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Video Caption: … A strong blacksmith forcefully strikes a hammer on glowing iron in the workshop …
Audio Caption: The resounding clang of a heavy hammer striking metal …

Audio Caption: The rich, soulful notes of a saxophone, blending with the rhythmic metallic drum.

Video Caption: ... In a bustling subway station... A young man ... his golden saxophone held close as he plays
with fervent passion ... Behind him, another musician, clad in black, sits with a large metallic drum....…
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Fig. 1: Examples of sounding videos generated by our BridgeDiT model, showcasing
high quality, temporal synchronization, and text alignment. Our method generates
high-fidelity video frames and detailed audio spectrograms that remain faithful to the
given text prompts. Critically, as highlighted in the dashed boxes, the generated audio
and video are precisely synchronized, demonstrating strong temporal coherence be-
tween visual events and their corresponding sounds.

Abstract. This study focuses on Text-to-Sounding-Video (T2SV) gen-
eration, which aims to generate a video with synchronized audio from
text, with both modalities aligned to the text conditions. Despite progress
in joint audio-video training, two critical challenges remain: (1) text con-
ditioning is a bottleneck—shared captions (TV = TA) trigger modal
interference, while a gap persists between dense training captions and
concise inference user prompts, and (2) the optimal fusion mechanism
for cross-modal feature interaction remains unclear. To address the first
challenge, we first propose the Cross-Referential Rewriter (CRR) cap-
tion framework, a dual-agent pipeline where a Semantic Checker extracts
grounded Semantic Anchors and a Cross-Modal Rewriter generates dis-
entangled caption pairs (TV and TA), eliminating modal interference and
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bridging the training-inference gap via prompt expansion. For the sec-
ond, we introduce BridgeDiT, a dual-tower di!usion transformer that
employs Dual Cross-Attention (DCA) as a bidirectional bridge between
video and audio streams, which we show through systematic compari-
son to be the optimal fusion strategy for the dual-tower paradigm. Ex-
tensive experiments on three benchmarks, supported by human evalu-
ations, demonstrate state-of-the-art results on most metrics. Compre-
hensive ablation studies further validate each component and o!er key
insights for future T2SV systems. The codes and models are available at
https://bridgedit-t2sv.github.io/.

1 Introduction

Human perception is inherently multi-sensory, with vision and sound tightly cou-
pled. Generating videos with synchronized audio from text (Text-to-Sounding-
Video, T2SV) represents a crucial step toward world-modeling. Recent years
have witnessed rapid progress in Text-to-Video (T2V) [2, 3, 48, 54, 63] and
Text-to-Audio (T2A) [16, 22, 32, 50] generation. With these unimodal capabili-
ties becoming increasingly mature, the community naturally shifts attention to
the more challenging task of T2SV [23, 33, 37, 46, 55].

Prior strategies for T2SV su!er from critical limitations. Generating video
and audio independently fails to achieve temporal synchronization. Pipelined
methods (e.g., T→V→A or T→A→V) attempt to address this, but su!er from
error accumulation—the second-stage model (Video-to-Audio [9, 10, 50, 53] or
Audio-to-Video [24, 59, 60]), trained only on ground-truth data, cannot correct
first-stage errors and often amplifies them. To overcome this, research has shifted
toward joint generation, where both modalities are synthesized simultaneously.
The single-tower paradigm [43, 45, 46, 51, 62] learns the joint distribution from
scratch but is data-intensive and di"cult to optimize. The dual-tower architec-
ture [23, 33, 37, 52, 55] has thus emerged as the dominant approach, leveraging
pretrained T2V and T2A backbones connected by a lightweight interaction mod-
ule. Despite its promise, two fundamental challenges remain:

C1. The Conditioning Problem: Previous dual-tower methods [33, 37, 55, 62]
employ a shared caption (TV = TA) for backbones pretrained on distinct modali-
ties, causing semantic interference. Moreover, a significant training-inference gap
exists: models are trained on dense captions, but users provide concise prompts
at inference, creating a distribution shift that degrades performance.

C2. The Interaction Problem: The interaction module exchanges information
between the two towers, but its optimal design remains unsolved. The core chal-
lenge is enabling e!ective bidirectional feature exchange to achieve both semantic
and temporal synchronization.

