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Abstract. Music-to-dance generation aims to translate auditory sig-
nals into expressive human motion. Despite promising progress, existing
methods remain underexplored in achieving high-quality generation un-
der a strict efficiency budget, due to (i) generative strategies that sup-
port high-fidelity few-step sampling, and (ii) per-step model architectures
that are optimized for efficient yet refined long-horizon motion synthesis,
thereby degrading downstream user experience in terms of responsive-
ness and visual fidelity. Thus, we propose FlowerDance, which not only
generates refined motion with physical plausibility and artistic expres-
siveness, but also achieves significant generation efficiency on inference
speed and memory utilization. Specifically, FlowerDance combines Mean-
Flow with Physical Consistency Constraints, which enables high-quality
motion generation with only a few sampling steps. Moreover, Flower-
Dance leverages a simple but efficient model architecture with BiMamba-
based backbone and Channel-Level Cross-Modal Fusion, which generates
long-horizon dance with efficient non-autoregressive manner. Meanwhile,
FlowerDance supports motion editing, enabling users to interactively re-
fine dance sequences. Extensive experiments on AIST++ and FineDance
show that FlowerDance achieves state-of-the-art results in both motion
quality and generation efficiency. Code is available at https://sun-happy-
ykx.github.io/FlowerDance/.
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1 Introduction

Music-to-dance generation is a crucial task that translates auditory input into
dynamic motion, with significant applications in virtual reality, choreography,
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Fig. 1: FlowerDance not only generates refined motion with physical plausibility and
artistic expressiveness, but also achieves generation efficiency that surpasses that of
state-of-the-art (SOTA) methods in inference speed and memory utilization.

and digital entertainment . By automating this process, it enables deeper
exploration of the intrinsic relationship between music and movement , while
expanding possibilities for creative content generation . Due to its broad
impact, music-to-dance (M2D) generation has attracted increasing attention
. A broadly applicable 3D M2D system should excel in two aspects:
(1) Dance Quality: producing physically plausible and artistically expressive
motion, which improves user immersion and reduces the need for manual post-
editing; and (2) Generation Efficiency: achieving high inference speed with
a low memory utilization, which preserves computational headroom for high-
fidelity 3D rendering and real-time human-computor interaction.

A substantial body of Music-to-Dance methods has emerged, spanning GANs,
autoregressive models, and diffusion approaches. GAN-based methods
enhance perceptual naturalness but often degenerate into overly simple, repeti-
tive motion. Autoregressive models incur substantial infer-
ence latency due to strictly sequential decoding. Diffusion-based methods
achieve strong fidelity but typically require many denoising steps dur-
ing inference time—attributable to their curved sampling trajectories—resulting
in heavy computational overhead. However, existing methods remain under-
explored in achieving high-quality generation under a strict efficiency budget,
due to (i) generative strategies that support high-fidelity few-step sampling,
and (ii) per-step model architectures that are optimized for efficient yet refined
long-horizon motion synthesis, thereby degrading downstream user experience
in terms of responsiveness and visual fidelity.

To this end, we present FlowerDance, a co-designed framework for high-
quality long-horizon 3D dance generation under a strict inference budget. Our
key observation is that end-to-end generation efficiency is jointly determined
by (i) the number of sampling steps and (ii) the computational cost of each
sampling step. Optimizing only one of these factors is insufficient in practice:
few-step sampling yields limited wall-clock gains if each step is expensive, while
a lightweight backbone alone remains slow when many iterative sampling steps
are required. FlowerDance addresses these two factors jointly. At the generative-
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strategy level, we adopt a MeanFlow-based few-step formulation and introduce a
Physical Consistency Constraint to stabilize few-step updates over large integra-
tion interval and preserve physical plausibility in 3D motion generation. At the
model-architecture level, we design a lightweight non-autoregressive BiMamba
backbone with Channel-Level Cross-Modal Fusion to reduce per-step latency
and memory cost while maintaining music-dance alignment. This trajectory-
level and per-step efficiency co-design enables FlowerDance to simultaneously
achieve strong dance quality and substantial efficiency gains, as shown in Fig. [T}
To support real-time, human-in-the-loop motion authoring under few-step sam-
pling, we further introduce a time-decayed soft masking strategy that enables
coherent motion editing without additional training.

