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A. Appendix

A.1. Training and Inference Process

Training. During the training of OmniSonic, for each
data point, we randomly select one scenario from the three
predefined configurations in our UniHAGen task: (1) Sce-
nario 1: on-screen environmental sound + off-screen hu-
man speech, (2) Scenario 2: on-screen human speech + off-
screen environmental sound, and (3) Scenario 3: on-screen
environmental sound + off-screen environmental sound +
off-screen human speech. For Scenario 1, we randomly se-
lect a video from our environmental audio–visual training
set, i.e., VGGSound [4], to obtain the video clip with on-
screen environmental sound and its corresponding caption.
Then, we randomly sample a human speech audio from the
speech training set (LRS3 [1] and CommonVoice [3]) to
serve as the off-screen speech component, mixing it with
the original video’s environmental audio according to a ran-
dom signal-to-noise ratio (SNR) level. The resulting mixed
waveform, along with its corresponding captions, transcrip-
tions, and visual frames, is used as the training input for the
model. For Scenario 2, we select a video from the speech
audio–visual training set LRS3 [1], where the on-screen vi-
sual content corresponds to a speaking person. The asso-
ciated speech and its transcription serve as the on-screen
components. An environmental audio clip is then randomly
sampled from the environmental training set and added as
the off-screen component. The two sources are mixed at a
randomly sampled SNR level, and the corresponding textual
and visual conditions are used for conditioning the model.
For Scenario 3, we randomly select a video from the envi-
ronmental audio–visual training set to provide the on-screen
environmental sound and caption. An additional environ-
mental audio clip and a human speech clip are then ran-
domly sampled from their respective datasets to serve as
the off-screen environmental sound and off-screen speech.
All three sources are mixed using randomly sampled SNR
levels, forming a complex multi-source auditory scene that
mimics real-world conditions. The corresponding captions,
transcriptions, and visual frames of each source type are
used as conditioning inputs during training.

To enable classifier-free guidance (CFG) [7] during in-
ference, we adopt a condition dropout strategy during train-
ing. Specifically, for each condition type, i.e., on-screen
environmental caption, off-screen environmental caption,
speech transcription, and visual frames, we randomly drop
the entire condition with a specified probability, e.g. 0.1.

This strategy encourages the model to learn both condi-
tional and unconditional generation behaviors, enhancing
robustness to partially missing conditions and enabling con-
trollable audio generation via CFG during inference.

To stabilize training and ensure high-quality speech gen-
eration, we adopt a two-stage training strategy. In the first
stage, the model is trained only on speech data, where en-
vironmental sound–related conditions are kept empty (i.e.,
captions are empty strings). This stage helps the model
effectively learn speech representation and synchroniza-
tion without interference from environmental sound compo-
nents. In the second stage, we switch to the full UniHAGen
training setup described above, jointly learning to generate
both speech and environmental sounds under different sce-
narios. This progressive training scheme prevents unstable
optimization and improves the model’s ability to synthesize
clear and coherent speech in complex multi-source audio
scenes.

Inference. During inference, we adopt a multi-condition
classifier-free guidance (CFG) [7, 12] strategy to achieve
controllable audio generation under different condition
types. The modified velocity prediction is computed as:
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where ∅ denotes the dropped (unconditioned) inputs, and
V ′
θ = Vθ(xt,∅,∅,∅, cv)) represents the non-text uncon-

ditional prediction. The derivation is presented in Sec. A.2.

A.2. Derivation of Our Multi-Condition Classifier-
Free Guidance

To extend classifier-free guidance (CFG) [7] to our four-
condition setup, we consider the conditional distribution
pθ(xt|c1:3, cv), where c1, c2, c3 denote the three text-
based conditions (on-screen environmental caption, off-
screen environmental caption, and speech transcription),
and cv denotes the video condition. The flow model param-
eterizes this distribution through its time-dependent vector
field. Following the modified CFG in [12] for dual condi-
tions, we further enhance the influence of each conditioning
signal by modifying the target conditional distribution.