We address the conditioning problem with the Cross-Referential Rewriter
(CRR) caption framework. CRR is a dual-agent pipeline: a Semantic Checker
cross-references raw captions from video and audio LLMs to extract grounded
Semantic Anchors—filtering hallucinations and semantic conflicts—and a Cross-
Modal Rewriter generates dense, disentangled captions (TV , TA) strictly from

https://bridgedit-t2sv.github.io/


Taming Text-to-Sounding Video Generation 3

these anchors. At inference, the same pipeline expands concise user prompts
into modality-specific descriptions matching the training distribution, bridging
the training-inference gap without complex prompt engineering. For the inter-
action problem, we propose BridgeDiT, a dual-tower architecture with Dual
Cross-Attention (DCA) as its interaction module. Through systematic compar-
ison with Full-Attention, Additive Fusion, and unidirectional alternatives under
identical conditions, we identify DCA as the optimal fusion strategy: it preserves
each tower’s feature space while enabling symmetric, bidirectional information
exchange, achieving strong synchronization without compromising generation
quality. Extensive experiments on three benchmarks demonstrate state-of-the-
art performance, supported by human evaluations. Detailed ablation studies val-
idate the necessity of each component—Semantic Anchors, prompt expansion,
and bidirectional fusion—and provide practical insights for T2SV system design.
In summary, our contributions are:

– The CRR caption framework, a dual-agent pipeline that resolves the condi-
tioning problem through grounded Semantic Anchors, modality-pure caption
generation, and training-inference gap bridging via prompt expansion.

– The BridgeDiT architecture with DCA fusion, identified through systematic
comparison as the optimal interaction strategy for the dual-tower T2SV
paradigm.

– Comprehensive experiments and analyses across three benchmarks that achieve
state-of-the-art results and o!er key insights into caption design and fusion
architecture choices.

2 Related Works

Single-Modal Generation. Recent years have seen significant progress in text-
conditional single-modal generation, including Text-to-Video (T2V) [3, 28, 30,
48, 49, 54, 63] and Text-to-Audio (T2A) [16, 22, 32, 34]. Both domains have
evolved from UNets [42] to Di!usion Transformers (DiT) [39] and adopted ef-
ficient paradigms like flow matching [31]. While these models produce high-
quality individual outputs, generating video and audio independently often re-
sults in poor semantic and temporal synchronization. Cascaded pipelines ad-
dress this by conditioning one modality on the other, such as Video-to-Audio
(V2A) [9, 10, 11, 50, 53, 57] or Audio-to-Video (A2V) [24, 29, 59]. However,
these sequential methods su!er from error accumulation [33, 37]: artifacts from
the first stage inevitably propagate and degrade the final output [8, 18], moti-
vating the shift toward joint audio-video generation.

Audio-Video Joint Generation. Existing methods follow two paradigms. The
single-tower approach learns the joint audio-video distribution from scratch [43,
45, 46, 51, 62], but requires vast paired datasets and has shown limited prac-
tical success. The dual-tower paradigm has thus emerged as a more practical
alternative, leveraging pretrained T2V and T2A backbones and focusing train-
ing on a lightweight interaction module for cross-modal fusion. The design of
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this module is critical. Current strategies include full attention for direct fu-
sion [52], ControlNet-style [61] unidirectional conditioning (video→audio [33] or
audio→video [55]), and specialized components such as the Prior Estimator in
JavisDiT [37]. Our work adopts the dual-tower paradigm and contributes a sys-
tematic comparison of fusion strategies, identifying Dual Cross-Attention as the
optimal mechanism for bidirectional audio-video interaction.

Text Condition in Audio-Video Joint Generation. Text prompts serve as the fun-
damental semantic anchor for synchronizing audio and video modalities. Current
strategies fall into two categories. Shared prompting methods such as CoDi [46]
employ a single, usually visual-centric description to condition both modalities,
inherently lacking auditory details. Unified prompting methods concatenate vi-
sual and auditory descriptions into one input. However, pretrained video and
audio backbones are optimized for modality-specific text; feeding a fused prompt
creates semantic interference, where visual attributes (e.g ., color) act as noise
for the audio model and auditory descriptors (e.g ., timbre) distract the video
model. Recent works LTX-2 [19] and Ovi [38] adopt this unified strategy but
primarily target speech and dialogue, where lip-speech coupling naturally favors
joint text representations. In contrast, our work focuses on foley and sound-e!ect
generation, where the interference problem is more pronounced. We propose a
disentangled prompting paradigm that generates modality-pure text conditions
(TV and TA) to ensure precise alignment without interference.

3 Method

3.1 Preliminary

Denoising-based Generative Models Denoising generative models learn a complex
data distribution p(x) by reversing a process that destroys data to a simple
Gaussian prior N (0, I). Di!usion models [20] approach this by training a network
ωω to predict the noise ω added to a data sample x0 at timestep t:

LDDPM(ε) = Et,x0,ω

[
||ω↑ ωω(

↓
ϑ̄tx0 +

↓
1↑ ϑ̄tω, t)||2

]
. (1)

Flow Matching (FM) [31] models learn a velocity field vω that transports a noise
sample x0 to a data sample x1 by approximating the target field x1 ↑ x0. The
training objective is:

LFM(ε) = Et,x0,x1

[
||vω(tx0 + (1↑ t)x1, t)↑ (x1 ↑ x0)||2

]
. (2)

