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Abstract

Text-to-Audio-Video (T2AV) generation aims to produce temporally and semanti-
cally aligned visual and auditory content from natural language descriptions. While
recent progress in text-to-audio and text-to-video models has improved generation
quality within each modality, jointly modeling them remains challenging due to in-
complete and asymmetric correspondence: audio often reflects only a subset of the
visual scene, and vice versa. Naively enforcing full alignment introduces semantic
noise and temporal mismatches. To address this, we propose a novel framework that
performs selective cross-modal alignment through a learnable masking mechanism,
enabling the model to isolate and align only the shared latent components relevant
to both modalities. This mechanism is integrated into an adaptation module that
interfaces with pretrained encoders and decoders from latent video and audio diffu-
sion models, preserving their generative capacity with reduced training overhead.
Theoretically, we show that our masked objective provably recovers the minimal set
of shared latent variables across modalities. Empirically, our method achieves state-
of-the-art performance on standard T2AV benchmarks, demonstrating significant
improvements in audiovisual synchronization and semantic consistency.
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Figure 1: Visual-auditory feature alignment is essential in text-to-audio-video (T2AV) generation,
yet assuming full correspondence between audio and visual modalities is often problematic. For
example, visual elements like roads or buildings may not produce sound, while audio events such
as wind may lack visual presence. Aligning such mismatched features introduces semantic noise,
resulting in reduced cross-modal consistency and temporal mismatch in the generated outputs.
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1 Introduction

Recent advances in multimodal generative models [2, 24, 28, 37, 39, 48, 42] have enabled high-quality
content creation across text, image, audio, and video modalities. While notable progress has been
made in text-to-video [3, 10, 21, 13, 38] and text-to-audio [6, 26, 27, 32] generation individually, they
are typically studied in isolation, leaving joint audiovisual generation from text largely underexplored.
Text-to-Audio-Video (T2AV) generation addresses this gap by aiming to synthesize audio and video
streams that are both semantically and temporally aligned, conditioned on a single text prompt. This
involves not only generating high-quality content for each modality, but also ensuring that the output
audio and video remain contextually consistent and synchronized.

Achieving this requires modeling cross-modal alignment, where both audio and visual representations
capture the informative content conveyed by the other modality. To facilitate such alignment, existing
approaches often project multimodal features into a shared embedding space [33, 41, 52]. This
facilitates the model to capture joint semantics across modalities. However, forcing all audio and
visual features to align can be problematic. In real-world settings, audio and visual streams may
exhibit only partial alignment: audio may describe only parts of a visual scene, or visual frames
may contain elements absent from the audio (See Figure 1). Enforcing full alignment under such
conditions introduces mismatched information into the joint representations, resulting in semantically
inconsistent or temporally desynchronized outputs during T2AV generation.

To address the challenge of partial correspondence between modalities, we introduce SAVA, a
framework for Selective Audio-Visual Alignment in text-to-audio-video generation. Comparing
with existing approaches [31, 33, 41, 45, 52] that assume full alignment between audio and visual
features, SAVA identifies and aligns only those latent components that are jointly predictive across
modalities, while disregarding modality-specific information that could otherwise introduce noise or
conflict. The overall pipeline, as shown in Figure 3, proceeds in three stages: Align and Fine-tune, it
learns to map multimodal latents by selectively filtering out irrelevant dimensions in the latent space
using a learnable mask, allowing the model to focus only on features that contribute meaningfully to
both modalities. The alignment is learned through adapter networks applied to pretrained encoders.
Then, we fine-tune the generator using the aligned multi-condition inputs. Inference, it operates in a
cascaded manner, projecting features from video and audio into an aligned subspace, and conditioning
the corresponding generator on both the text and the aligned video/audio signals. This design enables
synchronized and consistent audio-visual generation while preserving efficiency and modularity.

SAVA is grounded in a causal view of multimodal generation, where audio and visual signals are
generated from a mixture of shared and distinct latent factors. We provably show that the masked
alignment objective recovers the minimal set of shared latent variables (those which constitute the
true semantic interface between modalities). This not only ensures interpretability and robustness
but also mitigates the entanglement issues observed in prior alignment-based models. Our empirical
results across diverse benchmarks confirm that SAVA significantly improves semantic alignment and
temporal synchronization in T2AV generation, outperforming existing baselines. A brief review of
related works is provided in Appendix A.

