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1. Overview

In this supplementary material, we provide more implemen-
tation details, experiment results, including:

¢ Implementation details (Sec. 2);

* Benchmark settings (Sec. 3);

* More quantitative comparisons (Sec. 4);

* More qualitative comparisons (Sec. 5);

¢ Visualization of Cross-modal Attention (Sec. 6)

* More ablation study (Sec. 7);

* Analysis of off-screen audio and SyncCFG behavior
(Sec. 8);

* Model agnosticism evaluation (Sec. 9);

¢ Details about voice clone (Sec. 10);

* Audio-driven performance; (Sec. 11);

* More qualitative results (Sec. 12).

2. Implementation Details

Datasets. Our training corpus is curated from a diverse
range of public and newly collected sources to cover both
human speech and environmental sounds.

1) Human Speech Data: We aggregate vocal data from
multiple open-source datasets, including the TTS-specific
Emilia dataset [7], as well as audio-visual corpora such
as OpenHumanVid [12] and SpeakerVid [24]. To ensure
high-quality alignment, we employed an audio-visual con-
sistency scoring model to filter this collection, resulting in
a high-quality subset of 2 million video clips, each 3-10
seconds in duration. We then utilized the Gemini [6] for
automated annotation, generating ASR transcripts, descrip-
tive video captions, and captions for any background sounds
present in the clips.

2) Environmental Sound Data: For environmental
sounds, we leverage several established public datasets, in-
cluding AudioCaps [11] (~128 hours, manually captioned),
Clotho [4] (~31 hours, manually captioned), and Wav-
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Caps [15] (~7,600 hours, automatically captioned). Rec-
ognizing the often-suboptimal visual quality of the VG-
GSound dataset [ 1], we supplemented our data by collecting
an additional 2 million audio-visual clips rich in environ-
mental sounds. These new clips were subsequently anno-
tated using Gemini [6] to generate corresponding audio and
video captions.

Training Strategy. Our training protocol is structured in
three distinct stages to ensure stable convergence and high-
fidelity generation. For the video branch, we initialize our
model with the pre-trained weights of Wan2.2-5B [22]. The
audio model undergoes a dedicated two-stage pre-training
process before the final joint training.

Stage 1: Foundational Audio Pre-training. The audio
model is first pre-trained on a balanced 1:1 mixture of our
human speech and environmental sound datasets. We train
for 100,000 iterations with a global batch size of 1536, us-
ing clips with a maximum duration of 10 seconds. During
this stage, the reference audio is a randomly selected 1-3
second segment from the ground-truth clip. This phase en-
ables the model to learn to replicate both the timbre and
content from the provided reference audio.

Stage 2: Timbre Disentanglement Finetuning. To en-
able the model to disentangle general acoustic characteris-
tics from specific content, we finetune it using mismatched
reference and target content. For human speech, we use
cross-utterance data from the same speaker. For environ-
mental sounds, we sample a non-overlapping reference clip
from the same long recording as the ground-truth target.
This setup compels the model to extract the invariant acous-
tic signature—be it a speaker’s voice or an environmental
ambience—from the reference and apply it to the new con-
tent dictated by the prompt or transcript. We finetune for an
additional 20,000 iterations in this configuration.

Stage 3: Cross-Task Audio-Visual Training. Finally, we
proceed to the Cross-Task joint training stage. The full
audio-visual model is trained for 10,000 iterations with a
batch size of 128, again using a 1:1 mixture of human
speech and environmental sound data. Across all training
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stages, we employ a constant learning rate of le-5 for all
model parameters.

Hyperparameters. During the final cross-task training
stage, the balancing weights for our synergistic loss (Eq.
3) are set to A, = 0.1 and A\, = 0.3. The model is trained
using a Flow Matching objective with shift of 5. For infer-
ence, we use 40 integration steps with classifier-free guid-
ance (CFG) scales of s,, = 3 for video and s, = 2 for audio.
The sampler’s shift parameter is also maintained at 5.

