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Supplementary Material

1. Overview
The supplementary material is structured as follows:
• Section 2: Implementation Details.
• Section 3: Body part division.
• Section 4: Reconstrcution of VQ-VAE.
• Section 5: Effect of Dual-iteration Cascaded Part-based

Motion Decoding.
• Section 6: Feature extractor for evaluation.
• Section 7: Evaluation for Motion editing.
• Section 8: Evaluation Metrics details.
• Section 9: Additional qualitative test.
• Section 10: Motion Representations.
• Section 11: Dataset Details.
• Section 12: Full Experiments of HumanML3D and KIT-

ML.
• Section 13: User study details.
• Section 14: Further ablation study for PO.
• Section 15: Discussion of Inference Speed.
• Section 16: Evaluation on the MARDM Benchmark
• Section 17: Long-Term Motion Generation Evaluation
• Section 18: Evaluation on Motion-X

2. Implementation Details
2.1. Architecture
Our method utilizes 6 lightweight VQ-VAEs [17] to dis-
cretize part motions and 6 small transformers [18] equipped
with Part Coordination modules for generating text-driven
motions [26]. Each VQ-VAE contains a codebook with
512 entries. For most parts, the code dimension is set to
128, while the Root part has a reduced dimension of 64.
The encoder applies a downsampling rate of r = 4 to re-
duce the motion sequence length. The transformers consist
of 14 layers, with each layer having a token dimension of
256. A Selective Part Coordination Layer is added before
all remaining layers except the first transformer layer. Se-
lective Part Coordination Layer within the same layer of
each transformer share their weights, and each Selective
Part Coordination Layer includes 3 MLP layers. For text-
to-motion generation, we use the CLIP model [16] with the
ViT-B/32 variant to encode text features, enabling robust
alignment between textual descriptions and motion repre-
sentations. We used 1D Sinusoidal Positional Encoding as
the positional embedding.

2.2. Hyperparameters
During training, we employ a masking probability of 40%
within the Selective Part Coordination Layer to randomly
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Figure 1. Visualization of body part division.

mask out tokens from other parts, encouraging the model to
generate coordinated motions even with incomplete infor-
mation. For training the VQ-VAE, we use a learning rate of
2×10−4 and 3×10−4 for the first 200K steps, and 1×10−5

and 0.5 × 10−5 after 100k steps on HumanML3D and
KIT-ML each. The AdamW [9] optimizer is applied with
β1 = 0.9 and β2 = 0.99, and the batch size is set to 256
and 196 on HumanML3D and KIT-ML each. The commit-
ment loss weight β is fixed at 1.0. For transformer training,
we use a learning rate of 1 × 10−4 for the first 150K steps,
decreasing to 5×10−6 after 150K. The AdamW optimizer is
also used for the transformer with β1 = 0.5 and β2 = 0.99,
and the batch size is set to 64 and 48 on HumanML3D and
KIT-ML each. All experiments are conducted using a single
NVIDIA A6000 GPU and INTEL XEON(R) PLATINUM
8568Y+ in Ubuntu 22.04. The training of the VQ-VAE
takes approximately 20 hours, while the training for text-
to-motion generation takes around 64 hours.

3. Body Part Division
Our method follows the same body partitioning strategy as
ParCo [26], dividing the whole body into six parts: R.Leg,
L.Leg, R.Arm, L.Arm, Backbone, and Root. The body par-
titioning is illustrated in Figure 1. For our experiments, we
exclusively used the HumanML3D dataset [4]. Specifically,
both R.Arm and L.Arm include the 9-th joint, as it serves as
a critical key point connecting the arms to the backbone.
This joint provides essential positional information for the
arms relative to the connection point with the backbone.

During whole-body motion reconstruction from part mo-
tions, we generate three predictions for this joint: one from
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Figure 2. Part-based VQ-VAE architecture.

R.Arm, one from L.Arm, and one from Backbone. The final
prediction for this joint is obtained by averaging these three
values, ensuring consistent and accurate integration of part
motions into the whole-body motion.

4. Reconstruction of VQ-VAE
We utilized part-based VQ-VAEs as proposed by
ParCo [26], illustrated in Figure 2. The reconstruc-
tion performance is presented in Table 1. For evaluation,
the reconstructed motions are integrated into whole-body
motion sequences. While ParCo employs the VQ-VAE
trained at the final iteration during training, we selected the
VQ-VAE that achieved the best FID performance on the
validation dataset. Experimentally, ParCo demonstrated
the highest text-to-motion performance using the VQ-VAE
from the final iteration. However, in our model, BiPO,
selecting the VQ-VAE with the best FID performance on
the validation dataset yield better overall performance,
leading us to adopt this approach.

5. Effect of Dual-iteration Cascaded Part-
based Motion Decoding

We conduct performance evaluations on the effectiveness
of Dual-iteration Cascaded Part-based Motion Decoding.
Dual-iteration Cascaded Motion Decoding, proposed by
BAMM [13], is reported to outperform other masking
strategies by masking even indexed motion tokens and pre-
dicting them again. Based on this, our model, BiPO,
also adopt this masking strategy. Additionally, we con-
duct further experiments to evaluate the effectiveness of
this approach. The performance results, present in Table 2,
demonstrate that Dual-iteration Cascaded Part-based Mo-
tion Decoding is indeed effective.

6. Feature extractor for evaluation
For evaluation, we utilize a motion feature extractor and a
text feature extractor trained using contrastive learning in-

troduced by T2M [4]. These extractors are specifically de-
signed to map text and motion features into a shared em-
bedding space, where matching pairs are positioned closer
together, and non-matching pairs are separated. This ap-
proach enables effective alignment of text-motion pairs for
accurate evaluation. By employing the contrastive learning-
based feature extractor, our evaluation framework aligns
with established benchmarks, ensuring a rigorous assess-
ment of text-to-motion alignment and generation quality.

