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Abstract

Foley is a key element in video production, refers to the pro-
cess of adding an audio signal to a silent video while en-
suring semantic and temporal alignment. In recent years,
the rise of personalized content creation and advancements
in automatic video-to-audio models have increased the de-
mand for greater user control in the process. One possible
approach is to incorporate text to guide audio generation.
While supported by existing methods, challenges remain
in ensuring compatibility between modalities, particularly
when the text introduces additional information or contra-
dicts the sounds naturally inferred from the visuals. In this
work, we introduce CAFA (Controllable Automatic Foley
Artist) a video-and-text-to-audio model that generates se-
mantically and temporally aligned audio for a given video,
guided by text input. CAFA is built upon a text-to-audio
model and integrates video information through a modality
adapter mechanism. By incorporating text, users can refine
semantic details and introduce creative variations, guiding
the audio synthesis beyond the expected video contextual
cues. Experiments show that besides its superior quality in
terms of semantic alignment and audio-visual synchroniza-
tion the proposed method enable high textual controllability
as demonstrated in subjective and objective evaluations. El

1. Introduction

In recent years, personal content creation has become a ma-
jor part of everyday life, shaping how we work, entertain,
and communicate. One example is Foley, the art of adding
sound effects to silent videos while ensuring precise seman-
tic and temporal alignment [[1]. Traditionally, this process
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Figure 1. Motivation. An iconic scene from Jurassic Park, where
water in a glass shakes due to the approaching footsteps of a T-Rex.
Inferring the generated sound from the video alone is insufficient,
as the task is inherently ambiguous. Top: a representative frame
and a Y-T slice (from the purple column), where the temporal cue
of the shake is faintly visible. Bottom: Our method leverages the
prompt “T-Rex Stomping” to generate a synchronized audio track
that aligns with both the visual timing and artistic intent.

was done manually by professional sound designers. How-
ever, with the growing demand for fast and immediate per-
sonal digital content, the need for automation and acces-
sibility of this process has increased. An effective Foley
generation approach should produce high-quality, synchro-
nized audio while also allowing users to creatively shape
the sound, balancing precision with creative flexibility.
Building on this need, recent advancements in genera-
tive models have led to the development of Video-to-Audio
(V2A) models, which aim to automate Foley synthesis and
explore cross-modal correspondences [[17, 30, 142, 45, 147,
49]]. While these models effectively capture semantic infor-
mation through global visual representations such as CLIP
[35]], they often rely on motion-sound relationships for tem-
poral alignment [30} 145} 147]]. Some approaches, including
[17]], model motion explicitly using optical flow [[14]], while
others [30, 45 47]] leverage contrastive learning-based en-
coders such as CAVP [30] and AV-CLIP [[19] to learn tem-
porally and semantically aligned audio-visual features. De-
spite these advancements, existing models remain limited
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to extracting information from the video itself and struggle
to incorporate user-provided cues, restricting flexibility and
creative control over sound design.

To bridge this gap, Text-and-Video-To-Audio (TV2A)
models have been introduced, integrating textual informa-
tion to enhance control over audio generation [3, (7, 20} 27,
49| 154]. By incorporating text, these models allow users
to modify audio semantics, add details, and generate di-
verse sound variations. For instance, text can specify how
a sound should be perceived, such as describing a door as
creaking or coffee being sipped loudly. Another possibil-
ity is introducing creativity through text; a barking dog in
a video could instead sound like a meowing cat or a crow-
ing rooster, depending on the accompanying description. In
the context of soundtrack design, one would often like to
add sounds which do not appear in the video, such as in
the iconic scene from Jurassic Park, where water in a glass
shakes due to the approaching footsteps of a T-Rex; see Fig-
ure (1| for a visual example. However, textual conditioning
is often not sufficiently strong or may come at the expense
of temporal alignment between video and audio. Addition-
ally, when the text describes semantics that differ from the
video, existing models frequently struggle to generate a nat-
ural and coherent audio signal (See Section [6)).

Various methods have been explored for integrating text
into multimodal systems. A common strategy involves
jointly training video, text, and audio representations to
capture shared semantics [5, [7]. However, this approach
requires retraining the entire network for every modifica-
tion, resulting in high computational cost. Alternatively, a
training-free method [49] leverages a shared latent space
to link the modalities, eliminating the need for retraining.
Yet, this introduces test-time optimization, increasing in-
ference time and potentially degrading output quality and
alignment. A middle-ground solution employs a modal-
ity adapter (e.g., ControlNet mechanism [53]), which uses
video inputs to condition a pretrained Text-to-Audio (T2A)
model [20} 54], providing an effective way to incorporate
video information into text-driven audio synthesis.

