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Abstract

Generating dance that reflects many aspects of music remains a fundamental
challenge in dance motion synthesis. Existing music-conditioned approaches
formulate the task as beat-level matching, which captures local synchrony but
misses the compositional structure of rhythm, where movement is organized into
global beat units. We argue that musical dance arises from the alignment of
periodicity between motion and music, not from instantaneous beat coincidence.
To address this, we propose PhaseDance, a phase-conditioned framework that
represents dance as a quasi-musical signal on periodic phase manifolds, enabling
unified dance generation across multiple tasks. Alongside this, we ground text
descriptions in fifteen music-correlated metrics derived from Laban Movement
Analysis to capture the qualitative richness of dance that coarse genre labels cannot
convey. Experiments show that PhaseDance produces choreography with stronger
rhythmic coherence and richer expressive understanding than existing models.
Project page: https://meongeun.github.io/phasedance/

1 Introduction

Dance is a long-standing artistic expression whose relationship with music has shifted substantially
over the past century. Whereas classical forms such as ballet and early modern dance often used music
as an accompaniment to narrative or expressive movement [26], twentieth-century choreographers
increasingly treated dance as a visualisation of music [15]. This view is especially evident in
contemporary genres such as hip-hop, locking, and choreographed pop dance, where movement is
tightly aligned with musical rhythm and periodicity.

Beyond Beat Matching. Recent music-conditioned dance generators almost universally focus
on beat-level matching: codebook-based methods such as Bailando [32] learn discrete music-to-
motion mappings; EDGE [37] enforces foot-contact beat alignment; MoMu-Diffusion [41] aligns
beats by contrastive learning; Lodge [19] inserts choreographic primitives at beat positions. These
approaches achieve local synchrony but rarely convey periodicity, because choreography is allocated
in beat units on an 8-count grid [17]: a single movement may occupy two or four beats, and
stylistic phenomena (hip-hop layback, ballet rubato, non-driving jazz accompaniment) systematically
violate one-to-one alignment. Musical dance therefore arises from the alignment of periodicity and
genre identity, not from coincidence at the right beat. We observe that the phase parameterization
of DeepPhase [34], originally proposed for general motion, is particularly well-suited to dance:
contemporary choreography is structured around periodic units of music. We therefore treat dance
itself as a quasi-musical signal and represent it through periodic phase manifolds. The result is a
deterministic phase signal ϕt = (cosSt, sinSt) aligned to the music’s period by construction. The
decoder thus generates motion synchronized to the music’s periodic structure rather than to individual
beat positions.
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Figure 1: PhaseDance. A unified phase-conditioned framework for dance generation and under-
standing. A deterministic phase signal aligned with the music’s period provides rhythmic alignment
in Text-to-Dance (left), serves as a control knob in Dance-to-Dance, where different phase rates yield
rhythmically distinct motions (middle), and supports detailed movement descriptions in Dance-to-Text
(right).

Beyond Action Description. Natural language has been a powerful cross-modal lever in vision
tasks [27, 9, 39, 29], but its potential remains under-exploited for dance. Existing text–dance
annotations consist of shallow categorical labels (e.g., “a person is dancing jazz”) [7, 23, 45]: genre
tags carry too little information to specify fine-grained choreographic intent, leaving the dance itself
effectively under-described. Large-scale general-motion corpora such as HumanML3D [11] cannot
fill this gap either, because the language of choreography differs from that of everyday action—the
dance move running man, for instance, denotes a hip-hop step rather than the literal act of running.
Choreography therefore demands its own descriptive vocabulary.

We address this by grounding text in Laban Movement Analysis (LMA) [16], an established frame-
work for articulating the qualitative dimensions of human movement: energy, weight, timing, and
spatial intent. LMA provides the quantitative descriptors that genre tags lack, and dance is the motion
domain in which these qualitative dimensions are most concentrated. Following the contemporary
view of dance as a visualisation of music, we further pair each LMA descriptor with a corresponding
music feature—vigour with RMS energy, groove depth with swing ratio, and so on—so that the same
adjective (e.g., “high-energy”) carries identical meaning across motion and music. The resulting
vocabulary captures both the qualitative texture of dance and its musical character in a single shared
semantic axis. We additionally use an in-house text–dance dataset (DT corpus) of motion-capture
choreography paired with dance-move annotations and LMA-derived descriptors.

Contributions. We pioneer phase-conditioned dance modeling with PhaseDance, a unified frame-
work that captures periodicity through phase and expressivity through dance-specific text descriptions.
Our contributions are as follows:

• Periodic phase representation for dance. To our knowledge, we are the first to align
phase representations directly to music period, modeling dance as a quasi-musical signal on
music-aligned periodic phase manifolds. This representation enables periodic alignment
between motion and music and explicit user control over choreography through frequency
and phase parameters — in place of the brittle beat-coincidence enforced by prior work.

• Phase-gated network architecture. We inject phase through two complementary
pathways—an interpreted pathway that contextualises phase against the active modality via
cross-attention, and a literal pathway that injects raw phase at three decoder depths—hard-
wiring rhythmic alignment into the network rather than leaving it to be learned implicitly.

• LMA-grounded music-aligned text. We design a text vocabulary built on fifteen LMA
descriptors paired with corresponding music features, allowing text to capture dance expres-
sivity and its musical features.

• Multitask phase-conditioned generation. Through phase-conditioned multitask training,
PhaseDance achieves competitive performance across Text-to-Dance, Dance-to-Text, and
Dance-to-Dance tasks (Dance Prediction and In-betweening).
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2 Related Work

Music-to-Dance Generation. Following AIST++ and FACT [20], music-to-dance has progressed
through codebook-based autoregressive models [32], transformer-diffusion hybrids with editing
capabilities [37], and coarse-to-fine diffusion for long-sequence generation [19, 18]. Recent work
extends toward unified frameworks: TM2D [7] projects music–motion and text–motion data into
a shared latent space; M3GPT [23] integrates all three modalities into a single LLM vocabulary,
decomposing music-to-dance via auxiliary music-to-text and text-to-dance tasks; UniMuMo [40]
encodes motion through a frozen music codebook to enable parallel music–motion generation; Motion
Anything [45] adopts attention-based mask modeling adaptive to input modality. These works have
not explicitly modeled the periodic structure that relates music and motion at a sub-beat resolution.

Text-to-Dance and Dance-to-Text. Both tasks have largely been treated as auxiliaries rather than
primary objectives. Text-to-dance work has relied on either general motion datasets [11] without dance
specialisation [7], or genre-level descriptions such as “a person is dancing Jazz” [23, 40]. Motion
Anything [45] attempts text–music–dance triples from Motion-X [22], but its text describes body-part
movements rather than rhythmic or structural choreographic qualities. Recent dance-specific corpora
provide richer vocabularies: DanceCrafter [42] annotates motion with a choreographic syntax of
fine-grained body-part, spatial, and directional specifications, and MDD [13] pairs duet dances with
descriptions of body movements and spatial relationships between dancers. These vocabularies
describe the content of the movement, whereas ours describes its musical and choreographic qualities.
Dance-to-text shows the same pattern: M3GPT and UniMuMo treat captioning as a secondary task
limited to genre-level descriptors, leaving fine-grained attributes (rhythm, intensity, spatial patterns)
unaddressed.

Phase representations. The Periodic Autoencoder (PAE) of DeepPhase [34] encodes local motion
rhythm as a low-dimensional 2-D phase manifold via a learned fixed-window encoder, and has since
been extended in several directions: PhaseBetweener [33] and RSMT [36] apply phase manifolds
to motion in-betweening; DiffusionPhase [38] diffuses phase latents under text conditioning; and
TransPhase [2] replaces PAE’s fixed-window convolution with a transformer-based action-centric
encoder (ACT-PAE) and operates compositional diffusion within the resulting phase latent space.
While previous works treat phase as a generic property of kinetic data, learned without reference to
any external rhythmic signal, we are the first to align phase directly to music by construction and to
specialise the resulting representation for dance, where the periodicity between motion and music
is itself a defining property of the genre. Operating deterministically on the kinetic velocity curve
further removes the need for a separate phase-encoder training stage and makes the phase signal
directly comparable across music-paired and music-free clips.

3 Dance Representation

We translate the two-axis claim of Section 1— periodicity and expressivity—into two concrete
representations consumed by our model: (i) a deterministic phase signal that encodes when dance
moves with music, and (ii) an LMA-grounded text vocabulary that encodes how the dancer expresses
it, in vocabulary aligned with music features.

3.1 Music-Aligned Kinematic Phase

Given a motion sequence J ∈ RT×22×3, we extract a continuous phase signal ϕt = (cosSt, sinSt) ∈
S1 aligned to the music’s beat structure. The pipeline has three steps:

1. Kinetic curve. A smoothed velocity curve vt is obtained by averaging inter-frame joint displace-
ments over all 22 SMPL joints, followed by median and Gaussian filtering.

2. Beat selection. Local minima of vt form candidate beats. We select an optimal beat chain by
dynamic programming, matching the chain’s period to the paired music BPM (or an FFT-based
estimate when audio is unavailable). Multipliers m ∈ {1, 2, 12 ,

1
4 , 4} accommodate half-time,

double-time, and off-beat phrasings.
3. Phase synthesis. Within each beat segment [bk, bk+1), the shift angle St sweeps linearly 0→ 2π

and is projected onto the unit circle.

3



The result is a frame-level phase signal ϕt aligned with the music’s period, restarting at each selected
motion beat, and defined for every clip (music-paired or not), enabling uniform multi-corpus training
without any encoder-training stage. Full equations and pseudocode are in Appendix A.

