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Figure 1. Harmony employs a cross-task synergy training strategy to achieve robust audio-visual synchronization. This versatile frame-
work supports multiple generation paradigms, including joint audio-video synthesis as well as audio-driven and video-driven generation,
while also demonstrating strong generalizability to diverse audio types (e.g., music) and visual styles.

Abstract

The synthesis of synchronized audio-visual content is a
key challenge in generative Al, with open-source models
facing challenges in robust audio-video alignment. Our
analysis reveals that this issue is rooted in three fundamen-
tal challenges of the joint diffusion process: (1) Correspon-
dence Drift, where concurrently evolving noisy latents im-
pede stable learning of alignment; (2) inefficient global at-
tention mechanisms that fail to capture fine-grained tem-
poral cues; and (3) the intra-modal bias of conventional
Classifier-Free Guidance (CFG), which enhances condi-
tionality but not cross-modal synchronization. To overcome
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these challenges, we introduce Harmony, a novel frame-
work that mechanistically enforces audio-visual synchro-
nization. We first propose a Cross-Task Synergy train-
ing paradigm to mitigate drift by leveraging strong super-
visory signals from audio-driven video and video-driven
audio generation tasks. Then, we design a Global-Local
Decoupled Interaction Module for efficient and precise
temporal-style alignment.  Finally, we present a novel
Synchronization-Enhanced CFG (SyncCFG) that explic-
itly isolates and amplifies the alignment signal during infer-
ence. Extensive experiments demonstrate that Harmony es-
tablishes a new state-of-the-art, significantly outperforming
existing methods in both generation fidelity and, critically,
in achieving fine-grained audio-visual synchronization.
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1. Introduction

The unified synthesis of audio and video represents a piv-
otal frontier in contemporary generative Al, with profound
implications for content creation, digital avatars, and im-
mersive virtual worlds. Industry-leading proprietary mod-
els, such as Veo 3 [10] and Sora 2 [40], have set a high
benchmark, delivering outputs with remarkable fidelity and
demonstrating substantial practical utility. However, a
significant gap persists between these closed-source sys-
tems and the capabilities of existing open-source meth-
ods [8, 41, 45]. A fundamental challenge, in particular,
remains largely unsolved in the open-source community:
achieving precise and harmonious audio-visual alignment.
While recent open-source models have made strides in
generation quality, they often struggle with robust audio-
visual synchronization. Recent explorations into end-to-end
joint audio-video generation [14, 23, 32, 34, 44, 48] un-
derscore this limitation. Specifically, these methods often
exhibit specialized limitations: many are confined to gen-
erating ambient sounds and fail to synthesize natural hu-
man speech [14, 23, 32, 44]; while others, such as JAM-
Flow [27], focus solely on speech generation but lack the
capability to generate environmental sounds. Even among
more general models, Ovi [34] exhibits deficiencies in ro-
bust alignment, while UniVerse-1 [48] suffers from poor
audio-video synchronization. Table | presents a capabil-
ity comparison. These shortcomings reveal a critical gap in
current research: few methods investigate the root causes
of audio-video misalignment from a methodological stand-
point. Consequently, there remains a lack of highly general-
izable and well-aligned audio-video joint generation meth-
ods. This leaves a significant void in the open-source land-
scape for a unified framework capable of generating a com-
prehensive audio spectrum—jfrom ambient sounds to human
speech—while maintaining precise audio-visual harmony.
In this work, we posit that the difficulty in achieving ro-
bust synchronization stems from three fundamental chal-
lenges inherent to the joint diffusion process. (/) Dur-
ing joint generation, both modalities are progressively de-
noised from pure noise. In the early, highly stochas-
tic stages, attempting to align two concurrently evolving,
highly noisy latents causes a phenomenon we term Corre-
spondence Drift, where the optimal mapping continuously
shifts, impeding stable learning. (2) Audio-visual synchro-
nization presents a fundamental architectural tension be-
tween two competing objectives: precise, frame-level tem-
poral alignment (e.g., lip movements) and holistic, global
style consistency (e.g., emotional tone). Existing designs,
often relying on a single, monolithic mechanism like global
cross-attention, conflate these distinct goals, forcing the
model into a suboptimal trade-off where neither objective
is fully achieved. (3) Conventional Classifier-Free Guid-
ance (CFG) [15] operates by amplifying conditioning sig-

