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TMD-Bench: A Multi-Level Evaluation Paradigm for Music–Dance
Co-Generation

Anonymous Authors1

Abstract
Unified audio–visual generation is rapidly gaining
industrial and creative relevance, enabling applica-
tions in virtual production and interactive media.
However, when moving from general audio–video
synthesis to music–dance co-generation, the task
becomes substantially harder: musical rhythm,
phrasing, and accents must drive choreographic
motion at fine temporal resolution, and such rhyth-
mic coupling is not captured by unimodal met-
rics or generic audiovisual consistency scores
used in current evaluation practice. We intro-
duce TMD-Bench, a benchmark for text-driven
music–dance co-generation that assesses systems
across unimodal generation quality, instruction
adherence, and cross-modal rhythmic alignment.
The benchmark integrates computable physical
metrics with perceptual multimodal judgments,
and is supported by a curated rhythm-aligned
music–dance dataset and a fine-grained Music
Captioner for structured music semantics. TMD-
Bench further reveals that (i) modern commercial
audio–visual models (e.g., Veo 3, Sora 2) pro-
duce high-quality music and video, while rhyth-
mic coupling remains less consistently optimized
and leaves room for improvement, and (ii) our uni-
fied baseline RhyJAM trained on rhythm-aligned
data achieves competitive beat-level synchroniza-
tion while maintaining competitive unimodal fi-
delity. This presents prospects for building next-
generation music–dance models that explicitly
optimize rhythmic and kinetic coherence.

1. Introduction
Audio–visual synthesis is gaining increasing industrial and
creative relevance, enabling applications in filmmaking

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.
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(Polyak et al., 2024; Zhang et al., 2025b) and interactive
media (Hoi et al., 2025; Jiang et al., 2025; Wang et al.,
2025c). Rather than generating sound and imagery in isola-
tion, audio–visual synthesis seeks to produce outputs that
are both temporally and semantically coherent across modal-
ities. Recent research efforts have further advanced this di-
rection, including commercial systems such as Veo 3 (Deep-
Mind, 2025) and Sora 2 (OpenAI, 2025), and open-source
counterparts such as Ovi (Low et al., 2025), JavisDiT (Liu
et al., 2025), and LTX-2 (HaCohen et al., 2026).

Despite the rapid progress in audio–visual generation, exist-
ing models often struggle when applied to music–dance co-
generation. Unlike generic audio–visual settings that primar-
ily require cross-modal semantic correspondence and coarse
temporal synchrony, music–dance generation demands more
rigorous coupling between modalities. In particular, musi-
cal rhythm, phrasing, and expressive accents impose fine-
grained temporal structure that must be reflected in full-body
motion through beat-level alignment, coordinated limb tra-
jectories, and biomechanically plausible transitions.

While recent systems have begun to explore music–dance co-
generation, the corresponding evaluation methodology has
not kept pace. Current evaluation practice for audio–visual
generation (e.g., VABench (Hua et al., 2025)) is largely
grounded in unimodal assessments of audio or video quality
and generic audiovisual consistency measures that evalu-
ate semantic correspondence, temporal co-occurrence, and
conformity to scene-level physical and logical constraints.
Such metrics are suitable for general audio–video synthe-
sis—e.g., ensuring that sound effects match visual events or
that narrated content corresponds to depicted scenes—but
they fail to capture the intrinsic coupling and fine-grained
alignment between musical rhythm and choreographic ki-
netics required in music–dance generation.

To bridge this gap, we introduce a comprehensive bench-
mark for text-driven music–dance co-generation that eval-
uates audio and motion as intrinsically coupled generative
dimensions. Our framework broadly assesses systems along
three complementary axes: (i) unimodal generation quality
for both music and dance, (ii) unimodal instruction adher-
ence with respect to textual specifications, and (iii) cross-
modal rhythmic and kinetic alignment between modalities.
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TMD-Bench

Figure 1. Overview of TMD-Bench, a benchmark for text-driven music–dance co-generation. The top-left panel illustrates the
dataset construction pipeline. The dataset overview (top-right) shows the distribution of dance-related attributes in the 10k dataset; each
concentric ring corresponds to an attribute—Performer Cardinality, Dance Style Category, Performer Attributes, and Scene Context (from
inner to outer). The evaluation protocol (bottom-left) assesses models across (I) instruction adherence, (II) unimodal generation quality,
and (III) cross-modal rhythmic alignment. The bottom-right summarizes the TMD-Bench metric taxonomy covering music, video, and
alignment, along with comparative performance across closed-source, cascaded, and open-source models.

To operationalize these criteria, we develop a two-level
evaluation pipeline comprising both low-level physical met-
rics and high-level perceptual assessments. The physical
layer computes signal- and event-based statistics to quan-
tify rhythmic structure, kinetic dynamics, and alignment
patterns from a measurable standpoint, while the perceptual
layer leverages multimodal large language models (MLLM)
to approximate human judgments regarding semantic coher-
ence, stylistic intent, and cross-modal synchronization. This
design notably enables systematic comparison, analysis, and
development of music–dance co-generation models within
a unified benchmarking framework in practice.

Beyond providing a unified evaluation protocol, TMD-
Bench also reveals several systematic insights. First,
commercial audio–visual generators such as Veo 3, Sora
2, and Kling 2.6 (Kuaishou, 2025) attain strong uni-
modal performance in both quality and instruction adher-
ence, yet their music–dance rhythmic alignment is gen-
erally competitive and often comparable to our unified
model RhyJAM (Rhythm Joint Audio–Motion Genera-
tion Model), suggesting that beat-level coupling remains a
shared challenge and leaves room for further improvement
even in strong general-purpose systems. Second, existing
open-source audio–video models remain weaker overall,
while cascaded text-to-dance-to-music and text-to-music-

to-dance pipelines achieve somewhat better—but still in-
complete—performance; in contrast, RhyJAM, trained on a
high-quality music–dance corpus, markedly improves rhyth-
mic synchronization to competitive levels while preserving
competitive unimodal generation, suggesting an inherent
advantage of unified architectures for cross-modal consis-
tency. Finally, a clear gap persists between closed-source
and open-source models across dimensions, underscoring
the need for continued community efforts toward strong,
openly available music–dance co-generation systems.