3. Benchmark Settings
3.1. The Harmony-Bench Dataset

Existing benchmarks for audio-visual generation are in-
adequate for comprehensive evaluation. JavisBench [13]
lacks evaluation for human speech, while Verse-Bench [23]
is hampered by low-quality labels and a limited focus on
audio-visual synchronization. To enable a more rigor-
ous and holistic assessment, we construct and introduce
Harmony-Bench. This new benchmark features 150 metic-
ulously designed test cases, organized into three progres-
sively challenging subsets (50 items each). It is specifically
crafted to disentangle and systematically evaluate a model’s
semantic consistency and temporal synchronization across
diverse and complex acoustic scenarios.

* Ambient Sound-Video Generation. This subset is de-
signed to assess the model’s ability to generate non-
speech acoustic events that are precisely synchronized
with corresponding visual dynamics. The 50 test cases
feature synthetically constructed scenarios, enabling the
creation of complex audio-visual interactions that are dif-
ficult to capture or isolate in real-world recordings. The
model is conditioned on a detailed audio_caption and
a separate video_caption. Evaluation centers on au-
dio fidelity, temporal synchrony, and the semantic consis-
tency between the generated audio and visual events.

* Speech-Video Generation. This 50-item subset assesses
the fidelity of speech synthesis and lip synchronization.
To test for robustness and multilingual generalization, it
includes a balanced mix of 25 real-world and 25 Al-
synthesized samples, driven by transcripts in both English
(spoken_word_en) and Chinese (spoken_word_zh).
The video_caption is deliberately kept minimal (e.g.,
”a man is speaking”), compelling the model to derive lip
movements and facial expressions directly from the tran-
script’s content. Key evaluation criteria are speech intel-
ligibility, naturalness, and the precision of lip-audio syn-
chronization.

e Complex Scene: Ambient + Speech. Representing
the most challenging scenario, this subset evaluates the
model’s capacity to simultaneously generate and syn-
chronize both speech and ambient sounds within a uni-
fied, complex scene. Each of the 50 test cases is con-

structed to feature co-occurring audio-visual events, re-
quiring the model to process a combination of inputs:
a transcript (spoken_word_en), an ambient sound de-
scription (audio_caption), and a visual scene descrip-
tion (video_caption). The evaluation critically ex-
amines the model’s ability for sound source separation
and mixing (e.g., maintaining speech clarity over a back-
ground door-closing sound). Furthermore, it assesses
multi-modal temporal alignment: speech must synchro-
nize with lip movements, while ambient sounds must
align with their corresponding visual actions.

To provide a comprehensive evaluation on this bench-
mark, we adopt a suite of automated metrics designed to
assess three key aspects: 1) Visual Quality and Coherence,
2) Audio Fidelity, and 3) Audio-Visual Synchronization and
Consistency.

3.2. Evaluation Metrics

To comprehensively assess model performance on
Harmony-Bench, we employ a suite of automated metrics
targeting three core aspects of audio-visual quality.

Visual Quality and Coherence. We evaluate the visual

quality and temporal consistency of the generated videos

using the following metrics:

* Aesthetic and Imaging Quality. We assess aesthetic
quality (AQ) and imaging quality (IQ) using the
pre-trained aesthetic-predictor-v2-5[21] and MUSIQ[ 10]
models, respectively.

* Motion Dynamics. Temporal coherence is evaluated
through Dynamic Degree (DD) and Motion Smoothness
(MS)[8]. We employ RAFT[19] to quantify the magni-
tude of motion and a pre-trained video frame interpola-
tion model to evaluate motion smoothness.

* Identity Consistency (ID). For subject-specific genera-
tion, we measure ID by computing the mean DINOv3[ 18]
feature similarity between a reference image and all gen-
erated frames.

* CLIP Score. This metric measures the semantic align-
ment between the generated video content and the input
text prompt.

Audio Fidelity and Quality. The quality of the generated

audio is measured by:

* AudioBox-Aesthetics.[20] We employ this model to
evaluate perceptual quality across four dimensions: Pro-
duction Quality (PQ), Production Complexity (PC),
Content Enjoyment (CE), and Content Usefulness
(CU).