3.2 LMA-Grounded Dance Description

To ground language in music-aligned semantics, we build our text vocabulary on Laban Movement
Analysis (LMA) [1], a movement description framework organised into four categories (Body, Effort,
Shape, and Space). We instantiate this taxonomy as a set of numerical movement descriptors and
pair each with a corresponding musical feature, so that every tag captures a movement quality that
listeners can also perceive in music: vigour co-varies with RMS energy, groove depth with swing
ratio, and so on (full correspondence in Table 13, Appendix H).

Each clip’s annotation is decomposed into four orthogonal layers: genre, movement, description, and
texture. The genre, movement, and description layers are read from per-corpus annotations, while
the texture layer is computed deterministically by our LMA extractor, removing any dependence
on hand-labelling for the music-aligned component. Each descriptor is normalised to [0, 1] and
discretised into 3–4 categorical tags, yielding a unified vocabulary of adjectives.

Because every adjective is grounded in kinetic geometry rather than corpus-specific labelling con-
ventions, it carries musical meaning across HumanML3D, AIST++, DanceDB, and the in-house DT
corpus. The same vocabulary therefore serves as the input space for Text-to-Dance and the target
space for Dance-to-Text, providing a single cross-modal channel through which text can encode
musical features even when audio is absent at inference.
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Figure 2: PhaseDance architecture. Phase ϕ feeds two pathways: (interpreted) PCCA queries
the modality context to produce modality-grounded phase semantics; (literal) raw ϕ is injected at
three decoder depths—input embedding, phase-gated MoE FFN, and multi-expert output head. Four
tasks share the same decoder, differing only in the active encoder branch (frozen T5 for text, motion
encoder Em for motion).

4.1 Overview and Design Principles

PhaseDance is a multitask framework that addresses four dance generation and understanding tasks —
Text-to-Dance (TP2M), Dance Prediction (MP2M), In-betweening (IB), and Dance-to-Text (M2T)
— within a unified encoder-decoder network (Figure 2). We adopt T5-small [28] as our multi-task
backbone, leveraging its text-to-text formulation to unify diverse motion-language tasks under a
single autoregressive objective. To bridge the continuous motion domain and the discrete token space
required by T5, we tokenize motion with a Motion VQ-VAE [43], which maps motion resampled
to 50 Hz to discrete codebook indices without temporal downsampling. Rhythmic state is obtained
from a phase extractor pipeline, providing the phase signal ϕt = (cosSt, sinSt) used throughout the
decoder.
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The network comprises two input branches that preserve the priors of each modality. The language
branch reuses a frozen T5-small encoder together with its shared input embedding and LM head,
retaining the pretrained linguistic prior for both TP2M conditioning and M2T generation. The motion
branch is handled by a separately-parameterized encoder Em that operates directly on VQ-VAE
motion tokens; crucially, motion is not remapped into the language space, so the motion codebook
geometry is preserved.

Alongside the two branches, the phase signal ϕt serves as a continuous rhythmic anchor that obviates
explicit beat alignment. It enters the decoder through two complementary pathways. An interpreted
pathway, implemented by Phase-Context Cross-Attention (PCCA), queries the active modality context
so that phase takes on a modality-specific role. A literal pathway injects the raw phase (cosSt, sinSt)
at three decoder depths to supply per-frame rhythmic state. Together, the two pathways give four
phase-injection points. During training, the T5 encoder and the Motion VQ-VAE codebook remain
frozen; the decoder, the motion encoder Em, and the newly introduced phase-aware components are
updated.

4.2 Phase Conditioning Mechanisms

4.2.1 Interpreted Phase via PCCA

The interpreted pathway addresses the question: how should phase function in the current modality?
The answer differs by modality, and even within text it depends on what the prompt specifies: when
the text names a concrete movement with clear rhythmic structure (e.g., “Roger Rabbit”), phase
carries that rhythm directly; when the text is more abstract (e.g., “hip-hop dance”), phase instead
plays a supporting role that helps realize the described expression. Under motion conditioning, phase
consistently serves as a user control knob for dictating the rhythmic continuation. To handle this
context-dependent behavior, we propose Phase-Context Cross-Attention (PCCA), which lets phase
query the modality context so that the encoder shapes phase semantics rather than passing them fixed
to the decoder. Phase ϕ is first embedded through an MLP φemb to obtain H raw

ϕ ∈ RT×d, which then
attends to the active encoder context Hc :

H ′ = H raw
ϕ + MHA

(
LN(H raw

ϕ ),LN(Hc)
)
, H fused

ϕ = H ′ + FFN
(
LN(H ′)

)
. (1)

The modality-interpreted phase is concatenated with Hc to form the encoder memory Henc =
[Hc;H

fused
ϕ ] that the decoder cross-attention consumes. PCCA binds phase to its modality context at

the encoder, which also prevents modality conflict in the decoder; without it, the decoder would have
to learn this binding implicitly from a flat concatenation of raw phase and modality features.

4.2.2 Literal Phase: Three Decoder Injections

While PCCA provides modality-grounded phase semantics on the encoder side, the decoder addition-
ally needs per-frame rhythmic state for autoregressive token prediction. We inject the raw phase at
three decoder depths. Each decoder block contains N=4 FFN experts and E=8 output-head experts.

(i) Decoder input embedding. The teacher-forcing input at frame t is augmented with phase:

hdec-in
t = Embm(mt−1) + φemb(ϕt), (2)

where hdec-in
t is decoder hidden state before the block, mt−1 is the previously generated motion token,

and φemb(·) is a learned phase embedding.

(ii) Phase-gated MoE feed-forward. The dense FFN sublayer of every decoder block is replaced
with a phase-gated Mixture-of-Experts:

MoE(ht;ϕt) =

N∑
i=1

gi(ϕt) ·W out
i ReLU(W in

i ht), (3)

with N=4 experts and a softmax gate g(ϕ)=softmax(MLP(ϕ)) ∈ ∆N that routes each frame by its
phase. All experts are initialised from the pretrained T5 FFN weights: the first exactly, and the others
with the same weights perturbed by Gaussian noise (σ=0.01).
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(iii) Phase-gated multi-expert output head. The output projection is replaced by a phase-gated
multi-expert head:

p̂(mt | ·) = softmax
( E∑
j=1

g′j(ϕt)W
head
j hdec-out

t

)
, (4)

with E=8 expert heads. hdec-out
t represents decoder hidden state after the block. Phase thus modulates

the output token distribution directly, beyond its effect through the FFN.

Coordinated effect. The three injections modulate complementary aspects of generation: the input
embedding shifts the per-frame token representation, the MoE gate selects rhythm-specialised expert
sub-networks, and the output head re-weights the token distribution. When phase is unavailable, as in
M2T, the MoE reduces to a uniform average of the N experts, and the multi-expert motion head is
bypassed in favour of T5’s pretrained LM head. This is what allows M2T to share the same decoder
without architectural surgery.

4.2.3 Windowed Causal Self-Attention

Because phase already provides the rhythmic anchor, we restrict self-attention to a local causal
window covering the current token and the W=4 preceding ones; attending to the full history would
let past frames, rather than the phase, dictate the timing of the generated motion:

Mask(t, s) =

{
1 0 ≤ t− s ≤W,
0 otherwise.

(5)

The window is enabled for all motion-generation tasks (TP2M, MP2M, IB) and automatically disabled
for M2T, where long-range textual coherence is necessary.

4.3 Multi-Task Unification

PhaseDance handles four tasks under a unified network by routing inputs through its two encoder
branches and a shared phase-conditioned decoder. Table 1 summarises the routing. Per-task protocol
details, and decoding hyper-parameters (top-k, top-p, beam) are provided in Appendix D.

Table 1: Task routing in PhaseDance. All tasks share the same decoder and FFN experts; the
experts are phase-gated for phase-conditioned tasks and uniformly averaged for the phase-free task,
which uses T5’s pretrained LM head instead of the multi-expert head.

Task Encoder branch FFN route Output head Window

TP2M Frozen T5 enc phase-gated experts phase-gated experts on
MP2M TrainableEm phase-gated experts phase-gated experts on
IB TrainableEm phase-gated experts phase-gated experts on
M2T TrainableEm uniform avg. of experts T5 LM head off

PhaseDance is trained end-to-end on a weighted sum of the four task losses (token-level cross-
entropy on predicted motion tokens for the three motion-generation tasks; the standard T5 conditional
language-modelling loss for M2T):

L =
∑
τ λτLτ , λTP2M=λMP2M=1.0, λIB=0.8, λM2T=0.1. (6)

5 Experiments

5.1 Experimental setup

5.1.1 Training and Evaluation Dataset

We train on the union of HumanML3D [11] (free-form action clips), AIST++ [20] (1,408 chore-
ographies in 10 genres, paired music), DanceDB [35], and the in-house DT corpus, evaluating each
task on AIST++. AIST++ evaluation follows the 5-second-slice convention of EDGE [37]. DT is
a freestyle hip-hop dance dataset comprising 926 motion clips (1,852 with mirrored augmentation)
paired with 3 music tracks. The dataset covers 31 distinct hip-hop street dance movements. We use
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1,502 / 109 / 100 clips (including mirrored copies) for training / validation / test. Motion is tokenised
by a 1-codebook, 1024-entry VQ-VAE pre-trained from scratch on the union; the phase signal is
produced by the pipeline in Section 3.1. DT corpus details are in Appendix E.

Inference-time phase modes for dance generation. For dance generation, we evaluate two
inference-time phase modes that differ only in how ϕt is supplied at test time. synthesis_phase is
the deployment setting: ϕt is synthesised around a nominal tempo, so it is available for any input,
including when no paired music exists. gt_phase is an oracle setting: ϕt is the phase extracted from
the ground-truth test motion, which is unavailable at generation time. Because the extraction aligns
the beat chain to the paired music (Section 3.1), gt_phase is the setting in which the phase carries
the music’s period; it is used to upper-bound the contribution of phase. Both modes share a single
trained checkpoint.