2 Problem Formulation

Figure 2: The data generative process of
audiovisual data. Audio features ZA are
selectively derived from visual features
Zv guided by a learned mask m. Each
modality-specific latent combines with
residual noise � to produce the outputs.

Text-to-Audio-Video (T2AV) generation requires accu-
rate alignment between audio-visual representations to
preserve meaningful cross-modal correspondence. In par-
ticular, semantic misalignment, where visual and auditory
components do not reflect the same underlying content,
can mislead generative models and degrade the consis-
tency of the resulting outputs. Our objective is to enable
selective and reliable alignment by identifying and pre-
serving only the semantically relevant components across
modalities during training. To this end, we begin by re-
viewing the text-to-audio-video generative process.

Data Generative Process As illustrated in Figure 2, we
model the audiovisual data generation process using a
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structured causal model composed of three latent variable sets: video-speci�c latent variablesZV ,
audio-speci�c latent variablesZA , and cross-modal latent variablesZC , which encode shared content
factors underlying both modalities.ZC may include semantically grounded, temporally evolving
entities that manifest in both the visual and auditory domains (e.g., a barking dog or a moving vehicle).
In contrast, the modality-speci�c latentsZV andZA capture factors that are unique to the video and
audio domains, respectively. The latent variables are causally connected and evolve over time, with
each group at time stept potentially in�uenced by their own past states and the past states of other
groups. Formally, the evolution of these latent variables follows:

Z t
V  f Z t-1

V ; Z t-1
A ; Z t-1

C g; Z t
A  f Z t-1

V ; Z t-1
A ; Z t-1

C g; Z t
C  f Z t-1

V ; Z t-1
A ; Z t-1

C g; (1)

where the superscript “past” denotes historical latent states (e.g., from timet � 1), and the arrows
represent causal in�uence. These relationships re�ect the potential bidirectional statistical and causal
dependencies [44] across modalities.

The observable variables: videoX V and audioX A , are generated from their corresponding modality-
speci�c latent variables in conjunction with the cross-modal latent:

X V  f ZV ; ZC g; X A  f ZA ; ZC g: (2)

This formulation re�ects that whileZC captures semantically aligned and temporally correlated
content,ZV andZA may contain orthogonal information that should not be forced into alignment.
Therefore, when attempting to recover cross-modal structure, it is critical to distinguish shared factors
from modality-speci�c ones.

3 Methods

Selective Latent Alignment Let xv 2 X V ; X V � RT � H � W � 3 be a video clip andxa 2
X A ; X A � RT 0� M its corresponding audio spectrogram. We extract frozen modality-speci�c
embeddingŝzv = f v (xv ); ẑa = f a(xa);, wheref v is a pretrained video VAE encoder [10] andf a is
a pretrained audio diffusion encoder [49, 26]. These raw embeddings may contain modality-speci�c
noise and are not guaranteed to lie in a common semantic subspace. To expose the shared latent
structureZC � Rd, we apply learnable reparameterizations (i.e., adapter networks):

~zv = qV (ẑv ); ~za = qA (ẑa): (3)

This projection step adapts the output of each frozen encoder and is subsequently trained to isolate
cross-modal features. We then introduce two mask networks:

M V ; M A : R2d ! [0; 1]d; (4)

each taking both~zv and ~za as input. Due to the semantic ambiguity and contextual diversity in
audio-visual alignment, the relevant latent dimensions within the visual representation can vary
depending on the speci�c context. For example, a single video clip may be paired with different types
of audio, such as background music or voiceover narration, each requiring attention to distinct visual
regions or semantic features. Accordingly, the masking function should be conditioned on both video
and audio inputs. Conditioning on only one modality impairs the model's ability to disambiguate
cross-modal variations, leading to suboptimal or unstable mask learning.

Cross-Modal Reconstruction Let SV � [d] andSA � [d] represent the indices of dimensions
selected by the soft masks. After applying a thresholding operation, we obtain binary supports
~SV � [d] and ~SA � [d], which indicate the dimensions where the mask value equals 1 (i.e.,
~SV = f i 2 [d] j M V (~zv ; ~za) i = 1g; ~SA = f i 2 [d] j M A (~zv ; ~za) i = 1g). These binary masks are
then used to construct the masked latent representations by retaining only the selected dimensions:

~zv = M V (~zv ; ~za) � ~zv ; ~za = M A (~zv ; ~za) � ~za ; (5)

and decode each using the corresponding latent diffusion decodersgA andgV :

x̂a = gA (~zv ); x̂v = gV (~za): (6)