However, unlike the dual-condition case in [12], the four
conditions in our setting are not symmetric nor indepen-
dent. The visual condition cv is tightly coupled with one
of the text-based conditions (the on-screen environmental
caption or the speech transcription): visual frames directly
reveal the on-screen sound source, its motion, and its tem-
poral structure. As a result, the likelihood term pθ(cv|xt)
is not independent from pθ(c1|xt) or pθ(c3|xt), where c1
and c3 denote conditions of on-screen environmental sound
caption and speech transcription, respectively. Applying
a CFG-style “condition–unconditional” subtraction to cv
would therefore amplify shared information twice. This
double-counting empirically leads to unstable guidance and
degraded audio–visual consistency.

In contrast, the three text-based conditions c1, c2, c3
serve as independent semantic instructions: they specify
what sound should occur (e.g., “waves crashing”, “a dog
barking”, or speech content), but do not dictate how this
sound temporally evolves with the visual scene. Thus,
applying guidance to these three conditions is both well-
defined and beneficial. Importantly, since the video con-
dition provides the essential scene-level prior, we always
retain cv in both the conditional and the “unconditional”
branches, ensuring that the model never loses the scene con-
text during guidance.

Under this formulation, the modified conditional distri-
bution becomes:
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Taking the gradient of the log-density yields

∇xt log p̃θ(xt|c1:3, cv) = ∇xt log pθ(xt|c1:3, cv)

+

3∑
i=1

wi∇xi
log pθ(ci|xt, cv).

(3)

Using Bayes’ rule, pθ(ci|xt, cv) =
pθ(xt|ci,cv)p(ci|cv)

pθ(xt|cv)
, and

noting that p(ci|cv) does not depend on xt, we obtain
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Substituting Eq. 4 into Eq. 3, we have:
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Finally, we rewrite Eq. 5 in terms of the model’s predicted
vector field, yielding the following guided velocity formu-
lation:

Ṽθ(xt, c1:3, cv) =Vθ(xt, c1:3, cv)
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A.3. Evaluation Metrics
We evaluate our OmniSonic and the baseline models us-
ing both objective and subjective evaluation metrics. For
objective evaluation metrics, we adopt Fréchet Audio Dis-
tance (FAD) [10] and Mean Kullback–Leibler Divergence
(MKL) [8] assess the perceptual quality and distributional
similarity of generated audios. For semantic alignment
evaluation, following previous works [11, 21, 23, 25], we
use the AV score and AT score to measure the semantic cor-
respondence between audio and video (AV) and between
audio and text (AT), respectively. Specifically, we em-
ploy Wav2CLIP [24] to encode the generated audio into
the CLIP [17] feature space, enabling direct computation
of cross-modal similarity with visual and textual embed-
dings. To evaluate the speech correctness in the generated
audio, we utilize Word Error Rate (WER), Character Er-
ror Rate (CER), and Phoneme Error Rate (PER) to quan-
titatively assess the accuracy of synthesized speech con-
tent. Following [12], we employ a pretrained Whisper [18]
model to transcribe the generated audio and compute the
error rates by comparing the transcriptions with the ground-
truth speech transcription. To measure audio–visual tempo-
ral synchronization, we adopt DeSync [5, 20], which uti-
lizes Synchformer [9] to estimate the temporal misalign-
ment between the generated audio and the corresponding
video frames. For subjective evaluation, we conduct human
listening tests to assess four aspects: overall quality (MOS-
Q), environmental faithfulness (MOS-EF) for on-screen
and/or off-screen environmental sounds, speech faithfulness
(MOS-SF) for on-screen and/or off-screen speech, and tem-
poral alignment (MOS-T) between the video and the on-
screen sound. We randomly select 24 samples from our
UniHAGen-Bench and generate the corresponding audio
using OmniSonic and the compared baseline models. The
all generated audios are randomly distributed among 13 hu-
man listeners, who rate them on a discrete 5-point scale.
We report the mean opinion scores (MOS) averaged across
all ratings for each evaluation aspect. The interface for this
subjective evaluation is shown in Fig. 1.

