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Abstract

Recent advances in audio generation have focused on
text-to-audio (T2A) and video-to-audio (V2A) tasks. How-
ever, T2A or V2A methods cannot generate holistic sounds
(onscreen and off-screen). This is because T2A cannot gen-
erate sounds aligning with onscreen objects, while V2A
cannot generate semantically complete (offscreen sounds
missing). In this work, we address the task of holistic audio
generation: given a video and a text prompt, we aim to gen-
erate both onscreen and offscreen sounds that are tempo-
rally synchronized with the video and semantically aligned
with text and video. Previous approaches for joint text and
video-to-audio generation often suffer from modality bias,
favoring one modality over the other. To overcome this lim-
itation, we introduce VinTAGe, a flow-based transformer
model that jointly considers text and video to guide audio
generation. Our framework comprises two key components:
a Visual-Text Encoder and a Joint VT-SiT model. To reduce
modality bias and improve generation quality, we employ
pretrained uni-modal text-to-audio and video-to-audio gen-
eration models for additional guidance. Due to the lack
of appropriate benchmarks, we also introduce VinTAGe-
Bench, a dataset of 636 video-text-audio pairs containing
both onscreen and offscreen sounds. Our comprehensive
experiments on VinTAGe-Bench demonstrate that joint text
and visual interaction is necessary for holistic audio gener-
ation. Furthermore, VinTAGe achieves state-of-the-art re-
sults on the VGGSound benchmark. We will release our
pretrained models and the VinTAGe-Bench dataset to facil-
itate future research in this exciting field.

1. Introduction
Post-production sound design is essential for adding realism
and creating an immersive experience in silent videos, in-
cluding films, music videos, animations, and games [6, 15].
While onscreen sounds provide direct information about
key elements of the visual world, offscreen or invisible
sounds—ubiquitous in scenes—depict environments be-
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Figure 1. Our VinTAGe model can generate visually aligned and
text-corresponding sounds, including both onscreen and offscreen
sound sources, providing a more holistic audio experience. How-
ever, V2A models can only generate video-aligned but semanti-
cally incomplete sounds, while T2A models, though generating
semantically complete sounds, are not visually aligned.

yond the immediate visual frame, enhancing the narrative
while adding authenticity and emotional depth. From cre-
ating suspense in horror films, through unseen movements
in the dark, to suggesting upcoming events, such as a dis-
tant roar of an approaching plane hinting at an airport set-
ting, these offscreen sounds are typically added during post-
production and are known as non-diegetic sounds.

In practice, onscreen sounds are re-recorded using tra-
ditional Foley techniques [1] or neural Foley methods [5,
30, 53], and then non-diegetic sound effects are created
and mixed in. However, creating authentic audio mixes
with both onscreen and offscreen sounds using traditional
approaches [1, 17] requires specialized skills and is often
labor-intensive. Despite recent progress in audio genera-
tion, producing a holistic audio experience that seamlessly
blends visually aligned onscreen sounds with semantically
relevant offscreen sounds remain a significant challenge.

Recent approaches to conditional audio generation
broadly focus on text-to-audio (T2A) [11, 25, 27, 32] and
video-to-audio (V2A) [18, 30, 45, 53] generation tasks.
V2A methods aim to generate temporally and semantically
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synchronized audio with on-screen videos, while T2A mod-
els learn to generate high-quality audio that is semantically
aligned with the provided text input. However, relying only
on video or text as input is insufficient to generate a holistic
audio experience. For example, as shown in Fig. 1, consider
a household scene where a dog barks at approximately 2.5-
second and 9-second in a 10-second video, while someone
is vacuuming in the background. A V2A model may accu-
rately generate the barking sounds at the appropriate times,
but it would omit the ambient vacuum noise. Conversely,
T2A model could produce a semantically complete sound-
scape, including the vacuum cleaner, but will fail to align
the dog barking sounds temporally (e.g. placing them at 5-
second). Therefore, a model that considers both text and
video modalities is essential for holistic audio generation.