Our contributions are three-fold:

• TMD-Bench. We propose the first benchmark tailored
to music–dance co-generation, featuring a comprehen-
sive multi-level evaluation framework that integrates
unimodal quality assessment with cross-modal rhyth-
mic alignment analysis from both physical and percep-
tual perspectives.

• Unified Generation Model (RhyJAM). We develop
a unified text-to-music–dance diffusion model that
jointly generates music and choreographic motion un-
der shared semantic conditioning, providing a strong
open-source baseline within our evaluation framework.

• Rhythm-Aligned Suite. We curate a 10k-scale rhythm-
aligned music–dance dataset together with a special-
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ized Music Captioner for fine-grained music semantics,
supporting both training and standardized evaluation.

2. Related Work
2.1. Music-Driven Human Motion Synthesis

The synthesis of human motion from music has evolved
from generating coarse 3D skeletons to producing expres-
sive, full-body performances. Early methods often treated
dance generation as a sequence modeling task (Lee et al.,
2019). To improve the expressiveness of generated dance,
Li et al. (2023) proposed FineNet, which utilizes a diffusion-
based network to model fine-grained hand and body move-
ments. Recent advancements have shifted towards direct
video synthesis. For instance, X-Dancer (Wang et al., 2025a)
employs a unified transformer-diffusion framework for zero-
shot music-to-dance generation, leveraging an autoregres-
sive transformer to produce 2D pose sequences that guide
a diffusion model for high-fidelity video synthesis. Fur-
thermore, maintaining long-term synchronization remains
a challenge. MoMu-Diffusion (You et al., 2024) addresses
this by proposing a Bidirectional Contrastive Rhythmic VAE
to extract modality-aligned latent representations, ensuring
that the generated motion remains temporally consistent
with the musical rhythm over extended durations.

2.2. Unified Audio-Video Joint Generation

Traditionally, audio–video generation relied on cascaded
pipelines, such as video-to-audio (Cheng et al., 2024; Liang
et al., 2025) or audio-to-video (Adi et al., 2023) synthe-
sis. However, these decoupled approaches often suffer from
poor semantic alignment and temporal jitter. Recent re-
search has pivoted towards unified architectures that model
both modalities within a single generative process. The
foundation for high-quality audio in these frameworks has
been bolstered by models like ACE-Step (Gong et al., 2025),
which utilizes a flow-matching-based linear transformer for
rapid, high-fidelity music and singing synthesis.

On the architectural side, several unified Diffusion Trans-
former variants have emerged. JavisDiT (Liu et al., 2025)
introduces a Hierarchical Spatio-Temporal Prior Synchro-
nization mechanism to align visual regions with auditory
frequencies, while Ovi (Low et al., 2025) adopts a twin-
backbone fusion strategy using blockwise cross-attention
and scaled-ROPE embeddings to achieve natural synchro-
nization. UniAVGen (Zhang et al., 2025a) incorporates
asymmetric cross-modal interactions and Face-Aware Mod-
ulation to improve lip synchronization and facial expressiv-
ity, whereas UniVerse-1 (Wang et al., 2025b) exemplifies an
expert-stitching paradigm that fuses specialized video and
music experts into a unified model. More recently, LTX-2
(HaCohen et al., 2026) extends unified text-to-audio-video

generation with an efficient asymmetric dual-stream design
and bidirectional audio–video cross-attention.

Compared to traditional audio–visual consistency tasks (e.g.,
speech–lip synchronization or collision–sound correspon-
dence), music–dance coherence hinges on fine-grained cou-
pling between the rhythmic structure of a largely continuous
music stream and full-body motion accents. Thus, even if
unified audio–video models achieve strong semantic consis-
tency and coarse synchrony, outputs can still look plausible
yet feel off-beat, with looseness or drift. To systematically
capture and measure this finer-grained rhythmic alignment
challenge, we introduce TMD-Bench, a unified protocol
that evaluates instruction adherence, unimodal quality, and
cross-modal rhythmic coherence.

3. TMD-Bench
In text-driven music–dance joint generation, the primary
challenge of evaluation arises from a fundamental mismatch
between existing audio–visual evaluation paradigms and the
nature of the task itself. In dance-centric scenarios, human
judgments emerge from a multi-dimensional and simulta-
neous evaluation process that integrates perceptual content
quality, semantic alignment with textual instructions, and co-
herent rhythmic coupling between music and motion. Such
judgments are inherently open-ended and admit multiple
valid realizations, rendering pointwise alignment with a sin-
gle ground-truth instance both unfair and insufficient. More-
over, purely algorithmic metrics that operate on isolated
signals or event matches cannot fully capture the perceptual
qualities that matter in practice; high-level, intuition-aligned
perceptual evaluation plays an equally critical role in assess-
ing the effectiveness of music–dance generation.

Motivated by these considerations, we organize the eval-
uation of joint generation into a triadic framework that
encompasses generation quality and semantic adherence
and audio–visual rhythmic alignment, as Figure 2 depicts.
Crucially, we adopt a layered paradigm that combines com-
putable low-level metrics with high-level adjudication en-
dowed with semantic and perceptual reasoning capabilities.
The lower layer emphasizes stability and scalability through
quantitative measures, whereas the higher layer leverages
an MLLM-as-a-Judge mechanism to capture compositional
semantics and rhythm perception that resist reduction to
individual scalar metrics.

3.1. Audio Evaluation

For the audio modality, evaluation comprises two orthog-
onal criteria: music aesthetics and semantic compliance,
characterizing the quality and faithfulness of the audio.

At the level of audio quality, we adopt a set of dimensions
that have been widely used in prior work (Tjandra et al.,
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Figure 2. Overview of our evaluation framework for music–dance
generation. The benchmark decomposes video, audio, and cross-
modal alignment into complementary dimensions.

2025) and shown to be stable in practice: Production Qual-
ity (PQ), Production Complexity (PC), Content Enjoy-
ment (CE), and Content Usefulness (CU). To further ad-
dress aspects that are difficult to fully express through algo-
rithmic measures,we additionally introduce a MLLM-based
MOS simulation. By approximating human subjective judg-
ments at a higher level of abstraction, this component serves
as an orthogonal perceptual evaluation axis that balances
quantitative stability with subjective consistency.