5.1.2 Evaluation Metrics

We assess our model with three groups of metrics. For motion realism we use FID (↓) and Diversity
(DIV,→, since both mode collapse and unconditioned drift are pathological), computed on kinetic
(FIDk, Divk) and geometric (FIDg, Divg) features following AIST++ [20], and ADE / FDE (↓, MP
and IB only). For text alignment on Dance-to-Text we use the M2T evaluator [12] (inheriting
HumanML3D’s t2m contrastive encoder) and report R-Precision @1 / 2 / 3 (↑), Bleu-1 / 4 (↑), Rouge-
L (↑), CIDEr (↑), and BertScore (↑). For rhythmic alignment we use the Beat Alignment Score
(BAS,→) [32], computed throughout with BeatNet [14] as the music-beat source and local minima
of smoothed kinetic velocity as the motion-beat source; the choice of BeatNet over librosa-style
heuristics is motivated in Appendix F. Most musical dance aligns with the periodicity of the music
and with genre-specific rhythmic patterns, rather than with individual beats. Mean BAS, which
rewards beat-level coincidence, captures neither. A perceptual study (Appendix G) confirms that
viewers judge rhythm along these two axes. When the motion’s period matches the music, viewers
see no difference from the original even after BAS collapses from 0.59 to 0.19. When periodicity
and beat alignment disagree, viewers side with periodicity (111 to 3); across these comparisons, BPS
predicts the viewers’ choice in all three cases and BAS in none. Viewers’ ratings of how precisely
each genre lands on the beat also track the ground-truth per-genre BAS profile (Pearson r=0.81). We
therefore propose the Beat Periodicity Score (BPS) and the BAS–Genre Correlation Score to capture
rhythmic alignment beyond beat matching.

Beat Periodicity Score (BPS). BAS measures beat alignment—whether motion beats fall close to
individual music beats. Musical dance, however, also requires period matching: motion should
pulse at the same tempo as the music, even when individual beats drift in and out of alignment. We
therefore introduce BPS, a complementary metric that scores tempo agreement between motion and
music. Given motion beats {mi} (local minima of smoothed kinetic velocity) and music beats {bj}
(BeatNet output), we estimate periods as Tmotion = median(∆m)/fps and Tmusic = median(∆b)/fps,
converted to BPM. To accommodate stylistic doubling (e.g., a dancer halving the music’s tempo), we
admit harmonic ratios h ∈ {1, 2, 12 , 4,

1
4 , 3,

1
3} and compute the best-matched relative error

e = min
h

∣∣∣∣ BPMmotion

h · BPMmusic
− 1

∣∣∣∣ . (7)

The score follows a Gaussian on e: BPS = exp
(
− e2

2σ2

)
, σ = 0.2, yielding a value in [0, 1].

Beat Alignment Score (BAS) Genre Correlation Score. We compute BAS per genre across the 10
AIST++ genres, yielding a 10-dimensional per-genre BAS vector for each model. We then report
three statistics that measure the agreement between each model’s vector and the ground-truth vector:
the Pearson coefficient (r, ↑), the Spearman coefficient (ρ, ↑), and the mean absolute error (MAE,
↓). A model with uniformly high but flat per-genre BAS attains weak or even negative correlation,
exposing the genre-blindness that mean BAS hides.

5.2 Dance Generation Evaluation: Beyond Beat Matching

5.2.1 Text-to-Dance Task

Text-to-Dance exceeds Music-to-Dance in rhythmic alignment. While its motion quality is
competitive rather than best-in-table, our Text-to-Dance model attains the strongest BAS–Genre
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Table 2: Integrated comparison of Music-to-Dance and Text-to-Dance on AIST++. Bold and underline
mark the best and second-best within each task block. “–” denotes results not reported.

Motion Quality Motion Diversity BAS Genre Correlation

Method FIDk ↓ FIDg ↓ Divk→ Divg→ BAS→ BPS↑ Pearson↑ Spearman↑ MAE↓

Ground Truth 17.10 10.60 8.19 7.45 0.24 0.86 1.00 1.00 0.00

Music-to-Dance
EDGE [37] 42.16 22.12 3.96 4.61 0.23 0.63 0.21 0.12 0.09
Lodge [19] 37.09 18.79 5.58 4.85 0.24 0.67 −0.12 −0.01 0.07
FACT [20] 35.35 22.11 5.94 6.18 0.22 0.66 0.05 −0.10 0.06
Bailando [32] 28.16 9.62 7.83 6.34 0.23 0.65 0.39 0.49 0.05
TM2D [7] 23.94 9.53 7.69 4.53 0.21 0.68 −0.47 −0.53 0.08
LMM [44] 22.08 21.97 9.85 6.72 0.22 0.70 −0.23 −0.36 0.07
UDE [46] 17.25 8.69 7.78 5.81 0.23 0.67 0.14 0.10 0.07
UniMuMo [40] (music) – – 10.68 10.35 0.24 – 0.07 0.03 0.07

Text-to-Dance
UniMuMo [40] (text) – – 9.14 9.37 0.25 – 0.18 0.32 0.10
Ours (synthesis_phase) 24.53 11.37 6.30 7.14 0.20 0.67 0.76 0.52 0.03
Ours (gt_phase, oracle) 22.61 9.03 8.39 7.07 0.22 0.73 0.47 0.73 0.05

Table 3: Dance Prediction and In-betweening on
AIST++. Bold/underline: best/second-best, exclud-
ing the last two rows (phase ablations: constant phase,
phase pathway disabled).

Dance Prediction Dance In-betweening

Model FID↓ DIV→ ADE↓ FDE↓ FID↓ DIV→ ADE↓ FDE↓

Ground Truth – 2.320 – – – 2.301 – –

EDGE [37] 8.936 1.954 5.495 5.425 5.086 1.484 5.156 5.508
Lodge [19] 1.949 1.403 1.917 2.156 2.136 1.382 1.875 1.934
Bailando [32] 0.973 2.552 4.930 4.999 0.612 1.936 4.952 5.019
MoMask [10] 8.731 2.599 4.154 5.595 9.808 2.600 3.846 5.162
LMM [44] 5.379 2.126 6.547 8.856 3.393 2.357 6.197 7.230

Ours (synthesis_phase) 2.077 2.315 2.952 4.127 1.534 2.392 2.735 3.070
Ours (gt_phase, oracle) 2.975 2.682 2.992 4.239 2.513 2.801 2.734 3.131

Ours (constant phase) 6.248 3.414 3.062 3.726 4.737 3.419 2.731 3.065
Ours (no phase) 3.190 1.804 4.307 9.591 3.291 1.652 2.805 3.529

Table 4: Dance-to-Text on AIST++. Re-
trieval uses the M2T evaluator [12], whose
text encoder is trained on HumanML3D;
caption similarity compares each gener-
ated caption with the ground-truth captions.
Bold: best among trainable models.

Retrieval (t2m evaluator) Caption similarity (vs. GT)

Model R@1↑ R@2↑ R@3↑ B@1↑ B@4↑ R-L↑ CIDEr↑ BS↑

Real (GT caption) 0.063 0.156 0.281 — — — — —

UniMuMo [40] 0.094 0.125 0.250 45.50 7.20 33.30 12.80 29.87
Ours (without desc) 0.125 0.156 0.219 57.20 24.80 50.20 20.30 34.75
Ours (with desc) 0.063 0.188 0.250 55.76 23.93 62.84 70.58 35.42

Correlation in the table, ahead of every music-conditioned baseline. Text and phase share this role: the
text carries part of the genre-specific rhythm through the genre and LMA-grounded vocabulary, and
the phase pathway realises it in motion. The period, in contrast, relies more on the phase. Under the
deployment setting, BPS (0.67) is already on par with the music-conditioned baselines (0.63–0.70),
and when the phase carries the music’s period, under the oracle setting (gt_phase), it rises to the
highest value in the table (0.73), showing that the generated motion follows the period supplied
through phase. Despite consuming no audio input, our text-conditioned model thus reproduces the
genre-specific rhythmic profile more faithfully than the music-conditioned baselines and the music’s
period comparably to them.

5.2.2 Dance Prediction and Dance In-betweening Tasks

When the context is motion itself—a prefix (MP2M) or prefix-suffix pair (IB)—phase plays a role:
explicit user control over the rhythmic character of the continuation. Unlike linguistic context, which
can encode rhythm through LMA-grounded descriptors and movement, a motion prefix carries the
rhythm of what has been performed so far but leaves open how the continuation should proceed.
Phase is the channel through which the user dictates the rhythm of the continuation.

Phase as control knob. In Table 3, our model under synthesis_phase achieves competitive
performance on both tasks, with diversity closest to the ground truth on MP; Lodge attains lower
trajectory error but at a much lower diversity (MP DIV 1.40 vs. GT 2.32). The generated motion is
steered by the phase it is given. Without phase, the motion collapses: MP ADE rises from 2.95 to
4.31, FDE from 4.13 to 9.59, and diversity drops to 1.80. Supplying the same phase value at every
frame breaks the dance as well, raising FID from 2.08 to 6.25 on MP and from 1.53 to 4.74 on IB.
The model therefore relies on a varying phase rather than ignoring it, which allows phase to serve as
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an explicit knob for the rhythmic character. We illustrate this in Figure 4, where varying ϕ from a
fixed prefix produces visibly different rhythmic continuations; full qualitative evaluation, including
phase-control results and SOTA comparisons, is provided in Appendix J.