In this work, we address the task of holistic audio gen-
eration that is both visually aligned and text-driven. Given
a video and a text prompt, our goal is to create high-quality
audio that is temporally synchronised with video and se-
mantically consistent with text, i.e., having onscreen and (if
any) offscreen sounds. This task presents significant tech-
nical challenges, as it requires the model to jointly under-
stand and integrate information from both visual and textual
modalities to guide audio generation effectively. Existing
approaches [18, 49, 53] that consider both text and video
as conditions assume alignment between the input video
and text. This assumption leads to modality bias and re-
sults in the generation of mostly onscreen sounds. However,
in real-world scenarios, this assumption is often invalid, as
offscreen sounds are prevalent and may not be directly re-
lated to the onscreen content—for example, an ambulance
siren (an offscreen sound) might be heard in a video of a
dog barking in a home setting. Moreover, models like Son-
icVLM [49] require explicit knowledge of onscreen and off-
screen sounds and generate multiple audio tracks and hence
necessitating manual mixing by a sound designer and im-
practical to scale. These limitations underscore the need
of a method tailored to jointly interpret visual and textual
inputs for holistic audio generation. Additionally, a new
benchmark is needed to effectively evaluate models on both
onscreen and offscreen sound generation capabilities.

In this work, we propose VinTAGe, a novel flow-based
transformer model for holistic audio generation guided by
both video and text. Our architecture has two main compo-
nents: the VT-Encoder and Joint VT-SiT model. The VT-
Encoder efficiently encodes contextual embeddings from
cross-interactions between video and text, incorporating
motion and frame index information for temporal guid-
ance. We extend the SiT model [31] to condition jointly
on the features generated by the VT-Encoder. To address
modality bias, improve alignment, and generation quality,
we introduce a teacher-student learning framework in which
pretrained text-only and video-only audio generators serve

as teachers, guiding our VT-SiT model through additional
modality alignment losses. Due to the lack of an appropri-
ate benchmark for this task, we introduce VinTAGe-Bench,
a new dataset to explore joint video-text to audio genera-
tion. VinTAGe-Bench consists of 636 (video, text, audio)
pairs, consisting of 14 onscreen and 24 offscreen sound
categories. The dataset includes 212 unique videos, each
paired with one no-offscreen and two offscreen text cap-
tions, along with mixed audio tracks.

Through extensive objective and subjective evaluations,
we found that jointly using both video and text features im-
proves audio generation quality and alignment, highlighting
the efficacy of the benchmark. Models that do not efficiently
integrate text and video features tend to exhibit modality
bias. Our carefully designed VT-Encoder and Joint VT-SiT
model, enhanced with additional modality guidance losses,
achieve superior performance. Furthermore, VinTAGe out-
performs previous models on the VGGSound [3] dataset.

Our contributions can be summarized as follows:
• We introduce VinTAGe-Bench, a new benchmark to ad-

vance the under-explored task of holistic audio generation
conditioned on both text and video inputs.

• We propose VinTAGe, a novel flow-based transformer
model specifically designed for this audio generation task,
featuring a carefully structured VT-Encoder and Joint VT-
SiT model, enhanced with teacher-student guidance.

• Through extensive evaluations, we demonstrate the effec-
tiveness of our approach in generating high-quality audio
that is both visually and contextually aligned.

2. Related Works
Text-to-Audio Generation. Initial works on text-to-audio
generation, such as AudioGen [21] and DiffSound [51], ex-
plored audio representation in discrete space given a text
description, which is then decoded into waveforms. The ad-
vent of latent diffusion models [40] inspired works like Au-
dioLDM [25], AudioLDM2 [27], Tango [11], Tango2 [32]
and Make-An-Audio [14] for text-to-audio generation us-
ing latent diffusion techniques. AudioLDM employs an
audio-text shared embedding space via CLAP [48], utiliz-
ing audio data during training and text during inference.
Tango [11] improved audio generation with less data by us-
ing an instruction-tuned LLM FLAN-T5 [8] text encoder
for both training and inference. However, although these
methods can generate high-quality audio, they alone cannot
achieve temporal alignment with input visual content.
Video-to-Audio Generation. This field has shown promise
in synthesizing sound for silent videos. A pioneering work
by Zhou et al. [55] proposed generating raw waveform
samples from input video frames using SampleRNN [33].
SpecVQGAN [16] synthesizes sound using RGB and mo-
tion features within a transformer-based autoregressive
model. Im2Wav [41] uses image frame embeddings from
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the CLIP [38] model to condition transformer models for
autoregressive audio generation. Diff-Foley [30] improves
semantic and temporal synchronization by employing large-
scale pretraining on audio-visual pairs and a latent diffusion
model. However, these methods have mainly focused on
temporal and semantic alignment with onscreen sounds.