Generation in both cases involves starting with a sampled noise and applying
the learned network to iteratively denoise and obtain a clean data sample. More
background is in Appendix A.
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Problem Formulation For the T2SV task, we adopt the dual-tower paradigm.
This approach is highly practical as it leverages the capabilities of pre-trained
unimodal models, a video tower GV

ω and an audio tower GA
ω . In this setup, the

towers independently process their respective text captions, TV and TA, audio
timestep tA and video timestep tV , noisy audio latent xA(tA) and noisy video
latent xV (tV ) while a trainable interaction module, BAV

ω , facilitates cross-modal
communication:

(â, v̂) = Gmodel(TA, TV ,xA(tA),xV (tV ), tA, tV ), Gmodel = {GA
ω ,GV

ω ,BAV
ω }. (3)

The final output consists of the predicted audio â and video v̂ noise vector.

Training Objective We sum up the loss from the two towers:

L = Laudio + Lvideo.

The audio tower follows a di!usion training setup using a v-prediction di!u-
sion [44] loss objective. Given the continuous timestep tA ↔ [0, 1], the signal
and noise scaling factors are ϑ(tA) = cos(tAϖ/2) and ϱ(tA) = sin(tAϖ/2). We
denote xA as the audio latent vector from the audio Variational AutoEncoder
(VAE) [27] encoder. It predicts the target ϑ(tA)ωA ↑ ϱ(tA)xA and for the noisy
audio latent xA(tA) = ϑ(tA)xA + ϱ(tA)ωA:

Laudio = ↗â↑ (ϑ(tA)ωA ↑ ϱ(tA)xA)↗2 .

The video tower follows a flow matching [31] loss objective. The corresponding
video timestep tV is defined as tV = 1000 · tA. xV is the video latent vector. It
predicts the target vector field ωV ↑xV and for the noisy video latent xV (tV ) =
(1↑ tV /1000)xV + (tV /1000)ωV :

Lvideo = ↗v̂ ↑ (ωV ↑ xV )↗2 .

Here, ωA and ωV are Gaussian noise vectors sampled from N (0, I). The detailed
inference process is further shown in Appendix B.3.

3.2 Cross-Referential Rewriter Caption Framework

In the dual-tower paradigm, each tower requires its own text condition. Prior
methods feed a shared caption to both towers [33, 37, 46, 62], causing semantic
interference. A straightforward fix is to use an LLM to generate separate cap-
tions, but without cross-modal verification, audio LLMs frequently hallucinate
sounds that have no visual source. The core issue is not caption generation itself,
but the lack of a grounding mechanism between the two modal captions.

We address this with the Cross-Referential Rewriter (CRR) caption
framework, which decomposes caption generation into two agents connected by
a structured bottleneck. First, a Semantic Checker(Fsc) distills the input into
Semantic Anchors A—a structured set of verified attributes including core enti-
ties, environments, visual actions, and their corresponding acoustic events (e.g .,
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There was a knocking sound,
a bit like the sound of stones.Sounding Video

A strong blacksmith forcefully strikes
a hammer on glowing iron in the
workshop, sending a shower of sparks…

The resounding clang of a heavy
hammer striking metal, each
powerful blow punctuated by…

Raw Video Caption T)$*+

Raw Audio Caption T,$*+

Final Video Caption T-

Final Audio Caption T.

(a) Training Stage

(b) Inference Stage
Simple User Prompt T%&'(

A blacksmith hammers a
glowing, orange-hot metal
blade …

A man is hammering iron.

Semantic Checker ℱ!"Video LLM

Audio LLM

Cross-Modal Rewriter ℱ#$
Semantic 
Anchor

Hallucination ❌

Semantic Checker ℱ!"

A strong blacksmith forcefully strikes
a hammer on glowing iron in the
workshop, sending a shower of sparks…

The resounding clang of a heavy
hammer striking metal, each
powerful blow punctuated by…

Final Audio Caption T.

Cross-Modal Rewriter ℱ#$
Semantic 
Anchor

Final Video Caption T-

{
Entity: a man, 
Env: workshop, 
Action: hammer strike, 
Sound: metallic clang

}

Semantic Anchor

Correct✅

Fig. 2: Overview of the CRR caption framework. (a) Training: the Semantic Checker
Fsc cross-references raw captions from Video and Audio LLMs to filter hallucinations
(marked with red) and extract grounded Semantic Anchors A (structure shown on the
right); the Rewriter Fcr then generates modality-pure captions (TV , TA). (b) Inference:
the same pipeline expands a concise user prompt into dense, decoupled captions aligned
with the training distribution.

{Entity: worker, Env: workshop, Action: hammer strike, Sound:
metallic clang}). Then, a Cross-Modal Rewriter (Fcr) generates dense, dis-
entangled captions strictly from A:

A = Fsc(I), TV , TA = Fcr(A). (4)

Since A retains only grounded semantics and discards modality-specific noise,
the Rewriter cannot introduce unverified events. This enforces modality purity
by construction, not by relying on LLM instruction-following alone. The pipeline
is uniform across training and inference—only the input I changes.

