480 832 pixels. Am-

bient sound effects, background music, and language dg; this section, we introduce the proposed framework of L-
scriptions of central objects are carefully annotated for thesgocaL as shown in Fig. 5. Firstly, we build the alignment
videos. To clarify the category distribution, we present the disgge| to learn the correspondence between color and audio
tribution of emotion and environment categories in Fig. 3 'eftthrough two key aspects: emotional tone and environmental
To further illustrate the correspondence between audio CU€Rmosphere (Sec. 4.1). Subsequently, we develop our col-
and visual color in these Im clips, quantitative results areq iz ation model, which leverages language descriptions to
presented in Fig. 3 right, where average saturation, valugpecify the colors of central objects while incorporating au-
and hue for each category are calculated. Note that hue iy, features to enhance the emotional tone and re ne the

cyclical value from 0 to 1, where 0 and 1 represent red, 0.33r of the surrounding environment (Sec. 4.2). Finally, we
corresponds to green, and 0.67 to blue. Analysis of the corrgugcripe the training details (Sec. 4.3).

spondence between background music and color attributes

reveals that positive emotions (i.e., “amusement”, “excite-

ment”, “contentment”, and “awe”) tend to exhibit higher 4.1 Alignment between audio and color

saturation and brightness, whereas negative emotions (i.e.,

“anger”, “disgust”, “fear”, and “sadness”) correspond to lowerFollowing previous approaches (Radford et al, 2021; Elizalde
saturation and brightness. Moreover, re-related sounds (i.eet al, 2023; Girdhar et al, 2023), we design the alignment
“crackling res” and “explosions”) are generally associatedmodel to align color and audio, enabling the accurate ex-
with higher brightness and warm colors while water-relatedraction of aligned emotionally-aware and environmentally-

sounds (i.e., “sea waves” and “waterfall burbling”) tend toaware audio features.

Method
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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 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
Auditory features. We leverage the background music andemqtignally-aware features from it. This converts the back-
ambient sound effects provided by the L-VACOLOR dataseaI

=Y round music into a global vector, which is subsequently
.(Sec. 3).to learn the correspondencg with V|sua_l colors. Spec japped into an emotion space using an emotional projec-
ically, since the background music of Im clips contains
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tor, represented a°™ 2 RP , whereD is the embedding where we set , = 0:02 and 3 = 0:01 to control margins
dimension. Furthermore, since dynamic environmental abetween different correspondences.

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 tat.1.3 Learning environmental atmosphere

generate a temporal feature sequence. This sequence is sub-

sequently projected into an environment space through an efe enhance the rendered atmosphere of Im clips, we fur-
vironmental projector,represented a¥"A2 RMP | where ther align the environmentally-aware audio features with the
M is the length of the sequence. corresponding sound-producing objects. Speci cally, we cal-
Visual features. Given a colored vided 2 RFHW3 culate the dot product similarity between thth local audio

we employ a pre-trained VAE from the generative modeffeaturea; 2 RP from the environmentally-aware audio fea-
framework (WanTeam, 2025), including a stack of 3D convoturesA®™ and the -th local video feature; 2 RP from the
lutional and atten operations, to extract a visual semanticenvironmental visual features®™ asS(a;;vj) = a; Vv;.
representatiof’ 2 RNP  whereN = (F=4+1) (H=16) Next, we perform a weighted sum based on these similarity
(W=16) represents the sequence length of visual features. Tecores to produce the visual representation corresponding to
obtain a global representation re ecting the overall scen¢he i-th audio feature, formulated as:

context, we perform average pooling on the visual representa-

tion V across both the temporal and spatial dimensions. This exp(S(a;v;))

pooled representation is then projected into a shared emotidh = wjVj; wherewy = p : :

space using a linear layer, resulting in a vest6f"® 2 RP . =1 k=1 EXP(S (@i Vi)

Another linear layer is applied to map visual representation

into a shared environment space, denoted & 2 RNP . As aresult, the similarity between audio and visual features

can be formulated as:
4.1.2 Learning emotional tone

We develop intra-modal and cross-modal contrastive loss@3(A *™; V™) =log(  exp(S(a; %))): 4)
for effective emotional representation. i=1
Intra-modal loss. This loss is designed to construct the
emotionally-aware feature space for audios according to emd© ensure that corresponding video and audio pairs have
tion categories de ned by Mikel's Wheel (Mikels et al, 2005). higher similarity within the fed batch of siZ&, we calculate
Speci cally, we sample paired triplets based on their emotiorthe attentional cross-modal contrastive loss:
categories, which comprise an anchor feature, a positive fea- |
ture, and a negative feature,.c.ienotetﬂ,%”co;Agg“sf’;Aﬁg‘g(’ _ X oa b exp(R(A W Ve )= ) 8
for audio features. Here, positive samples match the anchorlsacc = 9 Ps env - \/envy— '