Due to the prevalence of offscreen sounds, high-quality
audio-visual pairs are scarce in real-world videos, as off-
screen sounds are noisy for V2A generation models during
training. Therefore, pretrained T2A generation models have
been extended for V2A generation [18, 34, 45, 49, 50, 53].
“Seeing and Hearing” [50] uses an off-the-shelf pretrained
ImageBind [12] model to convert video frames into text,
which is then fed into AudioLDM [25]. Another ap-
proach, V2A-Mapper [45], translates CLIP visual embed-
dings to the CLAP embedding space before using Audi-
oLDM. To incorporate temporal guidance, SonicVLM [49],
ReWaS [18], and FoleyCrater [53] train time-conditional
estimators. However, these models generally assume that
text and video are always aligned—which is not always
true—and using a frozen text-to-audio model can lead to
one modality overpowering the other. In contrast, our pro-
posed VinTAGe unifies visual and text modalities to simul-
taneously generate onscreen and offscreen sounds.

Diffusion Transformers (DiTs) and Flow Matching.
Transformer-based diffusion models [10, 31, 36] have
gained increased interest due to their scalability and impres-
sive results in image generation tasks. Flow matching mod-
els [24], which model the vector field of the transport prob-
ability path from noise to data, have demonstrated stable
training and superior performance compared to score-based
models. The Scalable Interpolant Transformers (SiT) [31]
employs a flow matching framework to improve the flex-
ibility of connecting one data to another, further enhanc-
ing the performance of DiT models [36]. In the realm of
audio generation, several models leveraging these advance-
ments have been introduced, such as VoiceBox [23], Au-
dioBox [44], FlashAudio [26], LuminaNext [56], and Diff-
SAGe [22]. Building upon the advantages of flow matching
in audio generation, we extend this approach to develop our
joint visual-text to audio generation framework.

3. Method
3.1. Preliminaries
Flow Matching. Flow matching [24, 28] linearly interpo-
lates between noise and target data in a straight line. Specif-
ically, given data x∼ p(x) and Gaussian noise ϵ∼N (0, I),
an interpolation-based forward process is defined as:

xt = αtx+ βtϵ, (1)

where α1 = β0 = 1, α0 = β1 = 0, to satisfy this
interpolation on t ∈ [0, 1] between x0 = ϵ and x1 = x. In

our framework, we adopt the linear interpolation schedule
between noise and original data, i.e., xt = tx+ (1− t)ϵ.

This formulation indicates a uniform transformation
with constant velocity between noise and data. The cor-
responding time-dependent velocity field is given by

vt(xt) = α̇tx+ β̇tϵ (2)

where α̇ and β̇ denote time derivative of α and β. This
velocity can be approximated with a model vθ(xt, t) by
minimizing the training objective:

L = Ex,ϵ,t[∥ vθ(xt, t)− α̇tx− β̇tϵ ∥2], (3)

During inference, we integrate the probability flow ODE,
starting from a Gaussian noise sample x0 at t = 0 and evolv-
ing it to t = 1 using an ODE solver such as Euler’s method.
We iteratively update xt to obtain a final sample x1, which
aligns with the target data distribution.
Audio VAE and Vocoder. Training generative models di-
rectly on waveform or mel-spectrograms (m) is computa-
tionally expensive. Hence previous approaches [7, 11, 25]
tackled this by training an autoencoder that compresses the
spatial representation using Encoder E . Latent generative
models are trained on these compressed representations x
= E(m). During inference, the model generates latent x̂,
which is decoded back into mel-spectrograms m̂ = D(x̂) us-
ing the decoder D of the autoencoder. A vocoder is used to
reconstruct waveform from synthesized sound spectrogram
m̂. Similar to previous approaches [11, 32], we use Audio
VAE and HiFi-GAN [20] vocoder from Liu et al. [25].

3.2. Proposed Architecture
Our architecture consists of three components: Visual and
Text Encoder, Joint Visual-Text (VT) SiT model, and Uni-
modal teacher models. We will explain them one-by-one.
Visual and Text (VT) Encoder. We employ a VT encoder
module to generate embeddings from video frames and text
inputs. Within this module as illustrated in Fig. 2A, the
cross-modal embeddings interact and are associated to pro-
duce conditioning information for audio generation.
Text Encoder. We adopt FLAN-T5 [39] as our text encoder
to extract contextual language embeddings. A text prompt
T is encoded to τ ∈ RL×dtxt , where L is the token count
and dtxt is the text embedding dimension.
Video Encoder. We utilize the visual encoder from
CLIP [38] to extract video representations. Given video
frames V ∈ RN×3×H×W , the CLIP visual encoder [38]
transforms them into embeddings Vc ∈ RN×dclip , where
each frame is represented by a dclip-dimensional vector cap-
turing its semantic content. To incorporate temporal infor-
mation, we compute mean of optical flow [13, 52] magni-
tude values sampled at the same rate as the video frames
(N). We also include frame index numbers as explicit tem-
poral position encodings. Both the optical flow values and
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Figure 2. (A) VT-Encoder, (B) Joint VT-SiT block, (C) Overall training pipeline.