For instruction adherence, we first compute CLAP (Wu
et al., 2024) cosine similarity between the text prompt
and the generated audio. Since music is inherently multi-
attribute (e.g., instrumentation, rhythm and genre), a single
similarity score is often insufficient. We therefore introduce
an open-source Music Captioner fine-tuned from Qwen-
Omni (Xu et al., 2025), which produces aligned captions
over six dimensions (core instruments, rhythm & groove,
tempo, genre, ambiance & emotion, and functional scenes;
see Figure 3). During assessment, we perform dimension-
wise comparisons between the outcome of captioner and the
prompt-specified semantics, enabling fine-grained and in-
terpretable verification of semantic compliance. Compared
with closed-source LLM adjudication, our captioner enables
stable, consistent, and scalable automatic annotation for
systematic benchmark construction.

3.2. Video Evaluation

We anchor video evaluation along three intrinsic dimen-
sions—spatiotemporal consistency, video quality, and mo-
tion dynamics—and further assess semantic adherence to
the textual prompt.

At the algorithmic level, we adopt a set of computable
VBench-style (Huang et al., 2023) metrics. Specifically,
Subject Consistency and Background Consistency mea-
sure the temporal stability of the subject identity and scene
structure; Imaging Quality and Aesthetic Quality assess
visual quality from the perspectives of technical imaging
fidelity and holistic visual appeal; Dynamic Degree quan-
tifies the magnitude of actual motion displacement and

Figure 3. Overview of the six semantic dimensions used by the
Music Captioner for structured audio annotation.

Motion Smoothness evaluates temporal continuity and the
smoothness of motion trajectories. In addition, we incorpo-
rate ViCLIP (Wang et al., 2024) metric, which computes
cross-modal similarity between the video content and tex-
tual instructions to quantify semantic compliance.

Moreover, we further introduce the VLM-as-a-Judge as a
complementary perceptual and reasoning layer. Instruc-
tion Following evaluates semantic instruction adherence,
deriving scores by contrasting observed video content with
the instruction-implied ideal description. Quality delivers
an integrated assessment of imaging fidelity and aesthetic
completeness from a high-level perceptual perspective. Mo-
tion and Consistency assess motion continuity, movement
amplitude, and spatial stability from a holistic viewpoint,
acting as perceptual counterparts to algorithmic motion- and
consistency-based measures.

3.3. Audio–Visual Alignment Evaluation

We next focus on the central objective of joint generation:
temporal alignment between musical rhythmic structure and
dance motion accents. Purely subjective judgments are nei-
ther reproducible nor scalable, whereas relying on physical
time matching fails to capture perceptual deviations aris-
ing from nonlinear rhythmic variation, hierarchical energy
dynamics, and stylistic differences in motion execution.

To address this limitation, we introduce MDAlign, a dual-
track evaluation framework that integrates physical align-
ment metrics with perceptual adjudication. In this de-
sign, the physical track provides computable and scalable
alignment measures, while the perceptual track employs a
reasoning-capable MLLM to approximate human holistic
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judgments of rhythmic coherence.

At the physical alignment level, MDAlign maps audio and
video into discrete event representations on a shared tem-
poral axis. For the audio modality, we extract a set of beat
timestamps A = {a1, a2, . . . , an}, where ai denotes the
temporal position of the i-th musical beat. For the video
modality, we first apply a pose estimation model to extract
the positions of K keypoints in each frame, denoted as
Pt ∈ RK×2. We then compute the average inter-frame dis-
placement of keypoints to obtain a motion velocity signal:

V (t) =
1

K

K∑
k=1

∥∥∥P (k)
t+1 − P

(k)
t

∥∥∥
2

(1)

To suppress high-frequency jitter, this signal is further
smoothed using a one-dimensional Gaussian kernel. The
temporal locations of its local maxima are defined as the
motion accent set M = {m1,m2, . . . ,m|M |}, which repre-
sents salient changes in dance motion along the time axis.

Based on these representations, we define two physical align-
ment metrics. The first is the Video Beat Consistency Score
(VBCS), which measures the temporal proximity between
each motion accent and its nearest musical beat:

VBCS =
1

|M |
∑
m∈M

exp

(
−mina∈A |m− a|2

2σ2

)
(2)

where σ is a temporal smoothing hyperparameter that con-
trols tolerance to small timing deviations. This metric em-
phasizes whether motion accents occur near musical beats
and is robust to minor temporal offsets.

The second metric is the Audio Beat Hit Score (ABHS),
which evaluates alignment from a coverage perspective by
measuring the degree to which musical beats are effectively
and reliably responded to by motion in practice:

ABHS =
1

|A|
∑
a∈A

I
(
min
m∈M

|a−m| < τ

)
(3)

where τ denotes a temporal hit window and I(·) is the indi-
cator function. While VBCS focuses on temporal precision,
ABHS quantifies the mismatch between musical beats and
the corresponding motion responses.

Unlike paired ground-truth beat alignment metrics (e.g.,
BHS and BCS in MoMu-Diffusion (You et al., 2024)),
VBCS and ABHS operate purely on rhythmic events ex-
tracted from the generated audio–video output, making them
suitable for open-ended joint generation scenarios. To bal-
ance the complementary objectives of avoiding spurious
beats and missing beats, we define the overall physical align-
ment score as the arithmetic mean. Additionally, we report
CSD and HSD as stability measures, defined as the em-
pirical variances of VBCS and ABHS, respectively, where
lower values indicate more consistent alignment behavior.

Nevertheless, physical event matching alone is insufficient
to capture perceptual rhythmic coherence. When musical
energy intensifies or motion amplitude evolves across seg-
ments, pointwise alignment may still appear correct while
the rhythm feels loose or lacks tension. To address this gap,
MDAlign introduces an MLLM-based perceptual alignment
adjudication that focuses on the correspondence between
audio pulses and motion accents, complementing physical
matching with higher-level understanding of complex rhyth-
mic structure and expressive motion.