* Word Error Rate (WER). For speech synthesis, accu-
racy is measured by WER. We transcribe the generated
audio using Whisper-large-v3[16] and compare it against
the ground-truth transcript.

* IB-A Score. Semantic alignment between the generated
audio and the text prompt is quantified using the IB-A



Table 1. Environment set comparison with state-of-the-art joint audio-visual generation models. We evaluate performance across three
categories: video quality, audio fidelity, and audio-visual synchronization. Best results are in bold, second-best are underlined.

Method ‘ Video Quality & Coherence ‘

Audio Fidelity & Quality |

Audio-Visual Synchronization

| AQ+ 1Qt DDt Mst IDT CLIPT |PQT PCL CEt CUtT WER) IB-AT |SyncCt Sync-D) DeSyncl IB?T
MM-Diffusion [17] | 032 043  0.13 0.99 - - 537 407 427 589 - - - - 0.12
JavisDiT [13] 037 055 033 0.99 045 0.66 564 229 306 514 - 0.18 - - 0.94 0.16
UniVerse-1 [23] 057 0.68 0.16 1.00 0.92 0.66 6.14 230 320 546 - 0.04 - - 1.10 0.07
Ovi[14] 062 066 044 099 093 066 | 645 246 378 598 - 0.20 - - 1.06 0.20
Harmony (Ours) 064 065 056 098 0.90 0.66 653 268 412 6.22 - 0.14 - - 0.70 0.21
Table 2. Complex set comparison with state-of-the-art joint audio-visual generation models. We evaluate performance across three
categories: video quality, audio fidelity, and audio-visual synchronization. Best results are in bold, second-best are underlined.
Method ‘ Video Quality & Coherence ‘ Audio Fidelity & Quality ‘ Audio-Visual Synchronization
€no
| AQ+ I1Qt DDt MSt IDT CLIPt|PQT PC|L CEt CUT WER] IB-Af |SyncCt Sync-D| DeSyncl| IB?T
MM-Diffusion [17] | 032 043 0.3 099 - - 537 407 427 589 - - - - - 0.12
JavisDit [13] 034 050 054 098 0.33 0.65 540 226 291 456 1.00 0.09 0.58 10.50 1.32 0.17
UniVerse-1 [23] 052 0.65 042 099 085 065 | 614 223 38 515 025 0.00 0.72 8.32 1.09 0.14
Ovi [14] 0.60 063 041 099 088 065 | 594 233 414 533 079 0.06 2.94 8.86 1.21 0.18
Harmony (Ours) 0.64 0.66 0.32 1.00 091 0.65 643 190 476 4.86 0.15 0.06 4.70 6.43 1.13 0.18

Table 3. Chinese speech comparison with state-of-the-art mod-
els, focusing on audio fidelity (WER) and audio-visual synchro-
nization. Best results are in bold, second-best are underlined.

Method | WER | | Syne-Ct Sync-D| IBt
JavisDiT [13] 4.84 1.27 1263 020
UniVerse-1 [23] 2.32 0.91 .02 022
Ovi [14] 9.10 4.45 1079 020
Harmony (Ours) 0.92 5.05 9.38 0.22

Score[5].

Audio-Visual Synchronization. The critical capability of

joint generation is assessed through synchronization met-

rics:

* Sync-C & Syne-D. Lip-sync accuracy is explicitly mea-
sured using these two established metrics[3].

* DeSync Score. Predicted by Synchformer[9], this score
quantifies the temporal misalignment (in seconds) be-
tween the audio and video streams.

* ImageBind (IB) Score. Following [5], we use the IB
score to assess overall audio-visual consistency by com-
puting the cosine similarity between their respective fea-
ture embeddings.