To ensure that the masked latent remains informative, we reconstruct each modality from the masked
latent of the other. This reconstruction objective acts as a constraint that prevents degenerate masking
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Figure 3: Overview of our proposed T2AV framework. The system involves training a learnable mask
that selectively aligns the latents of each modality, �ltering out irrelevant visual content (e.g., tree
trunks) while preserving meaningful cues (e.g., bamboo being eaten). The aligned representations are
then used to �ne-tune the generator, adapting the multimodal conditions alongside the text condition,
followed by generation through a latent diffusion model.
solutions. Without it, the sparsity loss alone would encourage all-zero masks, as they trivially
minimize the L1 penalty while discarding all information [23, 50]. We reconstruct across modalities
(i.e., audio from masked video latent and video from masked audio latent) rather than within the same
modality. This cross-modal reconstruction forces the mask to preserve only the latent dimensions
that are predictive of the other modality, thereby isolating the shared semantic structure. As a result,
the model learns compact and meaningful latent supports that are truly cross-modally informative.

3.1 SAVA-Diffusion

In this section, we present the implementation of the proposed SAVA-Diffusion framework for
Text-to-Audio-Video (T2AV) generation (See Figure 3). The framework consists of three stages:
(1) a masked latent adaptation stage in which we train aligned projections of video-audio latents
via selective masking, and (2) a �ne-tuning stage that adapts the aligned latents as a joint condition
alongside the text condition. (3) a cascaded diffusion generation stage, where high-�delity audio and
video outputs are synthesized using latent diffusion models in sequential orders.

Stage I: Masked Latent Adaptation In �rst stage, our method implements selective cross-modal
alignment by learning to isolate the latent dimensions that are predictive of the other modality. We
�rst obtain reparameterized embeddings~zv and~za from the frozen encoders [53, 26] and adapters.
These are passed to the modality-speci�c mask functions, each conditioned on both modalities, to
produce binary masks that �lter the latent features. The masked latents are then decoded to reconstruct
the opposite modality. To encourage a consistent embedding geometry between modalities [51], we
further include a direct alignment loss between~zv and~za prior to masking. This stabilizes training
and promotes representational coherence across modalities. The total objective is:

L total =
1
N

NX

i =1

h
`A (x ( i )

a ; gA (M V � ~z( i )
v )) + `V (x ( i )

v ; gV (M A � ~z( i )
a )) + � � L align(~z( i )

v ; ~z( i )
a )

i

+ � (kM V k1 + kM A k1) ;

(7)

where`A and`V are cross-modal reconstruction losses, and the`1 regularization encourages sparsity
in the learned supports.L align measures the distance (e.g., normalized`2) between the unmasked
latent representations, and� controls the alignment strength.
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Stage II: Multi-condition Fine-tuning In Stage II, the TV2A and TA2V diffusion backbones
are �ne-tuned separately, each to use the cross-modal latent learned in Stage I, while keeping the
decodersgV ; gA frozen. For audio, given the text embeddingzt = f t (x t ) and the aligned visual
latent~zv = qV (zT

v ), we formcA = [ zt ; � A (~zv ) ] and adapt the conditioning pathway via LoRA [12],
similarly, for video we formcV = [ zt ; � V (~za) ] from the aligned audio latent~za = qA (zT

a ), the
objective is the diffusion loss:

L FT-A = Ex a ;�;t






 � � � � A

�
x ( t )

a ; t; cA
� 






2

2
L FT-V = Ex v ;�;t






 � � � � V

�
x ( t )

v ; t; cV
� 






2

2
: (8)

with LoRA parameterizationW 0 = W + BA on selected cross-attention or FiLM layers. The
total objective is not coupled during optimization, instead, we run distinct trainings. LoRA only
on conditioning layers (mid-block and a few down/up blocks), and all backbone convolutions and
decoders frozen to preserve pretrained priors while teaching each model, in isolation, to respond to its
new cross-modal condition. In addition, we �ne-tune the individual T2A and T2V models to further
enhance generation quality across modalities for the inference pipeline.