A.4. Baselines
We compare OmniSonic with state-of-the-art audio gener-
ation models: AudioLDM 2 [14], VoiceLDM [12], Vin-
TAGe [11], MMAudio [5], and HunyuanVideo-Foley [20].



Figure 1. Interface for the subjective evaluation.

Among them, AudioLDM 2 is a general text-to-audio gen-
eration model. In addition to its official checkpoint, we also
evaluate a speech-adapted version1 fine-tuned for speech-
related tasks. VoiceLDM is a text-to-speech generation
model designed to synthesize environmental speech, i.e.,
speech recorded or simulated within specific acoustic en-
vironments. VinTAGe is a recent advancement in joint
video–text-to-audio generation for holistic auditory scene
synthesis, aiming to produce both on-screen and off-screen
sounds simultaneously. MMAudio and HunyuanVideo-
Foley are video–text conditioned audio generation models
built upon the MM-DiT [6] architecture, which leverages
multimodal diffusion transformers to generate temporally
aligned and semantically consistent audio from visual and
textual cues.

A.5. Implementation Details
We implement OmniSonic in PyTorch [16]. For the model
architecture, we use CLIP [17] as the visual frame encoder,
FLAN-T5 [19] as the environmental sound caption encoder,
and SpeechT5 [2] as the speech transcription encoder. The
differentiable Durator follows the design in [12, 22], which
consists of a Duration Predictor and a Learnable Upsam-
pling Layer. The dimensions of the visual, speech transcrip-
tion, and environmental sound caption embeddings are 512,
769, and 1024, respectively. For the audio VAE, we adopt
the pre-trained version from AudioLDM [13], which gener-
ate audio latent representation with number of channels of 8

1audioldm2-speech-gigaspeech checkpoint

and size of 256× 16. For the TriAttn-DiT, we set the patch
size to 2 and the hidden size to 1152, and stack 28 blocks.
We sample the audio at 16kHz, which is then transformed to
spectrogram using Short-Time Fourier Transform (STFT)
with FFT size of 1024, hop length of 160, and Hann win-
dow size of 1024. We pad or crop the waveform to a fixed
duration of 1024× 160 before applying the STFT, yielding
log-Mel spectrograms with T = 1024 and F = 64. We
train our model on 8 NVIDIA A100 GPUs with a global
batch size of 64, the learning rate of 5e-5, and the weight de-
cay of 1e-2. The model is optimized using the AdamW [15]
optimizer. During training, the visual frame encoder and
environmental sound caption encoder are frozen, while the
speech transcription encoder and the differentiable Durator
are trainable.

For the CFG scales during sampling, we set different
groups of values for the three different scenarios. Specif-
ically, for scenario 1 (on-screen environmental sound + off-
screen human speech), we set λon

txt = 5.0, λsp.
txt = 2.5,

and λoff
txt = 0.5. For Scenario 2 (on-screen human speech

+ off-screen environmental sound), we set λsp.
txt = 7.5,

λoff
txt = 2.5, and λon

txt = 0.5. For Scenario 3 (on-screen
environmental sound + off-screen environmental sound +
off-screen human speech), we set λon

txt = 5.0, λoff
txt = 2.5,

and λsp.
txt = 2.5.

A.6. Parameter Study
We conduct parameter studies on the CFG scales. The re-
sults for Scenario 1 are presented in Tab. 1, where we fix
λoff
txt = 0.5 and examine how varying λon

txt and λsp.
txt affects

the performance. We present the results of Scenario 2 in
Tab. 2, where we fix λon

txt = 0.5 and examine how vary-
ing λsp.

txt and λoff
txt affects the performance. The results of

Scenario 3 is shown in Tab. 3, in which we investigate the
impact of values of λon

txt, λ
off
txt , and λsp.

txt on the final results.