4. RhyJAM: Unified Model for Music–Dance
Generation

4.1. Flow-Matching Formulation

We adopt flow matching to learn a continuous-time transport
in the latent space, parameterized by a conditional velocity
field vθ(·, t ; c). Let ρt(z) denote the density of latent vari-
able z at time t ∈ [0, 1]. The probability flow satisfies the
continuity equation

∂tρt(z) + ∇·
(
ρt(z) vθ(z, t ; c)

)
= 0. (4)

Sampling is performed by integrating the neural ODE

dz(t)

dt
= vθ

(
z(t), t ; c

)
. (5)

In our convention, the trajectory starts from Gaussian noise
and is integrated backward to the data manifold, i.e., z(1) ∼
N (0, I) and z(0) ∼ pdata.

To obtain a simulation-free training objective consistent
with our unified schedule, we define a tractable probability
path by mixing clean latents with noise:

zt = α(t) z0 + σ(t) ε,

v∗(t, z0, ε) :=
dzt
dt

= α̇(t) z0 + σ̇(t) ε,
(6)

where z0 ∼ pdata and ε ∼ N (0, I) are sampled once per
training instance, and α(t), σ(t) are smooth functions. The
flow matching loss regresses the model velocity to the ana-
lytic target along this path:

LFM = Et∼U [0,1], z0, ε

[∥∥ vθ(zt, t ; c) − v∗(t, z0, ε)
∥∥2
2

]
.

(7)

4.2. Model Architecture

As illustrated in Figure 4, we adopt an end-to-end architec-
ture that models audio and video within a single diffusion
process, enabling text-driven music–dance co-generation.

Given audio xa, video xv , and text c, the model encodes the
two modalities into latent variables za0 = Ea(xa) and zv0 =
Ev(xv), while the textual input produces a conditioning
representation hc that provides shared semantic guidance.
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To explicitly align the two modalities along the diffusion
timeline, we apply noise perturbations to both audio and
video latent variables at the same diffusion time step t. Us-
ing a unified noise schedule α(t), σ(t), the noisy latent
variables are constructed as

zmt = α(t) zm0 + σ(t) εm m ∈ {a, v} (8)

where εa, εv ∼ N (0, I) are independently sampled Gaus-
sian noise variables.

The fusion module updates latents through a sequence of
attention operations that progressively incorporate temporal
structure, textual semantics, and cross-modal correspon-
dence. Letting m ∈ {a, v} denotes the modality and m̄ its
counterpart, a single fusion layer can be written as

zmt,l+1 = Xattn

(
Tattn(Sattn(z

m
t,l), hc), z

m̄
t,l

)
(9)

where Sattn performs intra-modal contextualization, Tattn

conditions the representation on text features, and Xattn

exchanges information across modalities.

After joint modeling, the audio and video latent variables
are fed into their respective prediction heads to estimate
modality-specific velocity fields. The overall optimization
objective is defined as

L = Et

[
∥v̂aθ (zat , zvt , hc, t)− vat ∥22 + ∥v̂vθ (zvt , zat , hc, t)− vvt ∥22

]
.

(10)
This training strategy maintains a unified generative frame-
work while preserving modality-specific representational
spaces and prediction objectives. As a result, music and
dance are jointly modeled within a single diffusion process,
providing a stable foundation for cross-modal rhythmic con-
sistency and semantic alignment.

5. Experiments
5.1. Dataset Processing

We adopt a quality-first data construction strategy and build
two complementary data streams: (i) a pure-music stream
for structured music semantic modeling and training the
Music Captioner, and (ii) a rhythm-aligned audio–video
stream for joint music–dance generation. The final dataset
comprises a 10k-scale set of curated music–dance pairs.

A detailed description of the dataset processing procedures
is provided in Appendix A.

5.2. Experimental Settings

Benchmarks and prompts. We evaluate methods on the
TMD-Bench test set, which consists of 100 prompts for
generation, covering diverse music and dance patterns. We
use Gemini 3.0 Pro as the MLLM evaluator throughout

Figure 4. Overview of the unified diffusion architecture for text-
driven music–dance generation.

Table 1. Music Captioner reliability measured by MLLM-based
VQA agreement.

Dim. Inst. Rhy. Tempo Genre Emo. Func.

Music Captioner 0.80 0.79 0.91 0.82 0.90 0.93

our evaluation pipeline, given its superior human-aligned
validity and evaluation reliability (Appendix D).

Baselines. We group baselines into four categories: (1)
closed-source end-to-end systems (Sora 2 (OpenAI, 2025),
Veo 3 (DeepMind, 2025), Seedance 1.5 pro (Seed, 2025),
Kling 2.6 (Kuaishou, 2025), Wan 2.6 (Group, 2025b) ), (2)
cascaded text-to-dance-to-music pipelines (Wan 2.2 (Wan
et al., 2025)+Hunyuan-Foley (Shan et al., 2025)), (3) cas-
caded text-to-music-to-dance pipelines (ACE-Step (Gong
et al., 2025)+Wan 2.5 (Group, 2025a)), and (4) open-source
end-to-end models (JavisDiT (Liu et al., 2025), Universe-1
(Wang et al., 2025b), Ovi (Low et al., 2025), LTX-2 (HaCo-
hen et al., 2026)). Our model is denoted as RhyJAM.

5.3. Main Results

5.3.1. EVALUATING THE MUSIC CAPTIONER

To assess the reliability of the Music Captioner as a source
of structured semantic labels for downstream evaluation
and large-scale annotation, we adopt a MLLM-based VQA-
style assessment: given an audio clip and the captioner-
predicted label for each semantic dimension, the judge out-
puts whether the label is consistent with the audio con-
tent. Table 1 reports the agreement rate across six dimen-
sions. The captioner achieves strong agreement, especially
on tempo and functional scenes with an accuracy of 0.91
and 0.93, indicating that it can serve as a stable component
for fine-grained music semantic evaluation.
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Table 2. Music instruction-following and perceptual quality evaluation. We report Low-level and High-level scores for both Sem.
(instruction semantics) and Aes. (aesthetic/perceptual quality).

Method Low-Level Metrics High-Level Judgements Avg.

Sem. Aes. Sem. Aes.