Training Stage: Given a sounding video, we first obtain independent raw de-
scriptions from a Video LLM (Qwen2.5-VL [1]) and an Audio LLM (Qwen2-
Audio [12]). While the Video LLM typically produces reliable visual descriptions,
the Audio LLM is prone to hallucination—it often generates vague or incorrect
sound descriptions due to the inherent ambiguity of audio signals. For exam-
ple, given a worker hammering scene, the Audio LLM may output “there was
a knocking sound, a bit like the sound of stones”, failing to identify the actual
sound source and introducing misleading acoustic content. Directly using such
raw captions as training conditions would propagate these errors into the gen-
erative model. The Semantic Checker addresses this by cross-referencing both
raw captions (I = (T raw

V , T raw
A )): it uses the visual description as a grounding

reference to verify, correct, and filter the audio description, extracting only se-
mantically consistent events into A. The Rewriter then expands A into dense,
modality-pure captions (TV , TA) that are both semantically aligned and free of
cross-modal contamination.

Inference Stage: Users typically provide concise prompts (e.g ., “a worker is ham-
mering iron”) that are far shorter and less detailed than the dense training cap-
tions, creating a significant distribution gap. If fed directly to the model, such
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Linear-V
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Fig. 3: Overview of the BridgeDiT Architecture. (a): The overall dual-tower
architecture. Parallel video and audio DiT streams are connected by our proposed
BridgeDiT Block at specific layers. Right : Details of fusion strategies within the block,
showcasing our proposed Dual Cross-Attention (DCA) (b) alongside the Full-Attention
(c) and Additive Fusion (d) baselines. The Unidirectional Cross-Attention baseline
(omitted for brevity) shares the same structure as DCA but utilizes only a single
direction (V2A or A2V) of the information flow.

brief inputs lead to degraded generation quality (validated in Table 4). Here I =
Tuser, and the Semantic Checker applies the same verification logic but switches
from cross-referencing to context inference: it deduces the implicit visual scenes
and acoustic events entailed by the brief prompt (e.g ., “a worker striking iron” →
A={Entity: worker, Env: workshop, Action: hammer strike, Sound:
metallic clang}). The Rewriter then expands these anchors into detailed, dis-
entangled TV and TA that match the density of training captions, bridging the
distribution gap without requiring complex prompt engineering from users. De-
tailed agent instructions and system prompts for the CRR framework are pro-
vided in Appendix B.6.

3.3 Audio-Video Bridge Interaction Mechanism

A key challenge in the dual-tower paradigm is how to exchange information
between the video and audio towers to achieve synchronization. This is non-
trivial in our setting: both towers are pretrained on separate modalities and
remain largely frozen, with features lying on two disjoint manifolds MV and MA.
This makes the fusion problem fundamentally di!erent from models trained from
scratch (e.g ., MMDiT [15]), where all modalities converge into a shared space.

BridgeDiT Architecture. As shown in Figure 3 (a), BridgeDiT inserts N lightweight
interaction blocks between the parallel video and audio DiT streams. Each block
performs cross-modal information exchange and returns updated features to both
towers. We place the blocks at early-to-mid layers, where features balance spatial-
temporal detail and semantic abstraction (see Appendix C).

Dual Cross-Attention Fusion (Ours). As shown in Figure 3 (b), our Dual Cross-
Attention (DCA) mechanism updates the video latent LV and audio latent
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LA through two symmetric cross-attention streams. Taking the Audio-to-Video
(A2V) stream as an example, the video latent forms the query while the audio
latent provides key and value:

QV =LinearQV (LN(LV )), KA=LinearKA(LN(LA)), VA=LinearVA(LN(LA)),
(5)

L→
V = Attention(QV ,KA, VA) + LV . (6)

The V2A stream is perfectly symmetric: the audio latent serves as query, while
the video latent provides key and value, yielding L→

A. While cross-attention is a
well-established operation, we argue that DCA is the right choice for the pre-
train backbone-based dual-tower setting for two reasons: (1) DCA preserves each
tower’s feature space—unlike Full-Attention, which concatenates both modali-
ties and mixes intra- and inter-modal dependencies in one attention matrix,
DCA keeps streams separate so each tower only receives targeted cross-modal
cues; (2) this separation yields an easier optimization target—rather than merg-
ing MV and MA into a shared space with limited trainable parameters, DCA
learns a lightweight bridge (MV ↘MA) between two established manifolds. We
validate this analysis in Section 4.5.

To justify our design, we compare Dual Cross-Attention Fusion against three
baselines under identical conditions (Figure 3 (c,d)):
Full-Attention Fusion [52] concatenates both latents for joint self-attention, al-
lowing all-to-all interaction but forcing a shared space:

L→
cat = Attention(Cat(QV , QA), Cat(KV ,KA), Cat(VV , VA)) + Cat(LV , LA).