Table 1. Comparison of capabilities among existing joint audio-
video generation models. We evaluate their ability to generate dif-
ferent sound types and the quality of their temporal alignment with
the video. (v': Good, O: Fair/Limited, X: Poor/Unsupported)

Human Environmental Speech-Video Sound-Video

Model Speech Sound Alignment Alignment
MM-Diffusion [44] X O X o
JavisDiT [32] x o X o
AnimateSI [51] X O X o
JAM-Flow [27] v x v/ X
UniVerse-1 [48] v v X O
Ovi [34] v v o] o
Harmony (Ours) v v v v

nals for each modality in isolation. Consequently, it does
not inherently promote or enhance the crucial cross-modal
correspondence between the generated audio and video.

To overcome these challenges, we propose Harmony,
a novel joint audio-video generation framework designed
to generate highly synchronized audio-video content with
cross-task synergy. Harmony’s design is centered on three
core innovations, each targeting one of the aforementioned
challenges. To mitigate Correspondence Drift, we employ
a Cross-Task Synergy training paradigm, co-training the
joint generation task with auxiliary audio-driven video and
video-driven audio generation tasks to leverage the latter’s
strong supervisory signal for instilling robust alignment pri-
ors. To resolve the conflation of local and global syn-
chronization objectives, we further propose a Global-Local
Decoupled Interaction Module that ensures both holis-
tic style consistency and precise temporal synchronization
through the decoupled global style attention and localized,
RoPE-aligned frame-wise attention. Finally, to address the
fact that conventional CFG lacks a mechanism for enhanc-
ing audio-visual alignment, we propose Synchronization-
Enhanced CFG (SyncCFG). This novel technique rede-
fines the negative condition learned from the cross-task
training stage to explicitly isolate and amplify the guidance
vector corresponding to audio-visual alignment.

Extensive experiments on our newly proposed
Harmony-Bench validate our framework on the chal-
lenging task of jointly generating human speech and
ambient sounds. Harmony achieves the best audio-video
alignment, maintaining fine-grained temporal synchro-
nization in complex acoustic scenes, which confirms the
efficacy of our approach. The main contributions of our
work are summarized as follows:

* We propose Harmony, a novel joint audio-video gen-
eration framework built upon the principle of Cross-
Task Synergy to resolve the fundamental Correspon-
dence Drift problem in joint diffusion models.

* We design a Global-Local Decoupled Interaction Mod-
ule that achieves comprehensive alignment in both overall
style and fine-grained temporal details.

* We propose a novel Synchronization-Enhanced CFG
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(SyncCFG) that guides the model towards better audio-
visual correspondence during inference by using mute-
audio and static-video condition as negative guidance.

* We establish a new state-of-the-art in audio-visual gener-
ation, with extensive experiments validating Harmony’s
superior performance in cross-modal synchronization.

2. Related Work

2.1. Video Generation

The field of video generation has rapidly advanced [5, 13,
20, 26, 36, 47, 54, 61], transitioning from early Generative
Adversarial Networks (GANs) [11] to the now-dominant
diffusion models [16]. Building on their success in im-
age synthesis [22, 42, 43], models like AnimateDiff [13]
and SVD [1] extended diffusion to the temporal domain.
Architectures have also evolved from UNets to more pow-
erful Diffusion Transformers (DiT) [31, 58], with recent
open-source models like HunyuanVideo [26] and Wan [47]
achieving state-of-the-art visual quality, which inspired a lot
of downstream video generation methods, like video cus-
tomization [2, 18, 19], motion control [17, 21, 28, 37, 38,
50, 52, 55-57, 62], and video editing [4, 7, 30, 33]. How-
ever, a critical limitation persists across this body of work:
a singular focus on the visual modality. By generating silent
videos, these models produce content that feels incomplete
and lacks the immersive quality of real-world experiences,
underscoring the need for cohesive audio-visual synthesis.