Trajectory-level efficiency via generative strategy. To reduce sam-
pling steps without sacrificing motion quality, FlowerDance combines MeanFlow
with a Physical Consistency Constraint. From a choreography perspective, dance
creation involves progressively shaping coarse movements into coherent motion
under musical guidance, a process that naturally resonates with Flow Match-
ing [28//29]. However, naive flow-based formulations model only instantaneous ve-
locity, while few-step inference must perform large-interval ODE updates, leading
to a mismatch between the training target and the actual sampling process and
thus degraded generation quality. We therefore adopt MeanFlow, which predicts
interval-averaged velocity and is better aligned with few-step sampling, enabling
efficient generation with only a small number of steps. Nevertheless, MeanFlow
alone is insufficient for 3D dance generation, because 3D human motion lies on
a tightly constrained kinematic manifold, and under large-step updates, even
small prediction errors can accumulate over time and propagate along the kine-
matic chain, leading to temporal jitter, root drift, foot sliding, and implausible
articulations. To address this issue, we introduce a Physical Consistency Con-
straint (PCC), which first recovers motion from the predicted mean velocity and
then regularizes it with reconstruction, motion-velocity, and 3D joint-position
losses, thereby stabilizing optimization and pulling generation toward the hu-
man motion manifold. In addition, FlowerDance supports motion editing for
human-in-the-loop interaction. Specifically, we apply a time-decayed soft mask
during sampling, which gradually relaxes the constraints over time and alleviates
the boundary discontinuities caused by hard masks in the few-step setting.

Per-step efficiency via model architecture. To reduce the computa-
tional and memory cost of each sampling step, FlowerDance adopts a lightweight
non-autoregressive architecture with a Bidirectional Mamba (BiMamba) back-
bone and Channel-Level Cross-Modal Fusion. BiMamba is well suited to music-
to-dance generation because its sequential inductive bias better captures local
temporal dependencies than attention-only backbones, while retaining linear-
time complexity O(n) compared with the O(n?) cost of Transformers |42]. Its
bidirectional design further improves temporal coherence and music-motion align-
ment, and the non-autoregressive formulation avoids the latency of sequential de-
coding while mitigating exposure bias in autoregressive-based methods [37),38/47|
and boundary artifacts in iterative inpainting-based methods |30L[41]. Moreover,
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because music and dance are naturally aligned in time, we replace conventional
cross-attention with a parameter-free Channel-Level Cross-Modal Fusion mech-
anism. This lightweight design reduces memory and latency while improving
generalization in the non-autoregressive setting.

In summary, our contributions in the music-to-dance generation task are as
follows: (1) We present FlowerDance, a co-designed framework for high-quality
long-horizon 3D dance generation under a strict inference budget. By jointly
optimizing trajectory-level sampling efficiency and per-step inference efficiency,
FlowerDance achieves state-of-the-art (SOTA) performance in both dance qual-
ity and generation efficiency on AIST++ [27] and FineDance [26] datasets. (2)
We propose a MeanFlow-based generative strategy for efficient 3D dance gen-
eration, including (i) a few-step formulation with a Physical Consistency Con-
straint to stabilize optimization and improve physical plausibility, and (ii) a
time-decayed soft masking strategy during inference to support coherent motion
editing under few-step sampling. (3) We design a lightweight non-autoregressive
model architecture with a BiMamba backbone and Channel-Level Cross-Modal
Fusion, which reduces per-step computational and memory cost while maintain-
ing strong music-dance alignment and long-horizon motion coherence.

2 Related Work

2.1 Flow Matching Generative Models

Flow Matching (FM) [28] learns the conditional vector field that transports noise
samples to data samples, and performs generation by solving the corresponding
ordinary differential equation (ODE). Compared with diffusion-based models
such as DDPM |[14], which rely on stochastic score estimation and long sampling
chains, FM offers a simpler and more stable training objective, while enabling
deterministic sampling through ODE integration. This makes FM theoretically
appealing for efficient generation. To further improve efficiency, several variants
of FM have been proposed for few-step sampling. Rectified Flow (RF) [29] con-
strains the learned ODE to follow straight paths between noise and data, thereby
reducing the transport cost. Consistency Flow Matching (CFM) [51] enforces
step-wise consistency so that generation can be carried out in only a few steps.
Gaussian Mixture Flow (GMFlow) [5] models the transport vector field as a mix-
ture of Gaussian components, allowing more flexible trajectories. Despite these
efforts, it remains difficult to achieve high-quality generation with very few steps
on complex tasks. To address this, MeanFlow [10| predicts the interval-averaged
velocity rather than instantaneous ones, aligning the training objective with the
ODE-based inference procedure, thereby enabling high-fidelity dance generation
with significantly fewer sampling steps.

Beyond theoretical advances, FM has also shown strong potential in various
generative tasks. In image generation, Stable Diffusion3 [8] incorporates rectified
flow into large-scale training, significantly improving efficiency and scalability. In
video generation, FM has been applied with rectified formulations to accelerate
frame synthesis [6,/19], and Pyramid Flow Matching |18] demonstrates coherent
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temporal modeling with fewer sampling steps. In audio generation, Voicebox [21]
and Audiobox [43] adopt FM to build large-scale speech and audio models,
while Matcha-TTS [33] and VoiceFlow [13] leverage conditional and rectified
FM for efficient text-to-speech. Interestingly, choreography can be interpreted as
a flow-matching process shaped by the potential induced by music, suggesting
that employing Flow Matching for music-to-dance generation is a promising but
hitherto unexplored direction.