4. More Quantitative Comparisons

In this section, we present detailed quantitative comparisons
against state-of-the-art methods for joint audio-video gener-
ation, including Ovi [14], UniVerse-1 [23], JavisDiT [13],
and MM-Diffusion [17]. Our evaluation spans multiple
challenging test sets, with results for environmental sounds
and complex audio scenes presented in Tables 1-2. Across

these diverse datasets, our model consistently demonstrates
superior performance. A key observation is our model’s su-
perior video dynamism compared to competitors. For in-
stance, while UniVerse-1 and Ovi sometimes achieves a fa-
vorable Identity Distance (ID) score, this is often a conse-
quence of generating static or nearly static videos, where
frame-to-frame identity is trivially high but fails to capture
the scene’s intended motion. Crucially, our method consis-
tently achieves the lowest Word Error Rate (WER) and the
best scores on audio-visual synchronization metrics. This
combination of high fidelity, strong dynamism, and precise
alignment underscores our model’s robustness in generating
coherent and realistic content for complex scenes.

Furthermore, we specifically assess the cross-lingual ca-
pabilities of the models on a dedicated Chinese speech
test set, with key results summarized in Table 3. The re-
sults highlight a significant performance gap. Our model
achieves a substantially lower WER and markedly better
synchronization scores. It is worth noting that the stan-
dard WER metric is not perfectly optimized for the tok-
enization of the Chinese language; therefore, the relative
performance between models serves as the most meaning-
ful indicator. The pronounced improvement in both WER
and synchronization metrics strongly validates the effec-
tiveness and superiority of our approach for cross-lingual
audio-visual speech generation.

5. More Qualitative Comparisons

In this section, we present further qualitative compar-
isons of our method against state-of-the-art approaches:
Ovi [14], UniVerse-1 [23], and JavisDiT [13]. We focus
on two challenging scenarios: synchronized human speech



JavisDiT

UniVerse-1

Ovi

Harmony
(Ours)

S h&i,’w -
A person is speaking: ‘hurts to be ignored by you and watch you
praise others’

A person is speaking: ‘his positive change feels like it's coming from
people who finally gained the authority to speak’

Figure 1. More comparison on human-speech video generation.

JavisDiT

UniVerse-1

Harmony
(Ours)

Gunshots are firing rapidly with sharp loud cracking sounds.

Figure 2. More comparison on environment-sound video generation.

and dynamic environmental sounds. We exclude MM-
Diffusion [17] from this analysis as it is designed for uncon-
ditional generation and is therefore not directly comparable.

Comparisons on Human Speech. As illustrated in Fig-
ure |, our model demonstrates superior performance in
audio-visual speech generation. Competing methods like
Ovi and UniVerse-1 tend to produce static or minimally dy-
namic video frames, resulting in a "talking head” effect with
little natural movement. In contrast, our model generates
high-fidelity video with fluid, naturalistic motion. The ac-
companying audio is clear and, most importantly, precisely
synchronized with the lip movements, resulting in a signifi-

cantly more coherent and believable output.

Comparisons on Environmental Sounds. We further
evaluate performance on generating dynamic environmen-
tal sounds in Figure 2, where the shortcomings of other
methods are even more pronounced. JavisDiT struggles in
this domain, producing low-quality video and unstable au-
dio; for instance, in the “gunfire” example, its generated
audio waveform is highly irregular and fails to represent
the acoustic event convincingly. UniVerse-1 and Ovi fre-
quently generate static or partially static scenes. A clear
example is the “ocean waves” case, where the main waves
remain frozen while only the water surface shows minimal



AimaIAudio
Figure 3. Visualization of the audio-to-video frame-wise cross-
attention map, where the audio can accurately capture the sound
source from the videos.

movement. This lack of dynamism is compounded by poor
audio-visual synchronization, where the sound of crashing
waves does not align with the visual content. In stark con-
trast, our method excels in all aspects: it generates high-
quality, dynamic videos with realistic motion, and the syn-
thesized audio is both high-fidelity and precisely synchro-
nized with the visual events, delivering a cohesive and im-
mersive audio-visual experience.

6. Visualization of Cross-modal Attention

To validate the effectiveness of our frame-wise cross-
attention mechanism, we visualize the attention maps from
the audio-to-video module. As illustrated in Fig. 3, when
synthesizing human speech, the model precisely localizes
its attention on the speaker’s oral region. Notably, in sce-
narios with multiple individuals, our model can distinguish
between them, focusing exclusively on the active speaker.
This capability extends to natural sounds, where the model
accurately identifies the primary sound source (e.g., an ani-
mal) while also attending to ambient environmental sounds,
such as the rain in the cat example and the birdsong in
the crocodile case. Collectively, these visualizations under-
score our model’s superior ability to achieve fine-grained
and contextually aware audio-visual alignment.