2.2. Joint Audio-Video Generation

To incorporate audio into video synthesis, early methods
typically relied on audio-driven approaches [6, 24, 35, 59];
however, these techniques inherently require the audio track
to be generated in advance. Recently, a growing body
of research has begun to explore the simultaneous gener-
ation of audio and video within a single, unified frame-
work [32, 34, 44, 48, 49, 53, 60]. However, most of the
early open-source approaches in this domain were restricted
to synthesizing coarse environmental sounds and were un-
able to generate meaningful human speech [23, 32, 44]. A
significant advancement came with models like UniVerse-
1 [48] and Ovi [34], which integrated more powerful audio
synthesis components to enable the joint generation of both
ambient sounds and human vocals. Despite this progress, a
key challenge remains in the detailed alignment of the over-
all soundscape. These models often struggle to cohesively
blend human speech with its surrounding environmental au-
dio in a manner that is acoustically and semantically consis-
tent with the visual context, highlighting a remaining gap in
creating truly immersive audio-visual experiences.

3. Method

In this section, we introduce Harmony, a novel framework
for joint audio-video synthesis designed to overcome the
fundamental challenge of cross-modal alignment in diffu-
sion models, capable of joint audio-video generation on
speech, sound effects, and ambient audio. We introduce
three core innovative designs: (1) a Cross-Task Synergy
training strategy that combines the standard joint audio-
video generation task with auxiliary audio-driven video
and video-driven audio generation tasks, leveraging the
strong, uni-directional supervisory signals from both to ac-
celerate and stabilize the learning of audio-video alignment
(2) a Global-Local Decoupled Interaction Module that
efficiently ensures both fine-grained temporal correspon-
dence and holistic stylistic consistency; and (3) a Cross-
Task Alignment-Enhanced CFG mechanism that repur-
poses guidance by designing more meaningful negative an-
chors, to explicitly amplify audio-video synchronization
during inference.

3.1. Preliminary: Joint Audio-Video Diffusion

Joint audio-video synthesis typically employs a dual-stream
Latent Diffusion Model. After encoding a video V' and au-
dio A into latents (z,, z,), a denoising network €y is trained
to reverse a standard Gaussian noising process. The net-
work consists of parallel video and audio backbones that
process their respective noisy latents, 2z, and z, . Syn-
chronization is learned through an interaction module (e.g.,
cross-attention) that couples the two streams. The model is
optimized by minimizing the noise prediction error for both
modalities:

L= Hev - év(zv,hza,ut)HQ + ||€a - éa(za,tyzv,t,t)H? (1)

However, this standard approach struggles to learn ro-
bust alignment from two concurrently noisy signals—a core
challenge our work addresses.

3.2. Cross-Task Synergy for Enhanced Alignment
3.2.1. The Challenge of Correspondence Drift

Problem Formulation. While recent advancements in joint
audio-video generation have focused on novel architectures,
a fundamental challenge persists: achieving robust cross-
modal alignment. We identify the root cause not as an archi-
tectural limitation, but as an inherent instability in the train-
ing paradigm, a phenomenon we term Correspondence
Drift. During the initial stages of joint training, both au-
dio and video signals are heavily diffused with noise. At-
tempting to learn a correspondence between two concur-
rently evolving, highly stochastic latent variables results in
an unstable and inefficient learning target, causing the align-
ment process to drift and converge slowly.