CLAP PC CE PQ CU Inst. Rhy. Tempo Genre Amb. Func. MPC MCE MPQ MCU

Closed-Source Model – Text-to-Music and Dance
Sora 2 0.51 0.57 0.61 0.66 0.67 0.40 0.53 0.34 0.09 0.28 0.17 0.54 0.64 0.64 0.67 0.52
Veo 3 0.53 0.58 0.75 0.79 0.80 0.41 0.57 0.35 0.13 0.24 0.14 0.52 0.58 0.64 0.62 0.54
Seedance 1.5 pro 0.55 0.70 0.80 0.71 0.77 0.26 0.41 0.37 0.09 0.25 0.08 0.44 0.54 0.63 0.54 0.52
Kling 2.6 0.59 0.57 0.70 0.75 0.77 0.31 0.49 0.36 0.09 0.32 0.15 0.47 0.57 0.62 0.58 0.53
Wan 2.6 0.52 0.46 0.55 0.71 0.69 0.13 0.47 0.24 0.07 0.21 0.10 0.36 0.42 0.47 0.43 0.44

Cascaded Method – Text-to-Dance-to-Music
Wan 2.2+Hunyuan-Foley 0.53 0.48 0.60 0.73 0.72 0.22 0.49 0.35 0.13 0.31 0.14 0.44 0.47 0.53 0.47 0.48

Cascaded Method – Text-to-Music-to-Dance
ACE-Step+Wan 2.5 0.52 0.48 0.60 0.73 0.72 0.26 0.33 0.27 0.12 0.24 0.17 0.50 0.54 0.60 0.59 0.49

Open-Source Model – Text-to-Music and Dance
JavisDiT 0.51 0.59 0.62 0.64 0.69 0.25 0.34 0.34 0.08 0.24 0.18 0.38 0.40 0.52 0.48 0.46
Universe-1 0.50 0.45 0.44 0.60 0.61 0.31 0.45 0.27 0.15 0.25 0.32 0.43 0.44 0.51 0.54 0.45
Ovi 0.54 0.51 0.76 0.78 0.82 0.26 0.48 0.55 0.09 0.28 0.17 0.41 0.51 0.57 0.52 0.52
LTX-2 0.55 0.49 0.55 0.60 0.62 0.34 0.41 0.27 0.11 0.38 0.12 0.45 0.41 0.41 0.41 0.45
RhyJAM (Ours) 0.54 0.55 0.76 0.74 0.81 0.31 0.59 0.51 0.10 0.21 0.07 0.46 0.51 0.55 0.53 0.52

Table 3. Video generation evaluation. Low-level metrics reflect algorithmic performance, while high-level judgments evaluate perceptual
consistency, motion realism, visual quality, and instruction following (IF).

Method Low-Level Metrics High-Level Judgments Avg.
Cons. Motion Qual. ViCLIP Cons. Motion Qual. IF

Closed-Source Model – Text-to-Music and Dance
Sora 2 (OpenAI, 2025) 0.93 0.99 0.61 0.63 0.74 0.82 0.49 0.91 0.74
Veo 3 (DeepMind, 2025) 0.93 0.94 0.68 0.63 0.85 0.83 0.60 0.86 0.78
Seedance 1.5 pro (Seed, 2025) 0.92 0.99 0.62 0.62 0.86 0.86 0.57 0.71 0.78
Kling 2.6 (Kuaishou, 2025) 0.94 0.80 0.63 0.63 0.82 0.84 0.58 0.74 0.75
Wan 2.6 (Group, 2025b) 0.94 0.98 0.66 0.65 0.90 0.87 0.55 0.76 0.79

Cascaded Method – Text-to-Dance-to-Music
Wan 2.2 (Wan et al., 2025)+Hunyuan-Foley (Shan et al., 2025) 0.94 0.95 0.65 0.65 0.83 0.82 0.52 0.72 0.76

Cascaded Method – Text-to-Music-to-Dance
ACE-Step (Gong et al., 2025)+Wan 2.5 (Group, 2025a) 0.93 0.99 0.62 0.62 0.83 0.87 0.39 0.81 0.74

Open-Source Model – Text-to-Music and Dance
JavisDiT (Liu et al., 2025) 0.90 0.95 0.47 0.62 0.36 0.60 0.03 0.53 0.53
Universe-1 (Wang et al., 2025b) 0.93 0.86 0.56 0.62 0.67 0.73 0.26 0.52 0.65
Ovi (Low et al., 2025) 0.94 0.92 0.52 0.63 0.76 0.75 0.31 0.58 0.68
LTX-2 (HaCohen et al., 2026) 0.94 0.90 0.62 0.62 0.82 0.83 0.42 0.52 0.73
RhyJAM (Ours) 0.94 0.99 0.58 0.63 0.73 0.79 0.37 0.56 0.71

5.3.2. AUDIO EVALUATION

Evaluation of textually conditioned music generation cen-
ters on instruction adherence and generation quality. Corre-
sponding results are summarized in Table 2.

For instruction adherence, structured semantic labels are
inferred using the Music Captioner and compared against
prompt-specified attributes at multiple semantic levels. As
seen in Table 2, achieving faithful semantic control remains
challenging for all baselines, especially for compositional
attributes such as Genre, Functional Scenes, and Ambiance
& Emotion, which depend on musical structure beyond local
spectral cues.The proposed RhyJAM model demonstrates
notable gains on rhythm-relevant dimensions, achieving the
strongest score on Rhythm & Groove (0.59) and competitive
performance on Tempo (0.51).

For generation aesthetics, closed-source commercial sys-
tems attain the highest averages, reflecting stronger produc-
tion fidelity and perceptual clarity. Open-source models
display larger performance variance across dimensions, sug-
gesting less stable audio mastering and timbral consistency.
Within this landscape, RhyJAM achieves a competitive aes-
thetics result, indicating stable perceptual listening quality,
and strong scores in content enjoyment and usefulness. De-
spite this performance, a clear gap remains relative to top
commercial systems, revealing considerable headroom for
future advances in end-to-end music generation.

5.3.3. VIDEO EVALUATION

We evaluate videos using both low-level computable met-
rics and high-level MLLM-based judgments. As shown in
Table 3, low-level video quality is summarized by three ag-
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Table 4. Audio–visual rhythmic alignment evaluation.Low-level
alignment is assessed using beat-centric algorithmic metrics.
High-level alignment is measured by perceptual judgments of
MLLM. Avg. averages the low-level score (VBCS + ABHS)/2
with the high-level score Align.