. . . ) =1 =1 EXp(RAF™;VE™)=)
emotion category, while negative samples have a different !

one. Consequently, the intra-modal contrastive loss is formu-
lated as: where the temperature hyperparameter 0:1 controls

the smoothness of the distribution. Finally, these losses are
Live =max d(AZi; Ages) d(A anc:Areg)*t 1:0 (1) combined to train the alignment model:
where the margin parameteg = 0:01 andd( ; ) represents
the cosine distance. Lau = 1Llmec + 2Lemc +L acc; (6)
Cross-modal loss. This loss serves to align the audio fea-
FureSAemo with thgir corresponding visual featuk€®™ oo 1 =0:5and , = 0:5are loss function weights.
in a shared emotion space. Speci cally, we further sam-
ple paired triplets for emotional visual features, denoted as
[Vane®s Vipos s Vieg_ - After that, we establish a hierarchical
correspondence, where paired audio and visual features ha#e2 Language-based colorization with audio alignment
the highest similarity, followed by features sharing the same
emotion category, while features with different emotion cateWe build our colorization model upon a text-to-video genera-
gories show the greatest distance. As a result, the cross-modain framework (WanTeam, 2025). Leveraging its robust lan-
contrastive loss is formulated as: guage understanding capabilities, our model precisely speci-
Lowe =max d(ASM; Moy (A emo. Vpe020)+ 10 + e_s colors fqr central objects_. Additionally, vye incorporgte
aligned audio features to guide the generation of emotional
max d(AZnc’s Voos ) d(A 500" Vieg )t 3.0 :(2)  tone and the surrounding environment.
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Table 1 Quantitative results on two test sets. Throughout this pag#&), means higher (lower) is better. Best scores are highlighted in bold. CDC
is reported with a scale of 1000 for better readability.

L-VACOLOR test Black-and-white test

Method 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 2524 0.233 0.4p819.66 6.457 0.222 0.380
TCVC (Liu et al, 2024b) 2548 2479 0.885 0.209 282524 2917 0.225 0.4y&5.79 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 0.4884.16 6.955 0.257 0.452
L-C4 (Changetal, 2024) | 23.90 25.17 0.912 0.202 1919.56 1.458 0.237 0.4B@1.65 5.432 0.257 0.454
VACE (Jiang et al, 2025) 2537 2386 0.897 0.304 2968.25 3.545 0.225 0.4425.26 8.123  0.249 0.468
AADIff (Lee etal, 2023a) | 19.87 22.24 0.848 0.252 2563.44 2.477 0.241 0.4p818.91 7.568  0.245 0.414
SonicDiff (Biner et al, 2024) 19.71 22.97 0.852 0.266 224599 2.747 0.232 0.4p619.33 6.985 0.246 0.424

W/ RTD 26.23 2492 0928 0.197 198547 1.656 0.245 0.4p25.77 7.342  0.237 0.451
W/o AC 23.11 2477 0924 0.206 2256.33 1.771 0.247 0.4B®1.77 7.868 0.251 0.458
W/o ETG 2455 2488 0910 0.212 227419 1.601 0.245 0.4p&4.77 6.274 0.257 0.454
Wi/o EAG 27.06 2418 0.930 0.221 2436.87 1.567 0.250 0.4885.99 5.787  0.249 0.462
Wl/o ETA 26.94 2375 0918 0.200 2147.26 1.878 0.239 0.5p0£5.22 8.023  0.247 0.456
W/o EAA 27.07 2310 0.907 0.215 1988.93 1.784 0.249 0.4884.51 7.651 0.254 0.458
Ours (L-VOCAL) ‘ 2781 2559 0929 0.184 1654.54 1.341 0.260 O.5P.(26.87 5.146  0.258 0.472

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

Method | VCGAN | TCVC | L-C4 | ColorDiff | AADIff | SonicDiff | VACE | Ours (L-VOCAL)
Trainable params | 106.02M | 198.38 M 1.43B 1.11B 116.01M | 109.47 M 1.95B 152B
GPU memory usage| 4.61GB | 343GB | 1223GB | 7.27GB | 13.71GB | 8.23GB | 25.94GB 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 grated to model complex dependencies within the visual

sequence. After that, language descriptions are encoded by
Our video colorization model integrates a variational autoerdmT5 (Chung et al, 2023) and injected to guide the genera-
coder (VAE) to compress high-dimensional video data intdion process via a language cross-attention. Following this,
a compact latent representation. This representation is th&motionally-awaré\*™° and environmentally-awar&®"
processed by a diffusion transformer, which converts randoraudio features are injected into the latent code to control
noise into structured latent code based on language descripe generation of the emotional tone and the surrounding
tions and aligned audio conditions. To preserve the originagnvironment, respectively. Finally, a feed-forward network
grayscale video structure, we incorporate grayscale guidande.adopted to further extract high-dimensional features. The
The diffusion model is trained using recti ed ow loss. output head then projects the output of the transformer block