frame indices are encoded using sinusoidal embeddings of
dimensions dopt and didx respectively. We concatenate these
embeddings with the CLIP embeddings Vc, resulting in
Vcoi ∈ RN×(dclip+dopt+didx). Finally, we project the concate-
nated features using a linear layer for greater flexibility.

Previous approaches to adding temporal control requires
extensive pretraining [30] for temporally aligned features
or involves training separate modules [18, 49, 53] for on-
set or energy detection from input video or expects user in-
puts [49]. In contrast, our use of mean optical flow values
provides a temporal energy map that is easier to get and di-
rectly guide audio generation.
Visual-Text Cross-Attention. To jointly generate audio from
text and video, we utilize cross-attention between the text
and visual embeddings to enable cross-modal association.
However, there may be scenarios where the two modalities
are entirely unrelated or when we want to condition on them
individually. To address this, we introduce a gated cross-
attention mechanism with tanh gating [9] and skip connec-
tions, formulated as:

cv = Vcoi + tanh(βvis) · CA(Qvis,Ktxt, Vtxt)

ct = T + tanh(βtxt) · CA(Qtxt,Kvis, Vvis)

where CA(Q,K, V ) denotes the cross-attention operation
with query Q, key K, and value V . In this mechanism, βtxt
and βvis are zero-initialized learnable parameters. They can
help to incorporate cross-modal information gradually into
the modality sequences and hence helps in stable training.

With the semantic visual and text embeddings, we can
integrate them to generate a joint semantic text-visual con-
dition vector: c̄vt = MLP ([AvgPool(Vc); AvgPool(T )]).

This joint pooled semantic embedding c̄vt (along with
time embedding) will be leveraged for global modulation
using adaptive layer normalization (AdaLN) [37]. Addi-
tionally, contextual embeddings (cv , ct) will directly inter-
act with the audio latent via cross-attention in VT-SiT.
Joint VT-SiT. Our audio generator is built upon image gen-
eration model: SiT [31]. As illustrated in Fig. 2B, input
noisy audio latent is passed through N blocks of the VT-
SiT model to generate the predicted velocity vθ.

We enhance the SiT block by adding text and visual
cross-attention layers to leverage both modalities in guiding
audio generation. In addition to AdaLN-based global mod-
ulation [36], this provides direct interaction and contextual
guidance via attention [43]. We introduce learnable weight
parameters ωl [7] in each block l to automatically learn the
importance of each modality’s guidance. The updated inter-
mediate representation x̃in in block l is computed as:

x̃in = xin + ωl · CA(Qxin ,Kct , Vct)

+ (1− ωl) · CA(Qxin ,Kcv , Vcv ),

where xin is the intermediate noisy audio latent before
cross-attention, and x̃in is after cross-attention with text and
video embeddings. The learnable parameter ωl allows the
model to balance the contributions from the text and visual
modalities dynamically at each layer.
Visual and Text Teachers. Generative models often in-
herit biases present in the training data [35], which can ad-
versely affect their performance. We observe that previous
works [18, 53] using text and video for audio generation
suffer from modality bias, tending to prioritize visual sig-
nals over textual input. To mitigate this issue, we employ
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pretrained teacher models that are individually trained for
text-to-audio and video-to-audio generation tasks. These
teacher models share architectures similar to our VT-SiT
model, including cross-attention mechanisms and adaptive
layer normalization. By utilizing these teacher models, we
guide the joint visual-text audio generation process to ef-
fectively balance both modalities. Detailed architectural de-
scriptions are provided in the appendix.

3.3. Training and Inference
In this subsection, we describe the training pipeline of Vin-
TAGe, as illustrated in Fig. 2C, and explain the inference
process using classifier-free guidance, shown in Fig. 4.