Stage III: Cascaded Diffusion Inference Building on the aligned latent representations from
stage I and �ne-tuned diffusion models from stage II, we generate video and audio in a cascaded
manner using independently �netuned single-modal diffusion models (T2A, T2V) [53, 26] and
multi-model diffusion models (TA2V, TV2A). As illustrated in Figure 3, the process begins by
generating a video from a text prompt using a T2V diffusion model. The resulting visual latentzT

v is
then adapted through a lightweight projection networkP� , producing an audio-guiding latent~za that
encodes visually grounded cues. This latent conditions the subsequent audio generation, serves as a
supervision signal to �netune the audio diffusion model for improved semantic coherence. Similarly,
we can generate video conditioned on both audio and text latents. By structuring the process in this
cascaded fashion, we ensure that the audio is aligned with the generated visual/audible content. The
detailed formulation of the reverse diffusion process for both modalities is provided in Appendix C.
Notably, the pretrained diffusion encoders remain frozen during Stage I, and only the adapters are
updated; �ne-tuning of the diffusion models is performed in Stage II to enhance generation quality
while maintaining modularity and ef�ciency.

4 Theoretical Analysis

In this section we show that our masked cross-modal reconstruction with an`1-penalty provably
recovers exactly the shared latent factors between video and audio, i.e. the minimal Markov blankets
on the pretrained features, even when those features are entangled. By faithfulness and d-separation
on the latent DAG [35] over (ZV ; ZA ; X V ; X A ), there exist unique index setsSy

V � [d]; Sy
A � [d];

which are the minimal Markov blankets ofX A in ZV and ofX V in ZA , respectively. Equivalently,
Sy

V is the smallest subset satisfying that conditioning onf ZV;i : i 2 Sy
V g renders all other latent

coordinates irrelevant toX A . The analogous property holds forSy
A .

To make precise what it means for two sets of latent factors to capture all and only the shared
information, we introduce the following de�nition.

De�nition 1 (Minimum Suf�cient Latents). Given index sets~SV ; ~SA � [d], we say that the pairs
� ~Z

~SV
V ; ~Z

~SA
A

�
areMinimum Suf�cient Latentsif they satisfy

I
� ~Z

~SV
V ; X A

�
= I

�
Z

Sy
V

V ; X A
�
; I

� ~ZVj ; X A j ~Z
~SV

V

�
= 0 8 j =2 ~SV ;

I
� ~Z

~SA
A ; X V

�
= I

�
Z

Sy
A

A ; X V
�
; I

� ~ZA j ; X V j ~Z
~SA

A

�
= 0 8 j =2 ~SA :

Key Assumptions We require four conditions (see Appendix B for formal de�nitions):

1. (DAG & d-Separation) There is a latent DAG over(ZV ; ZA ; X V ; X A ) whose minimal Markov
blanketsSy

V ; Sy
A correspond to the truly shared factors.

2. (Block-wise Reparameterization)The class of invertible mapsqV ; qA is rich enough that there
exists a reparameterization under which the shared blockSy

V (resp.Sy
A ) becomes an axis-aligned

subset~Sy
V (resp.~Sy

A ) of the coordinates.
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3. (Decoder Universality)The decoder familiesQgA , QgV can approximate any conditional distri-
bution, so that minimizing cross-entropy is equivalent to minimizing true conditional entropy.

4. (Mask Universality & Penalty-Range) The masks can implement any support selection per
example, and the sparsity weight� lies strictly between the smallest shared-factor contribution
and the largest non-shared contribution (see Assumption 4).

Above assumptions are commonly used. First, a latent-variable DAG with faithfulness (Assump-
tion 1) underlies most generative models in vision and audio, and the Markov blanket then exactly
characterizes the shared information. This is the fundamental assumption in Causality [35]. Sec-
ond, block-wise reparameterization (Assumption 2) merely requires that our invertible networks
qV ; qA have suf�cient capacity to “whiten” or disentangle the small block of truly shared latents;
in practice modern normalizing-�ow and invertible-residual architectures easily satisfy this. Third,
decoder universality (Assumption 3) is standard in representation learning deep decoders with enough
width and nonlinearity can approximate any conditional density arbitrarily well, so cross-entropy
minimization recovers true conditional entropy. Mask universality implies stipulate that our mask
networks are expressive enough to pick any subset of coordinates per example. All these universality
have been supported by universal approximation theory of deep learning methods [14]. Finally,
penalty-range requirement (Assumptions 4) implies that the sparsity weight� can be chosen (e.g.
via cross-validation) to lie between the minimal utility of a shared factor and the maximal spurious
contribution of a non-shared factor. In practice, we can just make� be suf�ciently small. Together,
these common assumptions ensure our theoretical guarantees apply to many practical architectures.