(7)
Additive Fusion [23] projects and adds cross-modal features to the residual
stream—lightweight but non-selective:

L→
V = LV + LinearA↑V (LN(LA)), L→

A = LA + LinearV↑A(LN(LV )). (8)

Unidirectional Cross-Attention [33, 55] conditions one modality on the other
in a ControlNet [61] style, restricting flow to one direction (V2A or A2V). Its
formulation is identical to one half of DCA; we implement both variants.

4 Experiments

4.1 Experimental Setup

Implementation Details For the video backbone, we use Wan 2.1 (1.3B) [48]
with a UMT5-XXL [13] text encoder, generating 81 frames at 15fps and 480p
resolution. For the audio backbone, we employ Stable Di!usion Audio Open
1.0 [16] (SDA for short) with a T5-base text encoder [41], generating audio at
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44.1kHz. The total generation length is 5.4 seconds. Our BridgeDiT architecture
consists of 4 BridgeDiT Blocks uniformly inserted between the layers of both
towers. For the CRR caption framework, both the Semantic Checker and Cross-
Modal Rewriter are implemented using Qwen2.5-72B [58]; the raw captions are
generated by Qwen2.5-VL-72B [1] (video) and Qwen2-Audio [12] (audio). We
train our models separately for each dataset. More details are in Appendix B.

Datasets. We evaluate on three datasets: (1) AVSync15 [60], a subset of VG-
GSound [6] containing synchronized audio-video pairs across 15 categories, split
into 1350 training and 150 test videos; (2) VGGSound-SS [5], a sound source lo-
calization dataset from VGGSound [6] with 5,158 videos across 220 classes, from
which we randomly sample 150 for testing; and (3) Landscape [29], comprising
928 videos across 9 scenic categories. Since these datasets lack standard captions,
we generate them using the CRR framework. All videos are standardized to 5.4
seconds via random cropping or padding.

Baselines. We compare against baselines spanning five T2SV generation paradigms.
Since our work focuses on foley and sound-e!ect generation, we exclude speech-
focused methods such as LTX-2 [19] and Ovi [38]. We distinguish two groups
for fairness. Retrained baselines (Wan+SDA, SSVG [23], MTV [55]) are trained
on each benchmark using our CRR captions, sharing identical data and text
conditions with our method. Pre-trained baselines (MMAudio [9], SeeingHear-
ing [57],ThinkSound [36],PrismAudio [35], JavisDiT [37], JointDiT [52], CoDi [46])
are evaluated with released checkpoints trained on substantially larger datasets;
we feed them prompts in their original expected format to ensure optimal perfor-
mance. The five paradigms are: (1) T→V↗T→A: Independent generation with
interaction modules disabled (Wan+SDA). (2) T→V→A: Wan-1.3B generates
video, then MMAudio [9] or SeeingHearing [57] synthesizes audio. (3) T→A→V:
SDA [16] generates audio, then TPos [24] or TempoToken [59] produces video.
(4) T→I→AV: Qwen-Image [56] generates an image for JointDiT [52] to jointly
produce video and audio. (5) T→AV: Joint models including JavisDiT [37],
SSVG [23], CoDi [46], and MTV [55]. Details are in Appendix B.2.

Automatic Evaluation Metrics We evaluate the T2SV task from three di!erent
perspectives: generation quality, text alignment, and audio-video synchroniza-
tion. (1) Generation Quality. For video quality, we employ the Fréchet Video
Distance (FVD) [47] and Kernel Video Distance (KVD) [47] with the Inflated
3D classifier [4]. For audio quality, we use the Fréchet Audio Distance [26] (FAD)
and the Kullback-Leibler [53] (KL) divergence score. (2) Text Alignment. We
evaluate video and audio text alignment separately. We use CLIPSIM [40]score
to evaluate video-text alignment and CLAP [14] score to measure audio-text
alignment. (3) Audio-Video Synchronization. We evaluate both semantic audio-
video synchronization using the ImageBind score (VA-IB) [17] and temporal
synchronization using the AV-Align score [59]. Recognizing the limitations of
automatic metrics, we supplement these with human evaluations in Section 4.3.
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Table 1: Automatic evaluation on the AVSync15 dataset. Best and second-best are
highlighted.

