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Figure 1. MultiFoley for video-guided sound generation with multimodal controls. We generate Foley sounds for silent videos with
various control signals to shape their audio. (a) Text prompts, both positive and negative, guide synchronized Foley generation. (b) Reference
audio from sound libraries defines the customized audio style. (c) A partial audio track is extended to produce a complete Foley sound. We
encourage the reader to watch and listen to the results in our website.

Abstract

Generating sound effects for videos often requires creating
artistic sound effects that diverge significantly from real-
life sources and flexible control in the sound design. To
address this problem, we introduce MultiFoley, a model
designed for video-guided sound generation that supports
multimodal conditioning through text, audio, and video.
Given a silent video and a text prompt, MultiFoley allows
users to create clean sounds (e.g., skateboard wheels spin-
ning without wind noise) or more whimsical sounds (e.g.,
making a lion’s roar sound like a cat’s meow). MultiFo-
ley also allows users to choose reference audio from sound
effects (SFX) libraries or partial videos for conditioning.
A key novelty of our model lies in its joint training on
both internet video datasets with low-quality audio and
professional SFX recordings, enabling high-quality, full-
bandwidth (48kHz) audio generation. Through automated
evaluations and human studies, we demonstrate that MultiFo-
ley successfully generates synchronized high-quality sounds

* Work done during an internship at Adobe.

across varied conditional inputs and outperforms existing
methods. Please see our project page for video results:
https://ificl.github.io/MultiFoley/

1. Introduction

Sound designers, often create sound effects from different
sources that may not resemble the original video, such as
everyday objects or pre-recorded sound libraries, to create a
soundtrack for a video that synchronizes with on-screen ac-
tions. For example, they use crinkling paper for a warm fire,
a coconut shell for horse hooves, or the cracking of celery for
breaking bones. This process is known as Foley [1]. Instead
of replicating the true sounds, sound designers aim to achieve
an artistic effect that enhances the viewers’ experience.

Recent works [63, 66, 87, 90, 92] mainly formulated the
Foley problem as a video-to-audio generation task, generat-
ing sound effects that align temporally and semantically with
the video. However, those approaches restrict audio content
and lack the control designers need, as they often create
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sounds that diverge from real life in many different ways.
Current systems only offer limited controls (e.g., conditional
video examples [24] or language [94]) and face issues with
audio quality and synchronization.

To give users more creative control over sound design,
we propose MULTIFOLEY, a video-guided Foley sound gen-
eration framework that integrates multimodal controls, us-
ing text, audio, and video conditional signals. Our model
provides sound designers fine-grained control over how the
audio sounds while easing the burden of synchronizing audio
to videos. By jointly training across audio, video, and text
modalities, MULTIFOLEY enables flexible control and vari-
ous Foley applications. Users can customize audio content
through text prompts – whether or not they match the visuals
– while maintaining synchronization. For example, users can
generate clean sound effects by removing unwanted elements
like wind noise using text prompts or they can replace a cat
meow with a lion roar, as shown in Fig. 1. Beyond text, our
system can also accept different types of audio and audio-
visual conditioning. Users can generate desired sound effects
from reference audio in the sound effects (SFX) library or
extend the soundtrack from a portion of a video.

One of the key challenges is that internet video sound-
tracks are often poorly aligned with the visual content (e.g.,
irrelevant audio) and suffer from low quality (e.g., noisy au-
dio and limited bandwidth). To address this, we jointly train
on high-quality SFX libraries (audio-text pairs) alongside in-
ternet videos, using language supervision in both cases. This
approach enables our model to generate full-bandwidth au-
dio (48kHz) that meets professional standards and enhances
precise text-based customization.

MULTIFOLEY consists of a diffusion transformer, a high-
quality audio autoencoder (based on [52]), a frozen video
encoder for audio-video synchronization, and a novel multi-
conditional training strategy enabling flexible downstream
tasks like audio extension and text-driven sound design. Our
key contributions are as follows:

• We present a unified framework for video-guided Foley
generation that leverages multiple conditioning modali-
ties—text, audio, and video—within a single model.

• We introduce a training approach that combines internet
video datasets with low-quality audio and professional
libraries via language as bridges to enable high-quality,
full-bandwidth audio generation at 48kHz.

