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• Section I: Introduction of the video demo.
• Section II: Ablation study on the training strategy of the

imitation policy.
• Section III: The relationship between the length of dance

sequences and diversity.
• Section IV: Details about the reproduction of Morph.
• Section V: Applying our method to Bailando++.

I. VIDEO DEMO

We further provide some video examples in the supplemen-
tary materials:

(1) “ours vs EDGE”;
(2)“freezing motions by FACT”;
(3)“Ours vs EDGE w PhysDiff”;
(4)“freezing moitions wo anti-freezing reward”.

a) “ours vs EDGE”: consists of videos that compare
EDGE with our proposed method to further prove the ef-
fectiveness of our method. The motions named “ours” are
generated by our method, while the motions named “EDGE”
are generated by EDGE. We can see that our proposed method
can reduce the penetration significantly. Referring to Fig. 2 and
Table 1 in the main paper for analysis.

b) “freezing motions by FACT”: consists of the freez-
ing motions generated by FACT to prove that FACT tends
to generate freezing motions. We can observe that the visual
quality of the motions by FACT is diminished because of the
freezing motions. Referring to Table 4 in the main paper for
analysis.

c) “Ours vs EDGE w PhysDiff”: includes the compar-
ison between “EDGE w/ PhysDiff*” and Ours to prove the
effectiveness of RLFT. We can observe that the imitation
policy struggled to imitate the complex generated dances,
resulting in jittering and even falling. Referring to Fig. 3 and
Table 2 in the main paper for analysis.

d) “freezing moitions wo anti-freezing reward”: con-
sists of the comparison between our proposed method and
Ours w/o AF to prove the effectiveness of anti-freezing reward.
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We can find that with the anti-freezing reward, the generated
motions are more dynamic, while the motions without the anti-
freezing reward have a relatively smaller magnitude and slower
speed, which tend to freeze. Referring to Fig. 3 and Table 4
in the main paper for analysis.

II. ABLATION STUDY ON TRAINING IMITATION POLICY
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Fig. 1. Training Curves of the imitation policy trained on different datasets.

To enhance the imitation policy’s ability to mimic dance, we
first train the imitation policy on the AMASS dataset [1] and
fine-tune it on the AIST++ dataset [2].

Here, we conducted ablation studies on the imitation pol-
icy training strategy. Specifically, we compared training the
imitation policy solely on AIST++ [2] with the strategy that
pre-trained the imitation policy on AMASS [1] and then fine-
tuned it on AIST++ [2]. From Fig. 1, we can observe that
the second training strategy can produce an imitation policy
with a stronger imitation ability. From the results in Table II,
we can observe that using the imitation policy trained both on
AMASS [1] and AIST++ [2] can derive a better “Penetration
Rate” and “PFC”. However, for the “Penetration Rate”, we
can find that the improvement is subtle. This is because the
imitation policy is primarily designed to faithfully replicate
the given motions and does not explicitly account for physical
plausibility. Instead, the physical plausibility mainly comes
from the physical constraints imposed by the physical simula-
tor, which is instilled into the diffusion model through RLFT.
For the “PFC”, the imitation policy with lower imitation ability
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TABLE I
FINETUNING BAILANDO++ WITH OUR REWARDS

Method FIDk /FIDg Pen. Rate ↓ PFC ↓ FGD ↓ BAS ↑ Divk /Divg →
Bailando++ w/o RL 28.87/9.45 136.62 1.5474 46.4480 0.2204 7.49/6.78
Bailando++ w/ BA 21.71/9.66 130.10 1.9124 49.7011 0.2383 6.63/7.01
Bailando++ w/ Ours 23.98/12.35 112.49 1.2722 34.2014 0.2468 7.56/7.08

may fail to imitate certain motions, causing the controlled
character to fall. This falling case will affect the evaluation
of the reward and will cause abnormal foot-ground contact,
ultimately degrading “PFC”.

In conclusion, the physical plausibility primarily depends
on the physical constraints of the physical simulator, which is
then instilled into the diffusion model by RLFT. However,
an imitation policy with a relatively strong ability is also
essential to ensure that most physically plausible motions can
be replicated. Thus we can get a more accurate imitation
reward during RLFT.

TABLE II
THE ABLATION STUDY ON THE TRAINING DATASET OF IMITATION POLICY

Method Dataset Penetration Rate ↓ PFC↓
EDGE - 176.44 0.8715

Ours ① 94.65 0.9712
①&② 90.38 0.7928

① represents AIST++ [2] and ② represents AMASS [1]. The column
“Dataset” means the dataset used to train the imitation policy.

III. DIVERSITY OF THE DANCE RESULTS

In this section, we further evaluate the diversity of generated
dances on 5-second dance clips. By comparing the results
calculated on 5-second and 20-second dance clips in Table III,
we can observe that the diversity of the generated dance
increases when tested on 5-second clips. This also supports
the statement in the main paper.

TABLE III
DIVERSITY OF GENERATED DANCES ON 5-SECOND AND 20-SECOND CLIPS

Method Divk /Divg →
EDGE(20s) 2.03/3.79
Ours(20s) 1.95/4.16

EDGE(5s) 3.55/5.03
Ours(5s) 3.55/4.79

Ground Truth 8.72/7.77

IV. THE REPRODUCTION OF MORPH

Since the authors only open-sourced the imitation policy
they use, which is based on ASE [3], and they didn’t provide
any guidance on its integration with the generation model
(e.g., EDGE). So we attempted to train their imitation policy
on dance motions generated by EDGE. We then utilized
this trained policy to imitate the generated dances. However,

despite the reward curve in Fig. 2 indicating convergence, we
observed a success rate of only 12.5%.

Furthermore, an analysis of the released code reveals that
the imitation policy does not incorporate body collision
checks. Consequently, their method fails to bridge the gap
between skeleton motion generation and body mesh visual-
ization (e.g., body interpenetration). Moreover, as a method
necessitating an imitation policy during inference, it suffers
from limitations similar to those of PhysDiff, as detailed in
Section V-C in the main paper.

Fig. 2. Morph Reward Curve.
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Fig. 3. The Performance of FIDg during the fine-tuning process of Bai-
lando++.

V. FINETUNING BAILANDO++ WITH OUR REWARDS

We also try finetuning the Bailando++ using the imitation
and anti-freezing reward. As Bailando++ is not a diffusion
model, we finetune it using the same method as [4]. The
results are show in Table I, where “Bailando++ w/ BA”
means finetuning Bailando++ with Beat Alignment Reward
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as suggested in [4]. We find that our method also exhibits
superior improvement among all metrics. And FIDg becomes a
bit worse because of the distribution shift during RL-finetuning
as shown in Fig. 3.
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