In this work, we introduce CAFA, which stands for Con-
trollable Automatic Foley Artist, a novel text-and-video-to-
audio model that extends beyond temporal and semantic
synchronization, allowing users to shape and control sound
through textual cues. CAFA leverages a ControlNet like
modality adapter to flexibly integrate pretrained T2A mod-
els with video-based features while maintaining a relatively
low training cost (48 A100 GPU hours for CAFA vs. 304
H100 GPU hours for the baseline method). Specifically, we
explore Stable-Audio-Open [9]] and TangoFlux [16] as T2A
models. To extract temporal and semantic features, we ex-
periment with AVCLIP [19]] and CLIP [35] as the video rep-
resentations. CAFA achieves high-quality audio synthesis,
temporal synchronization, and contextual alignment perfor-

mance comparable to state-of-the-art V2A and TV2A mod-
els. Additionally, it significantly surpasses existing TV2A
approaches when the text and visual conditioning cues are
semantically different, demonstrating greater control over
generated sound.

Our main contributions are: (i) We introduce CAFA, a
novel TV2A model that allows the generation of tempo-
rally and semantically aligned audio while providing ex-
tensive textual control over the generated audio; (ii) We
evaluate CAFA against existing V2A and TV2A mod-
els, demonstrating comparable performance in audio qual-
ity and video-audio compatibility, while achieving superior
performance for textual control, as validated through disen-
tanglement experiments, objective evaluations, and human
studies; (iii) CAFA is built on the modality adaptation (via a
ControlNet mechanisem), enabling precise temporal control
while offering a versatile framework that supports modular
integration, accommodating different T2A models (Stable
Audio Open and TangoFlux). Additionally, it facilitates the
efficient incorporation of video representations, leading to
more effective training compared to alternative methods.

This paper is organized as follows. Section 2 presents
the background relevant to our work. Section 3 reviews re-
lated work. Section 4 presents our method, CAFA, with the
modality adapter and video feature integration. Section 5
describes the experimental setup, while Section 6 presents
the results. Finally, Section 7 includes an ablation study.

2. Background

2.1. Latent Diffusion Models

Latent Diffusion Models (LDMs) [38] are a class of gen-
erative models that perform a diffusion process within a
learned latent space z. A Variational Autoencoder (VAE)
encodes a data sample x ~ p(x) into a lower-dimensional
latent space z € R? using an encoder &, while a decoder D
reconstructs x. Performing diffusion in this reduced space
significantly reduces computational cost while maintaining
high-quality generation.

The diffusion process follows two Markovian paths: the
forward and reverse processes. In the forward process, a
clean latent representation z, is gradually corrupted with
additive Gaussian noise:

Z; = \JoyZi—1 + V1 — oy, (D

where {at}thl defines the noise schedule, ¢; ~ A(0,1)
and zr ~ N (0,1I). A key consequence of the forward pro-
cess is its marginal distribution:

Zi = \/ Q4 Zo + 1— @t67

_ T .
where a; = Ht:l ;. A neural network, trained as a de-
noiser, learns to estimate e given the noisy input z;, the

e ~N(0,1), 2)
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Figure 2. (a) Method overview: our model is text-and-video-to-audio, leverages pretrained models for audio generation, and video
encoding. The original audio and VAE audio encoder are only used during training. (b) Adaptor: Illustration of the internal connectivity
between the backbone T2A model and our video conditioning adaptor, with fully connected (FC) layers explicitly shown.

timestep ¢ , and conditioning information c, such as en-
coded text. The training objective minimizes the difference
between the true noise and the predicted noise:

L= II':‘:z,Ef\/./\/'(O,I),t,c [”6 - Eg(Zt, ta C)”] . (3)

By using the network output, the reverse process aims to
reconstructs zg from zr by iteratively denoising it. While
initial works [13} [43] formulated this process discretely,
Song et al. [44] showed that it can be equivalently expressed
as an Ordinary Differential Equation (ODE) which can be
solved numerically using dedicated solvers. Specifically,
Stable Audio Open [9] employs DPM-Solver++ [29]] and
follows the the v-objective approach [40].