Empirical Motivation. To empirically validate this hy-
pothesis, we present a comparative analysis in Fig. 3. We
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(a) Cross-Task Synergy

(b) Harmony Model Architecture

Figure 2. (a) Mitigating Correspondence Drift with Cross-Task Synergy. Our training paradigm leverages a supervised audio- and
video-driven task to provide a strong alignment signal. This instills robust synchronization features in the model, stabilizing the otherwise
stochastic joint generation process. (b) Overview of the Harmony Model. The architecture features parallel branches for multimodal
inputs. The video stream is conditioned on a reference image and a descriptive prompt. The audio stream is conditioned on a reference
audio, an ambient sound description, and a speech transcript. The model then generates a single, synchronized audio-visual result.
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Figure 3. Comparison of the audio-video alignment score among
different training strategies.

compare the lip-sync alignment scores of an audio-driven
video generation task versus a joint audio-video generation
task, utilizing an identical network architecture (detailed in
Sec. 3.3). The results reveal that the audio-driven model,
conditioned on a clean audio signal, rapidly converges to
a high alignment score; in contrast, the joint generation
model exhibits markedly slower convergence. This dispar-
ity strongly indicates that anchoring one modality with a de-
terministic, noise-free signal, as implemented in the audio-
driven model, provides a stable learning gradient, enabling
the cross-modal interaction module to efficiently capture
alignment cues.

3.2.2. Cross-Task Synergy

Overview of Cross-Task Synergy. Based on this insight,
we propose a novel training framework, Cross-Task Syn-
ergy, which synergistically combines the standard joint
audio-video generation task (the primary task) with audio-

driven video and video-driven audio generation tasks. By
leveraging the high-quality, noise-free learning signal from
the uni-directional supervisory task, our model efficiently
learns intricate audio-video correspondences. This pre-
learned alignment knowledge then acts as a powerful cat-
alyst, accelerating the convergence and enhancing the final
alignment quality of the primary joint generation task.

Dual-Branch Model Architecture. Our model features
a dual-branch architecture for video and audio genera-
tion. The video branch adapts the pre-trained Wan2.2-
5B model [47]. To ensure structural parity, we design a
symmetric audio generation branch that synthesizes an au-
dio clip A conditioned on a speech transcript T (phonetic
content), a descriptive caption 7T, (describing the acoustic
scene, e.g., vocal emotion or ambient sounds), and a ref-
erence audio A, (timbre). We process these inputs with
a multi-encoder setup: an audio VAE [8] encodes A and
A, into latents z, and z,.. Crucially, departing from prior
works [32, 34], we use separate text encoders to preserve
phonetic precision: a dedicated speech-encoder [3] for the
transcript Ty (— €gpeecn) and a TS encoder [9] for the de-
scriptive prompt Ti, (— €prompt). During denoising, the ref-
erence latent z,. is prepended to the noisy target latent z, ¢,
forming a composite input latent z; ,. This composite la-
tent, along with the speech and prompt embeddings, is then
processed by a Multi-Modal Diffusion Transformer (MM-
DiT) to predict the noise:

€ = MM-DiT(concat(2,, ;, €specch; €prompt): ta)-  (2)
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To facilitate effective cross-modal interaction between the
two branches, we instantiate a bidirectional global-local de-
coupled interaction module at each layer, with further de-
tails provided in Sec. 3.3.

Cross-Task Synergy Training. We design a hybrid train-
ing strategy that realizes the principle of Cross-Task Syn-
ergy. By concurrently training on both the joint genera-
tion task and and two deterministic, single-modality-driven
tasks (audio-driven video gen and video-driven audio gen),
we provide the model with a stable alignment signal to
counteract Correspondence Drift.

The audio-driven task conditions video generation on
the clean audio latent by setting the audio timestep ¢, to
0. Symmetrically, the video-driven task conditions audio
generation on the clean video latent by setting the video
timestep ¢, to 0. The total training objective is a weighted
sum of the three corresponding losses:

L = Lioin + AL + AaLiven; )

where )\, and ), are balancing hyperparameters, and c rep-
resents the set of auxiliary conditions (e.g., text prompts and

speech embeddings). The loss components are defined as:
£joint :‘ |€’U - év (Zv,t» Za,t; C, t) ‘ |2
+ ||€a - éa(za,t; Zv,tca t)H27

- R “4)
Litven =llev = €(2u,t, 200, €, 1),
Liven =llea = €alzat: 200, €, DI

This bidirectional, synergistic training approach enables our
model to achieve faster convergence and a superior degree
of final audio-video alignment.