7. More Ablation Study

In the main paper , we provided an additive ablation study
demonstrating the progressive performance improvements
brought by each component of the Harmony framework. To
further validate the individual necessity of these modules,
we present a complementary leave-one-out (subtractive) ab-
lation analysis in this section. We evaluate the models on
the human-speech dataset using the Sync-C metric to mea-
sure audio-visual synchronization. The quantitative results
are summarized in Table 4.

The Dependency of SyncCFG on CTS. It is crucial
to note that the proposed Synchronization-Enhanced CFG
(SyncCFGQG) is fundamentally dependent on the Cross-Task
Synergy (CTS) training paradigm. SyncCFG operates by
explicitly isolating and amplifying the alignment signal us-
ing specific “driven” predictions (i.e., mute audio and static
video anchors). The capability to generate these meaning-
ful negative anchors is learned exclusively through the aux-
iliary tasks introduced during CTS training.

As shown in Table 4, if we attempt to apply SyncCFG
on a model trained without CTS (w/o CTS (w/ SyncCFG)),
the performance collapses to a Sync-C score of 1.13. This
severe degradation occurs because the model never learned
the negative “driven” branch, resulting in significant arti-
facts during inference. By contrast, a standard baseline
without both CTS and SyncCFG achieves a Sync-C score
of 4.80. This stark contrast confirms that CTS provides the
prerequisite foundational capability for SyncCFG to func-
tion effectively.

Necessity of Individual Modules. When evaluating the
remaining modules, we observe that removing any sin-
gle component from the full Harmony framework consis-
tently degrades synchronization performance. Specifically,
removing the Global-Local Decoupled Interaction module
(w/o GLDI) drops the Sync-C score from 6.51 to 5.30. Sim-
ilarly, removing the RoPE Alignment (w/o RoPE Align)
decreases the score to 5.60, and removing SyncCFG (w/o
SyncCFG) reduces it to 5.09. These results corroborate our
core findings: CTS provides the robust alignment priors,
GLDI and RoPE ensure precise architectural synchroniza-
tion, and SyncCFG effectively amplifies these learned fea-
tures during generation.

Table 4. Leave-One-Out Ablation Study. We evaluate the im-
pact of removing individual components from the full Harmony
model on the human-speech dataset. Note that applying SyncCFG
without the foundational CTS training leads to severe artifacts and
a performance collapse.

Model Configuration Sync-C t
w/o SyncCFG 5.09
w/o RoPE Align 5.60
w/o GLDI 5.30
w/o CTS (w/o SyncCFG) 4.80
w/o CTS (w/ SyncCFG) 1.13
Full Model (Harmony) 6.51




Reference Voice

Figure 4. Visualization of the voice-clone results of our model.

8. Analysis of Off-Screen Audio and SyncCFG
Behavior

In this section, we provide further insights into how Har-
mony processes complex audio-visual scenarios, specifi-
cally focusing on its behavior when handling off-screen
sounds, such as background narration or unseen ambient
noises. A common challenge in strongly aligned joint gen-
eration models is the risk of “forced alignment,” where the
network incorrectly binds off-screen audio to irrelevant on-
screen visual elements (e.g., forcing a closed mouth to move
when a voiceover is playing). We demonstrate that our
architecture, equipped with RoPE-Aligned Attention and
SyncCFG, naturally avoids this failure mode.

Audio-to-Video Cross-Attention. Because our proposed
RoPE-Aligned Frame-wise Attention explicitly governs the
cross-modal interaction, visualizing its attention maps pro-
vides direct insight into the model’s spatial and temporal
focus. As illustrated in Figure 5 (Left), when generat-
ing a scene with an on-screen sound source (e.g., a Visi-
ble speaker), the attention map correctly converges on the

corresponding visual region, such as the subject’s mouth.
Conversely, when the condition involves an off-screen nar-
ration, the attention map remains diffuse and uniformly dis-
tributed across the frame. It exhibits no specific spatial ten-
dency, confirming that the model effectively recognizes the
absence of a visible sound source and refrains from incor-
rect visual binding.