2.2. Classifier-Free-Guidance (CFG)

Classifier-Free-Guidance [12] is a widely used method
to improve performance in conditional generative models,
originally demonstrated in diffusion-based image genera-
tion approaches. It serves an effective control mechanism
for steering the inference process to better align with pro-
vided conditioning signals. Specifically, it modifies the pre-
dicted noise by linearly combining the estimates from a con-
ditional diffusion model and a jointly trained unconditional
model, resulting in the following formulation:

E@(Zta c, t) = GQ(Ztat) + Y (69(Zt,t, C) - 69(Zt’t)) (4)

where v determines the strength of the guidance, with
higher values enforcing stronger adherence to the condition-
ing signal.

2.3. ControlNet Mechanism

The ControlNet mechanism was initially introduced as a
neural network architecture for controlling text-to-image
models through spatially localized conditioning (e.g., canny

edge and depth maps)[53]]. It preserves the quality and sta-
bility of a large pretrained model by locking its weights,
while enabling the incorporation of control signals through
a replicated copy of that backbone model. These compo-
nents are connected via zero-initialized convolutional lay-
ers, allowing a gradual integration which minimizes noise
interference during training.

3. Related work

Text To Audio Models. The field of Text-to-Audio (T2A)
has advanced significantly, with ongoing improvements
in text representations and high-quality audio generation.
Early approaches included AudioGen [23]], an autoregres-
sive model employing a discrete waveform representation,
while DiffSound [51] adopted discrete diffusion, remov-
ing the need for autoregressive token decoding. As the
field evolved, models like AudioLDM [25]], StableAudio
1[8l], and Make-An-Audio [[15] leveraged latent diffusion
and incorporated CLAP [48] embeddings to improve text
decoding. Recognizing the importance of capturing tempo-
ral, acoustic, and semantic information, newer models such
as Make-An-Audio 2 [[15], AudioLDM 2[26], and Tango
[LO] integrated large language models (LLMs) [37] to en-
hance text-audio alignment. Building on these advance-
ments, Tango 2 [31] further refined temporal alignment by
employing Direct Preference Optimization (DPO) [36].
Our work is built upon StableAudio Open [9] and Tan-
goFlux [16]], designed for high-quality text-to-audio gener-
ation. StableAudio Open is a latent diffusion model that
generates stereo audio up to 47 seconds from text input, uti-
lizing a TS5 text encoder for text processing and enabling
control over output length. In contrast, TangoFlux is based
on rectified flow and produces stereo audio up to 30 sec-
onds. It leverages a pretrained autoencoder from StableAu-
dio and incorporates CLAP-Ranked Preference Optimiza-
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tion (CRPO) to generate and refine audio preference data.

Video To Audio Models. A key step in automating the
Foley process is achieved through Video-To-Audio (V2A)
models. Early approaches, such as SpecVQGAN [17],
RegNet [4]], and FoleyGAN [50], used adversarial training
and GAN-based architectures to generate high-quality au-
dio. Diff-Foley [30], a diffusion-based model, introduced
CAVP contrastive learning to improve temporal and seman-
tic alignment. Alternatively, Frieren [47]], based on recti-
fied flow, enables efficient audio generation in fewer steps.
V-AURA [45] adopts an autoregressive approach, leverag-
ing the AVCLIP [19] representation to extract high-frame-
rate temporal and semantic features while bypassing spec-
trogram conversion.

Beyond models that require training from scratch, V2A-
Mapper [46]] and Seeing and hearing [49] employ training-
free optimization, utilizing pretrained text-to-audio gener-
ators or modality mappers to condition audio generation.
While these methods reduce computational cost, they often
struggle with fine-grained temporal synchronization, high-
lighting the ongoing challenge of bridging the gap between
video and audio in a seamless and efficient manner.

Text and Video To Audio Models. Text-and-Video-to-
Audio (TV2A) models introduce text conditioning to en-
hance control over synthesized audio. VATT [27] leveraged
an LLM decoder, functioning as both a video-to-caption
model and a video-text-to-audio model. MMAudio [7|] and
MultiFoley [3] explicitly trained all three modalities from
scratch, achieving state-of-the-art results in signal quality
and synchronization. While MMAudio introduced a novel
network structure for modality fusion, MultiFoley, based on
DiT [34]], leverages multiple conditioning modalities, in-
cluding text, audio, and video, within a single model.

Another approach in TV2A frameworks integrates Con-
trolNet [53] to embed video characteristics into text-to-
audio synthesis. FoleyCrafter extracts frame-based clips as
global features in IP-Adapter [52] and trains a timestamp
detector to identify sound effect occurrences, integrating
this information into ControlNet. ReWAS, a work closely
related to ours, divides the training process into two sep-
arate stages: a projection network that learns energy fea-
tures from video and a ControlNet, based on the AudioLDM
architecture, that uses these features to bridge video and
audio. Both ReWaS and FoleyCrafter adopt spectrogram-
based generation, relying on a vocoder to reconstruct the
final audio waveform.