Our task is to learn velocity field vθ(xt, t, cv, ct), given
the noisy audio latent input xt interpolated at time t and
given the visual and text contextual conditions: cv and ct.
Creating Batches. In order to avoid any modality bias
during training, we use teacher models. In order to effec-
tively use them each batch is carefully generated to maxi-
mize GPU memory and utilization. Each batch consists of
a multiple of 3 inputs, where:

(Ti, Vi) =


(Ti, Vi) if i mod 3 = 0,

(Ti,∅V ) if i mod 3 = 1,

(∅T , Vi) if i mod 3 = 2.

(4)

where Ti represents the text input, Vi represents the visual
input, ∅T indicates unconditioned text, and ∅V indicates
unconditioned visual input.
Input and Target Construction. As shown in Fig. 3, each
audio latent xi is converted to noisy input and target veloc-
ity using Eqs. (1) and (2). In our case, we discard the target
velocity for cases with (∅T , Vi) and (Ti,∅V ) and replace
them with the predicted velocity from teacher models. We
observe that this not only helps in reducing modality bias
but also improve generation quality.
Teacher Guided Alignment. To mitigate modality bias and
enhance the performance of our audio generation model, we

Noise

A
ft

er
 N

st
ep

s

Latent

Vocoder
Timestep

INFERENCE

Mel-spectrogram

VT-encoder

VT-SiT BlockN x

Text Video

velocity

ODE Solver

Init.

Decoder

Figure 4. Inference pipeline.

introduce teacher-guided alignment losses. This approach
leverages pretrained teacher models that are individually
trained on T2A and V2A generation tasks.

The alignment losses with the text-only teacher (Lt) and
the video-only teacher (Lv) are defined as:

Lt = Ex,ϵ,t

[
∥vθ(xt, t,∅V , ct)− vθT(xt, t, ct)∥2

]
,

Lv = Ex,ϵ,t

[
∥vθ(xt, t, cv,∅T )− vθV(xt, t, cv)∥2

]
,

where, vθ is the velocity predicted by our joint model.
vθT and vθV are the velocities predicted by the text- and
visual-only teacher models, respectively.

The final objective combines the standard loss with these
alignment losses:

Lfinal = Ex,ϵ,t

[∥∥∥vθ(xt, t, cv, ct)− α̇tx− β̇tϵ
∥∥∥2]

+λvLv + λtLt.

We find that incorporating the teacher-predicted veloc-
ities helps the model in two ways: regularization and im-
proved quality. By comparing the joint model’s outputs
with those of the teacher models when only one modality
is provided, we regularize the model to prevent dominance
by either modality, thus mitigating the modality bias. Addi-
tionally, we observe that the model learns more effectively
with teacher guidance than with the original velocity tar-
gets, resulting in higher-quality generated audio.
Augmentation. To handle cases where text and video may
not be fully aligned, we extend T2A augmentation meth-
ods [11] by mixing audio, text, and video samples in vari-
ous combinations, effectively increasing the diversity of our
training data and enhancing the model’s generation ability.
More details are provided in the appendix.
Inference using classifier-free guidance. Our model
learns to predict the velocity conditioned on both text and
visual inputs. To enhance the quality of the generated au-
dio, we leverage classifier-free guidance based on both con-
ditions. During training, in addition to dropping text and
visual conditions for teacher alignment, we also indepen-
dently drop text and visual conditions with a 10% probabil-
ity to facilitate classifier-free guidance. Following previous
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Figure 5. The statistics and examples of our VinTAGe-Bench.

multi-conditional works [2, 4], during inference we intro-
duce two guidance scales, svis and stxt, to control the influ-
ence of each modality. The modified velocity prediction is
computed as:

ṽθ(xt, cv, ct) = vθ(xt,∅V ,∅T )

+ svis · (vθ(xt, cv,∅T )− vθ(xt,∅V ,∅T ))

+ stxt · (vθ(xt, cv, ct)− vθ(xt, cv,∅T )) ,

where stxt and svis represent the weights of visual and text
guidance. As illustrated in Fig. 4, we start the generation
process from noise and, using the modified velocity func-
tion ṽθ, we perform N steps. The resulting latent represen-
tation is then passed through an Audio VAE Decoder and
Vocoder to obtain the synthesized audio waveform. We em-
pirically found svis=stxt=2.5 to work well in our case and
unless mentioned we use these values during inference.