SyncCFG Guidance Heatmap. To further validate this
robust behavior during inference, we analyze the spatial
activation of our Synchronization-Enhanced CFG (Sync-
CFG). We visualize the SyncCFG guidance heatmap, for-
mulated as the difference between the joint prediction and
the driven negative anchor (&)”"" — édivem). High-value
regions in this heatmap indicate areas where SyncCFG ac-
tively amplifies the alignment signal.

As shown in Figure 5 (Right), for off-screen audio in-
puts, the guidance heatmap does not highlight or amplify
any incorrect local regions. Instead, it remains spatially ag-
nostic, lacking any concentrated focus. This demonstrates
that the “driven” negative anchors successfully function as
intended: they provide a stable, static visual baseline that



Table 5. Model Agnosticism Evaluation. Comparison of the
Harmony framework implemented with different video generation
backbones. While the overall visual quality (AQ) is constrained
by the base model’s capacity, the synchronization performance
(Sync-C) remains robustly high.

Model Configuration AQT PQT Sync-C1

Harmony (Base: Wan2.1) 037  6.09 6.48
Harmony (Base: Wan2.2) 048 6.20 6.51

prevents SyncCFG from forcing spurious temporal align-
ments when the audio does not correlate with the visible
on-screen dynamics.

9. Model Agnosticism

To demonstrate that the effectiveness of our proposed align-
ment mechanisms is not inherently tied to a specific network
architecture, we evaluate the model agnosticism of the Har-
mony framework. In the main paper, the video generation
branch of our model adapts the pre-trained Wan2.2 back-
bone. In this supplementary experiment, we replace this
backbone with an earlier, less powerful version (Wan2.1)
while keeping our proposed modules—specifically the
Global-Local Decoupled Interaction (GLDI) module and
Synchronization-Enhanced CFG (SyncCFG)—intact.

The quantitative results are presented in Table 5. As ex-
pected, utilizing a weaker base model results in a notice-
able decrease in the generated visual Aesthetic Quality (AQ
drops from 0.48 to 0.37) and a minor degradation in Audio
Quality (PQ). These reductions are fundamentally limited
by the generative capacity of the Wan2.1 backbone itself.

However, the crucial audio-visual synchronization per-
formance remains highly consistent. The Sync-C score ex-
periences only a negligible drop (from 6.51 to 6.48). This
robust performance confirms that our proposed framework
effectively captures and enforces cross-modal alignment in-
dependent of the base model’s visual rendering capabilities.

10. Details about Voice Clone

In this section, we provide additional details on the voice
cloning capability of our model, which is achieved through
the use of a reference audio input, A,.. The mechanism be-
gins by processing a short reference audio clip (typically
1-3 seconds) containing the desired voice timbre with our
pre-trained audio VAE encoder [2]. This yields a com-
pact latent representation, z,, which effectively captures
the unique, time-invariant characteristics of the speaker’s
voice while discarding the original phonetic content. As
described in our main methodology, this reference latent z,
is then prepended to the noisy target audio latent z, ; dur-
ing each step of the denoising process. By conditioning the
MM-DiT on this fixed reference latent, the model is guided

to synthesize new speech—based on the phonetic content
from the transcript Ts—in the desired target voice.

To qualitatively validate the effectiveness of this ap-
proach, we provide examples in Figure 4. The figure
demonstrates that our model can successfully clone a vari-
ety of distinct voice timbres onto newly generated speech
content. Importantly, this high-fidelity voice cloning is
achieved without degrading the visual quality of the gen-
erated video. The lip movements remain precisely synchro-
nized with the cloned audio, and the overall facial expres-
sions and video coherence are maintained at a high level.
This highlights the model’s ability to disentangle audio tim-
bre from other generation aspects, enabling robust voice
cloning within a coherent audio-visual output.