Process Method Quality Text Alignment Synchronization
FVD≃ KVD≃ FAD≃ KL≃ CLIPSIM⇐ CLAP⇐ VA-IB⇐ AV-Align⇐

T → V ↗ T → A Wan + SDA 828.33 22.56 11.90 3.17 28.12 30.78 26.22 0.205

T → V + V → A
Wan + MMAudio 828.33 22.56 7.98 1.40 28.12 34.64 33.50 0.243

Wan + SeeingHearing 828.33 22.56 14.21 2.89 28.12 25.52 35.87 0.208

Wan + ThinkSound 828.33 22.56 17.31 5.58 28.12 30.92 20.70 0.169

Wan + PrismAudio 828.33 22.56 9.79 2.34 28.12 33.53 25.25 0.233

T → A + A → V
SDA + TPos 1975.22 92.95 11.90 3.17 18.64 30.78 25.45 0.176

SDA + TempoToken 1516.53 42.30 11.90 3.17 20.56 30.78 17.63 0.215

T → I + I → VA JointDiT 992.71 25.20 6.51 1.77 29.94 30.34 34.17 0.156

T → VA

JavisDiT 878.70 23.23 13.48 3.50 28.05 22.99 20.75 0.158

SSVG 1028.78 31.44 14.35 4.35 25.78 23.67 22.45 0.126

MTV 982.09 24.60 16.46 3.53 27.66 21.22 15.84 0.149

CoDi 1387.14 39.24 16.56 5.24 24.96 17.94 10.79 0.081

BridgeDiT (ours) 765.74 21.33 5.34 1.30 28.52 35.95 34.59 0.275

4.2 Main Results: Comparison with Baselines

Table 2: Performance on VGGSound-SS and Land-
scape. AV denotes AV-Align metric here. Best and
second-best are highlighted.
Method VGGSound-SS LandScape

FVD→ FAD→ AV-Align↑ FVD→ FAD→ AV-Align↑

T ↓ V ↔ T ↓ A
Wan + SDA 737.96 8.05 0.238 700.18 5.80 0.177

T ↓ V + V ↓ A
Wan + MMAudio 737.96 5.39 0.333 700.18 5.31 0.218
Wan + SeeingHearing 737.96 8.02 0.321 700.18 7.59 0.166

T ↓ A + A ↓ V
SDA + TPos 1732.47 8.05 0.163 1837.42 5.80 0.143
SDA + TempoToken 1942.94 8.05 0.242 2089.05 5.80 0.206

T ↓ I + I ↓ VA
JointDiT 866.59 7.19 0.125 937.09 6.35 0.075

T ↓ VA
JavisDiT 637.50 7.78 0.179 668.87 9.22 0.185
SSVG 1032.87 8.86 0.148 1186.39 8.97 0.143
CoDi 1203.68 8.38 0.113 1220.31 13.75 0.082

BridgeDiT (ours) 615.28 6.01 0.362 628.07 4.78 0.258

We present results on three
datasets in Table 1 and Ta-
ble 2. Our BridgeDiT sur-
passes all baselines on most
metrics, including video qual-
ity (FVD, KVD), audio qual-
ity (FAD, KL), audio-text
alignment (CLAP), and tem-
poral synchronization (AV-
Align). Among the retrained
baselines that share identi-
cal CRR captions and train-
ing data, BridgeDiT consis-
tently outperforms SSVG and
MTV, directly validating the
architectural advantage of our
DCA fusion mechanism. Compared with Wan+SDA—which is equivalent to our
architecture with interaction modules removed—BridgeDiT shows clear improve-
ments across all metrics, confirming that cross-modal interaction is essential for
both generation quality and synchronization. BridgeDiT also outperforms all
pipelined baselines, demonstrating that joint generation e!ectively mitigates the
error accumulation inherent to sequential approaches. We note two minor excep-
tions. Our CLIPSIM (28.52) is slightly below JointDiT [52] (29.94), which we
attribute to its stronger T2I backbone Qwen-Image [56]. Our VA-IB (34.59) is
also surpassed by SeeingHearing (35.87), which directly uses ImageBind [17] as
classifier guidance during inference—optimizing for this exact metric. As shown
in Table 2, BridgeDiT achieves competitive results on VGGSound-SS and Land-
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Table 4: Ablation study of the CRR caption framework on AVSync15.

Caption Strategy FVD → FAD → CLIPSIM ↑ CLAP ↑ VA-IB ↑ AV-Align ↑
Shared text condition (TV = TA)
Video Caption (TV ) 788.65 16.46 28.34 9.67 18.54 0.176
Audio-Video Caption (TAV ) 1362.83 13.75 25.81 26.37 26.82 0.185
Disentangled text condition (TV ↗= TA)
Raw LLM Captions (w/o CRR) 924.36 19.42 26.22 8.43 17.84 0.161
Direct Rewrite (w/o Semantic Anchors) 787.32 15.74 28.34 27.34 28.82 0.224
CRR (ours) 765.74 5.34 28.52 35.95 34.59 0.275

CRR inference ablation
w/o Prompt Expansion 1463.81 20.84 25.66 22.45 23.36 0.155

scape as well, confirming generalization across domains. However, automatic
metrics do not always reflect perceptual quality—for instance, a method op-
timizing for a specific metric (e.g ., SeeingHearing for VA-IB) may score high
without producing genuinely better outputs. To obtain a more reliable assess-
ment, we conduct a comprehensive user study in Section 4.3.

