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Abstract

This work introduces a new task, text-conditioned selec-
tive video-to-audio (V2A) generation, which produces only
the user-intended sound from a multi-object video. This
capability is especially crucial in multimedia production,
where audio tracks are handled individually for each sound
source for precise editing, mixing, and creative control. We
propose SELVA, a novel text-conditioned V2A model that
treats the text prompt as an explicit selector to distinctly ex-
tract prompt-relevant sound-source visual features from the
video encoder. To suppress text-irrelevant activations with
efficient video encoder finetuning, the proposed supplemen-
tary tokens promote cross-attention to yield robust semantic
and temporal grounding. SELVA further employs an au-
tonomous video-mixing scheme in a self-supervised manner
to overcome the lack of mono audio track supervision. We
evaluate SELVA on VGG-MONOAUDIO, a curated bench-
mark of clean single-source videos for such a task. Exten-
sive experiments and ablations consistently verify its effec-
tiveness across audio quality, semantic alignment, and tem-
poral synchronization.

1. Introduction

In a bustling café, you can effortlessly tune into a friend’s
laughter amid the chatter, or pick out the sound of a vi-
olin from an entire orchestra. This effortless segregation
of sounds, achieved through auditory scene analysis, is a
hallmark of human perception [3]. At the core of this pro-
cess lies selective attention, which enables us to focus on
a specific sound source while filtering out irrelevant noise.
Such an attention-driven mechanism allows humans to ex-
tract what truly matters from a rich and noisy world.
Recent advances in neural audio generation have enabled
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Figure 1. SELVA turns text prompts into precise selectors of sound
sources within a video. The intent-focused video feature con-
ditions the generator to synthesize only the user-specified sound
source (e.g., ‘cat meowing’ vs. ‘dog barking’).

realistic sound synthesis from text descriptions or visual
scenes in film and game post-production, known as Fo-
ley [50]. Video-to-audio (V2A) models [7, 9, 32, 43, 49]
now generate temporally coherent, context-aware audio di-
rectly from visual content. However, they typically produce
a single holistic soundtrack at a time. This limitation stands
in sharp contrast to the sound production [42, 50], where
sound designers do not sonify every visible object. Instead,
they build scenes by layering individually crafted tracks,
selectively including or suppressing sound elements, and
then mixing and mastering them, to achieve precise control.
However, with current V2A models, even minor omissions
in the output require re-synthesizing the entire audio, hin-
dering practical usability.

In this work, we tackle the selective sound generation
problem: generating only the target sound that aligns with
a user’s intention, given multimodal cues such as video
and text. However, the presence of multiple co-occurring
sound sources in real-world videos makes it inherently dif-
ficult to isolate the target sound without explicit supervi-
sion. A few works [45, 60] have attempted to localize sound
sources using off-the-shelf segmentation models, where vi-
sual prompts such as points or masks are used to specify the
target object. Yet, such approaches inherently operate on
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isolated spatial regions. Therefore, they struggle to handle
broader visual context, including environmental or diffuse
sounds (e.g., rainfall or wind), which cannot be localized
to discrete visual boundaries. In addition, reliance on large
segmentation networks increases substantial computational
overhead. In contrast, we propose a new formulation of
text-conditioned selective video-to-audio generation, where
the target sound source is specified purely through a text
prompt. This removes the dependency on explicit spatial
prompts while enabling more flexible and semantically ex-
pressive control over sound generation.

We propose a novel SELVA method, consisting of two
main modules: (1) a text-conditioned video encoder, and (2)
a multimodal-conditioned selective audio generator. Un-
like previous works [9, 32] that freeze visual-specific en-
coders, SELVA efficiently trains the video encoder to use
text prompts as explicit selectors of audible semantics. To
achieve a precise cross-modal grounding, we implement
a cross-attention block in the video encoder with the pro-
posed learnable token [SUP]. Inspired by the selective at-
tention mechanism in human perception, [ SUP ] mitigates
high-norm artifacts [1, 14] in which models tend to high-
light irrelevant tokens in attention blocks due to the spuri-
ous correlation. To train SELVA without explicitly source-
separated groundtruth audios, we further employ an au-
tonomous video-mixing strategy in a self-supervised man-
ner, where two videos are spatially concatenated as input
and the audio from one of them is used as the target.