• We show that our model supports a diverse range of appli-
cations, such as text-controlled Foley generation, audio-
controlled Foley generation, and Foley extension, expand-
ing possibilities for creative audio production.

• Through extensive quantitative evaluations and human
studies, we demonstrate that MultiFoley achieves better
audio quality and improved cross-modal alignment, out-
performing existing methods in key benchmarks.

2. Related Work

Video-to-audio generation. Video-to-audio generation
has recently gained significant attention. Several works
have employed auto-regressive transformer models to gen-
erate audio from visual features, e.g., SpecVQGAN [43],
Im2Wav [82], FoleyGen [66], and V-AURA [89]. Other
approaches have introduced video-to-audio diffusion or flow
matching models to address this task, e.g., Diff-Foley [63],
Action2Sound [11], VTA-LDM [96], and Frieren [92]. Some
researchers have adapted the MaskGIT [10] framework for
video-to-audio synthesis [61, 75, 87]. Other approaches
use a two-stage process: first, extracting time-varying sig-
nals like sound onsets or energy curves from videos, then
adapting pretrained text-to-audio diffusion models with spe-
cialized adapters for video-to-audio generation with optional
text [22, 42, 45, 53, 94, 100]. V2A-Mapper [90] translates
CLIP visual embeddings into CLAP space to condition audio
generation via AudioLDM [56]. Recently, concurrent un-
published work Movie Gen Audio [77] explores generating
audio conditioned on video and text. This work demon-
strates that text provides complementary information for
audio generation. Concurrent work MMAudio [20] also
explores multimodal joint training by combining video-to-
audio and text-to-audio generation across multiple datasets.
In contrast, our approach stands out by providing richer mul-
timodal controls and Foley applications, such as generating
on-screen sounds with semantically different audio via text
and audio-conditional Foley generation, as shown in Fig. 1.

Diffusion models. Diffusion models [23, 38, 84–86] are
generative models that learn to reconstruct data by revers-
ing a process in which data is gradually corrupted with
noise. By iterative denoising, these models generate new
samples starting from random noise. Latent diffusion mod-
els (LDMs) [79] perform the diffusion process in a la-
tent space by translating data using a pretrained encoder
and decoder pair. These models have proven useful for
various generative applications, such as image generation
and editing [9, 23, 30, 36, 67, 70, 79, 80], video genera-
tion [7, 34, 39, 83], audio generation [25, 26, 54, 57, 64, 97],
and 3D generation [8, 40, 60]. They have also been ap-
plied to tasks such as semantic segmentation [2, 95], camera
pose estimation [91, 99], depth estimation [46, 81], and
compositional generation [6, 19, 31, 32, 59]. In our work,
we leverage diffusion models for video-guided Foley sound
generation, incorporating controls from multiple modalities.

Audio-visual learning. Many works have focused on
learning multimodal representations from audio-visual data.
Some study semantic correspondence between sight and
sound, e.g., learning common audio-visual associations [3,
5, 33, 55, 69], audio-visual sound localization [4, 41, 74],
and audio-visual segmentation [58, 101]. Some investi-
gate temporal correspondence between audio and video [13,
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Figure 2. Radar chart comparison for video-to-audio generation
task. Each metric is normalized for a better visualization.

27, 44, 71, 72, 88], studying how sounds synchronize with
visual events over time. Some explore spatial correspon-
dence between audio and visual data, particularly how sound
conveys information about the spatial environment [14–
18, 28, 65, 98]. Inspired by them, we propose a joint learning
approach across text, audio, and video modalities, enabling
flexible control over various aspects of generated audio.

Generative models for sound design. Foley sound de-
sign has traditionally relied on Foley artists to create syn-
chronized sound effects using everyday objects or sound
libraries [1]. Recent text-to-audio models [25, 26, 64] give
sound designers flexible control, allowing them to gener-
ate audio attributes directly from descriptive text. However,
sound designers still need to manually synchronize the gener-
ated audio with the video. T-Foley [21] proposes to address
this issue by guiding foley generation using temporal event
features like the RMS of the waveform. Video-to-audio
models [89, 92] generate synchronized audio but lack user
control options. Du et al. [24] introduces a conditional Fo-
ley task for generating soundtracks from additional video
examples. Building on the work above, our model offers
artists improved tools for generating synchronized audio
with versatile controls using text, audio, and video.