5.3 Dance Captioning Evaluation: Beyond Action Description

We compare with UniMuMo [40], the only released motion-to-text model on dance choreography.
To probe the contribution of the layered captions (Section 3.2), we additionally include two variants
of our model that differ in their training captions: Ours (without desc) is trained on each corpus’s
original caption sentences, one at a time, so that each caption conveys a single piece of information (a
genre, a movement name, or a short motion description); Ours (with desc) is trained on captions that
compose the genre, movement, description, and texture layers into a single sentence (Appendix H.2).
Results are in Table 4.

The two metric groups in Table 4 should be read differently. R-Precision asks the M2T evaluator to
retrieve the matching caption for each motion from a pool of 32 captions (1 match and 31 distractors).
Because the evaluator’s text encoder was trained on HumanML3D’s action-level captions, it separates
dance vocabulary poorly: even the ground-truth captions (“Real”) reach only R@1 = 0.063, twice
the random baseline of 1/32. R-Precision therefore has a low ceiling for dance captions, and its
differences between models are small. BLEU, ROUGE-L, CIDEr, and BertScore, by contrast,
compare each generated caption against the ground-truth captions and serve as our main basis for
comparing models. Since they are trivially perfect on the “Real” row, we leave that row blank.

LMA-grounded layers enrich captions. The with-desc variant clearly outperforms the without-
desc variant on ROUGE-L (62.84 vs. 50.20) and CIDEr (70.58 vs. 20.30), with BLEU and BertScore
on par. Because the training captions bind the genre, the movement name, a motion description, and
LMA-grounded texture vocabulary together, the model learns to describe a clip along these axes at
once rather than one at a time, which raises the overlap with the reference content. Both variants
also outperform UniMuMo on every caption-similarity metric (e.g., BLEU-4 24.80 and 23.93 vs.
7.20), despite UniMuMo’s larger language backbone (T5-base [28]). R-Precision stays within the
evaluator’s low ceiling for all models. This empirically supports the design claim of Section 3.2: the
layered captions, including the LMA-grounded vocabulary, appear on both the Text-to-Dance and
Dance-to-Text sides and enhance the expressivity of both tasks.

5.4 Ablation Study

Table 5: Ablation on Every Component
(AIST++, synthesis_phase). Bold marks the
best value among the variants.

Motion Quality Motion Diversity

Variant FIDk ↓ FIDg ↓ Divk→ Divg→

Ground Truth 17.10 10.60 8.19 7.45

PhaseDance (full) 24.53 11.37 6.30 7.14
Multi-task→ single-task 27.77 16.72 4.41 7.51
Windowed attn (W=4)→ full causal 36.98 28.23 4.40 8.19
Multi-expert head→ standard proj. 38.83 20.62 4.78 7.95
Phase-gated MoE→ single FFN 55.06 33.26 2.75 6.09
PCCA→ simple concatenation 80.44 55.01 1.71 3.04

Table 6: Per-task phase-mode comparison
(AIST++, BAS–Genre Correlation). Bold marks
the better phase mode within each task.

Task Phase BAS Genre Correlation

Pearson ↑ Spearman ↑ MAE ↓

Music-to-Dance synthesis_phase −0.10 −0.07 0.11
gt_phase, oracle 0.76 0.67 0.05

Text-to-Dance synthesis_phase 0.76 0.52 0.03
gt_phase, oracle 0.47 0.73 0.05

Dance Prediction synthesis_phase 0.50 0.50 0.05
gt_phase, oracle 0.63 0.75 0.05

Table 5 isolates each architectural component on Text-to-Dance: every variant replaces one component
with a simpler alternative and is retrained from scratch. We additionally train the full model on
Text-to-Dance alone to assess the effect of multi-task training. The music-conditioned rows of Table 6
come from an optional Music+Phase-to-Motion (MuP2M) finetune of the model (Appendix D.1).

Every component contributes, PCCA most. Replacing PCCA with simple concatenation raises
FIDk to 80.44, the largest degradation among the variants, and collapses diversity (Divk 1.71).
Replacing the phase-gated MoE with a single dense FFN, which removes phase-conditioned routing
along with the expert capacity, raises FIDk to 55.06; the gate partitions the beat cycle into contiguous
arcs across experts (Appendix D.3). Full causal attention keeps the parameter count unchanged
and widens the context, yet FIDk rises to 36.98. Replacing the phase-conditioned output head with
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a standard projection raises FIDk to 38.83. Restricting attention to the local neighbourhood and
routing by phase both matter, beyond the amount of capacity available. Training on Text-to-Dance
alone instead of all four tasks also raises FIDk to 27.77 and FIDg to 16.72 and lowers Divk to 4.41,
indicating that multi-task training benefits generation.

What PCCA actually learns: context-dependent phase semantics. The per-modality results in
Table 6 reveal that PCCA reinterprets phase along a spectrum of dependence that varies with the
conditioning modality. Under music conditioning, phase is fully load-bearing: the model collapses
without the ground-truth phase (r = −0.10 with synthesis_phase) and recovers only when the
test-time phase exactly matches the music (r = 0.76 with gt_phase). This suggests that, when
music and phase are trained jointly, phase largely takes over the role of the music’s rhythm, as the
model reaches its performance only when the correct phase is given. Under motion conditioning, the
prefix already internalises rhythm (r = 0.50 with synthesis_phase, r = 0.63 with gt_phase),
showing that motion carries its own rhythmic prior, while the model still treats phase as a requirement
for the continuation (Table 3). Under text conditioning, the prompt itself carries rhythmic information
to varying degrees (e.g., through the genre, movement names, and LMA-grounded descriptors), and
phase complements it: both synthesis_phase and gt_phase reproduce the genre-wise rhythmic
alignment of the ground truth (Pearson r = 0.76 and 0.47, Spearman ρ = 0.52 and 0.73). The same
architecture thus positions phase along a load-bearing-to-auxiliary spectrum that tracks how much
rhythmic information each modality already carries on its own.

6 Conclusion

Modern choreography frames dance as a visualisation of music, in which the dancer’s role is to
express the musical rhythm — not merely to step on the beat. We have presented PhaseDance, the
first phase-aware, text-augmented multi-task model that operationalises this view for dance modeling.
The combination of (i) deterministic, music-aligned phase extraction, (ii) Laban-grounded texture
tags paired with music features and shared across corpora, and (iii) a phase-conditioned unified
architecture allows a single model to handle all four tasks (Text-to-Dance, Dance-to-Text, Dance
Prediction, and Dance In-betweening). PhaseDance provides a reference architecture that treats
rhythm and an LMA-grounded vocabulary of dance expressivity as structural inductive biases in
motion–language models. It also offers a way to evaluate dance generators that captures both the
rhythmic identity of dance and its alignment with music, in agreement with human perception.

Limitations and future work. Although PhaseDance is trained on multiple corpora, the in-house
DT motion-capture data cannot be publicly redistributed for institutional-ownership reasons (Ap-
pendix E), and our BAS-based metrics inherit residual error from the BeatNet beat tracker (Ap-
pendix F). Both phase extraction and generation are robust to typical errors, such as small tempo
misestimates or local timing deviations (e.g., rubato), but errors well beyond this range can propagate
to the generated motion (Appendices B and C). Future work will extend the framework along two
axes: (i) unifying music conditioning into the multi-task pipeline as more paired music–motion data
becomes available, building on the optional MuP2M finetune of Appendix D.1; and (ii) promoting
the amplitude channel At to an additional control knob alongside phase. Since the choreographically
central rhythmic information lives in frequency and phase, this work concentrates the model on Ft
and St and leaves At extracted but unused, although it naturally captures the dynamic intensity of the
motion.
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Appendix

A Phase Extraction Details

Algorithm 1 gives the full ABFS pipeline producing the deterministic 5-channel signal
Ψt=(At, Bt, Ft, St, Ot) of amplitude, bias, frequency, and phase shift (ABFS), plus an activity
mask. From a motion clip resampled to 60 Hz, we recover 22-joint positions via the RIC inverse
and form a smoothed mean inter-frame joint-displacement curve vt (median-3 followed by Gaussian
σ=1). Local minima of vt are taken as candidate motion beats; of any two minima closer than bf/6c
frames, only the deeper one is kept. A uniform-chain DP then selects the longest beat subsequence
whose consecutive gaps lie in [(1−δ)mτ?, (1+δ)mτ?] (δ=0.2), breaking ties by the squared devia-
tion from mτ?. The target period τ? is the median inter-beat interval of the paired music (BeatNet
beats); for unpaired clips it is the dominant FFT peak of vt, folded into 40–240 BPM by integer ratios.
Multipliers m ∈ {1, 2, 12 ,

1
4 , 4} are tried in this order to absorb half- or double-time mismatches.

Within each chain segment, St sweeps 0 → 2π linearly, and At and Bt are the within-segment
(max−min)/2 and mean of vt; Ft is fixed at F̄=f/∆β over the whole clip. Outside [β1, βK ], St
is extrapolated linearly with slope F̄ . A binary stillness mask Ot zeroes frames in low-velocity
runs (vt<5×10−4 for ≥ 0.5 s). Finally, Ψ is linearly resampled from 60 to 50 Hz to match the
motion-token rate. Extraction fails, and the clip is discarded, when no multiplier yields a valid
chain, or, for unpaired clips, when the FFT peak is weak (peak-to-mean power ratio below 3) or
the clip is shorter than 2 s. The result is a periodic phase signal aligned with the music, extracted
deterministically without any learned component or encoder-training stage.

Algorithm 1 ABFS extraction.
Require: Motion M ∈ RT0×263 at source fps fs; target fps f=60; tolerance δ=0.2; multipliers
M={1, 2, 12 ,

1
4 , 4}; optional music beats Bmus; stillness (ε, Ls)=(5×10−4, 0.5 s).