To assess performance on such a novel task, we in-
troduce VGG-MONOAUDIO, a new evaluation benchmark
comprising videos with a clear visual sound source cor-
responding to a mono audio track. Experimental results
demonstrate that SELVA achieves state-of-the-art (SoTA)
performance on VGG-MONOAUDIO, showing robustness
in terms of audio quality, semantic alignment, and temporal
alignment. Our contributions are summarized:

* SELVA is the first text-conditioned selective video-to-
audio framework that relies solely on text prompts, with-
out spatial guidance.

* A learnable supplementary token mitigates spurious
cross-modal correlations while empowering intent-
relevant cues, and the proposed video-mixing scheme en-
ables selective learning without costly supervision.

* Experiments on new VGG-MONOAUDIO demonstrate
the effectiveness of SELVA, showing superior audio qual-
ity, semantic fidelity, and temporal synchronization per-
formance over existing SoTAs.

2. Related Work

Cross-modal neural audio generation has been widely ex-
plored due to its applicability in multimedia content pro-
duction. Text-to-audio (T2A) aims to generate audio from
an input text prompt, which usually describes the global

semantics such as sound sources and their nuanced timbre
(e.g., ‘drill buzzing harshly’). The common baseline is first
to extract a text embedding from a pretrained text encoder
such as CLAP [16, 65] and T5 [10], then use it as a condi-
tion of generative models, including diffusion [19, 28, 47],
auto-regressive modeling [38], and flow-matching [29].
While text prompts offer intuitive semantic control, they in-
herently lack the ability to convey temporal dynamics of
intensity or harmonics in audio [11, 20, 24]. Meanwhile,
video-to-audio (V2A) [7, 9, 15, 30, 49, 53] resolves this
issue by generating audio in synchrony with video. Such
synchronization entails two complementary goals: seman-
tic and temporal alignment. As a spatiotemporal modality,
video conveys rich cues about sounding objects, including
appearance, spatial location, and dynamic motion. In prac-
tice, current V2A frameworks remain strongly dependent
on pretrained visual encoders [2, 31, 49, 54, 62] to provide
the conditioning representations.

Recently, some works [32, 43, 67] have leveraged the
capability of pretrained T2A models for V2A generation to
reduce the training cost and ensure controllability. Most
approaches [9, 48, 53, 63] naively hypothesize that comple-
mentary relations of video and text conditions, producing
high-fidelity audio. Text prompts complement video em-
beddings by supplying semantic cues that visual encoders
often miss (e.g., visual ambiguity such as occlusion of
sounding objects caused by camera work) [27, 48]. For ex-
ample, ReWaS [32] and Video-Foley [43] rely on text to
control the semantics of sound, while Multifoley [7] lever-
aged text to change the sound timbre. VinTAGe [39] gener-
ates both on-screen sound from visual cues and off-screen
sound from textual cues. However, existing works do not
use text to specify which sound sources should be heard.
Instead, text serves merely as an auxiliary cue, not to mod-
ulate the given visual information. In this paper, we unlock
the potential of text prompts by repositioning them as a di-
rect modulator of video embeddings for controllable V2A.

Selective sound generation has only recently begun
to emerge for professional multimedia production, where
models synthesize audio exclusively for target sound
sources. Hayakawa et al. [25] proposed an iterative, track-
wise approach with sequential generation, where sounds
produced in previous steps are excluded from the current
one. This is accomplished using negative audio guidance
that steers the flow-matching process to avoid regenerating
audio from prior stages. While the motivation is related
to ours, their method heavily relies on the limited separa-
tion capability of the pretrained V2A model, especially at
the first generation stage. Otherwise, some works [45, 60]
have utilized visual region-level cues, such as segmentation
masks produced by pretrained models (e.g., SAM2 [55]),
for object-focused sound generation. However, those ap-
proaches have notable limitations in that they necessi-
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Figure 2. The overall training pipeline of SELVA. We learn a text-conditioned video encoder with a teacher-student distillation manner
(left; first stage), and train an audio generator that conditions on text and isolated visual cues for the sound source (right; second stage).
Learnable layers are marked with &, while frozen layers are marked with .

tate the integration of computationally expensive pretrained
segmentation models [8, 55], which have often struggled
with occluded objects or incorrectly identifying non-object
sounding sources (e.g., rain drop, wind blowing). To over-
come those limitations, our SELVA is the first to introduce
a text prompt for describing the target sound source within
the input video for robust selective sound generation.