4.3 User Study

Table 3: User study on the AVSync15 test
set with 20 raters
Method VQ ↑ AQ↑ TA↑ Sync↑ Overall↑

Wan+SDA 3.16 2.93 2.75 2.47 2.79
Wan+Seeing 3.16 2.83 2.91 2.54 2.85
Wan+MMAudio 3.16 3.18 3.07 2.77 3.06
SDA+TmToken 1.97 2.36 2.00 1.83 2.04
JointDiT 2.74 2.81 2.79 2.45 2.69
JavisDiT 2.47 2.39 2.36 2.14 2.36
BridgeDiT (ours) 3.40 3.33 3.33 3.09 3.34

To further validate our model with
human preference, we conduct a user
study on the AVSync15 test set with
150 samples. 20 evaluators rate the
generated sounding videos on a 0–5
scale with 0.5-point increments across
five criteria: Video Quality (VQ), Au-
dio Quality (AQ), Text Alignment
(TA), Synchronization (Sync), and
Overall quality. As shown in Table 3,
our BridgeDiT model is rated high-
est across all five dimensions, significantly outperforming all baselines, with the
pipelined Wan+MMAudio ranking second. Notably, some baselines that achieve
strong scores on specific automatic metrics (as in Table 1) are not preferred by
human evaluators, reinforcing our observation that automatic metrics do not
fully capture perceptual quality. This further highlights the importance of hu-
man evaluation as a complementary assessment for the T2SV task. Detailed
annotation guidelines are provided in Appendix B.7.

4.4 Ablation Study on CRR Caption Framework

We ablate the CRR caption framework on AVSync15 by systematically varying
the text conditioning strategy. Results are shown in Table 4. We organize the
comparisons into three groups: shared text conditions, disentangled text condi-
tions, and inference-stage ablation.
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Fig. 4: Training dynamics of di!erent fusion mechanisms on AV-Align and VA-IB
scores. DCA achieves the highest synchronization throughout training.

Shared vs. Disentangled Conditioning. When both towers receive a shared cap-
tion, performance degrades regardless of caption content. Using only the video
caption (TV ) starves the audio tower of acoustic details, resulting in poor audio-
text alignment (CLAP: 9.67). The unified Audio-Video Caption (TAV ) retains
some audio information but introduces semantic interference—visual attributes
distract the audio model and vice versa—leading to severely degraded video qual-
ity (FVD: 1362.83). These results confirm that disentangled, modality-specific
conditioning is essential for the dual-tower paradigm.

The Role of Semantic Anchors. Within the disentangled group, we compare
three strategies of increasing sophistication. Raw LLM Captions directly use un-
verified outputs from the Video and Audio LLMs without any rewriting, yield-
ing the worst disentangled performance (FAD: 19.42, AV-Align: 0.161) due to
hallucinations and cross-modal conflicts. Direct Rewrite removes the Semantic
Anchor bottleneck and lets a single LLM rewrite raw captions into modality-
specific pairs in one step. This improves over raw captions, but still lags behind
full CRR by a large margin, particularly in audio quality (FAD: 15.74 vs. 5.34)
and synchronization (AV-Align: 0.224 vs. 0.275). The gap demonstrates that the
structured Semantic Anchors are not merely a prompt engineering trick—they
serve as a critical grounding mechanism that prevents the Rewriter from intro-
ducing unverified events, validating our core design argument in Section 3.2.

Inference-Stage Prompt Expansion. Removing prompt expansion at inference
(i.e., feeding concise user prompts directly) causes the most severe degradation
(FVD: 1463.81, FAD: 20.84). This confirms that the distribution gap between
brief user inputs and dense training captions is the single largest bottleneck for
generation quality, and that CRR’s prompt expansion is essential to bridge it.

4.5 Ablation Study on Fusion Mechanisms

We compare our DCA mechanism against four baselines under identical CRR
captions and training conditions: Full-Attention [52], Additive Fusion [23], V2A-
CrossAttn [33], and A2V-CrossAttn [55]. The comprehensive quantitative results
of this evaluation are detailed in Table 5 while the corresponding training dy-
namics are visualized in Figure 4.
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Table 5: Comprehensive evaluation on fusion mechanisms. We compare our
DCA mechanism against various baselines on the AVSync15 dataset. Metrics include
video quality (FVD), audio quality (FAD), text-alignment (CLIPSIM, CLAP), and
audio-visual synchronization (VA-IB, AV-Align). Bold indicates the best performance.