4. Experiments and Results
Datasets. We adopt both VGGSound [3] and our newly
established VinTAGe-Bench in our experiments.
VGGSound. This dataset consists of ∼200K 10-second
videos spanning 309 classes. Following prior V2A gener-
ation work [16, 30], we adopt the original train/test splits.
Since the dataset includes only class labels, we enhance it
with language descriptions by using LLM-generated cap-
tions from Auto-ACD [42]. For any missing captions, we
use a text prompt “The sound of { class-label }”.
VinTAGe-Bench. To the best of our knowledge, no suitable
dataset exists for benchmarking audio generation condi-
tioned on both text and video. We therefore created a dataset
ensuring generated audio is both temporally synchronized
with the video content and semantically consistent with ac-
companying text captions.

Based on the VGGSound test set, we selected 212 videos
from 14 diverse classes, excluding those with limited object
visibility, static images, and animations. For each class, we

added offscreen sounds that could naturally co-occur or be
less likely to co-occur with the onscreen sound. After mix-
ing the audio, we filtered out scenarios where (1) Sounds
with similar frequencies were mixed (e.g., vacuum cleaner
and chainsaw), making them difficult to distinguish; (2)
Offscreen sounds were mixed with “busy” onscreen sounds
(e.g., drums playing and dog barking), hindering recogni-
tion. Offscreen sounds were randomly selected from the
VGGSound test set and mixed with the original audio, ad-
justing gains for balanced pressure levels [11]. Each video
was paired with three scenarios: one with only onscreen
sounds and two with added offscreen sounds. Text cap-
tions were generated for each scenario, with the order of
on-screen and off-screen sound descriptions randomly shuf-
fled to prevent bias. This resulted in 636 (video, text, audio)
pairs. The distribution of sounds is shown in Fig. 5.
Baselines. We compare our method with recent state-
of-the-art V2A generation methods—SpecVQGAN [16],
Seeing-and-Hearing [50], and Diff-Foley [30]—and T2A
methods like Tango2 [32], AudioLDM2 [27], and Make-an-
audio [14]. We also include models that use both text and
video inputs, such as FoleyCrafter [53] and ReWaS [18]. To
adapt single-condition models, we extend them by combin-
ing video and text captions. For Tango2, we generate video
captions using LLaVa-Next [54] and concatenate them with
the original text captions, creating Tango2+LLaVa. Simi-
larly, for Seeing-and-Hearing, we combine key-frame cap-
tions with original text captions to generate audio using Au-
dioLDM, which we call Seeing-and-Hearing-VT.
Evaluation Metrics. We employ both objective and subjec-
tive evaluations to measure audio generation performance.
Objective Evaluation. We evaluate perceptual quality us-
ing Frechet Audio Distance (FAD) [19] and Melception-
based Frechet Distance (FID) [16], two key metrics
for T2A and V2A generation tasks. Since FID and
FAD capture distribution-level similarity, we also measure
paired sample-level similarity with Mean KL Divergence
(MKL) [16]. We evaluate audio-video (AV) and audio-text
(AT) alignment on CLIP [38] space by calculating cosine
similarity times 100, following previous works [41, 45, 53],
using Wav2CLIP [47] as audio encoder and CLIP-text and
image encoders for visual and text embedding. We com-
pare the results on the mean of AV and AT scores for this
joint task. Additionally, we use a classifier to calculate if
the generated audio faithfully captures both on-screen and
off-screen concepts. Specifically, we separate on-screen
and off-screen sounds based on text labels using Separate-
Anything Model [29] and then perform classification using
ONE-PEACE [46]. Both are pretrained models with open-
source and superior performance on VGGSound. We report
mean results for this joint task.
Subjective Evaluation. To complement objective metrics,
we conduct listening test to measure quality (MOS-Q),
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Table 1. Comparison on VinTAGe-Bench. Top-2 results are highlighted.