Method Low-Level Alignment High-Level Avg.
VBCS↑ CSD↓ ABHS↑ HSD↓ Align.↑

Closed-Source Model – Text-to-Music and Dance
Sora 2 0.50 0.16 0.16 0.12 0.85 0.59
Veo 3 0.45 0.17 0.22 0.17 0.84 0.59
Seedance 1.5 pro 0.47 0.21 0.19 0.15 0.77 0.55
Kling 2.6 0.43 0.16 0.25 0.11 0.73 0.54
Wan 2.6 0.40 0.28 0.17 0.16 0.59 0.44

Cascaded Method – Text-to-Dance-to-Music
Wan+Foley 0.50 0.14 0.25 0.13 0.77 0.57

Cascaded Method – Text-to-Music-to-Dance
Ace+Wan 0.41 0.18 0.25 0.13 0.68 0.51

Open-Source Model – Text-to-Music and Dance
JavisDiT 0.46 0.22 0.23 0.19 0.66 0.50
Universe-1 0.42 0.19 0.20 0.13 0.63 0.47
Ovi 0.30 0.22 0.22 0.19 0.69 0.48
LTX-2 0.34 0.20 0.21 0.14 0.71 0.49
RhyJAM (Ours) 0.50 0.19 0.27 0.12 0.79 0.59

gregated metrics: Consistency (averaging subject and back-
ground consistency), Motion (averaging dynamic degree
and motion smoothness), and Quality (averaging imaging
and aesthetic quality). High-level evaluation is conducted
via Gemini, covering instruction following as well as holis-
tic judgments of motion, visual quality, and consistency.

Overall, closed-source models achieve strong performance
across metrics, particularly in visual quality and seman-
tic consistency. Among open-source approaches, RhyJAM
demonstrates a competitive and balanced profile. At the high
semantic level, our model achieves competitive judgments
on motion, quality, and consistency, outperforming most
open-source baselines. Nevertheless, a noticeable perfor-
mance gap between open-source and closed-source models
remains, suggesting that further advances are still required
to fully bridge this divide in dance video generation.

5.3.4. AUDIO–VISUAL RHYTHMIC ALIGNMENT

Audio–visual rhythmic alignment remains challenging for
both open-source and closed-source generation systems. As
shown in Table 4, most existing models struggle to simulta-
neously achieve accurate beat proximity and sufficient beat
coverage. This suggests that, despite strong audio or video
quality in isolation, robust cross-modal rhythmic synchro-
nization is still inadequately addressed by current systems.

Under the algorithmic metrics, different models exhibit dis-
tinct characteristics. Closed-source models such as Sora
2 achieve high beat proximity (VBCS=0.50) and low de-
viation (HSD=0.12), but suffer from limited beat cover-
age (ABHS=0.16). Cascaded pipelines, exemplified by
ACE+Wan, improve beat coverage (ABHS=0.25), yet still
fall short in overall consistency. Among open-source base-
lines, JavisDiT shows moderate results but exhibit larger

Figure 5. Cross-modal attention visualization. Rows denote video
tokens and columns denote audio tokens. RhyJAM (left) exhibits
smooth diagonal patterns that reflect stable audio–visual coupling.

deviation values, indicating less stable temporal alignment.

In contrast, RhyJAM achieves the best performance by
jointly preserving strong beat proximity (VBCS=0.50) and
the best beat coverage among all methods (ABHS=0.27),
while maintaining low temporal dispersion. The high-level
perceptual evaluation further reinforces this observation:
our model achieves a competitive alignment score (0.79),
surpassing all open-source and cascade baselines, and reach-
ing performance close to the strongest closed-source system.
Overall, these results indicate that while both open-source
and closed-source baselines exhibit limited rhythmic align-
ment capability, RhyJAM achieves consistently competitive
alignment under both algorithmic and perceptual criteria.

5.3.5. CASE STUDY

To further understand how joint alignment is achieved, we
examine cross-modal attention maps between the audio-
video streams. Figure 5 visualizes representative atten-
tion matrices, where rows correspond to video tokens and
columns correspond to audio tokens. The left panel shows
our RhyJAM model, while the right panel depicts the base-
line Ovi without explicit rhythmic alignment training.

The RhyJAM attention patterns exhibit smooth, continuous
diagonal structures that persist across extended temporal
ranges, indicating stable cross-modal correspondence be-
tween visual motion accents and musical beat progression.
In contrast, the baseline attention displays fragmented ac-
tivation with discontinuities and local jittering, reflecting
weaker temporal coupling and reduced rhythmic coherence.
These qualitative observations are consistent with the quan-
titative results reported earlier, indicating a more coherent
form of audio–visual coupling.

6. Conclusion
We present TMD-Bench, a benchmark for text-driven
music–dance co-generation that evaluates unimodal qual-
ity, instruction semantics, and rhythmic alignment using
physical metrics and MLLM-based judgments. We hope
TMD-Bench will spur progress toward stronger rhythmic
and kinetic coherence in next-generation generative systems.
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A. Dataset Construction Details
Our benchmark is constructed under a quality-first philosophy and consists of two complementary data streams: (i) a
pure-music stream for structured music semantic modeling and captioning, and (ii) an audio–video stream for rhythmic
alignment and joint music–dance generation.

Pure-music data processing. We construct a high-quality music corpus through an iterative refinement pipeline. Specifi-
cally, we (1) annotate audio clips using an MLLM-assisted labeling pipeline, (2) perform human verification and correction,
and (3) train a Music Captioner on the cleaned labels. The trained captioner is then used to re-annotate larger-scale unlabeled
audio, followed by an additional round of human correction. We repeat this caption–verify–retrain loop to progressively
improve both label quality and captioner reliability, yielding a robust semantic backbone for music instruction-following
evaluation and large-scale audio annotation.