2.2 Music-to-Dance Generation

Music and dance are inherently interconnected, which has driven substantial
progress in music-to-dance generation (M2D), with most research focusing on
3D dance generation. Prior studies extract musical features using toolkits such
as Librosa [32], Jukebox [7], and MERT [45], and then predict human motion
represented by SMPL parameters [27,31] or 2D/3D body keypoints [37]. Ex-
isting approaches can be broadly grouped into three paradigms: GAN-based,
Autoregressive, and Diffusion-based models. 1) GAN-based models. Gen-
erators synthesize motion from music while discriminators provide adversarial
feedback. Examples include CoheDancers [48], DeepDance [39], and Choreogra-
phy ¢cGAN [16]. These methods are simple but prone to mode collapse and lack
explicit motion constraints, often producing monotonous and repetitive move-
ments. 2) Autoregressive models. These methods typically adopt a two-stage
pipeline, curating choreographic units from motion databases followed by au-
toregressive modeling of music-conditioned distributions over these units. Since
units are derived from real motion, results are biomechanically plausible. Works
such as Bailando [37], Bailando++ [38], Duolando [36], and MEGADance [47|
fall into this paradigm. However, reliance on local history hampers global mu-
sic-motion alignment, and step-by-step inference introduces high latency. 3)
Diffusion-based models. These methods corrupt motion with noise and train
denoising networks to iteratively recover sequences conditioned on music, en-
abling diverse and temporally coherent dances. Representative works include
EDGE [41], FineNet [26], Lodge [25], Lodge++ [24], and GCDance [30]. While
achieving high quality, they require many sampling steps due to curved denois-
ing trajectories, resulting in high inference cost. Beyond dance-specific studies,
speech-driven 3D gesture generation has also made notable progress in recent
years |53H58]. However, existing methods remain underexplored in achieving
high-quality generation under a strict efficiency budget, due to (i) generative
strategies that support high-fidelity few-step sampling, and (ii) per-step model
architectures that are optimized for efficient yet refined long-horizon motion syn-
thesis, thereby degrading downstream user experience in terms of responsiveness
and visual fidelity.
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Fig. 2: Illustration of model architecture of FlowerDance at different levels.

3 Methodology

3.1 Oveview

Given a music sequence M = {mg, my,...,mr} and a dance genre label g, our
objective is to synthesize the corresponding dance sequence D = {dg,d1, ...,dr},
where m; and d; denote the music and dance feature at time step t. We define
each music feature m, as a 35-dim vector |25] extracted by Librosa |32], including
20-dim MFCC, 12-dim Chroma, 1-dim Peak, 1-dim Beat and 1-dim Envelope.
We encode genre label g as a one-hot vector. We represent each dance feature as a
147-dim vector (3-dim root translation and 144-dim rotation representation [59].
Furthermore, we synchronize the music sequence with the dance sequence at a
temporal granularity of 30 FPS.

To meet this strict inference budget in practice, we co-design FlowerDance
across both the generative strategy and model architecture, as summarized in
Fig. 2] At the generative-strategy level, we adopt a MeanFlow-based few-step
formulation and introduce a Physical Consistency Constraint to stabilize large-
interval updates and preserve physical plausibility in 3D motion generation.
At the model-architecture level, we design a lightweight non-autoregressive Bi-
Mamba backbone with Channel-Level Cross-Modal Fusion to reduce per-step
latency and memory cost while maintaining music-dance alignment. To sup-
port real-time, human-in-the-loop motion authoring under few-step sampling,
we further introduce a time-decayed soft masking strategy that enables coherent
motion editing without additional training.

3.2 Generative Strategy

MeanFlow. In choreographic design, the development of a dance sequence can
be viewed as a smooth and steadily paced refinement from an initial unstructured
motion toward a coherent target performance, guided consistently by musical
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rhythm and style |2/34]. This progression naturally aligns with Flow Match-
ing (FM) |28|’s assumption that the process can be modeled by an ordinary
differential equation (ODE) that transports a standard Gaussian distribution
sample € ~ N(0,I) to a target distribution sample & ~ pgata(z) by estimating
the instantaneous velocity field v(z¢,t) = € — 2 along the straight-line flow path
FP(z,t), where time ¢ is randomly sampled from a uniform distribution U (0, 1):

FP(z,t) = (1 —t)x + te (1)

Here, straight-line refers to the standard linear interpolation in latent space
between € and x. A vector estimator vy is trained to minimize the ground truth
velocity v(z, t):