3. Method

3.1. Motivation and problem statement

While existing works [9, 32, 49] have achieved promising
results in generating holistic sounds aligned with the in-
put video, they often suffer from low fidelity to the text
prompts. Specifically, the model occasionally produces
undesired outputs, i.e., non-target objects’ audio that ap-
pear in the video but are not specified by the text prompt.
This limitation arises mainly because most approaches
directly feed video features extracted from a frozen vi-
sual encoder—typically pretrained for general recognition
tasks—into the generation pipeline. Such visual features
tend to be noisy and entangled, containing both irrelevant
visual cues alongside sound-related semantics. As a re-
sult, selectively generating only the intended sound remains
challenging. This hinders users from creating harmonious
audio in real-world scenarios [25, 42, 50]. For example,
a professional audio creator often needs to synthesize a
soundtrack with various elements such as speech, music,
and sound effects under separate controllable conditions.
At this juncture, we argue that the text-conditioned video
feature grounding could make a huge room for the control-
lability of V2A.

Given a video V paired with an audio A = ), A; which
is a mixture of multiple sound sources, and a text prompts
{T;} that describes a i-th specific sound source, SELVA
aims to generate audio exclusively that corresponds to the

text:

where F is a visual encoder and G is a generative model,
and a text feature t; = £(T;) is obtained from a text en-
coder £. Text prompts role as explicit selectors for video
features to offer two main advantages over visual prompts.
First, they clearly deliver the target sound source, while vi-
sual sound sources often fail to be segmented due to visual
occlusions or camera movements. Second, text prompts
offer flexible controllability, allowing users to modify the
generated sound through simple language edits rather than
complex visual manipulations. Such editability supports in-
tuitive control, facilitating practical use in post-production
workflows. Note that we employ a parameter-efficient tun-
ing strategy, while most parameters are initialized from
prior works and frozen. In what follows, learnable param-
eters appear in red, and frozen parameters appear in blue.

3.2. Text-guided visual feature generation

Cross-attention block. SELVA modulates visual features
to encode sound-source relevant information that the text
prompt describes. Most V2A models [7, 9, 15, 30, 61, 64,
69] rely on a pretrained vision encoder and, optionally, a
text encoder to extract conditioning features. The vision
encoders are generally frozen during the training process,
serving as visual feature extractors for audio generation.
The extracted visual features encompass the global scene
context, yet they inherently carry noisy and excessive irrel-
evant information. Thereby, it impedes the generation of
user-intended sound.

Our goal is to produce text-aligned video features by ef-
ficiently finetuning the video encoder F. The base encoder
is Synchformer [31], which is commonly used in recent
V2A models [9, 32, 57, 61]. We introduce two key tech-
niques: (1) A text-guided cross-attention block is inserted
after the frozen spatiotemporal attention blocks to modify
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Figure 3. Attention visualization for [eos] token over auto-
mixed frame in the last block without (left) / with (right) [SUP]
tokens. Each subcaption denotes the corresponding target prompt.

intermediate visual features relevant to the text guidance,
with only small extra parameters. Text features, obtained
by pretrained text encoder £ (e.g., FLAN-T5-Base [10]),
are employed as keys and values in the attention process.
Formally, given a hidden video embedding after spatial
and temporal attention blocks, h,, and a text embedding
t = Proj(&(T)) from the text encoder followed by a
projection layer, the cross attention is performed:

hyt = Cross-Attn(Q =hy, K=tV =1t). (2

The predicted video feature v is obtained with a learnable
spatial attention pooling layer (Spatial-Attn-Pool).
Learnable supplementary tokens. We expect hidden
video embeddings to contain semantics that are exclusively
aligned with text. However, a simple cross-attention mech-
anism yields a suboptimal result where the model still suf-
fers from generating sounds corresponding to the motion
dynamics of non-target instances. For example, when a dog
is barking beside a cat, it incorrectly produces a meowing
sound, reflecting semantic confusion between co-occurring
sound sources. To mitigate this issue, we introduce a novel
technique to attach learnable supplementary tokens [SUP ]