11. Audio-Driven Performance

As detailed in our main paper, our Cross-Task Synergy
Training strategy is fundamental to the model’s perfor-
mance. A key component of this strategy is the inclusion
of a deterministic, audio-driven video generation task, rep-
resented by the loss term Lg‘r‘i‘}};’n. During training, this task
explicitly requires the video branch to generate video con-
ditioned on the clean, non-noisy audio latent z, o (i.e., the
audio latent at timestep ¢, = 0). By directly optimizing
for this objective, our model is inherently equipped with the
ability to perform high-fidelity audio-driven video synthesis
at inference time, making it a native capability rather than
an emergent one.

To demonstrate the effectiveness of this native capability,
we present qualitative results for audio-driven video gener-
ation in Figure 6. The figure showcases examples where
video is generated solely from a target speech audio clip.
The results exhibit high visual quality, characterized by nat-
ural facial expressions and coherent head movements. More
importantly, the lip movements are precisely and accurately
synchronized with the nuances of the input speech, validat-
ing the strong audio-visual alignment instilled by our train-
ing approach. This confirms that our Cross-Task Synergy
strategy not only enhances joint generation but also directly
enables high-fidelity, single-modality-driven applications.

12. More qualitative results

To further demonstrate the capabilities and robustness of
our model, we present additional qualitative results orga-
nized into three key areas: generating high-quality human
speech videos, rendering diverse artistic styles, and synthe-
sizing complex ambient sounds.

More results on human speech. First, we showcase ad-
ditional results on generating human speech videos in Fig-
ure 7. These examples highlight the model’s ability to pro-
duce highly realistic talking heads with natural facial ex-
pressions and coherent movements. The synthesized speech
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Figure 5. Visualization of Model Behavior for On-Screen vs. Off-Screen Audio. Left: Audio-to-Video cross-attention maps. The
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. ~joint ~driven
guidance heatmaps (&, — €y

). The guidance actively enhances specific regions for visible sound sources but appropriately shows

no spatial concentration for off-screen sounds, avoiding forced alignment.

Driven Audio  #— 4ol

Figure 6. Visualization of the audio-driven results of our model.

is characterized by its clarity and natural prosody, capturing
a range of vocal tones. Crucially, we maintain precise lip
synchronization across all examples, which is fundamental
for creating believable human speech. These results rein-
force our model’s core capability in generating high-quality,
well-synchronized audio-visual speech content across vari-
ous identities.

Diverse visual styles. Beyond photorealism, a key strength
of our model is its capacity to generate video content across
a wide spectrum of artistic styles. As illustrated in Figure 8,
our model can produce outputs in distinct aesthetics such
as Disney-style animation and traditional ink wash paint-
ing. These stylized generations maintain high visual qual-
ity, characterized by sharp details, vibrant colors, and tem-



porally coherent motion consistent with the target aesthetic.
This demonstrates the model’s flexibility in capturing and
rendering complex artistic attributes.

Diverse Ambient Sounds. Our model demonstrates a re-
markable capability to generate a wide spectrum of ambient
sounds, extending beyond simple environmental noise. As
illustrated in Figure 9, it can produce diverse and complex
acoustic events—from the sharp, percussive bursts of fire-
works to the structured harmonies of music. Crucially, each
sound is rendered with high fidelity and meticulously syn-
chronized with its corresponding visual source. This ability
to construct rich, thematically consistent auditory environ-
ments validates our model’s strength in enhancing the over-
all visual narrative.

Collectively, these examples validate our model’s com-
prehensive generation capabilities. From producing highly
synchronized human speech to rendering diverse artistic
styles and creating rich, context-aware ambient sound-
scapes, our model demonstrates remarkable versatility. The
ability to master these distinct yet complementary domains
underscores its potential for creating highly expressive and
immersive audio-visual content, pushing the boundaries be-
yond conventional generation methods.
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Figure 7. More results on human-speech video generation.



Figure 8. Visualization of speech-video generation in diverse style.
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Figure 9. More results on ambient-sound video generation.
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