3. Multimodal Conditional Foley Generation
We aim to generate synchronized Foley sounds for silent
videos, guided by multimodal inputs like text, audio, or
video examples that define how the video should sound. First,
we introduce a simple framework called MULTIFOLEY that
performs video-guided Foley generation with multimodal
conditions, shown in Fig. 3. Then, we show various applica-
tions our model enables for conditional Foley generation.

3.1. Generative Formulation

Given an input silent video vq , our goal is to generate a syn-
chronized soundtrack â. This generation is conditioned on
a text prompt tc and a reference audio-visual pair (ac, vc),
which can be part of vq or from different videos. We frame
this problem as a conditional diffusion task. We learn a diffu-
sion model ϵθ, parameterized by θ, to model the conditional

distribution pθ(a|vq, tc,ac,vc) from the audio a.
We perform the diffusion process in a latent space [79].

We use a pretrained audio latent encoder Ea and decoder Da

that converts the waveform a ∈ RTa into the compressed la-
tent code z = Ea(a) ∈ RTz×Cz , where Ta and Tz represent
the lengths of the waveform and audio latents respectively,
and Cz denotes the dimension of the latent features. Dur-
ing the forward diffusion process, we gradually add Gaus-
sian noise to clean audio latents z0 to obtain noisy latent
zt at different timesteps t ∈ {1, ..., T}. During the reverse
process, the denoiser ϵθ(·) computes the noise estimates
ϵ̂ = ϵθ(zt,vq, tc,ac,vc, t) and optimize following [38, 79]:

LLDM = Eϵ∼N (0,I),t∼U(T )

[
∥ϵ− ϵ̂∥22

]
, (1)

where conditions are encoded by the visual encoder Ev , audio
encoder Ea or text encoder Et, respectively. During inference,
we iteratively denoise the Gaussian noise zT with the noise
estimates ϵ̂ to obtain the final clean latent ẑ0, which is then
decoded into the waveform â = Da(ẑ0).

3.2. Multimodal Conditioning and Training

We build our model on the Diffusion Transformer (DiT) [76]
and a pretrained DAC-VAE [52] for the audio encoder and
decoder, as shown in Fig. 3.
Multimodal conditioning. We use a pretrained visual en-
coder Ev to encode the silent video vq ∈ RTv×3×H×W

into features Ev(vq) ∈ RTv×Cv , where Tv is the number of
video frames, H,W are video height and width, and Cv is
the visual feature dimension size. These video features are
interpolated to match the length of the audio latents z, then
concatenated along the channel dimension with noisy au-
dio latents zt to ensure the audio-visual temporal alignment,
pairing audio and video features at the same time, similar to
Wang et al. [92]. The combined features are passed to the
feed-forward transformer ϵθ(·).

For the text condition tc, we apply a frozen text encoder
Et to extract embeddings Et(tc) ∈ RTt×Ct , where Tt is the
tokenized text sequence length, and Ct is token’s embedding
dimension. These text embeddings are then incorporated
into ϵθ(·) via cross-attention.

To improve our model’s ability to condition on audio and
video, during training we provide the model with a sample
of ground truth audio-visual segments, Ea(ac) and Ev(vc),
which we select randomly from the clean video. Our training
loss is then only applied to the latents that were not provided
as a conditioning signal. At inference, we can obtain our
audio-visual conditioning, (ac,vc), from a different video.
Learning from combined datasets. To enhance audio
generation quality and text control, we train our model jointly
on an audio-visual(-text) dataset, VGGSound [12], and a
large proprietary licensed dataset of high-quality sound ef-
fects with text captions, termed as HQ-SFX. The audio in
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Figure 3. Method overview. We train our model jointly on a standard audio-video dataset VGGSound for VT2A generation and a
high-quality audio-text dataset HQ-SFX for T2A generation. We encode the input audio into latents, adding noise to a portion of them. The
silent video is encoded into visual features, concatenated with the audio latents along the channel dimension. The text input, including a
quality tag, is encoded through a text encoder and applied via cross-attention.

these datasets is quite different, since VGGSound is “in-
the-wild” and relatively noisy, whereas HQ-SFX contains
professionally recorded sound effects and thus is generally
higher quality and full bandwidth. To give the model control
over audio quality, we assign quality tags to both datasets,
which represent different dataset distributions: VGGSound
examples are paired with a “low quality” tag in prompts, e.g.,
“category, low quality”. In contrast, HQ-SFX exam-
ples are labeled with a “high quality” tag in their captions.
During training, we randomly drop out the caption or quality
tag to allow the model to disentangle audio quality from
semantics and encourage the model to learn and distinguish
audio quality across different data distributions.