4. Method

CAFA consists of two main components: a pretrained
backbone Text-To-Audio (T2A) model, with frozen weights
to maintain audio quality, and a trainable modality adapter
that integrates temporal and semantic video information.

The components are linked through Zero Fully-Connected
(FC) Layers, defined as linear layers with weights and bi-
ases initialized to zero, preventing noise from disrupting
the backbone model during early training. This structure
allows us to benefit from the long pre-training of the foun-
dational T2A model instead of training all three modalities
from scratch. Figure [2a| provides a high-level overview of
the proposed method.

Text-to-Audio Backbone. A variational autoencoder [9]
encodes the input signal x € R?*% (2 channels for stereo)
into a latent representation z € RT*¢ with L denoting
the temporal length of the audio, while 7" and the C' = 64
correspond to the temporal dimension and feature size, re-
spectively. Next, noise is added to the latent representa-
tion, producing z;, which is then processed by a core archi-
tecture built from a stack of Diffusion Transformer (DiT)
blocks [34], with model-dependent variations. Each DiT
block is controlled by a text input, encoded by a pretrained
text encoder, guiding the generation process. Furthermore,
a duration embedding is added to the DiT blocks to control
the target audio length.

We experiment with two T2A models: Stable Audio
Open [9] and TangoFlux [16]]. These models provide the un-
derlying architecture for creating high-quality stereo audio
content at a sampling rate of 44.1 kHz from textual descrip-
tions. Despite differences in architectural designs and sam-
pling methods, both share a similar core structure, allowing
us to demonstrate the flexibility of our approach across dif-
ferent T2A systems.

Modality Adapter. The adapter is tasked with incorporat-
ing the video to guide the T2A generation process. Our de-
sign is inspired by ControlNet [53], with some notable dif-
ferences. First, it operates in the temporal domain, requires
synchronization of features from different modalities. Sec-
ond, our T2A model uses a DiT backbone instead of a U-
Net [39], which alters the connectivity between the adapter
and the base model. Specifically, after the preprocessing
stage, informative features from the video, F, € RIT*C
are passed through a Zero FC layer and added to z;. Addi-
tionally, the hidden states, extracted from each DiT block,
are processed through Zero FC layers and added to the
backbone model, as depicted in Figure[2b] Only the adapter
is being trained, while the T2A, Text Encoder, and Video
Encoder remain frozen.

Video Representation. We experiment with AVCLIP [19]
and CLIP [35]], both of which are trained using contrastive
learning. AVCLIP processes 0.64-second video-audio seg-
ments and applies InfoNCE loss [32] to differentiate be-
tween positive and negative samples. Its video encoder,
built on MotionFormer [33], enhances the modeling of dy-
namic scenes by capturing implicit motion paths. To ensure
better alignment with z;, we increased the segment overlap
compared to the original work, where 216 samples roughly
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correspond to 10 seconds. We further examine the contribu-
tion of CLIP to the semantic scene understanding, similarly
to MMAudio [7]]. Since CLIP is less sensitive to object lo-
cations [3]], we introduce a temporal dimension to capture
significant visual changes by computing CLIP embeddings
at 5 FPS. These are then interpolated to match the temporal
dimension of z;. Both the AVCLIP and CLIP embeddings
are preprocessed before being integrated with the modality
adapter, as detailed in Appendix [A!

Asymmetric Classifier-Free Guidance (A-CFG). Incor-
porating CFG into our model using text as the condition-
ing signal c presents challenges in effectively utilizing video
conditioning at higher guidance scales. To address this lim-
itation, we propose Asymmetric Classifier-Free Guidance,
where the modality adapter output is selectively modulated
in the conditional and unconditional pathways during syn-
thesis. Unlike the standard approach, which equally in-
tegrates the modality adapter into the backbone model in
both pathways, our method introduces an asymmetric scal-
ing factor, 0 < a < 1, reducing the influence of the adapter
in the unconditional path,

’ ’

h; :hic ) h :a'hiﬂLC) (5)

i, uc
where {h;}M, are M hidden states, maintaining h; =
[Pi,cs Piue], with h; . representing the conditional path and
hi.uc the unconditional path. Consequently, under o <
1, this adjustment induced controlled disparity between
eg(z¢, 1, c) and eg(z, t) effectively amplifies the video con-
ditioning signal. Standard CFG is a special case, corre-
sponding to o = 1. Our experiments demonstrate that this
simple yet effective modification enables informed tuning
of guidance strength, and can improve adherence to video
conditioning while preserving high generation quality and
text controllability (see Section[7).