3.3. Global-Local Decoupled Interaction Module

Robust audio-video synchronization presents a fundamen-
tal tension between two objectives: (1) precise, fine-
grained temporal alignment and (2) holistic, global style
consistency (e.g., emotional tone, ambient features). Prior
works [32, 34] often attempt to address both with a single,
monolithic mechanism like global cross-attention, which
conflates these goals and leads to a suboptimal trade-off. To
resolve this, we propose a novel Global-Local Decoupled
Interaction Module with two specialized components: (1)
a RoPE-Aligned Frame-wise Attention module for pre-
cise local synchronization, and (2) a Global Style Align-
ment module for holistic consistency. This decoupled de-
sign allows each component to excel at its specific task,
resolving the conflict between fine-grained temporal align-
ment and global style propagation.

3.3.1. RoPE-Aligned Frame-wise Attention

To achieve precise temporal synchronization, we employ a
local frame-wise attention strategy, which is more compu-
tationally efficient and better suited for fine-grained align-
ment than global cross-attention. However, a key challenge

arises from the mismatched sampling rates of video and au-
dio latents (T, # T,). This discrepancy means a specific
event in one modality can occur at a timepoint that falls be-
tween two discrete frames in the other. A standard attention
mechanism, forced to operate on a discrete set of keys, must
attend to the nearest but temporally imperfect frame. This
forced approximation introduces temporal jitter and funda-
mentally degrades fine-grained synchronization.

Temporal Alignment via RoPE Scaling. To resolve this
mismatch, we introduce an alignment step prior to the at-
tention operation [8]. Our key insight is to unify the tem-
poral coordinate spaces of both modalities by dynamically
scaling their Rotary Positional Embeddings (RoPE) [46].
Before attention operation, we rescale the positional in-
dices of the source modality to match the timeline of the
target. For instance, in Audio-to-Video (A2V) attention,
an audio frame at index j is mapped to a virtual position
j' = j-(T,/Ty) for its RoPE calculation. This ensures their
positional encodings are directly comparable, establishing a
strong inductive bias for correct temporal correspondence.
Frame-wise Cross-Attention Mechanism. With the la-
tents now temporally aligned in the RoPE space, we apply a
symmetric, bidirectional cross-attention mechanism. Each
frame’s attention is confined to a small, relevant temporal
window in the other modality. Taking A2V as an example,
given a video latent 2, and an audio latent z,, we first re-
shape z, to expose its temporal dimension (z)). For each
video frame ¢, we construct a local context window Cj, ;
from adjacent audio frames. Cross-attention is then applied
independently for each video frame, attending to its corre-
sponding audio context window:

Az [0, = Cross-Attn(Qy.i, Ko, Vai), Vi € [0, Ty,-1],
Qui = 2[00, )W, Koy = CaiWiS Vo = CaiW,.
(5)

The Video-to-Audio (V2A) frame-wise alignment operates
analogously. The updates are then integrated via residual
connections:

dated / dated
2P =z, + Az, 2P =z 4+ Az, (6)

This RoPE-aligned frame-wise mechanism efficiently en-
forces mutual temporal synchronization, leveraging the
benefits of local attention while correctly handling disparate
timescales.

3.3.2. Global Style Alignment

While frame-wise attention excels at establishing fine-
grained temporal correspondence, its localized nature inher-
ently limits the propagation of holistic stylistic attributes,
such as the overall emotional tone or ambient characteris-
tics, which require a global context to be consistently main-
tained. Prior methods often rely on a single, monolithic
global attention mechanism, which conflates the distinct
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Figure 4. SyncCFG employs the mute audio and static video as
the negative anchors to capture the synchronization feature, which
can effectively enhance the audio-video alignment.

tasks of temporal alignment and global style consistency,
overburdening the module. To address this, we propose a
principled decoupling: our RoPE-Aligned Frame-wise At-
tention is exclusively responsible for precise temporal cor-
respondence, while a dedicated Global Style Alignment
module handles holistic consistency. This separation allows
each component to specialize, preventing interference be-
tween the two objectives.