Ensure: Ψ∈RT×5=(At, Bt, Ft, St, Ot).
1: M ← Resample(M,fs→f); J ← RIC−1(M) ∈ RT×22×3
2: vt ← 1

22

∑22
j=1 ‖Jt+1,j−Jt,j‖2; v ← Gaussσ=1(Med3(v))

3: b← LocalMin(v), pruned to deeper-of-pair within bf/6c frames
4: if Bmus given then τ? ← f ·med(∆Bmus)
5: else τ? ← FFTPeak(v) folded to [40, 240] BPM
6: end if
7: β ← ⊥
8: for m ∈M in priority order do
9: β ← longest sub-chain of b with gaps in [(1±δ)mτ?] minimising

∑
(gap−mτ?)2 (DP)

10: if β 6= ⊥ then break
11: end if
12: end for
13: F̄ ← f/∆β; Ft ← F̄ ∀t
14: for each segment [βk, βk+1) do
15: St ← linspace(0, 2π, βk+1−βk)
16: At ← 1

2 (max−min) v[βk,βk+1); Bt ← v[βk,βk+1)

17: end for
18: Extrapolate St with slope F̄ outside [β1, βK ]; replicate A,B with boundary values
19: Ot ← 0 on every maximal run with vt<ε lasting ≥ Ls ·f frames; else Ot ← 1
20: return Ψ=stack(A,B, F, S,O), with S resampled f→50 Hz to the motion-token rate

B Robustness of Beat-Chain Phase Extraction

The phase pipeline of Section 3.1 has three stages. Two rely on established methods: motion-beat
candidates use the standard definition (local minima of smoothed kinetic velocity), and music beats
are not estimated by us but delegated to BeatNet [14]. Beat-chain selection is ours, so we instrument
Algorithm 1 and run it over every corpus in Table 7.
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Extraction across corpora. Table 7 reports, for each corpus, the share of clips for which a beat
chain forms and the share that resolves at multiplier m=1, the ratio of motion period to music beat
period at which the dancer strikes once per music beat. Since m is defined against the music beat
period, it applies only to the music-paired corpora; for HumanML3D the target period is taken from
the velocity spectrum instead.

Table 7: Beat-chain extraction across corpora. Extraction success is the share of clips for which
Algorithm 1 returns a beat chain; m=1 is the share that resolves at a unit multiplier. For DT, clips
counts the 926 original clips plus 260 slices, excluding mirrored copies.

Corpus Music Role in training Clips Extraction success m=1

AIST++ paired dance 2,900 100% 99.3%
DT (ours) paired dance 1,186 100% 100%
HumanML3D none motion quality 14,614 94.4% –
FineDance paired held out 203 100% 100%

On AIST++ and DT the chain forms for every clip: the failure cases (too few velocity valleys, no
music beats, or no admissible chain) occur zero times, and nearly every clip resolves at m=1. The
0.7% of AIST++ clips that need a fallback concentrate in Street Jazz, where 5.9% of clips resolve at
a non-unit multiplier, against 0% in seven of the ten genres. Street Jazz also has the highest stillness
(10.2%) and the shortest chains (6.0 beats). Every fallback moves toward slower motion (m=2 or 4
rather than 1

2 or 1
4 ), which corresponds to the non-driving-accompaniment case discussed in Section 1.

HumanML3D, by contrast, yields a recoverable period for only 94.4% of clips. This contrast supports
the premise of our phase representation: dance, unlike general motion, is built on the periodicity of
the music. FineDance, which we do not train on, also extracts at 100%, all at m=1. Across three
independent music-paired corpora, choreography consistently sits on a recoverable period.

Robustness to a wrong tempo estimate. Music enters Algorithm 1 at a single point, the target
period taken from BeatNet. We therefore perturb that value directly, scaling it by 1+δ, and re-run
chain selection over all 2,900 AIST++ clips (Table 8).

Table 8: Beat-chain selection under a perturbed tempo estimate on all 2,900 AIST++ clips.
Chain unchanged is the share of clips whose selected chain is identical to the unperturbed one;
extracted-period error is the mean relative change of the extracted period.

|∆ BPM| Chain success Chain unchanged Multiplier changed Extracted-period error

2% 100% 71.6% 0.0% 1.5%
5% 100% 42.0% 0.1% 3.9%
10% 100% 17.9% 0.3% 7.2%
20% 99.9% 2.3% 0.8% 17.7%

A 2% error leaves the chain identical for 71.6% of clips and shifts the extracted period by 1.5%.
Deviations at the 10% scale are not typical of contemporary choreography; where they appear, it is
in classical forms with sustained rubato, such as ballet. In those genres the dancer does not track
individual beats, so beat-level alignment is not the right description in the first place. This is why we
measure periodicity rather than beat coincidence, and why we report BAS per genre rather than as a
single mean: how tightly a dance sits on the beat is a property of the genre, not a quality score.

C Robustness to Phase Errors

Appendix B examines how errors in the tempo estimate affect the extracted phase; here we examine
how errors in the phase affect generation. All experiments are inference-time interventions on Dance
Prediction (MP) and Dance In-betweening (IB) on AIST++: the checkpoint is the same as in Table 3,
and only the phase handed to the decoder changes. Table 9 compares two kinds of perturbed phase
against gt_phase, the phase our extraction produces, and two conditions in which no varying phase
is given.
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Perturbed and removed phases. Fixed period gives every clip the same phase rate, swept from
0.5 to 2.0 cycles/s. A uniform change of period leaves the phase perfectly periodic, so it does not
model the error that extraction actually makes, namely a beat placed at the wrong time. Displaced
beats therefore shifts each interior beat of gt_phase by a Gaussian offset while holding the first and
last beats fixed, so that the tempo is preserved and only the spacing between beats becomes irregular.
The median beat interval is 610 ms, so the largest displacement, 184 ms, is 30% of a beat and 3.7×
the 50 ms tolerance within which BAS counts a beat as aligned. Constant holds the phase at a single
point of the circle for every frame, and No phase disables the phase pathway: the phase-gated FFN
falls back to its uniform average and the plain motion head replaces the phase-conditioned one.

Table 9: Generation under perturbed and removed phases for Dance Prediction and In-
betweening on AIST++. Only the phase supplied at inference changes; the checkpoint is the
same as in Table 3. Fixed period: every clip receives the same phase rate. Displaced beats: interior
beats of gt_phase shifted by a Gaussian offset; the 0 ms row is the unperturbed gt_phase. Phase
removed: the phase is held at a single point (constant) or the phase pathway is disabled (no phase).

Dance Prediction Dance In-betweening

Phase FID↓ DIV→ ADE↓ FDE↓ FID↓ DIV→ ADE↓ FDE↓

Ground Truth – 2.320 – – – 2.301 – –

Fixed period (cycles/s)
0.5 1.809 2.315 2.986 3.887 1.687 2.376 2.728 3.018
0.7 1.563 2.463 3.044 4.070 2.034 2.577 2.723 3.013
1.0 2.077 2.315 2.952 4.127 1.534 2.392 2.735 3.070
1.2 2.645 2.674 2.991 3.750 2.751 2.780 2.719 3.018
1.5 1.816 2.613 2.887 3.481 2.528 2.580 2.738 3.122
2.0 2.650 2.711 2.975 3.900 1.307 2.604 2.749 3.173

Displaced beats
0 ms (gt_phase) 2.975 2.682 2.992 4.239 2.513 2.801 2.734 3.131
48 ms 1.856 2.863 3.048 4.102 1.771 2.561 2.733 3.091
97 ms 1.776 2.970 3.142 4.350 2.576 2.537 2.728 3.068
143 ms 2.379 2.840 3.053 4.246 2.652 2.573 2.739 3.078
184 ms 1.770 2.706 2.945 3.858 1.764 2.594 2.720 3.018

Phase removed
Constant 6.248 3.414 3.062 3.726 4.737 3.419 2.731 3.065
No phase 3.190 1.804 4.307 9.591 3.291 1.652 2.805 3.529

Phase errors shift quality only slightly. Under every perturbation, the trajectory metrics stay
close to those under gt_phase: MP ADE 2.887–3.142 and FDE 3.481–4.350, IB ADE 2.719–2.749
and FDE 3.013–3.173, ranges that contain gt_phase on all four metrics. FID varies more (MP
1.563–2.650, IB 1.307–2.751) but stays below that of either phase-removed condition. We attribute
this tolerance to how the phase is consumed. First, the role of phase depends on the input condition
(Section 5.2.2). When the conditioning modality already carries rhythmic information, as the motion
prefix (or prefix–suffix pair) does here, phase acts as one cue among several, so the effect of a
perturbed phase is likely diluted by the context rather than followed literally. Second, the gate of the
phase-gated FFN reads (cosSt, sinSt) one frame at a time and keeps no state, so successive frames
are still routed through different experts along the phase cycle (Appendix D.3). Because the supplied
phase advances monotonically, a wrong period changes only how the cycle is traversed, not the order
in which the experts are visited, and a displaced beat shifts the cycle locally, affecting only a few
frames without carrying into later cycles. Generation therefore varies with the phase it is given, but
degrades only moderately under these perturbations.

Without a varying phase, generation degrades. When no varying phase is given, quality falls
outside this range. No phase moves every metric outside it on both tasks: MP ADE rises to 4.307
and FDE to 9.591, and diversity falls to 1.804 (MP) and 1.652 (IB). Constant phase raises FID
to 6.248 (MP) and 4.737 (IB) and pushes diversity away from the ground truth (3.414 and 3.419).
Holding the phase at one point maps every frame to the same point of the circle and hence to a
single expert mixture, and disabling the phase pathway removes phase-conditioned routing altogether.
The tolerance above therefore does not come from the model ignoring the phase: phase errors are
largely tolerated through the motion context and per-frame routing, whereas removing the phase
signal degrades generation.
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D PhaseDance Architecture Details

This appendix lists the hyper-parameters and per-task settings that complement Section 4, together
with the optional music-conditioned extension.