5. Experimental Setup
5.1. Datasets

The proposed model was trained using two datasets: VG-
GSound [2] and VisualSound [45]]. VisualSound is a subset
of VGGSound filtered to include samples with high Image-
Bind [11] scores. Both datasets contain 10-second video
clips across diverse acoustic categories accompanied by
video captions. For TV2A and V2A evaluation, we use the
VGGSound and VGGSound-Sparse [18], which is a subset
of VGGSound containing 12 categories of naturally sparse
audio events such as “dog barking” or “playing tennis”.

5.2. Baseline Methods

We compare CAFA against several state-of-the-art mod-
els, namely MMAudio [7] (large_44k_v2 version), Foley-
Crafter [54]], VATT [27], ReWaS [20]], Frieren [47]], and

MultiFoley [6]. For FolyCrafter, we follow original con-
figurations by formatting text prompts as “The sound of
<label>". For VATT, Frieren, and MultiFoley, we con-
sider the samples provided by the respective authors. Mul-
tiFoley samples were only available for a subset of the test
set with high ImageBind scores. ReWaSs is evaluated using
its default configuration, which generates 5-second outputs.
Hence, input videos are truncated to 5 seconds for a fair
comparison with ReWasS.

5.3. Implementation Details

CAFA models are initially trained for 48k steps on VG-
GSound, followed by fine-tuning for 33k steps on Visual-
Sound. Training used a batch size of 16, using the AdamW
[28] optimizer, on a single A100 GPU. We generate sam-
ples using a CFG scale of v = 7, an Asymmetric CFG scale
of a = 0.5, and 50 inference steps, while keeping the rest
of the TTA model configuration unchanged. Our model is
trained on 10-second samples, and the output truncated to 8
seconds for fair comparison with the baseline methods.

5.4. Evaluation Metrics

We evaluate model performance across four complementary
dimensions that capture different aspects of audio-visual
generation: Audio Quality, Audio-Visual Semantic Align-
ment, Audio-Visual Temporal Alignment, and Audio-Text
Semantic Alignment.

Audio Quality. We employ three established metrics to
assess the fidelity and naturalness of generated audio: (i)
Fréchet Audio Distance (FAD) [21]], which measures distri-
butional similarity between features extracted from ground
truth and generated audio; (ii) Kullback-Leibler Distance
(KL) [24], which quantifies the difference between prob-
ability distributions of per-sample ground truth and gen-
erated audio features; and (iii) Inception Score (IS) [41],
which evaluates the generated audio quality independently
of ground truth references. We utilize PANNS [22] as the
features extractor for all three audio quality metrics.

Audio-Visual Semantic Alignment. We use ImageBind
(IB) [L1]], a cross-modal embedding model, to quantify se-
mantic similarity between the ground truth video and the
generated audio. This enables evaluation of whether the
generated audio semantically aligns with the visual content.

Audio-Visual Temporal Alignment. We utilize
DeSync [7] (also known as Sync [45] or AV-Sync [6])
to measure temporal synchronization between audio and
video. DeSync calculates the average absolute offset (in
seconds) between ground truth video and generated audio
using Synchformer [19]] predictions. Following prior
work [7], we average DeSync scores from the first and last
4.8 seconds of audio to accommodate the limited context
window of Synchformer.
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Audio-Text Semantic Alignment. We employ CLAP
to evaluate similarity between generated audio and textual
descriptions of the video by computing the cosine similarity
between their respective embeddings.

6. Results

Semantically Misaligned Visual and Textual Conditions.
We start by evaluating model performance under semanti-
cally incongruent text and video conditioning. Ideally, the
model should generate audio that aligns with the visual in-
put while adhering to the textual description. To assess
this, we generate audio for each video in the VGGSound-
Sparse benchmark using the original visual content paired
with captions from each of the 11 remaining categories.
This cross-category configuration introduces a deliberately
challenging yet meaningful setting in which the model must
follow textual instructions that intentionally contradict the
accompanying visual content as motivated in Section|[I}
Under this setup, we compute the CLAP similarity score
between the generated audio and the cross-category caption.
In addition, we use CLAP to classify whether the generated
audio is more similar to the Ground Truth or cross-category
caption, reporting binary accuracy (Acc). For FoleyCrafter,
we follow [6] and disable the semantic adapter to allow the
model to generate the requested caption, using only the tem-
poral adapter to retrieve onset information from the video.