Implementation. Our denoiser ϵθ consists of a 12-layer
DiT. We train a DAC-VAE to map 48kHz audio waveforms
into 40Hz latent features with a channel dimension Cz of 64,
the encoder is frozen during the training. We use the T5-base
text encoder [78] to obtain embeddings with Ct = 768, and
we apply CAVP [63] to extract visual features at 8 FPS for
8-sec videos with Tv = 64 and Cv = 512.

The model is jointly trained for video-text-to-audio gen-
eration on VGGSound, containing 168K samples, and for
text-to-audio generation on the HQ-SFX dataset, with 400K
samples. We balance the datasets to ensure robust training
and train the model for 600K iterations with a batch size of
128. During training, audio latents are masked with a proba-
bility of 0.25, where the masking spans 0 to 2 seconds. We
also randomly drop the video, caption, and quality tag con-
ditions during the training. We then finetune this pretrained
model for 50k iterations on a curated subset of VGGSound,
selected for high audio-visual correspondence using an Im-
ageBind [33] score threshold of 0.3. During inference, we
use the DDIM [85] method and apply a classifier-free guid-
ance scale ranging from 3.0 to 5.0 to denoise over 100 steps.
Please see more details in the supplementary material.

3.3. Foley Applications

Video-guided Foley with text control. Training audio dif-
fusion with both video and text inputs allows our model to
generate Foley sounds controlled by text. This dual condi-
tioning setup enables flexible audio generation, where users
can influence sound characteristics based on text prompts.

Our approach associates language with video cues, dis-
entangling the semantic and temporal elements of videos.
This setup allows for creative Foley applications, such as
modifying a bird-chirping video to sound like a human voice
or transforming a typewriter’s sound into piano notes – all
while remaining synchronized with the video. Also, nega-
tive prompting provides a way to exclude unwanted audio
elements by specifying them in the negative text prompts,
offering flexible control over the audio output. To achieve
this application, we use classifier-free guidance (CFG) [37]
with negative prompting. Given a positive text prompt tpos
for the desired sound effect and a negative prompt tneg rep-
resenting the original expected sound or an unconditional
text embedding ∅t, we compute a diffusion step via:

ϵ̂ = (γ+1) ·ϵθ(zt,vq, tpos, t)−γ ·ϵθ(zt,∅v, tneg, t), (2)

where γ controls the guidance strength, and ∅v is the uncon-
ditional embedding for the input videos.

Video-guided Foley with audio-visual control. Our
model enables generating synchronized soundtracks guided
by both audio and video inputs. Our model can apply the
sound characteristics (e.g., rhythm and timbre) of reference
audio from an SFX library to a silent video, synchronize
the audio with visual events, and enable control over the
generated output based on the reference audio-visual condi-
tions. We frame this task as the video-guided audio exten-
sion problem, where we prepend the conditional audio latent
zc = Ea(ac) and optional video feature Ev(vc) to the noisy
audio latents zT along the sequence dimension and apply
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Table 1. Evaluation of video-to-audio generation. Each method is evaluated on the VGGSound test set across six metrics assessing
cross-modal alignment and audio quality. ImageBind and CLAP scores are reported in %. The unit of AV-Sync is seconds. DAC-VAE
reconstructs the VGGSound audio and serves as an oracle baseline. The best results are in bold.