Audio–video data processing for rhythmic alignment. For the joint audio–video stream, we curate dance-centric videos
and enforce strict audio quality and rhythm constraints. Concretely, we first filter candidate clips to retain dance videos
with clear human motion and stable framing. We then apply UVR5 to separate vocals from accompaniment in order to
reduce vocal interference for beat-centric rhythm analysis. Next, we generate both music captions and video captions
for semantic screening. To favor rhythm-sensitive music, we filter clips by music-caption fields (e.g., rhythm/groove
descriptors) and apply RMS-based silence removal to exclude near-silent segments. We further use SNR-based filtering
to retain high-quality accompaniment signals. Finally, all retained samples undergo human review to ensure (i) clear beat
structure, (ii) salient motion accents, and (iii) reliable audio–video synchronization. This procedure yields a 10k-scale
rhythm-aligned music–dance dataset that supports stable multimodal learning and evaluation.

Data sources and coverage. Our 10k-scale music–dance pairs are collected from publicly available online platforms
(e.g., YouTube and similar video-sharing websites), covering diverse dance styles, performer settings, and music genres.
During curation, we aim to maintain broad category coverage such that both training and test splits contain diverse and
representative combinations of music attributes, dance styles, and scene contexts.

B. Model Implementation Details
We train our model RhyJAM using DeepSpeed ZeRO-2 with bf16 mixed precision. We use AdamW with a learning rate of
1e-5, weight decay 0.01, and a constant learning-rate schedule. We apply 8 gradient-accumulation steps. Training is run for
10 epochs and checkpoints. For preprocessing, audio is resampled to 16 kHz. Videos are center-cropped and resized to
480×480, sampled at 24 fps, with 117 frames per clip. We train with 1000 training timesteps (Flow-Matching scheduler,
shift 5). For inference, we run 50 sampling steps (UniPC solver, shift 5) and apply classifier-free guidance with separate
scales for audio and video (3.0 and 4.0, respectively).

C. Empirical Analysis of Beat-Centric Rhythmic Metrics
MDAlign builds on two beat-centric metrics, VBCS and ABHS, alongside their empirical standard deviations CSD and
HSD. To examine whether these metrics capture perceptual rhythmic alignment and reflect properties of the underlying data,
we compute them on both model outputs and subsets of the training dataset.

Model outputs vs. training dataset. We first compare RhyJAM outputs on the evaluation set with a random 1k subset
of the 10k-scale rhythm-aligned training dataset (Table 5). The dataset subset achieves higher VBCS/ABHS and lower
dispersion than the model outputs, indicating that the curated data exhibit a stronger rhythmic prior than what the current
model fully reproduces. This suggests that the training data distribution encodes meaningful beat–motion coupling.

High-alignment subset and metric sensitivity. To verify that the metrics track perceptual rhythmic quality, we additionally
select 30 clips from the dataset that humans consistently judge as strongly on-beat. Relative to both model outputs and
the random subset, this curated subset shows monotonically higher VBCS/ABHS, with dispersion remaining at a similar
scale. This monotonic separation aligns with human preference ordering and suggests that VBCS/ABHS provide a workable
scalarization of the rhythm-alignment objective.
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Table 5. Beat-centric rhythmic statistics on model outputs and dataset subsets. Higher VBCS/ABHS indicate better beat alignment; lower
CSD/HSD indicate lower dispersion.

Split VBCS↑ ABHS↑ CSD↓ HSD↓
RhyJAM 0.50 0.27 0.19 0.12
Random 1k from 10k dataset 0.55 0.35 0.14 0.13
30 curated high-alignment clips 0.62 0.41 0.17 0.15

D. Selection and Validation of MLLM-as-a-Judge
To ensure the reliability of the high-level perceptual evaluation within the TMD-Bench framework, we conducted a rigorous
comparative study to select the most suitable MLLM as our automated judge. We evaluated four representative models:
Gemini 3.0 Pro, Gemini 3.0 Flash , Gemini 2.5 Pro, and Qwen 3 Omni.

D.1. Alignment with Human Judgment

We invited ten undergraduate students to independently rate 100 generated music–dance videos across the 12 evaluation
dimensions defined in Section 3. Raters were intentionally diverse, including five students with a computer-science
background and five from non-CS majors. The 100 videos were selected to cover a wide range of dance styles, music genres,
and scene contexts, and were sampled in a balanced manner with a similar number of clips from each baseline to avoid
skew. To reduce potential information leakage that could make the source model identifiable, we standardized all evaluation
videos to the same resolution and duration, and removed model-specific visual cues such as watermarks or other distinctive
overlays whenever present.

We then calculated the correlation between the MLLM-generated scores and the mean human scores using three metrics:
Pearson Linear Correlation Coefficient (PLCC), Spearman Rank Correlation Coefficient (SRCC), and Quadratic Weighted
Kappa (QWK).

Table 6 presents the dimension-wise correlation results, while Table 7 provides the macro-averaged performance for each
model. The results indicate that Gemini 3.0 Pro significantly outperforms other models in the majority of categories.
While certain models may exhibit competitive performance in isolated dimensions, Gemini 3.0 Pro demonstrates the most
robust and balanced capacity to evaluate complex multimodal content, achieving the highest overall agreement with human
judgment across visual consistency and auditory aesthetic metrics.

Table 6. Detailed correlation between MLLM scores and human judgments across 12 dimensions.

Metric Gemini 3.0 Pro Gemini 2.5 Pro Gemini 3.0 Flash Qwen 3 Omni
PLCC SRCC QWK PLCC SRCC QWK PLCC SRCC QWK PLCC SRCC QWK

AQ 0.386 0.353 0.230 0.254 0.117 0.091 0.205 0.203 0.077 0.228 0.236 0.032
BC 0.685 0.656 0.384 0.005 0.048 -0.034 0.306 0.234 0.241 0.005 0.048 -0.034
CE 0.776 0.776 0.318 0.338 0.324 0.036 0.178 0.186 0.024 0.040 0.005 0.042
CU 0.745 0.756 0.367 0.305 0.297 0.091 0.005 0.039 -0.012 -0.037 -0.063 -0.048
DD 0.529 0.484 0.170 0.528 0.489 0.262 0.027 0.011 -0.027 0.274 0.226 0.014
IF 0.445 0.395 0.233 0.308 0.320 0.185 0.460 0.401 0.229 0.357 0.393 0.168
IQ 0.637 0.604 0.189 0.310 0.222 0.093 -0.083 -0.051 -0.051 0.347 0.256 0.034
MS 0.632 0.688 0.384 0.089 0.098 0.074 0.138 0.231 0.140 -0.153 -0.167 -0.040
PC 0.620 0.629 0.161 0.202 0.229 0.028 0.096 0.121 0.009 0.088 0.086 0.116
PQ 0.743 0.741 0.310 0.035 0.109 0.031 -0.108 -0.055 -0.110 -0.104 -0.082 -0.054
SC 0.593 0.596 0.537 0.374 0.315 0.161 0.118 0.113 0.027 0.228 0.206 0.010
VA 0.549 0.422 0.372 0.558 0.514 0.410 0.288 0.241 0.100 0.023 0.021 0.049

D.2. Stability and Self-Consistency Analysis

A critical requirement for an automated judge is reproducibility. We analyzed the stability of Gemini 3.0 Pro and Gemini
2.5 Pro by performing 50 independent scoring runs on the same 100 test videos. Stability was quantified using normalized
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Table 7. Overall average correlation metrics across all evaluated models.