Lont = E[[on(z0,1) — vz, 8)]2]. (2)

At inference, generation starts from an initial prior sample z; and iteratively
integrates the learned velocity field vy (2, t) until reaching zg in the data distri-
bution:

d
P v(zt,t). (3)

Even when conditional flows are designed to be straight, latent trajectories
in the high-dimensional space are often highly curved. When using large inte-
gration intervals, Flow Matching [28|, which models the instantaneous velocity
field, cannot accurately capture these curved trajectories, leading to degraded
generation quality. Thus, MeanFlow [10] replaces instantaneous velocity v(z¢, t)
with the interval mean velocity u(z¢, r,t), leading to a training objective aligned
with the actual ODE inference procedure:

1 t
u(zg,rt) = - / v(2zr, T)dT, (4)

where (r,t) are two time randomly sampled from a uniform distribution U (0, 1)
with the constraint ¢ > r. Differentiating Eq. [d] with respect to ¢ yields the
MeanFlow identity:

u(zg, i t) = v(z,t) — (6 — r)%u(zt, r,t). (5)

A velocity estimator wug is trained to satisfy MeanFlow identity:

Latr = E[[lug (22,7, t) — sg(uge)[13] (6)
where  wgge = v(2t,t) — (t —r)(v(2e, )0 u0 + Orug)

where sg(-) denotes stop-gradient. Notably, this reduces to the FM loss when
r = t. During inference, MeanFlow enables direct mapping by replacing the
time integral with the mean velocity. We solve the ODE using an Euler-based dis-
cretization scheme, which naturally supports multi-step sampling in a straight-
forward manner:

zr =2zt — (t — r)u(zg, 7, t). (7)
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Physical Consistency Constraint. Although MeanFlow has shown promising
results in image, video, and audio synthesis [819,33L43|, directly applying it to
few-step 3D dance generation is non-trivial. A key reason is that these modal-
ities often exhibit explicit local continuity in their native representations, such
as spatially neighboring pixels, adjacent video frames, or temporally continuous
waveforms, which provides a relatively direct structure for learning smooth gen-
erative fields. In contrast, SMPL-based 3D motion is represented as a sequence
of pose parameters whose temporal continuity is explicit across frames, while
the intra-frame dependencies among joints are only implicitly encoded by the
human kinematic chain. Under large integration intervals, small errors in the
predicted velocity field can therefore accumulate over time and disrupt these
latent kinematic constraints, leading to temporal jitter, global drift, foot sliding,
and implausible articulations. Moreover, the vanilla MeanFlow objective only
constrains the averaged velocity field, without explicitly regularizing the recov-
ered motion in kinematic or physical spaces. Empirically, we find that training
with Ly alone remains persistently unstable and fails to converge in the SMPL-
based 3D motion setting. More details can refer to Section 3 in Appendix.

To impose motion-level physical regularization within MeanFlow, we first
recover an explicit motion sample from the predicted interval-averaged velocity.
Directly applying conventional physical constraints (e.g., velocity, acceleration,
or keypoint losses) is not feasible, because the network predicts interval-averaged
velocities rather than motion itself. Specifically, in each training iteration, we
additionally sample a time ¢; ~ U(0,1) and let the velocity estimator predict
the mean velocity wg(z,,0,t1) over the interval (¢1,0). We then recover the
corresponding motion sample via Eq. [7|as 2y = 2z, —t1 - ug(2,,0,¢1). Finally, we
incorporate a composite loss function that combines reconstruction, velocity, and
3D joint position losses between the prediction Zy and the ground-truth motion
20, ensuring physical consistency and generation stability:

£rec = E[”ZAO - 20”%]7
Epos = E[HFK(ZAO) - FK(Z())”%], (8)
Lve = E[||FK () — FK(z0)'|I3]

where FK(-) denotes the forward kinematic function that converts joint angles
into joint positions. Our overall training loss is the weighted sum of the Mean-
Flow objective and the Physical Consistency Constraint, where the weights A
are chosen to balance the magnitudes of the losses at the start of training:

L= AmeMF + )\recﬁrec + )\posﬁpos + /\velﬁveb (9)

Motion Editing. Extending the idea of inpainting in diffusion-based motion
generation [30,/41], FlowerDance also provides a flexible motion editing capa-
bility during the sampling stage without additional training cost. This feature
enables users to impose a wide range of constraints, such as generating smooth
in-between movements in the temporal domain or modifying specific joint tra-
jectories in the spatial domain, as shown in Fig. ] For example, a user may
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wish to interpolate missing frames between two dance clips or adjust the posi-
tion of the hands while keeping other joints intact. Since FlowerDance operates
with few sampling steps and lacks iterative correction, using a fixed hard mask
may cause dynamic mismatches. To address this, we introduce a time-decayed
soft mask, where the influence of the known regions gradually diminishes over
time, allowing smoother coupling between constrained and unconstrained regions
for more coherent inpainting results. Given a joint-wise or temporal constraint
2’ € RV*M7 with positions indicated by a binary mask M € {0, 1}V*7 at time
t, where N denotes the sequence length, FlowerDance performs constraint-aware
denoising as follows:

2= M)OFP@' t)+ (1 —(t-M))® 2, (10)

where ® denotes the Hadamard product, and known regions follow the constraint
flow.