Lemma 1(Suf�cientness of Reconstruction). Fix any invertibleqV . Under Assumptions 1-4, any
mask–decoder pair(M V ; gA ) that minimizesE[� logQgA (X A j M V � ~ZV )] must satisfy, for every

example,I
� ~Z SV ( ~Z V ; ~Z A )

V ; X A
�

= I
� ~ZV ; X A

�
: In other words, the selected coordinates form a

suf�cient statistic forX A .

This lemma shows that if we only optimize the reconstruction loss (cross-entropy) then the learned
mask necessarily keepsall the information in~ZV that is relevant to predictingX A . In other words,
the selected subset of coordinates forms a suf�cient statistic for the audio modality, capturing every
bit of shared information from the video embedding.

Lemma 2(Sparsity-Induced Minimality). Fix any invertibleqV . Under Assumptions 3-4, the joint

minimizer(M �
V ; g�

A ) = arg min M V ;gA

n
E

�
� logQgA (X A j M V � ~ZV )

�
+ � E[kM V k1]

o
satis�es,

for every example,

S�
V ( ~ZV ; ~ZA ) = ~Sy

V ; I
� ~ZV;j ; X A j ~Z

~Sy
V

V

�
= 0 8j =2 ~Sy

V : (9)

That is, the mask prunes away non-shared coordinates, recovering exactly the minimal shared block.

This lemma establishes that once we add a sparsity penalty on the mask, the model discards every
coordinate that does not uniquely contribute to cross-modal reconstruction. The result is theminimal
subset of features which are precisely the shared latent block. Therefore no redundant or modality-
speci�c information remains.

Theorem 1(Global Block-Alignment and Recovery). Under Assumptions 1, 2, 3, and 4 the global

minimizer of Objective 7 yields
� ~Z

~S �
V

V ; ~Z
~S �

A
A

�
that satis�es De�nition 2.

This theorem combines the suf�ciency and minimality results in both directions (i.e., video� audio
and audio� video) and shows that our simple mask-and-reconstruct framework provably extracts
exactly the shared latent variables and eliminates all modality-speci�c components.

5 Experiments

5.1 Experiment Setup

DatasetWe conduct experiments on two benchmark datasets: VGGSound [5] and AudioCaps [22].
VGGSound comprises approximately 200K 10-second video clips spanning 310 sound classes, with
strong audio-visual correspondence ensured by the presence of visible sound sources. Following the
protocol in [52], we sample 5k and 3K clips from the train and test split, respectively, and annotate
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Figure 4: Text-to-Audio-Video generation results. We use the same text prompt as in [33] for our
demonstration and compare our method against multiple baselines (Animatediff [8], AudioLDM [26],
Diff-Foley [31], and TAVDiffusion [33]). Compared to prior methods, our approach (unidirectional
setting as illustrated) produces higher quality and aligned video and audio content.

VGGSound+ AudioCaps

Method FVD # FAD # AVHScore " CAVPSIM " FVD # FAD # AVHScore " CAVPSIM "

Two-Streams 768:5 6:29 0:058 0:104 961:4 7:36 0:041 0:165
CasC-Diff 768:5 7:53 0:144 0:126 961:4 9:51 0:092 0:192
TAVDiff [33] 956:3 8:94 0:162 0:098 1131:9 8:43 0:105 0:182
CoDi [41] 709:4 8:36 0:108 0:149 902:5 9:07 0:098 0:211
JavisDiT [29] 697.4 6.17 0.153 0.140 801.2 7.55 0.104 0.207

Unidirectional 662.9 5.49 0.206 0.165 817.6 7.32 0.142 0.230
Bidirectional 701.4 - 0.217 0.183 852.4 - 0.157 0.242

Table 1: Quantitative comparison. Our method outperforms existing baselines in both generative
quality metrics and alignment metrics, demonstrating improvements in �delity as well as cross-modal
consistency. For the unidirectional setting, we directly adopt the �ne-tuned T2V model for video
generation. The generated audio for both the bidirectional and unidirectional settings is identical.

them with text prompts using VideoBlip [54], as adopted in [33]. AudioCaps consists of 46K
audio clips paired with human-written captions sourced from AudioSet, and serves as a standard
benchmark for audio-language grounding. We also sample 5K paired clips from the training split. To
facilitate alignment learning and �ne-tuning, we merge the training sets of both datasets, and perform
evaluation separately on each test set.