Method
Sampling
rate (Hz)

Cross-modal alignment Audio quality

ImageBind ↑ CLAP ↑ AV-Sync ↓ FAD@VGG ↓ FAD@AUD ↓ KLD ↓

Im2Wav [82] 16K 22.3 25.2 1.25 7.36 5.88 2.11
V2A-mapper [90] 16K 25.2 24.5 1.24 1.13 8.59 2.40
Diff-Foley [63] 16K 19.5 20.5 1.01 6.53 4.80 2.90
FoleyGen [66] 16K 24.4 23.4 1.24 3.01 4.62 2.48
VAB [87] 16K 27.9 23.5 1.20 3.26 4.85 2.18
Frieren [92] 16K 25.4 24.7 0.87 1.54 5.13 2.50
FoleyCrafter [100] 16K 30.2 25.3 1.24 2.74 6.89 2.07

MultiFoley (ours) 48K 28.0 34.4 0.80 2.92 4.62 1.43

DAC-VAE (VGGSound) 48K 35.4 28.2 0.62 1.21 5.91 0.28

masked denoising to generate the missing sound:

ϵ̂ = (γ+1)·ϵθ ([zc; zt], [vc;vq], t)−γ ·ϵθ ([∅a; zt],∅v, t) ,
(3)

where ∅a denotes the noisy latent that matches the size of
the conditional latent zc. vc and vq are encoded by Ev .

Video-guided Foley with quality control. We enforce
quality control by incorporating quality tags in the text, en-
abling the generation of clean full-band (48kHz) audio. Dur-
ing inference, we guide the model to produce samples that
align with the high-quality audio distribution while steering
away from low-quality audio using CFG with a negative
prompt tneg; the prompt can be “low quality” or the uncon-
ditional text embedding ∅t:

ϵ̂ = (γ + 1) · ϵθ(zt,vq, tc + “high quality”, t)
−γ · ϵθ(zt,∅v, tneg, t). (4)

4. Experiments
In this section, we quantitatively and qualitatively evaluate
our method for the tasks of video-to-audio generation and
video-guided Foley generation with multimodal controls
over text, reference audio, and video.

4.1. Video-to-Audio Generation

First, we evaluate the ability of our model in the video-to-
audio generation task, i.e., reproducing the soundtracks for
silent videos, through an automatic quantitative evaluation.

Experimental setup. We evaluate this task using videos
from the VGGSound test set [12]. To ensure accurate audio-
visual correspondence, we apply ImageBind [33] to filter
out test samples with a score below 0.3, yielding a final set
of 8,702 videos, following [89, 96]. For each video, we
generate 8-second audio samples. We compare our model
against several video-to-audio baselines, including the au-
toregressive models Im2Wav [82] and FoleyGen [66], latent

diffusion models Diff-Foley [63], V2A-mapper [90] and Fo-
leyCrafter [100], Frieren [92] based on rectified flow match-
ing, and VAB [87] that apply MaskGIT [10] framework.
We also report the performance of the reconstructed audio
with our DAC-VAE on the VGGSound test set as an oracle
baseline. We trim the generated audio from the baselines
to 8 seconds for a fair evaluation. Our model approaches
the video-to-audio generation task as video-text-to-audio
(VT2A) generation, using the VGGSound category name
as the text input. During the inference, we use the “low
quality” tag for our model’s generation to stay within the
same data distribution of VGGSound for a fair comparison
and a guidance scale of 3.0 for diffusion sampling.

Evaluation metrics. Following prior work [66, 89, 92],
we evaluated model performance in terms of audio quality
and cross-modal alignment. We evaluated audio quality us-
ing Fréchet Audio Distance (FAD) [47] with VGGish [35]
on 16kHz audio, which measures the distribution distance
between generated and reference audio. For reference sets,
we used the VGGSound test set as regular references and
Adobe SFX Audition1 (a professional audio library that dif-
fers from VGGSound) as high-quality references, denoting
these metrics as FAD@VGG and FAD@AUD, respectively.
We also use Kullback–Leibler Divergence (KLD) [51] to
measure the probability distributions of class predictions by
the PaSST [50] model between the ground-truth and gen-
erated samples. To assess cross-modal alignment, we use
ImageBind [33] to measure the semantic correspondence
between the generated audio and the input video. We also
compute the CLAP score [93] to evaluate the similarity be-
tween category labels and generated audio. To measure the
cross-modal (temporal) alignment between generated audio
and input videos, we apply Synchformer [44] to estimate the
weighted temporal offset in seconds, following [89]. The
model classifies the offset from -2.0s and 2.0s (with a 0.2s