3.3 Model Architecture

Overview. Building on MeanFlow, our model architecture receives as input
the time information (start ¢ and end r), conditional information (music fea-
ture m and genre label g), and the current flow-path state z;, and produces the
interval-averaged velocity u, as illustrated in Fig. 2] For the conditional input,
the music feature m is first processed by a multi-layer BiMamba, while the genre
label g is encoded via discrete embedding; the resulting genre feature and music
feature are then fused using a Gating Mechanism following [1], dynamically bal-
ancing the contributions of music and genre features. For the time information,
the start time ¢ and end time r are first represented as sinusoidal embeddings
and then fused via addition. Finally, the velocity generation part consists of
multi-layer blocks, and each block employs BiMamba for temporal modeling,
Feature-wise Linear Modulation (FiLM [35]) for integrating time information,
and Channel-Level Cross-Modal Fusion (Fusion) for integrating conditional in-
formation. For long-term generation, FlowerDance produces the entire sequence
in a single non-autoregressive pass. Although simple in design, the synergistic
interaction of these components enables FlowerDance to generate high-quality
dances with high efficiency.

Bidirectional Mamba. Our choice of Mamba is motivated by the following con-
siderations: (1) Music and dance demand strong local continuity between move-
ments. Transformer is inherently position-invariant and captures sequence order
only through positional encodings [42]|, which limits its deep understanding of
local dependencies. Owing to its inherent sequential inductive bias, Mamba [11]
has demonstrated strong performance in modeling fine-grained local dependen-
cies [9,[44]. (2) Mamba has only O(n) computational complexity compared to
the O(n?) complexity of attention-based Transformers [42|. (3) Mamba supports
non-autoregressive generation, which not only further improves efficiency but
also mitigates the exposure-bias problem in autoregressive methods [37}38}/47|
and alleviates transition artifacts at segment boundaries in inpainting-based ap-
proaches [30,|41]. Furthermore, temporal dependencies in both music and dance
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are inherently bidirectional, but standard Mamba models sequences only in a sin-
gle direction. To address this limitation, we introduce Bidirectional Mamba (Bi-
Mamba), which captures information from both temporal directions. As shown
in Fig. [2] the sequence is processed by forward and backward Mamba branches;
their outputs are fused by addition and refined through a multiplicative skip
connection, enhancing gradient flow and feature preservation. This bidirectional
design improves motion coherence and strengthens music-dance alignment.

Specifically, Selective State Space model (Mamba) incorporates a Selection
mechanism and a Scan module (S6) [11] to dynamically select salient input seg-
ments for efficient sequence modeling. Unlike the S4 model [12] with fixed pa-
rameters A, B, C, and scalar A, Mamba adaptively learns these parameters via
fully-connected layers, enhancing generalization capabilities. Mamba employs
structured state-space matrices, imposing constraints that improve computa-
tional efficiency. For each time step ¢, the input x;, hidden state h;, and output
y; follow:

hy = Athy—1 + By,

11
yr = Cihy, ( )

where A;, By, C; are dynamically updated parameters. Through discretization
with sampling interval A, the state transitions become:

A = exp(AA),
B = (AA) ! (exp(AA) —I)- AB, (12)
hi = Ahy_1 + By,

where (AA)~! denotes the inverse of AA and I is the identity matrix; the scan
module captures temporal dependencies using shared trainable parameters over
time.

Channel-Level Cross-Modal Fusion. Different from conventional cross-attention,
we adopt element-wise addition for channel-level fusion for several reasons: (1)
Music and dance are naturally aligned frame-by-frame, and temporal dependen-
cies have already been fully modeled by BiMamba; (2) 3D dance datasets are
typically small-scale, and the parameter-free addition operation offers stronger
generalization in a non-autoregressive generation setting; (3) The lightweight
approach reduces the parameters and improves efficiency.