Implementation DetailsTo adapt the diffusion models to the target data domains, we �rst �ne-tune
the video and audio diffusion models independently using the training set, respectively. For video
generation, we employ the pretrained CogVideoX1.5 [53], and extract latent representations using its
VAE encoder. For audio, we adopt AudioLDM [26], which integrates a pretrained CLAP encoder [49]
for audio feature extraction. The latent dimensionality of aligned embeddings for audio generation is
�xed at 512. Each generated sample has a duration of 10 seconds, with video rendered at 16 frames
per second and audio sampled at 48 kHz. Our adapter and masking modules are implemented as
multilayer perceptrons. For the masking mechanism, we evaluate both soft masks (sigmoid outputs as
weights) and hard masks, obtained by thresholding at 0.5. The loss weights� 1 and� 2 are empirically
set to 5 and 0.1, respectively.
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Figure 5: Temporal alignment between visual motion and acoustic patterns. The strumming motion
of the guitarist's hand aligns with vertical striations in the spectrogram, indicating synchronized
transient audio events.

Evaluation Metrics We assess perceptual quality of the generated video and audio using Fréchet
Video Distance (FVD) [43] and Fréchet Audio Distance (FAD) [37], respectively. Cross-modal
semantic alignment is measured by AVHScore [33], while CAVP similarity [31] evaluates temporal
synchronization. For V2A performance, we adopt the evaluation protocol from [52], including KL
divergence, Inception Score (ISc), Fréchet Distance (FD), and FAD.

BaselinesWe compare our method against two state-of-the-art T2AV approaches: TAVDiffusion [33]
and CoDi [41], using the same text prompts for all models. Additionally, we include: (1) a Cascaded
pipeline that uses Animatediff [8] for video generation followed by V2A-Mapper [45] for audio
synthesis, and (2) a Two-Stream approach in which video and audio are independently generated
from the same text prompt using Animatediff and AudioLDM. For V2A generation, we also compare
with the contrastive alignment method in [52] and SpecVQGAN [20], a spectrogram-based audio
generator employing vector quantization.

5.2 Main Results

T2AV Generative Quality Table 1 presents the quantitative comparison of our proposed method
against existing T2AV generation baselines on the text-labeled VGGSound and AudioCaps datasets.
Our method consistently achieves the best performance across all reported metrics. On VGGSound,
it reduces FVD and FAD to 662.9 and 5.49, respectively, re�ecting signi�cant improvements in both
video and audio generation �delity. Compared to the best-performing baseline [41], our method
achieve a relative reduction of 6.5% in FVD and 16.0% in FAD. In terms of semantic alignment, our
model achieves the highest AVHScore of 0.206 and 0.142 on VGGSound and AudioCaps, respectively,
demonstrating improved correspondence between generated content and the input descriptions. A
similar trend is observed in the qualitative results shown in Figure 4. For example, in the wolf scenario,
our generated video better captures key semantic attributes such as the white head and yellow-brown
body, while the visual background and ambient objects more faithfully re�ect the textual prompt.
Likewise, the ambulance scene displays correct object types, vehicle motion, and contextual elements
like roadside greenery and traf�c, showing high semantic �delity across modalities.

Semantic and Temporal AlignmentAs shown in Table 1, our method achieves the highest CAVP-
SIM scores on both VGGSound and AudioCaps, indicating improvement on cross-modal temporal
alignment. This is further illustrated in Figure 4, where the temporal evolution of audio patterns
(e.g., barking or sirens) closely corresponds with visual events. In the wolf example, distinct spectro-
gram patterns align with repeated barking motions, while the ambulance scenario shows dynamic
spectrogram textures matching siren intensity and vehicle motion. To further highlight this property,
Figure 5 visualizes a man strumming a guitar, where the rhythmic hand motion aligns with vertically
striated spectrogram features indicative of transient guitar strokes. These results collectively con�rm
that our method not only generates high-quality content but also preserves temporal synchronization
across modalities. Additional examples are provided in Appendix D.

V2A Generation To further evaluate the effectiveness of cross-model alignment, we assess the video-
to-audio (V2A) generation performance using a subcomponent of our model. As shown in Table 2,
our approach outperforms existing V2A baselines: SpecVQGAN [20] and SeeHear [52] across most
metrics, achieving better KL, ISc and FAD. These results indicate that our model effectively captures
the shared semantic and temporal information between video and audio, enabling high-quality cross-
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