Encoder branches and motion encoder Em. The text branch initialises from T5-small [28]; the
encoder, the shared input embedding, and the LM head are frozen to preserve T5’s language prior.
The motion encoder Em is a 4-layer pre-LayerNorm Transformer with 8 heads, dff=2048, and a
learned positional embedding (max length 512), shared across MP2M, IB, and M2T.

Per-task settings. MP2M conditions on the first 20% of a clip (1 s) and generates the remaining 4 s;
IB conditions on the first and last 25%, distinguished by a learned segment embedding, and generates
the middle 50%. Motion tokens are sampled with top-k=50, top-p=0.95, and temperature 1.0; M2T
captions are decoded with beam search (B=4).

D.1 Music+Phase-to-Motion (MuP2M) Extension

Because paired music–motion data is scarce relative to the unimodal motion corpora, we treat MuP2M
as an optional finetune of the stage-2 checkpoint rather than as a unified task (Section 5.4); its results
form the music-conditioned rows of Table 6. Music is encoded by a frozen MERT-v1-95M [21]
(768-dim features at 75 Hz), and a trainable adapter (linear R768 → R512, LayerNorm, dropout)
projects the features to d=512 and resamples them from 75 to 50 Hz to match the motion-token
rate. PCCA, the phase-gated MoE FFN, the phase-conditioned output head, and the windowed
self-attention are reused from the stage-2 checkpoint, and phase is supplied alongside music as in
the other motion-generation tasks. Only the music adapter and the phase-conditioned decoder are
updated, with the same token-level cross-entropy, and inference uses the phase modes of Section 5.1.

D.2 Compute Resources and Training Budget

Stage-2 multi-task training (the unified four-task model used throughout Section 5) runs on 4–6
NVIDIA RTX PRO 4500 Blackwell GPUs for approximately 2 days, with a per-GPU batch size
of 16 and gradient accumulation over 4 steps (effective batch size 256). The base learning rate is
1×10−4 under a linear warm-up (5,000 steps) followed by linear decay over a 200,000-step cycle.
The training data is the union of AIST++, DanceDB, DT, and HumanML3D; audio is not used at
this stage. The motion VQ-VAE tokeniser is pre-trained on the same hardware with batch size 512
and base learning rate 4×10−4. The MuP2M finetune starts from a stage-2 checkpoint and runs on 5
GPUs with a per-GPU batch size of 32 and gradient accumulation over 2 steps (effective batch size
320), with base learning rate 1×10−5 under the same schedule (1,000 warm-up steps, 8,000-step
cycle), on the AIST++ paired music–motion subset.

D.3 Expert Specialisation in the Phase-Gated MoE

The gate g(ϕ) = softmax(MLP([cosS, sinS])) of the phase-gated MoE (Section 4.2.2) takes phase
and nothing else. Instead of sampling, we therefore characterise it exhaustively: we sweep ϕ over the
whole beat cycle [0, 2π) and record, for every angle, which expert wins and by how much. Table 10
reads as a map of the beat cycle, listing for each decoder layer the angular arcs that each expert owns.
We confirm the sweep against the empirical phase distribution of the validation set (6.4M frames);
the two agree to within 0.003. Experts E1–E4 correspond to the four phase experts i=1, . . . , N of
the MoE.

The gate partitions the circle into contiguous arcs and hands them to the experts. At layer 1, for
example, E1 takes 83◦–196◦ and E2 takes 262◦–5◦. Each expert holds one main arc, sometimes
with one or more additional arcs elsewhere on the circle, so each layer divides the beat cycle into a
small number of whole segments rather than scattered fragments, as would be expected if the experts
split the input on a feature unrelated to rhythm. Entropy sits at 26–62% of the uniform maximum in
layers 1–5, so the routing is genuinely conditional, being neither uniform mixing, which would make
the MoE decorative, nor a one-hot switch. Each expert is used by several layers, and the layers differ
in how finely they cut the circle.
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Table 10: Gate usage of the phase-gated MoE per decoder layer. Mean per-angle entropy of the
gate distribution (in nats, with its share of the uniform maximum log 4), the number of experts that
win at least one phase angle, the phase arcs (in degrees) over which each expert is the argmax, and
the mean gate weight of each expert. Arcs such as [262, 5] wrap around 360◦; – marks an expert that
is never the argmax (mean weight < 0.001).

Layer Entropy (% of log 4) #active Expert argmax phase arcs (deg) E1 / E2 / E3 / E4 mean weight

0 0.00 (0%) 1 E2: [0, 360] – / 1.000 / – / –
1 0.79 (57%) 3 E1: [83, 196], E2: [262, 5], E3: [6, 83] ∪ [196, 262] .343 / .315 / .342 / –
2 0.37 (27%) 3 E1: [124, 230], E3: [308, 33], E4: [33, 123] ∪ [231, 307] .306 / – / .233 / .461
3 0.53 (38%) 3 E1: [236, 324], E2: [349, 63] ∪ [184, 214], E3: [64, 184] ∪ [215, 235] ∪ [324, 348] .294 / .286 / .420 / –
4 0.37 (26%) 4 E1: [179, 271] ∪ [0, 22], E2: [280, 0], E3: [98, 179], E4: [22, 98] ∪ [272, 280] .315 / .207 / .226 / .252
5 0.86 (62%) 4 E1: [144, 208] ∪ [348, 25], E2: [53, 141], E3: [230, 311], E4: [25, 52] ∪ [209, 230] ∪ [312, 347] ∪ [142, 143] .245 / .223 / .210 / .322

E DT Corpus

This appendix details our newly curated DT corpus introduced in Section 5.1.1. DT is a freestyle
hip-hop motion-capture dataset comprising 926 clips (1,852 with left–right mirrored augmentation)
paired with 3 music tracks and covering 31 distinct hip-hop street-dance movements. Clips are
resampled to the 60 Hz frame rate used across our training corpus and annotated with the same four
layers (genre, movement, texture, description) as in Section 3.2, so that DT shares the cross-modal
vocabulary of the rest of the training union. We use 1,502 / 109 / 100 clips (including mirrored copies)
for train / validation / test. Release status. The DT corpus itself—the raw motion clips and paired
music tracks—cannot be redistributed, as it is proprietary data owned by an industry partner. We
therefore use DT only for training and report all main results on the public AIST++ test set, so that
the evaluation relies on public data alone.

F BeatNet vs. librosa: Beat-Tracker Comparison on AIST++

We use BeatNet [14] rather than librosa’s beat_track [6] as the music-beat source for BAS and
BAS Genre Correlation, because the beat that matters for dance evaluation is the quarter-note beat
that dancers count on, not every audible onset. librosa’s onset-autocorrelation tracker can lock onto
the eighth-note level and return twice as many beats, whereas BeatNet, a CRNN with particle-filter
inference trained on annotated multi-genre corpora, tracks the quarter-note pulse.

On the 60 AIST++ songs, the two trackers agree on the tempo for 52 songs (86.7%); librosa reports
twice the BeatNet tempo for 7 songs and half for 1. For example, on mLO0 (Lock), librosa reports
160.7 BPM and BeatNet 81.1 BPM, the tempo on which the dance’s 8-count is built. A doubled beat
grid makes beat coincidence easier and can inflate BAS, and a single song at the wrong tempo octave
distorts the per-genre BAS profile.

G Perceptual Validation of the Rhythmic Metrics

BPS and BAS–Genre Correlation (Section 5.1.2) are new metrics, so we test whether they track
human perception with two perceptual studies. We recruited 64 participants and analysed 60. Each
trial of Study A is a paired comparison with three responses: A, B, or “no difference”.

Procedure and participants. Both studies were run as online questionnaires on Google Forms,
with each stimulus embedded as an unlisted video. Participants were asked to wear headphones,
could replay each clip freely, and were not told how the stimuli had been constructed. The forms
recorded only a self-chosen participant identifier, used to detect duplicate submissions, and years of
dance experience. No other personal information was collected. In both studies, motion was shown as
a rendered skeleton, and genre labels and condition labels were hidden. No IRB review was sought:
the studies involved only watching short dance clips and answering perceptual questions, and posed
no foreseeable risk to participants. Participation was voluntary and unpaid.

Instructions. Study A opened with: “This experiment asks how well motion and music interlock.
Please wear headphones, as the experiment depends on hearing the music. For each item, play both
videos A and B before answering; you may replay them as often as you like. The motion in A and B
is identical, so compare only its relation to the music. There are no correct answers; choose as you
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feel.” Study B instructed: “Each group contains three dance videos of the same style. After watching
all three, rate from 1 to 7 whether the movement lands precisely on the beat of the music (7) or flows
across the beat (1). We are asking how precisely it lands, not how well it is danced.” Participants
were also asked to wear headphones with the sound on.

Study A: periodicity vs. beat coincidence (33 participants, 29 retained). This study tests the
central claim of the paper: musical dance arises from the alignment of periodicity, not from instanta-
neous beat coincidence. We hold the motion fixed and vary only the audio, so that BAS and BPS
move independently (Table 11). Each item showed two videos, A and B, with identical motion and
different audio, and asked “Which one interlocks better with the rhythm of the music?” (A / B /
no difference). Three practice items preceded the main items, and item order and A/B placement
were randomised. Each participant answered 11 M vs. P, 4 M vs. U, 4 P vs. U, and 3 M vs. T items.
Condition T, whose tempo differs by 30–40%, serves as a gate trial. The exclusion rule was fixed
before the data were collected: any participant who did not answer all three M vs. T items correctly
was excluded. Of 33 submissions, four participants failed the gate (each scored 2/3), which left 29,
of whom 10 reported at least one year of dance experience.