4 Experiment

4.1 Dataset

FineDance. FineDance |26] is the largest public dataset for 3D music-to-dance
generation, featuring professionally performed dances captured via optical mo-
tion capture. It provides 7.7 hours of motion data at 30 fps across 16 distinct
dance genres. Following [25], we evaluate on test-set music clips, generating 1024-
frame (34.13s) dance sequences.
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Table 1: Quantitative comparison on Table 2: Quantitative comparison on
dance quality on the FineDance dataset. dance quality on the AIST++ dataset.

| FIDil  FID,4 PSRy | DIVLt DIV, | BAST | FIDiL  FID,L | Divt  Divyt | BAST
Ground Truth - - 0.216 9.94 7.54 0.201 Ground Truth ~ ~ 8.19 7.45 0.237
FACT 27| [ICCV 21| 113.38 97.05 0.284 3.36 6.37 0.183 N . N o o ar
MNET 0] [CVPR22 | 10471 9081 0304 | 312 614 | 0ass DanceNet [60] [TOMM22] | 69.18 2549 | 2.86  2.85 | 0.143
Bailando [37] [CVPR'22] | 82.81  28.17  0.188 7.74 6.25 0.202 FACT [27] [ICCV’21] 35.35 22.11 5.94 6.18 0.221
EDGE [41] [CVPR23] 9434 50.38  0.200 | 813 645 | 0.212 Bailando [37] [CVPR’22] 2816  9.62 | 7.83  6.34 | 0.233
FineNet 20} [ICCV'25] | 65.15 25,81 0.192 ) 584 519 | 0.219 EDGE 41 [CVPR'23| 4216 2212 | 3.96  4.61 | 0.233
Lodge 25| [CVPR’24] 50.00 35.52 0.028 5.67 4.96 0.226
MEGA 47| [NeurIPS'25] | 50.00 13.02 0.243 | 623  6.27 | 0.226 Lodge 25| [CVPR24] 37.09 1879 | 558  4.85 | 0.242
FlowerDance (Ours) 2073 1950 0147 | 842  7.18 | 0.232 FlowerDance (Ours) 20.50 1575 | 6.95  6.52 | 0.227
|DQt DSt DCt |Param| FPS@10%4 FPS@10%t
FineNet [26] |3.72 3.53 3.51 Bailando [37]| 152M 461 673
Lodge [25] 4.09 3.89 4.22 EDGE |41] 50M 372 589
MEGA 47| [4.12 4.23 4.27 FineNet |26] 94M 656 1137
FlowerDance|4.18 4.41 4.33 Lodge [25] 235M 434 884
MEGA [47] 120M 288 340

Table 3: Comparison of User FlowerDance| 63M 2008 4145

study on the FineDance dataset.

Table 4: Comparison on generation efficiency.

AIST++. AIST++ |27] is a widely used benchmark comprising 5.2 hours of 60
fps street dance motion, covering 10 dance genres. Following [27], we use test-set
music clips to generate 1200-frame (20.00s) sequences.

4.2 Quantitative Evaluation

Dance Quality. We evaluate FlowerDance against state-of-the-art (SOTA)
baselines on both the FineDance 26| and AIST++ [27] datasets using a compre-
hensive suite of metrics. For each generated sequence, we report Fréchet Incep-
tion Distance (FID) and Diversity (DIV) across two feature spaces [27,37]: (1)
kinetic (k), capturing motion dynamics, and (2) geometric (g), encoding spa-
tial joint relations. To assess physical plausibility, we compute the Foot Slide
Ratio (FSR) [25,/41]. To measure music-motion synchronization, we utilize the
Beat Alignment Score (BAS) [2527]. On the FineDance dataset (Tab. [I]), Flow-
erDance achieves the best results in FIDy, (29.73), DIV}, (8.42), DIV, (7.18),
and BAS (0.232). It also attains competitive performance in F.SR (0.147) and
FID, (19.59). On the AIST++ dataset (Tab.[2), FlowerDance obtains the lowest
FIDy, (20.50) and the highest DIV, (6.52). It further shows strong performance
in FID, (15.75), DIV}, (6.95), and BAS (0.227). Taken together, these results es-
tablish FlowerDance as a state-of-the-art (SOTA) approach, delivering balanced
and competitive performance across metrics and datasets.

Generation Efficiency. We evaluate generation efficiency from two perspec-
tives: memory footprint (model parameters, Param) and inference speed (frames
per second, FPS). We report FPS for both moderately long (1024 frames, FPS@103)
and ultra-long (10240 frames, FPS@10%) sequences to assess scalability across
generation horizons. All experiments are conducted on a single NVIDIA RTX
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Fig. 3: Qualitative Analysis on a typical Eastern Folk music clip.

3090 GPU with an Intel Xeon Gold 5218 CPU (2.30 GHz). Benefiting from
the BiMamba-based backbone and the MeanFlow-driven generative strategy,
FlowerDance achieves the highest inference speed by a substantial margin while
maintaining a competitive parameter size, only slightly larger than EDGE .
Importantly, the efficiency advantage becomes more pronounced as the sequence
length increases, reaching up to FPS@10* = 4145. This favorable scaling be-
havior makes FlowerDance particularly suitable for real-time and long-horizon
interactive applications.