preceding text embeddings. As shown in Fig. 3 (‘w/o
[SUP]’), such artifacts emerge as semantic patch tokens
(particularly those associated with motion dynamics) be-
come high-norm outliers in the attention space. However, as
in prior approaches on vision transformers [, 14], adding
extra tokens to the sequence of visual embeddings increases
the computational cost across all encoder blocks. Further-
more, we should design to learn intent-focused visual rep-
resentations that emphasize regions and cues relevant to the
user’s specified sound source. To this end, [SUP] are sim-
ply prepended to text features as follows:

tisup; = [ [SUP] & t], 3)

where @ is a sequence-wise concatenation operation.
The cross-attention block uses t(syp; to produce intent-
modulated video feature hy¢ as in Eq. (2). This design
enables the model to suppress irrelevant or misleading vi-
sual activations while strengthening attention toward re-
gions that correspond to the user-intended sound source,
as demonstrated in Fig. 3 (‘w/ [SUP]’). As a result, the
learned video representation leads to improved selectivity
and audiovisual coherence. The detailed input data config-
uration of the video encoder is in Appendix A.1.

3.3. Selective sound generation

Our generator, G, adopts a multimodal diffusion trans-
former (MM-DiT) architecture [18, 40]:

a= g(V, ar, atar) )

where ay, is the audio latent extracted from a pretrained
variational autoencoder (VAE) [35]. It closely follows the
pipeline of MMAudio [9], with the only modification be-
ing the exclusion of CLIP [54] features from the condi-
tioning inputs. It is worth noting that the generator al-
ready possesses sufficient capacity to synthesize audio con-
ditioned on multimodal inputs. Therefore, our contribu-
tion does not lie in designing a specialized generator ar-
chitecture, but rather in enabling selective sound generation
through improved conditioning representations. Specif-
ically, the initially sampled noise is transformed to tar-
get audio latent a via a flow matching process [46, 59],
jointly contextualizing video v and text semantics t in
MM-DiT. MM-DiT consists of a stack of multimodal and
single-modal transformer blocks. Given hidden audio fea-
tures h, and text features h, the multimodal blocks com-
pute Self-Attn (Q, K,V = [hg, ha]), while the single-
modal blocks compute Self-Attn (Q, K,V = h,). The
adaptive LayerNorm (adalLN) layers [52] condition the
block-wise hidden state h € RZ*¢ on the linear-projected
video feature v. = W, v. Formally, this operation is de-
fined as:

adalN (h,v) =1W, (v)-LN(h) +1Wgz (¥v) (5

where W, and Wjp are the conditioning projection layers
and 1 € RE*1 is a matrix of ones for broadcasting.

3.4. Training

Video-mixing. As input videos usually comprise multi-
ple sound sources, without explicit annotations for each
sound source, it is nontrivial to isolate visual features. To
address this, we introduce a self-supervised strategy, mo-
tivated by audiovisual separation works [17, 41], but re-
formulated for selective V2A generation. Concretely, two
videos are randomly selected, and horizontally concate-
nated with a random ratio to make the desired {mixed-
video, audio, text} pairs. One of the audio-text pairs is
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randomly chosen to serve as the target. Formally, an in-
put video V' in a mini-batch consists of randomly selected
two videos {Viur, Viair } € RFXW:

V= [‘/tar c ]RHX)\W o ‘/pair c ]RHX(lf)\)VV]7 (6)

where A ~ Beta(q, «) is a scaling factor for resizing the
video sampled from a beta distribution, and & is a hori-
zontal concatenation operation. Here, V4, serves as a target
video to semantically attend, while the paired video Vi
becomes a distractor. This scheme encourages robust cross-
modal grounding by distinguishing the target visual region
without explicit supervision.