Table 11: Study A conditions. The motion is identical across conditions; only the accompanying
audio changes.

Condition Audio BAS BPS

M original track 0.59 0.98
P same track, shifted 20% of a beat late 0.19 0.98
U different real song, non-harmonic period 0.64 0.30
T (gate) 30–40% different tempo 0.20 0.30

Table 12: Study A results. “No difference” is the share of trials in which participants reported no
difference; forced choice counts the remaining trials as (first condition / second condition). M vs. T
is the exclusion gate, so its outcome holds by construction and is not tested.

Comparison “No difference” Forced choice p

M vs. P 58% 59 / 76 0.17 (n.s.)
M vs. U 4% 110 / 1 < 0.001
P vs. U 2% 111 / 3 < 0.001
M vs. T (gate) 0% 87 / 0 –

The results support three observations. (i) With the period matched, dance still reads as on-beat after
beat alignment collapses: BAS falls from 0.59 to 0.19 between M and P, yet 58% of trials report
no difference and the forced choices are at chance. (ii) With the period mismatched, dance reads
as off-beat although beat alignment is intact: U scores higher on BAS than the original track and
is rejected 110 to 1. (iii) When the two metrics disagree, perception follows BPS: BAS ranks U
above P (0.64 vs. 0.19), BPS ranks P above U (0.98 vs. 0.30), and viewers choose P 111 to 3. This is
the phenomenon motivated in Section 1: choreography is laid out in beat units on an 8-count grid
and thereby inherits the periodicity of the music, so it stays rhythmic even when layback, rubato, or
non-driving accompaniment break one-to-one beat alignment; BPS is the statistic that measures this
periodicity.

Study B: is the per-genre BAS profile perceptual? (31 participants). BAS–Genre Correlation
scores a model against the ground-truth per-genre BAS vector, so its validity rests on that vector.
Participants rated ground-truth AIST++ clips, presented in 10 unlabelled genre groups of 3 clips,
with the question “How precisely does this style of dance land on the beat of the music?” on a 1–7
Likert scale (1 = “flows across the beat”, 7 = “hits every beat precisely”); the instructions stressed
that the rating did not concern how well the dancer performs. Over the 10 genres, the mean rating
correlates with the ground-truth per-genre BAS at Pearson r=0.81 (p=0.004) and Spearman ρ=0.79
(p=0.006) (Figure 3): Middle Hip-hop, House, and Breaking are rated as landing most precisely
on the beat, and Ballet Jazz, Street Jazz, and Popping least. The reference vector that BAS–Genre
Correlation scores against therefore agrees with the profile that viewers perceive.
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Figure 3: Study B: human beat-precision ratings track the ground-truth per-genre BAS profile.
Each point is one AIST++ genre (31 raters, mean ± s.e.m.); the dashed line is a least-squares fit with
its 95% confidence band. MH: Middle Hip-hop, HO: House, KR: Krump, LO: Lock, LH: LA-style
Hip-hop, BR: Breaking, PO: Popping, JB: Ballet Jazz, JS: Street Jazz, WA: Waacking.

H LMA Pipeline Details

This appendix complements the body summary in Section 3.2 with the full motion–music correspon-
dence table (Table 13, with closed-form expressions per metric), concrete tag-discretisation examples,
the full tag vocabulary (Appendix H.1), and the caption templates (Appendix H.2).

H.1 Descriptor Computation and Tag Vocabulary

Each of the fifteen descriptors is computed in closed form (Table 13) from a 22-joint motion
sequence, with no learned components and no hand-labelling. The descriptors span five categories:
Energy / Intensity, Texture / Timbre, Space / Dynamics, Rhythm / Groove, and Style / Expression. For
example, vigour is the mean joint speed 1

TJ

∑
t,j ‖vj(t)‖2. Each descriptor is normalised over the

corpus, discretised into 3–4 ordinal bins that each carry a fixed adjective, and paired with a music
feature on the same semantic axis; for example, vigour→ {calm, moderate-energy, high-energy}
and flow→ {staccato, sharp, mixed-texture, fluid}. Because the resulting texture layer is computed
deterministically, it transfers across corpora with different labelling conventions. Each bin’s adjective
is chosen to read naturally in a sentence (e.g., high-energy, punchy, fluid); where a single word
would sound unnatural, a short phrase takes its place. Table 14 lists the full vocabulary. Because the
movement tempo tag overlaps with the rhythmic information already carried by the phase signal, we
apply tempo-tag augmentation only on tasks where phase is absent or auxiliary, and omit it on tasks
where phase is the dominant rhythmic anchor.

H.2 Caption Template Synthesis

The adjectives are woven into captions through a tiered template mechanism with three registers:

• Rich (60%). Genre, move name, kinematic description, and 1–3 texture adjectives are combined.
The phrasing is drawn from a pool of sentence structures whose open slots the available layers fill,
e.g., “In this {genre} sequence, the dancer performs a {move} with {texture} quality. {description}.”
or “A {texture} {move} in {genre} style. {description}.”

• Medium (25%). Genre and move name only, with texture left out, e.g., “This {genre} sequence
features a {move}.”

• Vague (15%). The genre label alone, echoing the sparse captions that appear at evaluation time,
e.g., “This is a {genre} dance.”

Within each register the phrasing varies in sentence order and connectives, so the model sees the
same semantic content expressed in multiple surface forms rather than a single repeated string.
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Table 13: Motion–Music Feature Correspondence. The fifteen LMA-grounded motion metrics,
the audio feature each tracks, the shared cross-modal semantic, and the closed-form expression used
to compute the metric from a 22-joint motion sequence. Notation: vj(t), aj(t) are the velocity
and acceleration of joint j at frame t, pj(t) is the root-relative joint position, hr is the root height,
LP0.5 s(·) is a low-pass filter with a 0.5 s window, T is the frame count, J=22, ρ(·, ·) is Pearson
correlation, σ(·) is the sigmoid, and (·) denotes the mean over time. Symmetry uses the eight bilateral
joint pairs P; U ,L are the upper- and lower-body joint groups with mean speed v̄G and energy
EG = 1

T |G|
∑
t,j∈G ‖vj(t)‖2.

Motion Metric Formula Music Feature Shared Semantic

Category 1: Energy / Intensity — overall force and dynamism of the motion.

Vigor [3]
1

TJ

∑
t,j

‖vj(t)‖2 RMS Energy Energy level

Accent Density [8] |Peaks(ā)| / (T/fs), ā(t)= 1
J

∑
j ‖aj(t)‖ Onset Density Rhythmic density

Kinetic Energy [4]
1

T

∑
t,j

‖vj(t)‖22 Loudness (LUFS) Intensity

Category 2: Texture / Timbre — qualitative feel, corresponding to LMA Effort.

Flow (Jerk) 1 /
(
1 + α ‖jerk‖

)
, jerk(t)=d3p/dt3 Spectral Flux Smoothness / Texture

Weight [24]
1

TJ

∑
t,j

‖aj(t)‖2 Sub-bass Energy Heaviness

Time Quality [31] σ
(
‖jerk‖ / (‖a‖+ ε)

)
Attack Time Transient character

Category 3: Space / Dynamics — spatial utilisation.

Expansion [30]
1

T (J − 1)

∑
t

∑
j>0

‖pj(t)‖2 Spectral Spread Fullness

Level Change [5] std
(
LP0.5 s(hr)

)
Pitch Variance Melodic contour

Kinesphere Usage Vhull

(
{pj(t)}t,j

)
/ Vmax, Vmax= 4

3
πr3arm Arrangement Density Complexity

Category 4: Rhythm / Groove — temporal patterns and rhythmic qualities.

Bounciness std
(
hr − LP0.5 s(hr)

)
Groove Strength Rhythmic feel

Groove Depth std(hr) · max
τ∈[5,40]

Rhr (τ) Swing Ratio Rhythmic depth

Movement Tempo [25] 1
2

(
‖vr‖+ 1

J

∑
j ‖vj‖

)
Tempo (BPM) Speed

Category 5: Style / Expression — choreographic style.

Symmetry 1
2

(
1 + 1

|P|
∑

(l,r)∈P ρ(vl,vr)
)

Structural Regularity Form

Body Independence 1− |ρ(v̄U , v̄L)| Polyphonic Complexity Layering

Upper–Lower Contrast 1
2

(
1 + (EU − EL) / (EU + EL)

)
Frequency Band Balance Spectral distribution
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Table 14: LMA tag vocabulary. Ordinal tags for each of the fifteen descriptors, ordered from the
lowest to the highest bin. Formulas are given in Table 13.

Motion metric Tags (low→ high)

Energy / Intensity
Vigor calm→ moderate-energy→ high-energy
Accent Density flowing→ moderate-accent→ punchy
Kinetic Energy subdued→ moderate-power→ explosive

Texture / Timbre
Flow (Jerk) staccato→ sharp→ mixed-texture→ fluid
Weight light→ moderate-weight→ heavy
Time Quality sustained→ moderate-attack→ sudden

Space / Dynamics
Level Change grounded→ moderate-level→ level-varied
Expansion compact→ moderate-space→ expansive
Kinesphere Usage minimal→ moderate-range→ space-filling

Rhythm / Groove
Bounciness flat→ subtle-bounce→ bouncy
Groove Depth no-groove→ subtle-groove→ deep-groove
Movement Tempo slow→ moderate-tempo→ fast

Style / Expression
Symmetry asymmetric→ mixed-symmetry→ symmetric
Body Independence whole-body→ mixed-isolation→ isolated
Upper–Lower Contrast lower-focused→ balanced→ upper-focused

I Quantitative Results

I.1 Cross-Dataset Evaluation on FineDance

Beyond AIST++, our other training corpora (DT and DanceDB) are not standard dance-evaluation
benchmarks. We therefore additionally train on FineDance and evaluate Dance Prediction and
In-betweening on its test set (Table 15). The baselines are compared against the deployable
synthesis_phase setting; the gt_phase row is reported for reference only.