1https : / / www . adobe . com / products / audition /
offers/adobeauditiondlcsfx.html
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resolution). The final AV-Sync metric is the average of the
absolute offsets across all examples.
Quantitative results. We show our quantitative results in
Tab. 1 and Fig. 2 and demonstrate that our method outper-
forms all the other methods in multiple metrics, including
AV-Sync, CLAP score, FAD@AUD, and KLD. This high-
lights the strong overall performance of our model against
baselines. Notably, our synchronization score is comparable
to the DAC-VAE reconstructed results, indicating that we
successfully generated synced audio for silent input videos.
Additionally, our method achieves the second-best perfor-
mance on the ImageBind score, reflecting strong cross-modal
semantic alignment. We outperform the oracle baseline
(DAC-VAE) on the CLAP score indicating that our generated
clips are more semantically aligned to corresponding sound
effects. The performance of DAC-VAE on FAD@VGG indi-
cates that the VAE influences the generated data distribution,
which in turn affects the FAD evaluation.

4.2. Video-guided Foley with Text Control

We conduct experiments to evaluate our model’s capability
for video-guided Foley generation with text controls, focus-
ing on synchronization and diversity of semantics.
Experimental setup. To quantitatively evaluate the seman-
tic control of the model with text, we sampled videos of 10
categories from the VGGSound-sync [13] dataset as a test set
with the ImageBind [33] filtering strategy described above.
We individually provided the other 9 category names for
each video as target text prompts and tasked the models
with generating audio based on the given text and video.
We generated 4 audio tracks for each pair. We compared
our model with FoleyCrafter [100], which also supports
text-based control. We also modify FoleyCrafter to disable
its semantic adapter to cut the semantic signal from input
videos, using this model solely as a video-onset Control-
Net on the text-to-audio generation model. We evaluated
four variants of our approach: 1) w/ NegP: using target
prompts as positive prompts and the ground truth category as
negative prompts for classifier-free guidance; 2) w/o NegP:
no negative prompts are used; 3) True category: regular
video-text-to-audio generation with true category as positive
prompts (without negative prompts) to generate expected Fo-
ley sound for videos, representing the best synchronization
performance that our models could achieve; 4) T2A: text-to-
audio generation with the given target individual prompts,
providing the upper bound for CLAP metrics.
Evaluation metrics. To evaluate semantic alignment be-
tween target prompts and generated audio, we use two CLAP-
based [93] metrics. First, we calculate the CLAP score, de-
fined as the average cosine similarity between the CLAP
embeddings of each text prompt and generated audio pair.
Additionally, we use the CLAP model as a classifier to com-
pare target category scores against original categories (from

Table 2. Evaluation on the Foley generation with text controls.
NegP denotes negative prompting. We also include two oracle
baselines: one using the true category as text prompts and the other
omitting video during inference. The best results are in bold.

Method Variation CLAP ↑ AV-Sync ↓
Score Acc

FoleyCrafter [100] w/o NegP 38.4 99.4 1.34
(w/o semantic adapter) w/ NegP 35.7 99.9 1.36

FoleyCrafter [100] w/o NegP 31.0 79.2 1.29
w/ NegP 33.4 94.2 1.31

Ours w/o NegP 31.4 85.5 0.81
w/ NegP 30.9 93.2 0.93

Ours – oracle True category 4.2 1.8 0.77
T2A 40.3 100 1.38

videos), reporting binary classification accuracy. We also
report temporal performance using the aforementioned AV-
Sync metric. Although generated audio-visual examples fall
outside the synchronization model’s training distribution, we
found that it returns reliable scores.

Results. We present the results in Tab. 2. Our method
achieves the highest synchronization performance, compara-
ble to the oracle model (Ours–true category) that generates
soundtracks with original semantics. The CLAP metrics are
also reasonable, indicating that our approach effectively gen-
erates synchronized audio for input videos while allowing
semantic control through text. Although FoleyCrafter [100]
performs well on CLAP-based metrics, its AV-Sync score is
similar to text-to-audio generation, suggesting it struggles
to generate synchronized audio in this task. Additionally,
the results of the CLAP accuracy highlight that the negative
prompting strategy helps steer the generation away from
reproducing the original semantics of the audio, enhancing
semantic control through classifier-free guidance while the
sync score is slightly dropped. We also show some qualita-
tive examples for text control in Fig. 4, demonstrating that
our model enables the disentangling of semantic information
from the input video and maintains the temporal information.