Model Txt Vis Generation Quality Alignment Concept Accuracy(%) Subjective Metrics

FAD↓ FID↓ MKL↓ AT↑ AV↑ Mean↑ On-acc↑ Off-acc↑ Mean↑ MOS-Q↑ MOS-F↑ MOS-T↑

SpecVQGAN [16] ✗ ✓ 6.10 31.73 6.44 18.73 4.61 11.67 25.0 10.61 17.80 1.36 1.08 1.34
Seeing-and-Hearing [50] ✗ ✓ 5.08 27.04 6.47 15.78 7.93 11.85 34.9 9.43 22.16 - - -
Diff-Foley [30] ✗ ✓ 6.63 19.78 6.38 18.25 9.39 13.82 40.72 7.05 23.88 1.86 1.26 2.36
Make-an-Audio [14] ✓ ✗ 4.05 19.01 5.19 18.54 7.42 12.98 52.04 35.14 47.83 - - -
AudioLDM2 [27] ✓ ✗ 5.40 20.75 5.52 22.02 6.65 14.33 54.4 26.65 40.52 2.42 2.52 2.10
Tango2 [32] ✓ ✗ 5.85 36.01 4.94 23.84 7.19 15.51 62.57 48.58 55.57 2.86 3.34 2.56
Seeing-and-Hearing-VT ✓ ✓ 4.89 22.44 5.00 17.75 8.99 13.37 43.23 17.68 30.45 - - -
Tango2 + LLaVA [54] ✓ ✓ 4.12 29.1 4.59 24.14 7.35 15.75 57.86 40.33 49.09 2.88 2.90 2.52
ReWaS [18] ✓ ✓ 8.01 36.88 7.54 21.03 4.48 12.75 28.14 11.32 19.73 - - -
FoleyCrafter [53] ✓ ✓ 5.81 25.64 4.94 21.36 10.57 15.96 64.93 21.69 43.31 2.92 2.60 2.96
VinTAGe (Ours) ✓ ✓ 3.05 16.43 4.74 22.29 9.83 16.06 57.7 43.63 50.66 3.36 3.58 3.36

“Birds chirp and a toilet flushes.”

Ground-truth
(On-screen)

Text Prompt :

Silent Video :

Ground-truth

Foleycrafter

Tango2

Diff-foley

Ours

“Sheep bleats and fire crackles.”

flush starts ~2s

flush starts ~0s

flush starts ~0.5s

flush starts ~3.5s

flush starts ~2s

flush starts ~2s

sheep bleats

bleat

bleat bleat

bleat

bleat bleat

bleat

bleat

Figure 6. Examples of generated audio from VinTAGe-Bench.

faithfulness (MOS-F) with both onscreen and offscreen
sounds, and temporal alignment (MOS-T) of video with
on-screen sounds. We ask 10 listeners to rate 35 samples
on a discrete 5-point scale and report the mean opinion
score. We also note that previous audio-visual temporal
metrics [30, 52] are not suitable in our case due to mixed
audio containing offscreen sounds. Six baseline methods
are compared.

4.1. Comparison Results
Our quantitative results on VinTAGe are shown in Tab. 1.
T2A vs V2A. We observe that T2A models achieve superior
audio generation quality compared to V2A models. A key
reason is the larger availability of high-quality audio-text
pairs, while offscreen sounds remain prevalent in videos.
Joint Generation is Better. Combining visual and text fea-

tures significantly enhances generation quality. For exam-
ple, adding video captions to Tango2 (Tango2+LLaVA) im-
proves all quality metrics, boosting FAD by ∼30%. This
simple extension even surpasses FoleyCrafter and ReWaS,
which also use text and video but less effectively. Our ap-
proach achieves the best FAD and FID scores, highlighting
the superior quality of the synthesized audio.
Audio-Text and Audio-Visual Alignment. We observe that
strong V2A models, such as Diff-Foley, generally achieve
better AV alignment than T2A models but lack alignment
with the text modality due to missing text information. Sim-
ilarly, T2A models align well with text but fall short in vi-
sual alignment. Notably, Tango2+LLaVA improves upon
Tango2 in mean alignment by adding video captions, while
our approach achieves the best overall alignment.
Joint Generation Methods Suffer from Modality bias. For
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Table 2. Evaluations on VGGSound [3] dataset.

Model Objective metrics Subjective metrics
FPS↓ FID↓ MKL↓ ISc↑ AV↑ MOS-Q↑ MOS-T↑

SpecVQGAN (RGB+Flow) [16] 21.5 8.93 6.93 30.01 5.07 - -
SpecVQGAN (ResNet50) [16] 21.5 9.70 7.03 30.80 5.87 - -
Im2Wav [41] 30 11.44 5.20 39.30 7.82 - -
Diff-foley [30] 4 9.87 6.43 62.37 9.17 3.03 3.46
ReWaS [18] 25 28.28 8.92 12.76 4.69 - -
FoleyCrafter [53] 15 9.17 4.48 62.49 10.13 3.80 3.17
VinTAGe (Ours) 4 6.65 4.12 63.95 9.68 3.86 3.88