Model FAD| ISt CLAP{ Acct DeSyncl
FC 57.00 6.10 0.10 0.69 1.30
MMA 1643 6.77 0.10 0.36 0.57
ReWaS 3894 513 0.09 0.74 1.19

CAFA (Ours) 27.33 563 021 087 081

Table 1. Semantically misaligned text and video conditioning.
Our method significantly outperforms concurrent SOTA in prompt
adherence, while maintaining high audio quality and strong tem-
poral alignment. Arrows indicate whether higher (1) or lower ({)
values are better. FC: FoleyCrafter, MMA: MMAudio.

Results are shown in Table [ with visual examples de-
picted in Figure J] MMAudio achieves the highest audio
quality, reflected in superior FAD and IS scores as well
as temporal alignment (DeSync). However, it significantly
lacks semantic control, with an Acc score of just 0.36, in-
dicating that it consistently generates audio based on the
visual content rather than adhering the given text prompt.
This undermines the goal of text-guided generation. Al-
though FoleyCrafter’s semantic adapter was disabled for
this experiment, it exhibits severe temporal misalignment,
achieving the worst DeSync score of 1.30 and producing
outputs that fail to synchronize with visual events. This ren-
ders its generation ineffective even for basic audio-visual
correspondence. ReWaS consistently lags behind across all

Ground truth prompt: “cap gun shooting”

GT Video

GT

ReWaS  MMAudio Ours

FoleyCrafter

Figure 3. Qualitative Comparison of Text-Video Disentangle-
ment. A video originally captioned as “cap gun shooting” (top) is
paired with a mialigned prompt, “piano chord”, to generate audio.
We analyze the results from four TV2A models, CAFA (ours),
MMAudio, ReWaS, and FoleyCrafter, conditioned on the video
and the new text prompt. The Evaluation focuses on synchro-
nization, audio quality, and text-audio alignment. CAFA consis-
tently demonstrates strong performance across all criteria, produc-
ing high-quality, well-synchronized audio accurately adhere to the
requested target caption. additional examples present in Appendix
Ewhﬂe the full videos presented at our demo page

evaluation dimensions, yielding lower audio quality, weaker
temporal alignment, and reduced semantic control relative
to our method, without demonstrating strength in any spe-
cific area to compensate for these deficiencies.

In contrast, CAFA achieves a balanced performance
across all key evaluation dimensions. It attains high au-
dio quality, with the second-best FAD and competitive IS,
and maintains strong temporal alignment, ranking second in
DeSync. Most notably, it substantially outperforms all base-
lines in semantic controllability, achieving a CLAP score
of 0.21, whereas all other methods score below 0.1. and
an Acc of 0.87. This comprehensive performance profile
makes our approach uniquely capable of producing high-
fidelity, temporally-aligned audio that accurately follows
semantic text instructions.

Semantically Aligned Visual and Textual Conditions.
Next, we compare CAFA where the visual and textual con-
ditions are semantically aligned. We compare the proposed
method against V2A and VT2A methods, considering the
VGGSound test set using the standard configurations. For
V2A models, we do not use textual descriptions. Results
are presented in Table 2]
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Model FAD| KL| ISt IBT DeSyncl CLAPT
FCt 13.68 2.56 10.68 0.27 1.30 0.12
MMAY 532 164 1718 0.33 0.77 0.23
Frierent 1176 270 1233 023 1.04 0.11
FC 22,17 287 1330 0.16 1.31 0.18
MMA 6.89 1.65 2044 0.34 0.76 0.25
VATT 11.13 148 11.85 025 1.28 0.15
ReWaS* 14.71  2.69 8.45 0.15 1.18 0.18
MF* 1351 1.65 15.89 0.27 1.04 0.23
CAFA (Ours) 12.60 2.02 1345 0.21 0.96 0.23

Table 2. Semantically aligned text and video conditioning. A
comparison of CAFA with standard V2A models, V2A variants
of TV2A models (indicated by t) and TV2A models. FC : Foley-
Crafter, MMA : MMAudio, MF : MultiFoley. * indicates varia-
tions - we compare with ReWaS using samples trimmed to 5 sec-
onds, and with MultiFoley using their selected test subset.

While MMAudio emerges as the strongest performer,
comparing its outputs with and without text conditioning
reveals minimal benefit from textual input. Notably, FAD
slightly worsens when text is added, while other metrics
remain largely unchanged. A similar trend is observed in
FoleyCrafter, which shows mixed results under text con-
ditioning: FAD, KL, and IB scores degrade, whereas IS
and CLAP improve, and DeSync remains stable. How-
ever, CAFA demonstrates balanced performance across
all evaluation metrics, achieving the second-best scores in
both DeSync and CLAP while maintaining competitive au-
dio quality metrics. These results indicate effective multi-
modal conditioning without compromising performance in
any single dimension.