Two-stage training. Learning conditional feature ex-
traction from mixed sources and multiple conditioned au-
dio generation simultaneously is inherently complex, as
both modules depend on each other’s evolving representa-
tions [26]. To ensure efficient and stable optimization, the
joint training is organized into a two-stage learning scheme,
allowing each module to converge toward a consistent rep-
resentation before mutual conditioning. In the first stage,
the video encoder learns to understand text prompts from
output features of the teacher model [66, 68]. In the left
part of Fig. 2, while the teacher model Fr (i.e., pretrained
Synchformer [31]) takes a single source video Vi, to gener-
ate a pseudo feature vy, the student model Fg produces a
text-guided visual feature from the mixed source. Formally,
the video feature v of student encoder Fg is learned to min-
imize the L2-norm regression loss:

||]:S([V;ar S V})air]attax) - -/__.T(VEJI)H2 (7)

where ty,; is the text embeddings corresponding to the target
video Vi, This stage updates the student network’s param-
eter for cross-attention and spatial attention pooling layers
exclusively. While the teacher model can only take visual
inputs, the student extracts a specific representation from
text guidance. In other words, our approach uses video
features as teaching signals, allowing the model to learn
how multimodal interactions can selectively emphasize in-
formative cues while suppressing irrelevant sound sources
as noise in the visual representation.

Next, we train a generator G while keeping the video
encoder frozen in the second stage. We start from the
MM-DiT in MMAudio [9] as the baseline of the genera-
tor. Rather than finetuning the whole parameters, we fo-
cus on specific modules that handle video features explic-
itly, as illustrated in the right part of Fig. 2. Specifically,
we finetune two sub-modules only: (1) the initial projec-
tion layer of the video feature branch (i.e., W) and (2)
the adaptive LayerNorm (adalLN) module of the audio latent
branch of multimodal and single-modal transformer blocks
(i.e., W,,Wg). The model is trained with conditional
flow-matching (CFM) [46, 59]. Given a noise distribution

q(ag) ~ N(0,I), training data distribution g(a; = a, c)
with input condition features ¢ = (Vigr = Fs(V, tar), brar)s
and timestep ¢ € [0, 1], the CFM objective is formulated as:

E l[o(t, ¢, a5G) — v(alag,ar)[|?,  (8)
t,q(x0),q(ai,c)
where a; = ta; + (1 — t)ag is the flow that generates a
velocity v. Implementation details for optimizer settings
are noted in Appendix A.3.

4. Experiments

4.1. Setup

Training dataset. SELVA is trained on VGGSound [5],
which provides approximately 500 hours of video and 310
unique captions. We utilize these captions as the text
prompts for our model. Following the experimental setup
of our baseline model [9], we partition the official training
data, setting aside 2k samples for validation. The training
set includes 179k videos, and the test set is 15k. For both
training and inference, all video clips are processed into 8-
second segments.

Test benchmark. Evaluating selective sound generation
requires clean, source-separated audio with corresponding
text descriptions. However, existing in-the-wild datasets
such as VGGSound [5] and AudioSet [21] typically provide
only a single mixed track and video-level captions, often
contaminated by recording noise or off-screen sounds [0,
13, 39]. To address these limitations, we introduce VG G-
MONOAUDIO, an evaluation benchmark for selective V2A
generation. We curate mono-source clips from UnAV-
100 [22] overlapping with VGGSound test set, and filter
them automatically and manually with three strict criteria:
(1) a single source sounding with minimal background or
off-screen noise, (2) the sounding object is clearly visible,
(3) the text annotation precisely matches the auditory event.
Finally, we obtain a final set of 67 clean, single-source
videos spanning 39 unique events (e.g., ‘dog barking’, ’train
wheels squealing’) across 8 categories: human, music, ve-
hicle, tool, animal, nature, sport, other. To construct test
samples, we concatenate pairs of these videos side-by-side,
each occupying half the frame width. The horizontally com-
bined video [V @ V4] serves as the model input, while the
audio Ay, and text T, from one of the source videos are
used as the target. From the 67 curated videos, we generate
1,071 mixed pairs in total, 560 inter-class (videos from dif-
ferent categories) and 511 intra-class (videos from the same
category), for quantitative evaluation. Appendix B provides
the full list of audio event categories and detailed bench-
mark statistics. We also include results on the original VG-
GSound test set for completeness; these are given in Ap-
pendix D.2, as this setting is not central to our evaluation.
Baselines. We establish four SoTA baselines for compar-
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Audio Quality Semantic Alignment Temporal Alignment