Model FVD → FAD → CLIPSIM ↑ CLAP ↑ VA-IB ↑ AV-Align ↑

No-Fusion 828.33 11.90 28.12 30.78 26.22 0.205
Full-Fusion 781.03 5.62 28.43 32.28 34.14 0.253
V2A-CrossAttn 813.02 6.21 28.24 35.85 34.20 0.268
A2V-CrossAttn 746.37 5.91 28.49 31.25 31.54 0.236
Additive-Fusion 772.23 5.72 28.20 34.77 28.34 0.258

DCA (Ours) 765.74 5.34 28.52 35.95 34.59 0.275

Results. The No-Fusion baseline performs worst on most metrics, confirming that
cross-modal interaction is essential. Among all fusion strategies, DCA achieves
the best overall performance: it ranks first on audio quality (FAD: 5.34), text
alignment (CLIPSIM: 28.52, CLAP: 35.95), and both synchronization metrics
(VA-IB: 34.59, AV-Align: 0.275). The A2V-CrossAttn variant achieves a slightly
lower FVD (746.37), but at the cost of significantly weaker synchronization (AV-
Align: 0.236), indicating that unidirectional flow improves one modality while
neglecting the other. Figure 4 further shows that DCA consistently leads on
both AV-Align and VA-IB throughout training, while other methods plateau or
fluctuate at lower levels.

Why DCA Outperforms Full-Attention. Full-Attention (FA) is widely used for
multimodal fusion in models trained from scratch (e.g ., MMDiT [15]), yet it
underperforms DCA in our setting. We attribute this to the frozen-backbone
constraint. In MMDiT, all parameters are trained jointly, allowing features from
di!erent modalities to gradually converge into a unified manifold Mjoint. In
our framework, the video and audio backbones are independently pretrained
and largely frozen, so their features reside on two disjoint manifolds MV and
MA. FA concatenates both latents into a single sequence and applies global
self-attention, forcing intra-modal and inter-modal dependencies into one shared
matrix. With limited trainable parameters, this e!ectively attempts to merge
MV and MA into a shared space—a di"cult optimization target that leads to
the unstable synchronization curves observed in Figure 4. DCA, by contrast,
keeps the two streams separate and only exchanges targeted cross-modal cues
through dedicated attention heads. It learns a lightweight bridge (MV ↘ MA)
between two established manifolds rather than attempting to unify them. This
is a fundamentally easier task given the parameter budget, resulting in more
stable training and stronger synchronization. This analysis also explains why the
two unidirectional variants show asymmetric behavior: A2V-CrossAttn improves
video quality (FVD: 746.37) by conditioning video on audio, but leaves the audio
stream unrefined; V2A-CrossAttn shows the opposite pattern. DCA resolves this
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by enabling bidirectional exchange, ensuring that both modalities benefit from
cross-modal information simultaneously.

4.6 Case Studies

Figure 1 presents case studies that highlight the capabilities of our BridgeDiT
model. Powered by the combination of our CRR caption framework and the
DCA fusion mechanism, our model generates high-quality sound videos that are
semantically synchronized, temporally synchronized, and highly aligned with
the text conditions. The first case (the blacksmith) showcases precise temporal
synchronization, as the visual impact of the hammer striking the iron aligns per-
fectly with the sharp “clang" event in the audio spectrogram. The second case
(the saxophone player) demonstrates strong text alignment; the generated video
accurately depicts key entities from the visual prompt, including the “saxophone"
and “metal drum", while the audio faithfully synthesizes the complex soundscape
described in the audio prompt. Notably, these two cases represent distinct chal-
lenges: the blacksmith involves sparse, impulsive sound events requiring precise
temporal alignment, whereas the saxophone scene involves continuous, overlap-
ping audio sources demanding accurate semantic disentanglement—our model
handles both e!ectively. We provide more cases in the Appendix B.4.

5 Conclusion

In this work, we address two fundamental challenges in Text-to-Sounding-Video
generation: suboptimal text conditioning and ine!ective cross-modal interaction.
For text conditioning, we propose the CRR caption framework, a dual-agent
pipeline where a Semantic Checker extracts grounded Semantic Anchors and a
Cross-Modal Rewriter produces disentangled, modality-pure captions, eliminat-
ing modal interference and bridging the training-inference gap. For cross-modal
interaction, we propose BridgeDiT, connecting pretrained video and audio back-
bones via Dual Cross-Attention (DCA), which we show through systematic com-
parison to be the optimal fusion strategy for the dual-tower paradigm. Experi-
ments on three benchmarks with human evaluations demonstrate state-of-the-art
performance, and ablation studies validate the necessity of each component. We
believe these findings provide a solid foundation for scaling T2SV systems to
longer durations and more diverse acoustic scenarios.

Limitations. Our evaluation currently relies on relatively small-scale benchmarks
(up to 5K videos), which may not fully capture the diversity of real-world acous-
tic environments. We also do not yet support speech or music generation: ex-
tending to these modalities is hindered by the scarcity of open-source pre-trained
models and would require resource-intensive training from scratch. Additionally,
exploring post-training refinement techniques, such as Reinforcement Learning
from Human Feedback (RLHF), presents a promising pathway to further opti-
mize audio-visual synchronization and align with human perception.
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