Our core insight for global alignment is to leverage the
reference audio latent, 2, (which provides speaker iden-
tity and timbre), as a compact carrier for style informa-
tion. Instead of directly modifying the target audio z, and
disrupting its fine-grained denoising, we modulate z,. with
the global context from the entire video latent z,. This is
achieved by treating z,. as the query and z, as the key and
value within a residual cross-attention block:

Zupdated — 5+ Cross-Attn(Q,., K, Vi),

Qr=2W2 K, =2,WE V, =2, W). @
The resulting visually-informed reference audio latent
2329 s then prepended to the noisy audio latent z, ; (as
described in Sec. 3.2.2), allowing the audio generation to
condition on a visually-grounded global style. This decou-
pled design offers a key advantage: by confining the global
style injection to the reference latent, it prevents interfer-
ence between holistic style consistency and precise frame-
wise temporal alignment, preserving the stability and fi-
delity of the final audio generation.

3.4. Synchronization-Enhanced CFG

While Classifier-Free Guidance (CFG) is a powerful tech-
nique for conditional generation, its standard application

in audio-video synthesis fails to explicitly amplify the cru-
cial correspondence between modalities. To address this,
we introduce Synchronization-Enhanced (SyncCFG), a
novel scheme that repurposes the guidance mechanism to
specifically target and enforce audio-video synchronization.
Our approach leverages the dual capabilities—joint gener-
ation and audio&video-driven synthesis—acquired during
our cross-task training to enhance the alignment signal.

3.4.1. Analysis of Standard Guidance Limitations

The standard CFG formulation in previous work [34] is
used to strengthen the conditioning on a text prompt c:

€= &o(2v,1, Za,t, D) + 8(€a(zv,t, Za,t,€) — €0(2u,t; Za,ts (/)c)).

3)
Here, the guidance pushes the denoising process away from
an unconditional (null-text ().) prediction and towards one
that aligns with the text prompt c.

The key limitation of standard CFG is that its guidance
is oriented solely towards text-adherence. The guidance
vector, computed by contrasting the text-conditioned output
with a text-unconditioned one, exclusively strengthens how
well the output matches the prompt. This process, however,
is agnostic to the internal consistency between audio and
video. It provides no mechanism to isolate or amplify the
crucial synchronization signal between the two streams.

3.4.2. SyncCFG Formulation for Video Guidance

To explicitly compute an alignment-enhancing direction,
we aim at isolating the visual dynamics caused by the au-
dio. Our key insight is to design a more meaningful Nega-
tive Anchor that represents a static baseline—how the video
should look in the absence of sound. For instance, for a
person speaking, the correct video for a silent audio track
would be a still face with a closed mouth.

We achieve this by creating a “silent audio” negative an-
chor. We leverage the audio-driven pathway of our model
to predict the noise for the video latent z,; conditioned
on a “muted” audio input, z%. The resulting predic-
tion, €4V (2, 4, z;‘f{)”), represents the model’s expectation
for this visually static scene. The guided prediction for the
video noise €, is then formulated as:

~ ~driven null
€y =€p (Zvytvza,o )+

.. . )
Su (élgoml(zv,h Za,t) o égnven(zvﬂ57 2:276”)> .

The subtraction term isolates the precise visual modifica-

tions—such as mouth movements or object impacts—that
are directly correlated with the audio. By amplifying this
difference, SyncCFG specifically enhances the synchro-
nization between sound and motion.

3.4.3. SyncCFG Formulation for Audio Guidance

Similarly, for audio guidance, we design a null video-based
negative anchor to isolate motion-driven sounds. Using a
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Figure 5. Qualitative Comparison between Harmony and the state-of-the-art methods, including Universe-1 [48] and Ovi [34].

“static video” latent zﬁfé”, we predict a baseline audio sig-

nal e (277¢/", 2, ;) that represents the ambient sound of a
motionless scene, as the video content is static. The guided
prediction for audio noise €, is then formulated as:

~ ~driven /1 _null
€a =€p ( v,0 ,Za,t)+

~join ~driven (10)
S0 (& (zos20e) = D 7)),
This approach transforms CFG from a generic conditional
amplifier into a targeted mechanism, effectively enforcing
fine-grained audio-video correspondence.