Model FAD|,  KADJ| ISt KL,  CLAPt B+ DeSync.
Inter-class

ReWasS [32] 70.4 4.937 6.23 2.57 0.200 0.2454 1.364
VinTAGe [39] 50.5 1.309 11.51 1.69 0.283 0.2850 1.292
MMAudio-S-16k [9] 56.7 0.874 11.54 2.07 0.270 0.3135 0.802
VOS [8]+MMAudio [9] 60.0 0.878 12.11 1.91 0.291 0.3010 0.991
SELVA 51.7 0.676 13.07 1.85 0.292 0.3251 0.721
Intra-class

ReWas [32] 574 3.148 6.29 1.97 0.220 0.2569 1.377
VinTAGe [39] 37.0 0.690 9.28 0.88 0.277 0.2892 1.304
MMAudio-S-16k [9] 41.5 0.654 9.00 1.09 0.276 0.3248 0.670
VOS [8]+MMAudio [9] 434 0.656 8.91 1.11 0.287 0.3087 0.904
SELVA 37.0 0.492 9.62 1.04 0.280 0.3262 0.639

Table 1. Quantitative comparisons with state-of-the-art models on VGG-MONOAUDIO. All methods used text prompts corresponding to
the target videos. The best scores are shown in bold, and the second-best scores are underlined.

ison. ReWaS [32], VinTAGe [39], and MMAudio [9] are
text-conditioned V2A models where text semantically aids
video. To implement concurrent segmentation-based ap-
proaches [45, 60], we leverage the pretrained video object
segmentation (VOS) model [8] to build a ‘“VOS+MMAudio’
system, in which we pass the text and video to obtain video-
level object masks. The resulting masked video is then used
as the conditional input to the MMAudio.

Metrics. Three main criteria matter for evaluating selective

audio generation: audio quality, semantic alignment, and

temporal alignment with the target.

* Audio quality is assessed by Fréchet audio distance
(FAD) [34], kernel audio distance (KAD) [12], and in-
ception score (IS) [56] with PANNs[37, 58].

* Semantic alignment is assessed to evaluate prompt fi-
delity. While CLAP score (CLAP) [65] is used to mea-
sure how closely the generated audio aligns with the
intended text, imagebind score (IB) [23] measures the
alignment between audio and target video. In addition,
Kullback-Leibler divergence (KL) with PANNS distribu-
tion is employed to evaluate semantic alignment between
the generated and groundtruth audio tracks.

» Temporal alignment is assessed by DeSync [9], the aver-
age synchronized error (i.e., predicted offset in seconds)
between the audio and video. As temporal alignment
is crucial for perceptual coherence in V2A, this metric
serves as the primary reference in our ablation study.

4.2. Implementation details

During training of SELVA, mixing inputs are given within
each minibatch with a probability of 0.75, while clipping
the mixing ratio A of the target video to be greater than 0.2.
A total of 5 learnable [SUP] tokens are prepended to every
input text prompt; this number was determined by Tab. D3.
We initialize the video encoder Fg with pretrained Synch-

former [31] and the generator G with MMAudio-small-
16kHz weights. Note that we train 19M parameters in Fg
and 22M in G, corresponding to 14% of each model’s total
parameters, respectively. Following the original setup for
classifier-free guidance (CFG) in MMAudio [9], we ran-
domly substitute the video and text features with learned
null video and text embedding (&, and @) with a proba-
bility of 0.1. In addition, we drop the text feature with an
additional probability of 0.5 to enhance the visual fidelity.
Inference on the flow matching model is performed using
the Euler solver with 25 linear sampling steps. During infer-
ence, CFG is applied with a guidance strength of v = 4.5.

4.3. Comparison with state-of-the-arts

Quantitative analysis. Table | summarizes the quantita-
tive performance of V2A models on VGG-MONOAUDIO.
SELVA outperforms baselines across all key aspects, in-
cluding audio quality, semantic alignment, and temporal
alignment. Notably, we achieve the best scores in both se-
mantic and temporal audio-video alignment. MM Audio [9],
which overlooks text modality, exhibits degraded CLAP
scores than SELVA, whereas neglecting video modality
often results in temporally misaligned results with poor
DeSync scores, as seen in ReWaS [32] and VinTAGe [39].
This highlights that training a text-conditioned video en-
coder in SELVA is effective to achieve these dual goals.
VOS baseline shows competitive semantic alignment but
performs poorly on temporal synchronization. It is primar-
ily due to the inherent limitations of VOS methods, which
struggle to accurately localize fast-moving or motion-
blurred objects, and vague or complex boundaries (e.g., rain
drop). Regarding the two subsets of VGG-MONOAUDIO,
models generally achieve better objective scores in the intra-
class subset. This happens because the paired non-target
video is semantically similar to the target, leading objec-
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(a) Spatlally co-occurring events.