Human Study. Lastly, we evaluate the subjective quality of
our method. We conduct a user study considering both the
original textual captions (OC) and visually unaligned tex-
tual captions (UC). Each participant was presented with a
pair of videos side by side and was asked to answer three
independent questions: (i) Prompt Adherence (PA): Which
audio better matches the description ‘[text prompt]’?, mea-
suring how well the audio corresponds to the prompt; (ii)
Alignment: Which audio better aligns with the timing of
visual movements and events in the video?’, assessing the
synchrony between audio events and the corresponding vi-
sual actions; (iii) Quality: Which audio has higher overall
technical quality (considering naturalness, clarity, and lack
of artifacts)?, evaluating the technical fidelity of the audio
signal. Participants provided independent responses to each
question, while the ordering of the video pairs was random-
ized to mitigate any potential bias.

The human study was conducted using a custom web
interface built on Amazon SageMaker Ground Truth. For
each method, we used 17 videos from the VGGSound
test set, generating two audio samples per video using the
ground-truth and cross-category captions. Each pair of our

method and a competitor was evaluated by six human raters,
and results were averaged over 16 annotations per pair. For
comparison with MultiFoley (MF), we used the 10 videos
selected in their human evaluation.

Win rate results of CAFA compared to the evaluated
baselines, along with p-values, are shown in TableE} CAFA
achieves superior performance across all setups when evalu-
ated against FoleyCrafter and ReWAS. As expected, CAFA
performs worse than MM Audio in terms of both audio qual-
ity and temporal alignment. However, under unaligned text
and visual conditioning, CAFA significantly outperforms
MMAudio. The experiment with MF (UC) shows a 45%
win rate in PA, with a p-value of 0.2. This result is not sta-
tistically significant and does not provide strong evidence
either in favor of or against a preference.

Comparison Criterion % (0C) % (UC)
Align. 0.27** 0.30*
CAFA vs MMAudio Quali. 0.25** 0.28*
PA 0.28** 0.72*
Align. 0.80** 0.85**
CAFA vs FoleyCrafter ~ Quali. 0.77** 0.78**
PA 0.77** 0.63*
Align. 0.85** 0.88**
CAFA vs ReWas Quali. 0.85** 0.83**
PA 0.83** 0.73**
Align. 0.35* 0.428 (p=0.062)
CAFA vs MF Quali. 0.328*  0.439 (p=0.117)
PA 0.356* 0.45 (p=0.205)

Table 3. Human study. Win rate results (%) of CAFA compared
to baselines. Results are reported for time alignment (Align.), au-
dio quality (Quali.), and prompt adherence (PA), considering the
original caption (OC) and unaligned caption (UC). Significance
levels are indicated by p-values: * for p < 102 and ** for p <
10710

7. Analysis

Ablation study. A key challenge in TV2A models is the
extraction of informative visual cues. While ReWaS con-
ditioned solely on energy predictions derived from video,
CAFA leverages AV-CLIP to directly associate temporal
visual cues with sound. To isolate the impact of video
representation, Table [4| presents an ablation in which AV-
CLIP features in CAFA are replaced with ReWaS-style en-
ergy features (CAFA-Energy), evaluated on the VGGSound-
Sparse test set. This modification results in consistent per-
formance drops across all metrics, highlighting the critical
role of expressive video features and the relatively smaller
effect of T2A component variation. Hence, relying on sim-
plified signals, such as energy [20]] or onset cues [54]], may
overlook richer temporal dynamics, particularly in scenes
with overlapping audio events or extended durations.

To broaden our analysis, we explore several variants of
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Model FAD, KL| ISt IBf DeSync, CLAP?
ReWa$ 4070 349 431 013  LI5 0.1
CAFA-Energy 5202 243 436 016 126 0.17
CAFA (Ours) 2879 218 524 025  0.78 0.27

Table 4. Ablation Study with ReWaS. Comparison between
CAFA and CAFA-Energy highlights the impact of video repre-
sentation; energy-based features consistently degrade performance
across all metrics, though both variants still outperform ReWaS.