4. Experiments

4.1. Experimental Settings

Datasets and Training. Our model is trained on a di-
verse corpus of over 4 million audio-visual clips, cover-
ing both human speech and environmental sounds. The
data is aggregated from public sources like OpenHuman-
Vid [29], AudioCaps [25], and WavCaps [39], and supple-
mented with our own curated high-quality collections. All
data is uniformly annotated using Gemini [12]. Our train-
ing follows a three-stage curriculum: (1) foundational audio
pre-training on all audio data, (2) timbre disentanglement
finetuning using multi-utterance speech data, and (3) final
cross-task joint audio-visual training. The video branch is
initialized from Wan2.2 [47]. The final joint stage is trained
for 10,000 iterations with a batch size of 128 and a learning
rate of le-5. A comprehensive list of datasets, data process-
ing details, and full training hyperparameters are provided
in the supplementary material.

Harmony-Bench and Metrics. To facilitate a rigorous
evaluation, we introduce Harmony-Bench, a new bench-

mark of 150 test cases designed to assess core audio-visual

generation capabilities. It is structured into three 50-item

subsets with increasing complexity:

1. Ambient Sound-Video: Evaluates temporal alignment
of non-speech sounds using Al-generated scenarios con-
ditioned on audio and video captions.

2. Speech-Video: Assesses lip-sync and speech quality on
a mix of real-world and synthetic multilingual data, con-
ditioned primarily on a transcript.

3. Complex Scene (Ambient + Speech): Tests the model’s
ability to generate and synchronize co-occurring speech
and ambient sounds in complex scenes, using a full set
of multimodal prompts.

We evaluate performance using a comprehensive suite of

automated metrics. For Video, we measure Aesthetic Qual-

ity (aesthetic-predictor-v2-5), Imaging Quality (MUSIQ),

Dynamic Degree (RAFT), Motion Smoothness and Identity

Consistency (DINOv3). For Audio, we report AudioBox-

Aesthetics (PQ, PC, CE, CU), WER (Whisper-large-v3), and

IB-A Score. For AV-Sync, we use lip-sync metrics (Sync-C,

Sync-D), and overall consistency (IB-score). Further details

on the benchmark construction and metric implementations

are available in the appendix.

4.2. Comparison on audio-video generation

To evaluate the performance of our model, we compare
it with state-of-the-art audio-video generation methods on
the three types of datasets (Ambient Sound-Video, Speech-
Video, and Complex Scene), including MM-Diffusion [44],
JavisDiT [32], UniVerse-1 [48], and Ovi [34]. The quan-
titative results are shown in Tab. 2. Our model, Harmony,
demonstrates a highly competitive performance, achieving
state-of-the-art or comparable results in both video quality
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Table 2. Quantitative comparison with state-of-the-art methods averaging on ambient sound-video, speech-video, and complex scene-
video generation. We evaluate performance across three categories: video quality, audio fidelity, and audio-visual synchronization. Best
results are in bold, second-best are underlined. For more comprehensive and detailed evaluations, please refer to the supplementary
material. Some metrics could not be generated for MM-Diffusion, as it is an unconditional generation model.

Method ‘ Video Quality & Coherence ‘ Audio Fidelity & Quality ‘ Audio-Visual Synchronization
etho:

| AQ+ 1Qt DDt MSt IDT|PQt PC|L CEt CUf WER| IB-At | Sync-Ct Sync-D| DeSync| IBT
MM-Diffusion [44] | 0.32 043 0.13  0.99 - 537 407 427 589 - - - - - 0.12
JavisDiT [32] 034 053 038 099 038 | 546 224 319 454 1.00 0.14 0.89 11.62 1.13 0.18
UniVerse-1 [48] 0.52  0.67 0.24 099 0.89 | 552 2.13 3.63 4.84 0.24 0.07 0.97 10.71 1.10 0.12
Ovi [34] 057 065 034 099 090 | 6.19 2.13 444 584 0.49 0.12 4.04 9.62 1.14 0.18
Harmony (Ours) 059 065 036 099 091 639 205 473 567 0.15 0.12 5.61 7.53 0.92 0.19