Table 15: Dance Prediction and In-betweening on FineDance. Bold and underline mark the best
and second-best result among the baselines and synthesis_phase; the gt_phase (oracle) row is
excluded from the ranking.

Dance Prediction Dance In-betweening

Model FID↓ DIV→ ADE↓ FDE↓ FID↓ DIV→ ADE↓ FDE↓

Ground Truth – 5.061 – – – 5.453 – –

EDGE [37] 22.558 5.258 5.780 6.237 27.501 2.336 5.061 4.510
Lodge [19] 17.219 2.342 2.511 2.879 17.129 2.353 2.412 2.721
Bailando [32] 3.165 3.734 4.597 5.217 2.461 4.023 4.473 4.975
MoMask [10] 10.535 3.117 3.978 5.698 10.190 4.278 3.409 4.901
LMM [44] 12.114 2.811 5.717 8.484 8.346 3.716 4.336 6.547

Ours (synthesis_phase) 5.041 3.602 2.274 3.289 4.624 4.158 2.258 3.257
Ours (gt_phase, oracle) 3.851 4.182 2.904 4.513 4.220 4.004 2.687 3.908

J Qualitative Results

J.1 Dance-to-Dance

Figure 4 illustrates how varying the synthetic phase ϕ from a fixed motion prefix produces visibly
different rhythmic continuations under MP2M, supporting the role of phase as an explicit user-
controllable knob (Section 5.2.2).
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Figure 4: Phase as a control knob. From a fixed motion prefix, varying ϕ at
0.5× / 1.0× / 1.5× / 2.0× a nominal BPM yields rhythmically distinct continuations under Dance-to-
Dance.

J.2 Text-to-Dance

Figure 5 compares PhaseDance with music- and text-conditioned baselines on Break and Krump.
PhaseDance returns to similar key poses at regular intervals, so its movement follows a steady
rhythmic cycle, whereas the baselines show a less regular temporal structure.

J.3 Dance-to-Text

Table 16 compares captions generated by PhaseDance and UniMuMo [40], the only released model
on this task. UniMuMo was trained on HumanML3D general-motion descriptions and dance genre
labels only, whereas our model is trained on the LMA texture and move-name layers derived from the
dance corpora (Section 3.2). This gives our model access to the genre- and move-specific vocabulary
that dance captioning requires, while UniMuMo falls back to generic motion descriptions and, for the
Lock clip, names the wrong genre.
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Figure 5: Qualitative comparison with SOTA models on AIST++ Break (top) and Krump (bot-
tom) genre. Each row shows temporally sampled frames from PhaseDance (ours), FACT [20],
TM2D [7], Lodge [19], and UniMuMo [40].
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Table 16: Dance-to-Text examples. Ground-truth labels and captions generated by PhaseDance and
UniMuMo.

Genre Ground truth
(label)

Ours UniMuMo

House genre: house; move:
farmer

In this house sequence, the dancer performs a farmer with
punchy quality. Alternating hops transfer weight from one
foot to the other while the free knee lifts and the arms
swing in opposition.

The motion is that a person is
dancing on the spot.

Street Jazz genre: street jazz;
move: chasse

The leading foot slides forward, the trailing foot springs off
the ground to meet the front heel in mid-air, and the leading
foot steps out again. The movement quality is subdued.

The motion is that a person
slowly walked forward in left
direction.

Lock genre: lock; move:
skeeter rabbit

In this lock sequence, the dancer performs a skeeter rabbit
with calm quality. One knee lifts and the lower leg kicks
forward while the supporting foot hops.

The motion is that the person is
doing the waltz dance.

Waack genre: waack; move:
four corner

In this waack sequence, the dancer performs a four corner
with punchy and fluid quality. The performer executes a
waacking pose.

The motion is that a person sways
from side to side while moving
their arms up and down.

Pop genre: pop; move:
roll

The ribcage shifts side to side and front to back in an
isolated continuous loop. The movement quality is light.

The motion is that a person
slowly walked forward in left
direction.

K Broader Impacts

Positive impacts. PhaseDance lowers the technical barrier to expressive choreography synthesis
and enables several constructive applications. (i) Choreographic assistance. Dancers and chore-
ographers can prototype rhythmic continuations, explore stylistic variations under explicit phase
control (Section 5.2.2, Figure 4), and edit existing sequences without manual keyframing. (ii) Dance
education and accessibility. The Dance-to-Text pathway (Section 5.3) produces fluent captions of
dance qualities expressed in LMA-grounded vocabulary (Section 3.2), supporting tools that describe
choreography for learners and for users with visual impairments. (iii) Cultural preservation. The
framework’s ability to handle music-free clips through deterministic phase extraction (Section 3.1)
facilitates the documentation and re-staging of folk and traditional dance forms where paired audio
recordings may be unavailable.

Negative impacts. Generated dance could be used to imitate a choreographer’s or dancer’s style
without attribution, or, when retargeted onto realistic avatars, to fabricate performances attributed to
real people. Models trained on limited genres may also misrepresent traditional or culturally specific
dance forms.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and Section 1 state four contributions (music-aligned periodic
phase, phase-gated architecture, LMA-grounded music-aligned text, and multi-task phase-
conditioned generation), each supported by Section 5 (Tables 2 to 5).
Guidelines:

• The answer [N/A] means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A [No] or
[N/A] answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Section 6 discusses three limitations: the DT data cannot be redistributed
(Appendix E), BAS-based metrics inherit BeatNet error (Appendix F), and phase errors well
beyond the typical range can propagate to generation (Appendices B and C). Future work
includes unifying music conditioning (Appendix D.1) and using the amplitude channel At
as a control knob.
Guidelines:

• The answer [N/A] means that the paper has no limitation while the answer [No] means
that the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A]

Justification: The paper does not include theoretical results requiring formal proofs; contri-
butions are empirical and architectural.

Guidelines:

• The answer [N/A] means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Section 4 describes the full architecture, and Section 5.1 the training data,
inference-time phase modes, and evaluation protocol. Appendix D provides the remaining
hyper-parameters, per-task settings, and compute details, and Algorithm 1 (Appendix A)
gives the phase extraction pipeline.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• If the paper includes experiments, a [No] answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: The code will be released on the project page (https://meongeun.github.
io/phasedance/), and all main results are evaluated on the public AIST++ test set. The
in-house DT corpus used for training cannot be redistributed, as it is owned by an industry
partner (Appendix E).

Guidelines:

• The answer [N/A] means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not
be possible, so [No] is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?

Answer: [Yes]

Justification: Section 5.1 specifies the training corpora, data splits, inference-time phase
modes, and evaluation protocol; Appendix D provides the hyper-parameters, decoding
settings, and training schedule (batch size, learning rate, warm-up and decay).

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]
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Justification: Following standard practice in dance generation benchmarks (EDGE, Bai-
lando, Lodge), we report single-run results on the AIST++ test set, as multi-run training is
computationally prohibitive at our multi-task scale. The perceptual studies (Appendix G)
report standard errors, confidence intervals, and p-values.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The authors should answer [Yes] if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the
main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Appendix D (“Compute Resources and Training Budget”) reports the hardware
(4–6 NVIDIA RTX PRO 4500 Blackwell GPUs), training time (approximately 2 days for
stage-2 multi-task training), and batch sizes and learning rates for stage-2 training, VQ-VAE
pre-training, and the optional MuP2M finetune.

Guidelines:

• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We use public motion datasets (HumanML3D, AIST++, DanceDB) under their
respective licenses, and the in-house DT corpus was provided by an industry partner for
research use (Appendix E). The perceptual studies (Appendix G) involved voluntary, unpaid
participants who only watched short dance clips and answered perceptual questionnaires.

Guidelines:
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• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], they should explain the special circumstances that require a
deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Appendix K discusses positive impacts (choreographic assistance, dance
education and accessibility, cultural preservation) and negative impacts (style imitation
without attribution, fabricated performances attributed to real people, and misrepresentation
of culturally specific dance forms).

Guidelines:

• The answer [N/A] means that there is no societal impact of the work performed.
• If the authors answer [N/A] or [No], they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: We do not release data or models with a high risk of misuse; the DT corpus is
not released (Appendix E).

Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.
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• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: All external datasets and pretrained models or tools are cited and used under
their licenses: AIST++ (CC BY 4.0), HumanML3D (MIT; motions derived from AMASS
under its research license), DanceDB (free for research use), T5-small (Apache 2.0), MERT-
v1-95M (CC BY-NC 4.0), BeatNet (CC BY 4.0), and librosa (ISC). The DT corpus is used
with permission of its industry owner (Appendix E).
Guidelines:

• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: The LMA descriptors and tag discretisation are documented in Section 3.2 and
Appendix H (Table 13); the DT corpus is not released (Appendix E).
Guidelines:

• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [Yes]
Justification: The two perceptual studies (Appendix G) were run as online questionnaires
on Google Forms. Appendix G gives the instructions, questions, response options, and
procedure. Participation was voluntary and unpaid.
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Guidelines:
• The answer [N/A] means that the paper does not involve crowdsourcing nor research

with human subjects.
• Including this information in the supplemental material is fine, but if the main contribu-

tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [No]
Justification: No IRB review was sought for the perceptual studies (Appendix G): partici-
pants only watched short skeleton-rendered dance clips and answered perceptual questions,
which posed no foreseeable risk. Apart from a self-chosen identifier and years of dance
experience, no personal information was collected.
Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [N/A]
Justification: T5-small serves as a standard pretrained backbone (Section 4.1, Appendix D),
not an original or non-standard LLM component.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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