User Study. Dance’s inherent subjectivity makes user feedback essential for
evaluating generated movements in the music-to-dance generation task. Fol-
lowing , we select 40 in-the-wild music segments (34.13s) and generate dance
sequences using above models. These sequences are evaluated through a double-
blind questionnaire, by 40 participants with backgrounds in dance practice. The
questionnaires are based on a 5-point scale (Great, Good, Fair, Bad, Terrible)
and assess three aspects: Dance Synchronization (DS, alignment with rhythm
and style), Dance Quality (D@, biomechanical plausibility and aesthetics), and
Dance Creativity (DC, originality and range). As shown in Tab. |3} FlowerDance
significantly outperforms all baselines across user-rated metrics (i.e., DQ = 4.18,
DS = 4.41, DC = 4.33). Its high scores in various aspects underscore its supe-
riority in generating movements in terms of human preferences.

4.3 Qualitative Evaluation

Comparison. To assess the visual quality of the generated dances, we conduct
a qualitative comparison between FlowerDance and representative baselines, as
shown in Fig. 3l MEGA seeks to promote diversity, yet its outputs often
appear rigid and suffer from poor foot—ground contact. FineNet produces
motions with a noticeable degree of repetition and sometimes causes the entire
character to drift globally. Lodge [25] attempts to generate complex movements,
but its results frequently contain physically implausible actions, such as unnat-
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ural bending of the torso and unrealistic limb articulations. In contrast, Flower-
Dance produces motions that are natural, diverse, and physically coherent, while
also demonstrating strong aesthetic expressiveness. This superior performance
stems from two main factors: (1) the powerful generative capability of MeanFlow-
based model with the Physical Consistency Constraint, enabling the synthesis of
complex and diverse movements while ensuring generation stability and physical
plausibility; (2) the strong temporal understanding of the BiMamba-based archi-
tecture with Channel-Level Cross-Modal Fusion, enabling coherent long-range
choreography while maintaining alignment with musical cues.

Motion Editing Motion editing is an important step in dance generation, as
it allows users to refine results through interactive control. As shown in Fig. [4]
FlowerDance with soft mask generates smooth and high-quality in-between mo-
tions given start and end clips. Without the proposed time-decayed soft con-
straint, FlowerDance (hard mask) can still produce reasonable motions within
the inpainted segment, but abrupt discontinuities often occur at the transition
boundaries between fixed and inpainted regions, severely compromising the flu-
ency of the generated dance. Details are provided in the supplementary video.

4.4 Ablation Study

Tab. 4-5 summarize the quantitative statistics, while qualitative visualizations
are provided in supplementary video. 1) Generative Model. We compare
MeanFlow against Rectified Flow (RectFlow) [29] and Diffusion [41] under differ-
ent ODE sampling steps, using the same architecture for fairness. We omit BAS
because its unstable jitters can coincidentally align with beats and yield mislead-
ingly high scores. MeanFlow attains state-of-the-art (SOTA) performance with
20 sampling steps, remains near-SOTA at 10 steps, and still produces reason-
able results with only 5 steps; performance collapses at a single step, indicating
one-step generation is an open but promising direction. From visual inspection,
20-step generations are fully stable, 10-step outputs sometimes show minor jit-
ter, and 5-step outputs occasionally exhibit noticeable jitter. However, RectFlow
and Diffusion require 50 steps to reach the quality that MeanFlow achieves with
10 steps. The key reason is that MeanFlow predicts interval-averaged velocity
rather than instantaneous velocity, aligning the training objective with the ODE
updates used at inference and removing the training—inference mismatch present
in RectFlow. Diffusion models rely on progressive denoising to correct errors over
many small steps; in few-step regimes, each update must span a large time in-
terval and, without explicit large-step velocity modeling, denoising effectively
becomes long-range interpolation, producing trajectory mismatches and loss of
fine motion details. Overall, integrating MeanFlow enables FlowerDance to syn-
thesize high-fidelity dances with far fewer sampling steps, thereby significantly
improving generation efficiency.

2) Model Backbone. To evaluate the effect of the trans-temporal backbone, we
compare BiMamba against Mamba, Transformer (II) and Transformer (NAR).
Both II and NAR are trained on 8-second clips; at inference, II iteratively in-
paints to 34.13s, whereas NAR generates the full 34.13s in a single pass with
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| S |FID44 FIDy| FSR ||Divjt Divyt|FPS 1

Ground Truth‘ - ‘ - - 0.216‘ 9.94 7.54 ‘
5129.05 55.96 1.206 | 7.62 6.73 | 3531
3 MeanFlow 10| 26.17 25.00 0.201 | 8.20 7.10 | 2725
20(29.73 19.59 0.147 | 8.42 7.18 | 2008
20[ 49.59 39.65 0.247| 8.18 7.21 | 2275