Model PLCC QWK SRCC

Gemini 3.0 Flash 0.1358 0.0540 0.1394
Gemini 3.0 Pro 0.6117 0.3045 0.5916
Gemini 2.5 Pro 0.2756 0.1190 0.2568
Qwen-Omni 0.1081 0.0240 0.0970

entropy-based consistency:

C = 1−
−
∑5

k=1 pk log pk
log 5

(11)

where pk represents the empirical distribution of the scores across the 5 possible rating levels {1, 2, 3, 4, 5}.

As shown in Table 8, Gemini 3.0 Pro exhibits exceptional stability, achieving perfect consistency (C = 1.0) in 11 out
of 12 dimensions. In contrast, Gemini 2.5 Pro shows lower reliability, particularly in subjective auditory metrics such as
Production Complexity (C = 0.832) and Content Enjoyment (C = 0.874). The near-deterministic nature of Gemini 3.0
Pro’s reasoning process ensures that the TMD-Bench results remain consistent across repeated evaluations.

Table 8. Comparison of stability between Gemini 2.5 Pro and Gemini 3.0 Pro across 50 repeated evaluations.

Metric Dimension Gemini 2.5 Pro Gemini 3.0 Pro

Instruction Following (IF) 1.0000 1.0000
Rhythmic Alignment (VA) 0.9798 1.0000
Subject Consistency (SC) 1.0000 1.0000
Dynamic Degree (DD) 1.0000 1.0000
Background Consistency (BC) 1.0000 1.0000
Motion Smoothness (MS) 1.0000 1.0000
Imaging Quality (IQ) 0.9689 1.0000
Audio Quality (AQ) 0.9378 0.9798
Production Complexity (PC) 0.8327 1.0000
Content Enjoyment (CE) 0.8745 1.0000
Production Quality (PQ) 0.8853 1.0000
Content Usefulness (CU) 0.8508 1.0000

Based on its superior correlation with human perception and its robust self-consistency, we select Gemini 3.0 Pro as the core
evaluation engine for the TMD-Bench framework.

E. MLLM Prompt Template
For reproducibility of our MLLM-as-a-Judge evaluation, we provide the full prompt templates used to query the Gemini-
based evaluators in Figures 6 to 10. These templates explicitly define the role, input format, reasoning steps, and output
schema for each assessment track, ensuring that the model follows a consistent protocol across all test samples.

Specifically, the evaluation relies on the following five prompt templates:

• Visual Audio Alignment: this prompt (see Figure 6) is used in the MDAlign perceptual track to assess rhythmic
synchronization between motion accents and musical beats.

• Video Instruction Following: the corresponding template (see Figure 7) measures how faithfully the generated video
executes the textual instruction in terms of subjects, actions, and scene semantics.

• Video Visual Quality: the prompt (see Figure 8) evaluates both imaging quality and aesthetic quality as a two-
dimensional perceptual score.
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• Video Motion: this prompt (see Figure 9) focuses on subject consistency, background consistency, motion smoothness,
and dynamic degree.

• Auditory Aesthetic: the audio evaluation template (see Figure 10) assesses production complexity, content enjoyment,
production quality, and content usefulness using four MOS-style metrics.

Together, these templates operationalize the multi-track evaluation framework described in the main text, and can be directly
reused to replicate our MLLM-based judgments or to extend TMD-Bench to new models in a fully standardized way.

F. Case Visualization
To complement the quantitative results of Our model (RhyJAM) reported in the main paper, we provide qualitative examples
of text-driven music–dance co-generation in Figures 11 to 13. Each case is selected from the TMD-Bench evaluation set
and visualizes representative prompt–output pairs that cover diverse subjects, dance styles, scene contexts, and musical
characteristics. For each example, we show sampled video frames, the corresponding audio waveform, and high-level
semantic tags, allowing visual inspection both unimodal fidelity and cross-modal rhythmic coupling.
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Figure 6. Visual Audio Alignment prompt used for MLLM-based evaluation. The template defines key concepts, step-by-step reasoning,
and a 1–5 alignment score for rhythmic synchronization.
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Figure 7. Video Instruction Following prompt. The judge first describes the observed video, then constructs an ideal caption from the text
instruction, and finally rates semantic compliance on a 1–5 scale with accompanying reasoning.
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Figure 8. Video Visual Quality evaluation prompt. The template guides the model to score both imaging quality and aesthetic quality,
capturing technical fidelity and overall visual appeal.
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Figure 9. Prompt used to rate video motion and temporal consistency.
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Figure 10. Prompt for auditory aesthetics. The judge outputs four MOS-style scores—production complexity, content enjoyment,
production quality, and content usefulness.
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Figure 11. Qualitative examples of text-driven music–dance co-generation (Case 1). Each row depicts sampled video frames, the
corresponding audio waveform, and semantic tags, illustrating identity consistency and rhythm-aware motion under varying prompts.
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Figure 12. Qualitative examples of text-driven music–dance co-generation (Case 2). Each row depicts sampled video frames, the
corresponding audio waveform, and semantic tags, illustrating identity consistency and rhythm-aware motion under varying prompts.
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Figure 13. Qualitative examples of text-driven music–dance co-generation (Case 3). Each row depicts sampled video frames, the
corresponding audio waveform, and semantic tags, illustrating identity consistency and rhythm-aware motion under varying prompts.
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