Human studies. We conducted a human evaluation using
two-alternative forced choice (2AFC) studies. We selected
10 high-quality videos from the VGGSound test set, ensuring
diverse categories and clear temporal information. For each
video, we used one prompt based on the original video’s
semantics and another that diverged from it. We compared
our method with FoleyCrafter [100].

In the user study, participants watch and listen to two
video clips, each paired with an audio sample—one gener-
ated by our model and the other from the baseline. They were
asked to select which audio (1) best matches the sound of
“audio prompt”, (2) is best synchronized with the video,
(3) which audio sounds cleaner and more high definition,
and (4) overall sounds best when considering the intended
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Figure 4. Qualitative examples for Foley generation with text control. We present generated results for two videos, each with three
different text prompts, demonstrating our model’s ability to produce synchronized soundtracks with varied semantics through text control.
Please refer to our website for video results.

Table 3. Human Evaluation on the Foley generation with text
control. We show the win rates of our method against Foley-
Crafter [100]. 95% confidence intervals are reported in gray. P-
values are below 10−20. (N = 400 with 20 participants)

Comparison Win rate (%)

Semantic Sync. Quality Overall

Ours vs FoleyCrafter 85.8 (±3.4) 94.5 (±2.1) 86.5 (±3.4) 90.2 (±2.9)

Table 4. Evaluation on the Foley extension with different control
signals. Vq means input slient videos. Tc, Ac and Vc denote text,
audio and video conditional signals respectively. The best results
are in bold.

Eval set Conditions CLAP ↑ AV-Sync ↓
Vq Tc Ac Vc

VGGSound

✓ ✓ 55.4 0.79
✓ ✓ 59.6 0.78
✓ ✓ ✓ 59.8 0.77
✓ ✓ ✓ ✓ 64.3 0.77

Greatest-Hits
✓ 29.3 0.88
✓ ✓ 73.8 0.94
✓ ✓ ✓ 74.4 0.87

audio for “audio prompt”. Additional details of the study
can be found in the supplementary material.

We demonstrate the user study results in Tab. 3. As can
be seen, our method outperforms the baseline in all the as-
pects. Human evaluators consistently rate our results as
being higher in semantic alignment, audio-visual synchro-
nization, and audio quality. It demonstrates our model’s
capability in video-guided Foley generation with text con-
trol, as well as the quality of the generated audio.

4.3. Video-guided Foley with Audio-Visual Control

Our model emerges with the ability to generate video-guided
Foley using reference audio-visual examples, effectively
transferring sounds from conditional clips to generate syn-
chronized soundtracks for silent videos. We evaluate this
on the Foley extension task, where the first few seconds
of a sounding video serve as the condition, and the model
generates the remaining audio for the silent part of the video.

Experiment setup. We evaluate this task on two datasets:
VGGSound-Sync [13] and Greatest-Hits [73]. We sample
1,000 8-second video examples from VGGSound-Sync as in-
domain data, and 800 8-second examples from Greatest-Hits
as out-of-domain data. For each video, the first 3 seconds
of both audio and video (ac,vc) serve as conditional inputs,
while the model generates the remaining 5 seconds of au-
dio â for the corresponding silent video segment vq. We
evaluate the results using two metrics: (1) CLAP score to
measure the cosine similarity between the ground-truth and
generated audio, and (2) AV-Sync score to evaluate synchro-
nization accuracy. We generate four audio clips for each
video and compare our model’s performance across different
combinations of multimodal conditional inputs (tc, ac, vc).
Text inputs are omitted to evaluate the Greatest-Hits dataset,
focusing solely on the audio and video conditions.

Results. We present the results in Tab. 4. Across both
datasets, CLAP similarity improves substantially with the ad-
dition of audio conditions. When video conditions are added,
we observe further improvement in the AV-Sync score, par-
ticularly for the Greatest-Hits dataset. This suggests that the
model effectively leverages in-context learning to interpret
information from conditional audio-visual inputs.
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Table 5. Quantitative evaluation on quality control and ablation study. We evaluate our model with different inference settings, i.e.,
using various quality tags and excluding text input. We also ablate the impact of the subset fine-tuning strategy. NegP denotes negative
prompting. The best results are in bold.