(b) Multiple events intertwined temporally.

Figure 4. Examples of selective generation with real-world videos. The white dotted curve is the root-mean-squared audio amplitude.

tive metrics to overestimate model performance. Therefore,
human perceptual evaluation becomes essential.

Qualitative analysis. Fig. 4 demonstrates that SELVA se-
lectively synthesizes target sounds even in complex real-
world auditory scenes involving multiple simultaneous or
temporally overlapping events. As shown in Fig. 4a,
SELVA successfully generates distinct sounds for spa-
tially co-occurring sound events such as ‘car passing by’
and ‘man running’, demonstrating spatial disentanglement
within a shared visual context. In Fig. 4b, SELVA succeeds
in temporally disentangling intertwined events, producing
natural and temporally aligned sounds for ‘firework bang-
ing’ and ‘people speaking’. These examples highlight our
model’s robustness to yield realistic and context-aware au-
dio by capturing the user’s intended focus. More qualitative
examples are provided in Fig. D8 in Appendix.

Human study. Human listening test assesses the perceptual
performance of the models, to complement our automatic
metrics. A total of 26 participants rated three criteria scores:
overall audio quality (AQ), text-audio alignment (TA) for
semantic relevance, and audiovisual temporal synchroniza-
tion (VA) using a 5-point Likert scale. The evaluation set
consists of 16 unique videos: one from each of the 8 sound
categories, selected from both the inter-class and intra-class
VGG-MONOAUDIO benchmarks. Each video was pre-
sented with the corresponding audio by 4 different sources:
ground-truth (GT), ‘MMAudio-S-16k’, ‘VOS+MMAudio’,
and SELVA. Fig. 5 reports the mean opinion score (MOS),
along with the corresponding 95% confidence interval. The
subjective results show strong alignment with the objec-
tive evaluation. SELVA outperforms both MMAudio and
the VOS baselines across all criteria. In terms of audio
quality, SELVA achieves a comparable performance to GT,
whereas the other baselines show noticeably lower scores.
For video-audio alignment, SELVA also achieves the high-
est score among the comparable models, with the GT ob-
viously achieving the best score. Notably, VOS baseline
scored 3.78 (vs. 4.53 in SELVA) in text-audio alignment,
even though its CLAP score in Tab. | is comparable to ours.
This highlights a discrepancy between the objective metric
and human perception. It indicates that human listeners are

M Ground Truth MMAudio | VOS+MMAudio SelVA

5

4 i I
si ﬁ '

2 m

Figure 5. Human study results on VGG-MONOAUDIO. The GT
results (i.e., real sound) show oracle performance. SELVA out-
performs state-of-the-art methods, including MMAudio and VOS
baselines.

more sensitive to off-screen noises that are loosely aligned
with the text prompt (see Appendix D.5).

4.4. Ablation studies

Impact of each training component. Tab. 2 summarizes
our ablation studies, which demonstrate the impact of re-
moving each training component: (1) video encoder Fg
finetuning (first stage), (2) V2A generator G finetuning (sec-
ond stage), (3) prepended [SUP] tokens (used during the
first stage), and (4) two-stage training. Finetuning only the
V2A generator (while keeping the video encoder frozen)
yields marginal gains in audio quality and semantic align-
ment, but causes a notable degradation in audiovisual tem-
poral synchrony. We observe that the generator tends to de-
velop an undesired shortcut behavior, producing sounds that
align text semantics but drift from the actual video events.
Conversely, excluding the V2A generator finetuning signif-
icantly reduces overall audio quality. The results indicate
that finetuning the generator with auto-mixing samples is
necessary to obtain optimal performance. The results re-
veal that removing [SUP] tokens especially deteriorates
the temporal alignment score. This supports our hypothesis
that [ SUP] tokens facilitate selective generation by refining
text-irrelevant spatial attention, while making a negligible
sacrifice in audio quality and semantic alignment. Finally,
joint training (i.e., optimizing Eq. (7) and Eq. (8) simultane-
ously) shows notable drops in both semantic and temporal
audiovisual alignment scores, indicating that the model fails
to maintain coherent cross-modal correspondence. For in-
stance, in the intra-class benchmark, IB (0.3229 vs. 0.3248)
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Audio Quality

Semantic Alignment

Temporal Alignment

Model FAD|, KAD, ISt KL, CLAPt IBt DeSync.