Table 1. Parameter study for Scenario 1 (on-screen environmental
sound + off-screen human speech). We fix λoff

txt = 0.5 and exam-
ine the effect of varying λon

txt and λsp.
txt on the results.

λon
txt λsp.

txt FAD↓ Mean AV AT↑ WER↓
5.0 2.5 3.40 19.62 0.15
5.0 7.5 5.39 19.50 0.14
7.5 2.5 4.14 19.02 0.16
7.5 5.0 4.98 19.32 0.15
7.5 7.5 5.04 19.28 0.15
9.5 2.5 4.23 18.94 0.17
9.5 5.0 5.19 19.32 0.15
9.5 7.5 5.40 19.30 0.15

12.5 2.5 4.06 18.64 0.18
12.5 5.0 4.94 18.82 0.16
12.5 7.5 5.39 18.95 0.16



Table 2. Parameter study for Scenario 2 (on-screen human speech
+ off-screen environmental sound). We fix λon

txt = 0.5 and exam-
ine the effect of varying λsp.

txt and λoff
txt on the results.

λsp.
txt λoff

txt FAD Mean AV AT WER

2.5 2.5 2.63 18.13 0.11
2.5 5.5 4.77 17.26 0.12
2.5 7.5 5.32 17.19 0.10
5.5 2.5 2.33 17.95 0.12
5.5 5.5 4.42 17.55 0.11
5.5 7.5 5.36 17.18 0.11
7.5 2.5 2.59 17.95 0.12
7.5 5.5 4.79 17.51 0.11
7.5 7.5 5.09 17.45 0.12

Table 3. Parameter study for Scenario 3 (on-screen environmen-
tal sound + off-screen environmental sound + off-screen human
speech). We examine the effect of varying λon

txt, λ
off
txt , and λsp.

txt on
the results.

λon
txt λoff

txt λsp.
txt FAD↓ Mean AV AT↑ WER↓

5.0 2.5 2.5 3.39 18.26 0.16
5.0 2.5 3.5 3.97 18.55 0.15
5.0 5.0 2.5 3.66 17.00 0.16
5.0 5.0 3.5 3.98 17.50 0.14
7.5 2.5 2.5 3.88 18.30 0.15
7.5 2.5 3.5 4.34 18.54 0.18
7.5 5.0 2.5 3.70 17.48 0.15
7.5 5.0 3.5 4.07 17.64 0.15
7.5 5.0 5.0 4.95 17.70 0.13

A.7. Limitations and Future Work
Although OmniSonic achieves strong performance across
diverse mixed-source scenarios, several limitations remain.

First, the training samples used in our UniHAGen task
are synthetically constructed by combining audio, text, and
video clips from VGGSound, LRS3, and CommonVoice
to simulate the three scenario configurations. While this
composition strategy enables controlled supervision across
on/off-screen speech–environment combinations, it does
not fully capture the richness, spontaneity, and acoustic
complexity of truly in-the-wild audio–visual scenes. More-
over, synthetic mixing often results in acoustic inconsis-
tencies, such as mismatched loudness, differing recording
conditions, or unnatural blending between speech and envi-
ronmental sounds, which limits the realism of the training
distribution.

Future work may explore collecting large-scale natural
audio–visual corpora with organically co-occurring speech
and environmental events, or developing more advanced
simulation pipelines to better approximate real-world mul-

timodal dynamics.
Second, our model relies solely on CLIP visual features

for video conditioning. Although CLIP provides strong
global semantic understanding, it lacks fine-grained tem-
poral sensitivity. In visually stable or weakly dynamic
scenes, where consecutive frames exhibit minimal varia-
tion, CLIP features tend to remain nearly invariant, limiting
the model’s ability to infer subtle temporal cues for precise
audio–visual synchronization. This leads to weaker perfor-
mance on synchronization-focused metrics compared with
models that incorporate temporally specialized encoders
such as Synchformer.

Future work may integrate more temporally expres-
sive video representations or design dedicated audio-aware
video encoders to strengthen fine-grained synchronization
without compromising semantic grounding.
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