Variation Inference Quality tag ImageBind ↑ CLAP ↑ AV-Sync ↓ FAD@VGG ↓ FAD@AUD ↓ KLD ↓

Ours

Full w/o ft. VT2A Low 27.3 33.8 0.81 3.00 4.39 1.47
Full VT2A Low 28.0 34.4 0.80 2.92 4.62 1.43
Full VT2A High 25.8 34.9 0.83 4.37 4.09 1.60
Full V2A (w/o text) - 22.4 19.4 0.77 4.78 3.44 2.59

Additionally, our model demonstrates strong capability in
Foley analogy tasks as shown in Fig. 1. For instance, given
a reference dog bark, the model can produce synchronized
Foley audio for a different dog barking video, or generate
drum sounds for a basketball dribble video with a reference
drum audio sample. Please see our website for examples.

4.4. Video-guided Foley with Quality Control

During our experiments, we observed that audio from VG-
GSound videos downloaded via YouTube is often com-
pressed to 32kHz or lower. When resampled to 48kHz, the
high-frequency content above 32kHz is missing, as shown
in Fig. 5. Consequently, when training on the VGGSound
dataset, models inherently generate audio with a quality
aligned to 32kHz, reflecting the dataset’s distribution.

Our model incorporates high-quality text-audio data at
48kHz during training to address this limitation, paired with
quality tags. This enables the generation of full-band, 48kHz
audio for video-guided Foley generation. During inference,
we use the “high quality” tag to guide the model toward
generating audio that follows the distribution of the high-
quality text-audio dataset, ensuring 48kHz output.

We provide examples in Fig. 5, demonstrating the model’s
ability to control and improve audio quality. Additionally,
quantitative results in Tab. 5 support this, where we ob-
serve that with the “high quality” tag, our model achieves
better performance on the FAD@AUD metric, while perfor-
mance on FAD@VGG decreases. This suggests the model
effectively generates audio that aligns more closely with
high-quality sound effect distributions.

4.5. Ablation

Subset fine-tuning. As discussed in Sec. 3.2, the VG-
GSound dataset includes noisy, low-quality samples where
audio and video often lack alignment. To enhance model
performance, we further fine-tune our pretrained model on a
subset of VGGSound containing better audio-visual corre-
spondence. We evaluate our pretrained model performance
and compare it with the fine-tuned model. We present re-
sults in Tab. 5, demonstrating that fine-tuning significantly
improves cross-modal alignment metrics.

No-text inference. We also perform an ablation study
where we remove text conditioning and evaluate our model
directly on video-to-audio generation. We report the re-
sults in Tab. 5. We observe that while performance on the

”race car, auto racing”

”playing violin, fiddle”

VGGSound Ours – low quality Ours – high quality

Figure 5. Qualitative results of quality control. We show that VG-
GSound audio has limited bandwidth and demonstrate our model
generates full-band 48kHz audio with quality control.

semantics-related metrics drops significantly, synchroniza-
tion metrics remain high, indicating that our model relies
on text to drive semantic alignment but can retain temporal
consistency even in the absence of any conditioning.

5. Conclusion

In this paper, we present MULTIFOLEY, a Foley system de-
signed for video-guided Foley generation using multimodal
inputs, including text, audio, and video. We evaluate our
model on standard video-to-audio generation tasks, provid-
ing quantitative evidence of its effectiveness. We explore
the model’s control capabilities with different conditional
inputs through both quantitative and qualitative experiments,
illustrating a range of Foley applications achievable with our
approach. Our work is a step toward the broader goal of
“user-in-the-loop” sound design. By providing easy-to-use,
multimodal controls, we aim to help users create customized,
synchronized high-quality audio.

Limitations and broader impacts. Our model is currently
trained on a small-scale, in-the-wild audio-visual dataset,
VGGSound, which constrains its capabilities. We believe
a larger, high-quality Foley dataset would significantly en-
hance our model’s performance and broaden its applicability.
Our model currently struggles with handling multiple sound
events alongside text, often leading to confusion about the
timing of each event. Our method can also create realistic but
potentially misleading media. Responsible use is essential
to prevent misuse in situations where authenticity matters.
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