Inter-class

SELVA 51.7 0.676  13.07 185 0292  0.3251 0.721
— Video Enc. FT 53.8 0.638 1335 1.75 0300 0.3303 0.868
— V2A Gen. FT 56.6 0.721 1294 1.89 0.293 0.3309 0.736
— [SUP] tokens 51.4 0.637 1295 1.79 0289  0.3272 0.756
— two-stage training ~ 51.3 0.707 13.78 1.81 0.299  0.3138 0.823

Intra-class

SELVA 37.0 0492 9.62 1.04 0280 0.3262 0.639
— Video Enc. FT 382 0423 10.15 1.01 0291 0.3294 0.734
— V2A Gen. FT 394 0.553 9.35 1.06 0.281 0.3300 0.651
— [SUP] tokens 36.3 0.485 974 1.01 0281 0.3277 0.676
— two-stage training ~ 36.8 0456 1018 1.00 0.283  0.3229 0.777

Table 2. Ablation on model design variants: without video encoder training, generator training, [ SUP] tokens, and two-stage training.

0.295 0.77 0.285 0.69

0.282 ‘/\\_d 0.67

0.292 0.75 ° o
o c o c
3 @ 3 @
3] & O 8
0.288 0.73 0.278 0.65
O CLAPT O CLAPt
DeSyncl DeSyncl
0286 ————— 071 0.275 0.63
0 1 3 5(ours) 7 0 1 3 5(ours) 7

(a) Inter-class (b) Intra-class
Figure 6. Ablation on the number of [SUP] tokens, determined

by balancing semantic and temporal alignment performance.

and DeSync (0.777 vs. 0.670) scores are even worse than
the frozen MMAudio baseline. In particular, joint training
often substitutes non-target sound events with text-aligned
sounds, thereby deteriorating temporal synchronization.
The number of [SUP] tokens. Achieving the dual goal
of semantic text-audio alignment and temporal video-audio
alignment is crucial in selective sound generation. We
therefore observe the change in both the CLAP and DeSync
scores for different numbers of [SUP] tokens. As shown
in Fig. 6, we identify a “sweet spot” at 5 tokens, which
achieves the best DeSync score while maintaining a com-
parable CLAP score. It is a consistent observation from
prefix-tuning [44], where performance typically degrades
when too few tokens fail to convey sufficient conditioning
information, or when too many tokens lead to redundancy
and overfitting. Full results, including other metrics, are
shown in Tab. D3 in Appendix.

5. Limitations and Future Work

We identify three primary directions for future work. First,
the model performance is currently limited by the noisi-
ness of the training data in VGGSound [5]. Therefore,
more rigorous data filtering or refining the auto-mixing

process with cleaner source data could improve the per-
formance. Second, since text labels are typically simple
noun-verb conjunctions and lack such descriptive detail, the
model’s complex text understanding capabilities could be
enhanced. This includes fine-grained cross-modal distinc-
tion (e.g., separating ‘male singing’ from ‘male burping’)
and improved attribute controllability (e.g., a dog barking
‘aggressively’). Finally, while our method significantly al-
leviates the sound substitution issue, residual cases remain
when the video encoder fails to track a target movement
change consistently. We leave a comprehensive full train-
ing of the model as future work.

6. Conclusion

We present SELVA, text-conditioned V2A model tailored
for audio production systems in the real world. SELVA ef-
ficiently modulates the video encoder to capture the user’s
textual intent, introducing a few learnable tokens and spe-
cialized training schemes. Experimental results show that
SELVA delivers precise and controllable sound generation
on our new benchmark, VGG-MONOAUDIO, significantly
outperforming existing methods. These findings highlight
SELVA as a strong step toward practical, reliable, and fully
controllable selective video-to-audio generation.
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