CAFA with different design and training choices. The
first variant, CAFA-B, removes the additional fine-tuning
phase on VisualSound, allowing the evaluation of training
efficiency. Another variant, CAFA-C, extends the original
setup by combining AV-CLIP and CLIP as visual encoders,
merged via an MLP. This model was trained for 84k steps on
VGGSound with a batch size of 8, using the same optimizer
as CAFA. Finally, CAFA-TF replaces the StableAudio-
Open backbone with TangoFlux [16] while retaining AV-
CLIP for visual encoding. CAFA-TF was trained for 32k
steps on VGGSound with a batch size of 64, using the same
optimizer as CAFA. For variants based on StableAudio-
Open, we set the CFG to v ="7.0 with asymmetric weighting
«a = 0.5, and for CAFA-TF, we used v =4.5 and o =0.8;
all models were evaluated using 50 inference steps.

The Results in Table [3] indicate that all variants per-
form similarly across metrics, with only minor differences
in FAD, IS, KL, and DeSync. CAFA-B, performs slightly
worse than CAFA, highlighting the benefit of additional
fine-tuning. Incorporating CLIP-based visual features in
CAFA-C provides no clear benefit over using AV-CLIP
alone, suggesting that AV-CLIP combined with text condi-
tioning is sufficient for effective audio generation. Lastly,
the performance of CAFA-TF demonstrate that our method
generalizes effectively across different T2A base models.

Audio Quality A-V Sem. A-V Tem. A-T
Model FAD| KL| ISt 1Bt DeSync| CLAPt
CAFA 12.60 2.02 1345 0.21 0.96 0.23
CAFA-B 1257 204 11.84 0.21 1.00 0.23
CAFA-C 1444 198 14.18 0.22 1.02 0.23
CAFA-TF 1994 2.16 16.94 0.20 1.12 0.23

Table 5. Comparison of model variants. CAFA maintains an
effective balance between audio quality, semantic and temporal
alignment with video, and prompt adherence. CAFA-B is the
model before fine-tuning on VisualSound; CAFA-C uses CLIP vi-
sual features; CAFA-TF uses TangoFlux as the base T2A model.

Training Efficiency. The modular architecture of CAFA
facilitates efficient training while maintaining high perfor-
mance across audio quality, temporal alignment, and tex-
tual control metrics. Table [6]in Appendix [C] demonstrates

this efficiency by comparing CAFA to several state-of-the-
art models. While direct comparison is challenging due to
differences in reporting methodologies, hardware configu-
rations, and training approaches, several observations can
be made. CAFA requires substantially fewer training steps,
with a total of 81k, compared to models such as Frieren
(2.4M) and MultiFoley (650k). Notably, even the base vari-
ant, CAFA-B, trained for only 48k steps, achieves perfor-
mance comparable to models trained for significantly more
iterations. In terms of compute efficiency, MMAudio re-
ports 304 GPU hours on H100 hardware, while CAFA re-
quires only an estimated 48 GPU hours on A100 hardware,
indicating a more efficient use of computational resources
relative to performance. Our adapter-based approach en-
ables CAFA to effectively leverage pre-trained text-to-
audio models, alleviating the need for extensive training
from scratch. This analysis underscores the practical ad-
vantages of our method and highlights its accessibility for
both research and real-world applications.

Asymmetric CFG (A-CFG) A-CFG is introduced to bal-
ance the influence of multiple conditioning sources, includ-
ing textual and video-based temporal cues. We evaluate
CAFA and CAFA-TF on the VGGSound-Sparse test set
using the configurations described in Section[6] Figure[3in
Appendix D illustrates the trade-offs across different scal-
ing parameters. For CAFA, applying CFG naively (e.g.,
v="7, a=1) yield high-quality audio with strong text align-
ment but reduce temporal consistency (DeSync). Lowering
« to approximately 0.5 improves temporal alignment with
minor effect on text fidelity or audio quality. While the ef-
fect is less pronounced for CAFA-TF, A-CFG remains a
principled approach for tuning guidance.

8. Conclusion

In this work, we presented CAFA, a controllable Auto-
matic Foley Artist designed for the video-and-text-to-audio
task. Our model ensures high-quality audio synthesis while
maintaining both temporal and semantic alignment with the
input video. Guided by text prompts, it allows users to
incorporate details beyond what is present in the video or
even introduce new creative elements. This capability en-
hances flexibility in sound design beyond video-only Foley
models. By leveraging the modality adapter, our approach
achieves strong performance on a low computational bud-
get. Both objective metrics and human evaluations con-
firm its effectiveness in generating high-quality, contextu-
ally relevant audio. We believe that further advancements
in video feature extraction and T2A model refinement will
help address outstanding challenges, such as synthesizing
multiple audio sources simultaneously and capturing finer
motion details in video.
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