Table 3. Ablation on different model components.
FID↓ Mean-Align↑ Mean-Acc (%)↑ ∆On-Off(%) ↓

VinTAGe 16.43 16.06 50.66 14.07
w/o guidance loss 19.48 15.95 43.15 18.39
w/o CA VT-Encoder 18.80 16.04 41.66 13.52
w/o augmentation 19.22 15.65 38.55 20.99

on- and off-screen accuracy, T2A models generally perform
better, benefiting from large-scale, high-quality training
data compared to V2A methods. Our mean concept accu-
racy is the second highest, slightly below Tango2 due to the
limited quality of data, amount of data and to consider both
text and video modalities. An interesting observation is that
the two joint generation methods, ReWaS and FoleyCrafter,
exhibit high on-screen accuracy but very low off-screen
accuracy, indicating a strong visual bias. In contrast, our
proposed approach effectively mitigates this issue.
Subjective Study and Qualitative Results. Our approach
outperforms other methods across all three subjective
metrics, validating the quality, faithfulness, and temporal
sync of the generated sounds. In Fig. 6, we compare
our approach with FoleyCrafter (TV2A), Tango2 (T2A),
and Diff-foley (V2A). We see that our model can follow
both onscreen sounds (i.e. toilet flushing starting at ∼2
sec and sheep bleating twice) while other methods, even
FoleyCrafter and Diff-foley, fail to follow.
Comparison on VGGSound. We compare our approach on
standard V2A generation benchmark: VGGSound [3], with
commonly used V2A metrics as shown in Tab. 2. We take
the text captions from Auto-ACD [42] and in order to have a
fair comparison, we update previous text and video models
(e.g., Foleycrafter and ReWaS) with these captions, which
originally considered text labels. Our approach achieves the
overall best performance. Subjective results also highlight
good quality and temporal alignment.

5. Discussion and Analysis

Ablations on Model Components. We do an ablation
study to explore the effect of each component for our joint
text-video to audio generation. From Tab. 3, we observe
that each component positively affects the generation qual-
ity, alignment, and concept accuracy. Additionally, we find
that augmentation is truly helpful in improving the concept
accuracy. As shown in Fig. 7, guidance loss helps in learn-
ing better generation quality (FID) and concept accuracy
(Mean-Acc), as it is easier to learn from teacher models. We
additionally see that the modality bias (On-Offscreen accu-
racy) is mitigated by guidance loss and augmentation. Fur-

Table 4. Ablation on V2A teacher model.

FID↓ Mean-Align↑ Mean-Acc(%)↑
Teacher - V 20.32 16.04 31.56
w/o mean-flow 26.36 15.46 21.69
w/o frame-idx 25.94 15.30 21.02

Figure 7. Ablation on the alignment loss.

“Birds chirp and a toilet flushes.” “Sheep bleats and fire crackles.”

flush starts ~0.5s

flush starts ~3.5s
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“Wind blows.”
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(On-screen)

Text Prompt :

Silent Video :

Ground-truth

Foleycrafter

Tango2

Diff-foley

Ours

flush starts ~2s

flush starts ~0s

flush starts ~2s

flush starts ~2s

sheep bleats

bleat

bleat

bleat

bleat

bird chirps

bird chirps

bird chirps

Text Prompt :

wind blows

wind blows

wind blows

Figure 8. Effect of classifier free guidance.

thermore, in Tab. 4, we observe that mean-flow and frame-
index features help to improve the generation quality.
Effect of svis and stxt. We further analyse the effect of
classifier-free guidance in Fig. 8. We observe that svis con-
trols the visual content and stxt controls the text content.
For a simple scenario in which text and video are unrelated,
higher svis (svis=7.5,stxt=1.5) would result in only visual
sounds and vice-versa. A good balance can result in a mix-
ture of both the sounds (svis=7.5,stxt=2.5).

6. Conclusion

In this paper, we tackle the task of holistic audio genera-
tion, aiming to produce audio that is both visually synchro-
nized and aligned with text content. To address the lack of
suitable datasets, we introduce VinTAGe-Bench—a curated
dataset from the VGGSound, containing both onscreen and
offscreen sounds. Additionally, we propose VinTAGe, a
flow-based transformer model that jointly processes text
and video inputs, leveraging V2A and T2A teacher mod-
els for guided learning. Extensive experiments and ablation
studies validate the effectiveness of our approach.
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