(e.g., AQ, DD, ID) and audio fidelity (e.g., PC, PQ). Most
notably, its primary advantage lies in audio-visual synchro-
nization. Harmony significantly outperforms all baselines
on key synchronization metrics, achieving the highest Sync-
C score of 5.61 and the lowest (best) Sync-D score of 7.53.
This substantial improvement in temporal alignment di-
rectly validates the effectiveness of our proposed cross-task
synergy mechanism in enhancing cross-modal coherence.

We provide qualitative comparisons with UniVerse-1 and
Ovi in Fig. 5. In the talking head example (left), both
competing methods fail to produce synchronized lip move-
ments. For the music-driven case (right), their limitations
persist: UniVerse-1 generates irrelevant noise, while Ovi
produces audio that, while musically correct, is less dy-
namic—a fact reflected in its simpler waveform. Visually,
both methods yield videos with minimal motion. In con-
trast, our Harmony generates a fluid video of a person play-
ing the mandolin with motions that are dynamically syn-
chronized with the rich, corresponding music, as evidenced
by the more complex audio waveform.

4.3. Ablation Studies

We conduct a comprehensive ablation study to validate our
core components, with the results presented in Tab. 3. In
this study, we train all ablated models on the human speech
dataset and evaluate their audio-visual alignment. Our base-
line model replaces the proposed Global-Local Decoupled
Interaction (GLDI) module with a standard global cross-
attention mechanism, similar to Ovi [34], and is trained
without cross-task synergy (CTS). As shown in the table,
progressively integrating our contributions yields consistent
improvements. First, introducing the GLDI module demon-
strates the benefit of decoupling local and global interac-
tions. This is further enhanced by the RoPE Alignment,
which effectively resolves timescale mismatches and boosts
fine-grained synchronization (Sync-C from 4.29 to 4.80).
Subsequently, the Cross-Task Synergy (CTS) training strat-
egy further refines the model’s alignment capabilities. Fi-
nally, applying the Synchronization-Enhanced CFG (Sync-
CFG) during inference provides the most substantial per-
formance gain, catapulting Sync-C from 5.09 to 6.51. This

Table 3. Ablation study on the core components of Harmony.
We start with a baseline and progressively add each module:
Global-local decoupled interaction module (GLDI), RoPE Align-
ment (RoPE), Cross-Task Synergy (CTS) , and Synchronization-
Enhanced CFG (SyncCFG). Note that this experiment is evaluated
on the human-speech dataset; therefore, it has different synchro-
nization results compared to Tab. 2.

Model Structure Methodology Synchronization Metrics
GLDI RoPE CTS SyncCFG ‘ Sync-C1  Sync-D| IB7
4.20 10.93 0.13
v 4.29 10.67 0.14
v v 4.80 10.30 0.14
v v v 5.09 10.16 0.15
v v v v 6.51 8.63 0.18

systematic improvement validates that each component of
Harmony is crucial for achieving the state-of-the-art audio-
video synchronization performance.

5. Conclusion

In this work, we presented Harmony, a novel framework
addressing the audio-visual synchronization gap in genera-
tive models. We find this gap stems from key methodolog-
ical flaws: Correspondence Drift, an architectural conflict
between global style and local timing, and the limitations
of standard CFG for cross-modal alignment. To address
these issues, Harmony introduces three core components.
Cross-Task Synergy training instills robust alignment priors
to counteract drift. A Global-Local Decoupled Module re-
solves the architectural conflict by handling style and timing
separately. Finally, our novel Synchronization-Enhanced
CFG (SyncCFQG) provides an explicit mechanism to am-
plify the alignment signal during inference. Our experi-
ments validate that Harmony establishes a new state-of-the-
art in audio-video synchronization, proving more effective
than simply scaling up models. We believe this work pro-
vides a strong foundation for a new generation of accessible
and well-aligned audio-visual models.
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