RectFlow ‘50‘ 33.47 38.81 0.251‘ 7.0l 6.60 ‘ 1066

Fig. 4: Given start (yellow) and end
. e 20[ 66.46 48.25 0.274 | 6.78 .38 | 1462
(red) motions, FlowerDance generates  Diffusion ‘50‘ 32.06 28.44 0,207‘ 875 7.04 ‘ 890
smooth in-between motions with a soft
mask (green), whereas a hard mask Table 5: Effect of the Generative Model un-
(blue) causes teleportation artifacts. der different ODE sampling steps (S) during
inference on the FineDance dataset.

non-autoregression. This setting reflects the practical need for temporal extrap-
olation, as real-world dance production often requires 3-4 minute sequences, far
beyond the maximum continuous duration (1 minute) covered by existing train-
ing data. BiMamba substantially outperforms both alternatives, as it effectively
captures bidirectional dependencies between music and dance, achieving superior
generation quality. Mamba is more efficient but underperforms on metrics and
lacks aesthetic appeal and motion diversity. Transformer (NAR) fails to gener-
alize to long sequences—metrics collapse and outputs degenerate into repetitive
in-place jittering, owing to self-attention’s scale-dependent positional extrapo-
lation. Transformer (II) attains decent metrics (slightly below BiMamba) but
incurs excessive latency; visually, it occasionally exhibits “teleportation,” an in-
herent boundary limitation of inpainting-based approaches. Overall, BiMamba
serves as an effective and efficient backbone for FlowerDance.

3) Cross Modal Fusion. We further investigate the effect of channel-level
cross-modal fusion by replacing the element-wise addition (ADD) with the widely
used cross-attention (CA). Overall, ADD shows some improvements over CA.
In practice, motions generated by CA are also reasonable, but those produced
by ADD tend to align more accurately with musical beats. While the gains are
modest, ADD reduces computational cost and inference time, thereby improving
FlowerDance’s generation efficiency.

4) Physical Consistency Constraint. We analyze the Physical Consistency
Constraint (PCC) via ablation. PCC imposes inductive biases toward physically
plausible kinematics, stabilizing optimization without introducing inference-time
overhead. Without PCC, training fails to converge: metrics become NaN and mo-
tions collapse into invalid sequences with severe temporal jitter and global drift.
Even when retaining only the reconstruction term (w/o. Lpos + Lyel) Or combin-
ing it with the forward-kinematic constraint ((w/o. Lye1)), the model maintains
competitive dance quality, underscoring PCC’s essential role in stabilizing Mean-
Flow optimization.

5) MeanFlow Loss. Removing the MeanFlow Loss L effectively reduces
FlowerDance to a specific Rectified Flow Matching—based generative strategy.
Across all step settings (20/50), its removal results in substantial performance
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Table 6: More ablation study on the FineDance dataset.

| FID,) FID,| FSR{ | Divpt Divyt | BAST | FPS 1

Ground Truth - - 0.216 9.94 7.54 0.201 -

BiMamba — Mamba 39.40 38.93 0.197 8.69 7.07 0.219 2387
BiMamba — Transformer(NAR) NaN NaN NaN NaN NaN NaN 1829
BiMamba — Transformer(IT) 23.29  21.02 0.191 8.04 7.01 0.226 218
Addition — Cross Attention 32.40 24.45 0.194 9.12 6.90 0.229 1463
w/o. PCC NaN NaN NaN NaN NaN NaN 2008
w/o. Lpos + Lyel 37.45 22.56 0.124 8.03 6.32 0.224 2008
w/0. Lyel 25.86 27.41 0.201 8.26 7.44 0.229 2008
w/o. MeanFlow Loss (20-step) 49.59 39.65 0.247 8.18 7.21 0.223 2275
w/o. MeanFlow Loss (50-step) 33.47 38.81 0.251 7.01 6.60 | 0.232 1066
FlowerDance (Full Model) 29.73 19.59 0.147 8.42 7.18 0.232 2008

degradation, highlighting its critical role in stabilizing optimization and improv-
ing generation quality in few step generation setting.

5 Conclusion

In this work, we introduce FlowerDance, an efficient and refined framework for
music-to-dance generation, achieving state-of-the-art performance in both dance
quality and generation efficiency. By incorporating MeanFlow and Physical Con-
sistency Constraints, FlowerDance ensures faithful motion trajectories while re-
quiring only few sampling steps. Moreover, FlowerDance leverages the BiMamba
backbone and Channel-Level Cross-Modal Fusion to construct its model archi-
tecture. Meanwhile, FlowerDance also supports motion editing, enabling users
to interactively refine dance sequences. In future work, we plan to extend Flow-
erDance with text conditioning to enable more flexible dance generation.
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