Variational autoencoder. To enable scalable and ef cient into the dimensions of the original latent code Z.

training, a 3D causal variational autoencoder (VAE) is used tésrayscale guidance. Since the VAE encoder requires a 3-
extract compact latent representations from high-dimensionahannel input, we rst repeat the single color channel of the
video data. Speci cally, the VAE encoder compresses a colgrayscale video to form a 3-channel input, resultingi# 2
ored videoX 2 RFHWS3 into a latent cod& witha RFHW23  The VAE encoder then processes this grayscale
shape ofl + F=4; H=8; W=8; 16] Then, the VAE decoder inputto produce a latent representatih A 3D convolution
with a symmetric structure reconstructs the video from thigurther compresses and atte@s to match the shape of
compressed latent code. hin . This grayscale feature is addedtg via element-wise

Diffusion transformer. The diffusion transformer is de- Summation, thereby injecting structural information from the
signed to convert noise into a structured latent code. It pr@rayscale video into the transformer's input.

marily comprises three components: a patchify module, tranfRecti ed ow loss. Our model is formulated as a recti-
former blocks, and an output head. The patchify module useed ow model. Compared to traditional diffusion mod-
a 3D convolutional layer to further spatially compress theels, this formulation offers improved stability and robust-
noisy latent cod& by a factor of 2. We then atten this out- ness during training. Its forward process is formulated as
put to obtairh;, 2 RNP |, which serves as the input for the a linear interpolation between the latent cafleand ran-
transformer blocks, whed = (F=4+1) (H=16) (W=16) dom noise N(0;1) , expressed ag; = tZ + (1
represents the sequence length of visual features. Within eath . The backward process involves predicting a velocity
transformer block, a self-attention mechanism is rst inteu to transform the noise into structured datz=dt =
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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).

u (Z:;Z9;y®; AW, Aemo- 1) whereu represents the pre- 4.2.2 Colorization with aligned audio guidance

dicted velocity conditioned on the latent cadg grayscale

videoZ9, language descriptiog™ , and timet. The ground  Environmental guidance. To render a realistic surrounding

truth velocityisde nedasy =Z . Thus, the loss function environmental atmosphere, we introduce environmentally-

can be formulated as the mean squared error (MSE) betwe@ware audio features®" to guide the colorization process

the model output and,v via an environment cross-attention. Speci cally, this cross-
attention is performed frame-wise to learn the temporal cor-
respondence between audio and video. We rst divide the

Lumse = Ez ¢ jju (Z;Z9;y®™; ABV:A®™: 1) v (jj%: (7)  environmentally-aware audio featur&&™ into (F=4 + 1)
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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. Eadhrough two linear layers to produce the modulation parame-
segment is then injected into the corresponding frame repréers €m° and ©€M°;

sentation: emo _ p emo \p/ - emo _ p emo \y - (9)

env _— . env .
hi™ = CrossAtin(h ;A7) +h e ®) where the linear layer parameté&is andW are initialized

whereh; represents the-th latent frame ané£™ represents to zero to ensure that the output remains unchanged at the
the corresponding audio segme@tossAttn(; ) referstoa beginning of training. These parameters then modulate the
cross-attention module where the latent frame serves as thgent featurén®™ through scaling and shifting, ensuring the
guery, and the audio feature segment as the key and valuecolorization captures nuanced emotional tones aligned with
Emotional guidance. To ensure emotional synchronizationthe accompanying audio:
between colorization results and the provided backgrounﬂemo _henv emo emo.

. . : . =h ( +1)+ : (10)
music, we incorporate emotionally-aware audio featr&®
into the colorization process. Inspired by the effectiveness of
feature modulation (Huang and Belongie, 2017) in control4.3 Training and evaluation details
ling the global style of generated results, we use an emotion
modulation to integrate emotional audio features. Speci We train the alignment model with a batch size of 16 and the
cally, we process the emotionally-aware audio feaAff8°  colorization model with a batch size of 2, requiring approx-



	Introduction
	Related work
	L-VACOLOR dataset
	Method
	Experiments
	Conclusion