7. Evaluation for Motion editing
We further evaluated our model’s capabilities in motion
editing tasks, with the results presented in Table 3. We
conducted experiments on four motion editing scenarios to
assess the model’s adaptability and robustness: Temporal
Inpainting, Temporal Outpainting, Prefix, and Suffix. Tem-
poral Inpainting involves filling in the middle 50% of the
motion sequence. Temporal Outpainting involves generat-
ing the outer 25% at both the beginning and the end of the
sequence, given the middle 50%. Prefix involves generat-
ing the final 50% of the sequence based on the initial 50%,
while Suffix involves generating the initial 50% of the se-
quence based on the final 50%. Since motion editing aligns
more closely with prediction than generation, we did not
apply the MModality metric.

In all scenarios, our model outperforms existing meth-
ods, particularly in FID, indicating superior quality and re-
alism in the generated motions.

We visualize motion editing results. Visualizations for
Motion editing are illustrated in Figure 3. In all four cases
(Temporal Inpaintin, Temporal Outpainting, Prefix and Suf-
fix), the remaining motions are appropriately generated to
align with the given condition, demonstrating the effective-
ness of our proposed model, BiPO, in performing the mo-
tion editing task.

8. Evaluation Metrics details
We use several evaluation metrics, as proposed in T2M [4],
to measure the performance of our model. Below, we pro-
vide detailed formulations for these metrics.

8.1. Fréchet Inception Distance
Fréchet Inception Distance (FID) evaluates the quality of
the generated motions by comparing the distribution of their
features to the distribution of ground-truth motion features.
It is calculated as follows:

FID = ∥µgt − µpred∥2 +Tr(Σgt +Σpred − 2(ΣgtΣpred)
1/2),

(1)
where µgt and µpred are the mean feature vectors of the
ground-truth and predicted motions, respectively. Σgt and
Σpred represent their covariance matrices, and Tr denotes
the trace of a matrix.



Datasets Methods FID ↓ R-Precision (T2M) ↑ MM-Dist ↓ Diversity → MModality ↑
Top-1 ↑ Top-2 ↑ Top-3 ↑

Real motion 0.002±.000 0.511±.003 0.703±.003 0.797±.002 2.974±.008 9.503±.065 -

Human BiPO (R) 0.020±.000 0.500±.003 0.690±.002 0.787±.002 3.026±.006 9.430±.094 -
ML3D BiPO (G) 0.030±.002 0.523±.003 0.714±.002 0.809±.002 2.880±.009 9.556±.076 1.374±.047

Real motion 0.031±.004 0.424±.005 0.649±.006 0.779±.006 2.788±.012 11.08±.097 -

KIT- BiPO (R) 0.091±.005 0.414±.007 0.640±.004 0.767±.005 2.805±.014 10.969±.093 -
ML BiPO (G) 0.164±.008 0.444±.005 0.674±.006 0.803±.005 2.658±.015 10.833±.111 1.098±.047

Table 1. Reconstruction and Generation results. BiPO (R) represents the reconstruction performance of VQ-VAE, while BiPO (G) repre-
sents the performance of text-to-motion generation.

Datasets Methods FID ↓ R-Precision (T2M) ↑ MM-Dist ↓ Diversity → MModality ↑
Top-1 ↑ Top-2 ↑ Top-3 ↑

Real motion 0.002±.000 0.511±.003 0.703±.003 0.797±.002 2.974±.008 9.503±.065 -

BiPO (- DC) 0.034±.002 0.519±.003 0.712±.003 0.808±.002 2.895±.009 9.496±.076 1.406±.052

Human BiPO (S) 0.517±.003 0.708±.002 0.805±.002 0.043±.001 2.932±.003 9.374±.089 1.393±.061

ML3D BiPO (T) 0.035±.001 0.521±.002 0.715±.002 0.810±.002 2.905±.003 9.529±.073 1.374±.048

BiPO (L) 0.037±.001 0.520±.002 0.712±.002 0.809±.002 2.913±.004 9.497±.121 1.385±.004

BiPO 0.030±.002 0.523±.003 0.714±.002 0.809±.002 2.880±.009 9.556±.076 1.374±.047

Real motion 0.031±.004 0.424±.005 0.649±.006 0.779±.006 2.788±.012 11.08±.097 -

KIT- BiPO (- DC) 0.268±.026 0.439±.006 0.664±.004 0.792±.005 2.705±.016 10.952±.129 1.188±.099

ML BiPO 0.164±.008 0.444±.005 0.674±.006 0.803±.005 2.658±.015 10.833±.111 1.098±.047

Table 2. Ablation for Dual-iteration Cascaded Part-based Motion Decoding. BiPO (- DC) represents the results generated without employ-
ing Dual-iteration Cascaded Part-based Motion Decoding. Better result is highlighted in bold.

8.2. R-Precision

R-Precision evaluates the semantic alignment between text
descriptions and generated motions by measuring the re-
trieval accuracy of the most relevant matches. Each text
description’s corresponding motion feature is expected to
appear within the top k nearest neighbors of the motion fea-
tures retrieved from the generated data.

To compute R-Precision, let fpred and ftext represent the
generated motion and the features of the text description,
respectively. The distance matrix between all pairs of fpred
and ftext is defined as:

D(i, j) = ∥fpred,i − ftext,j∥, (2)

where D(i, j) denotes the Euclidean distance between the
i-th generated motion feature and the j-th text feature.

For a given generated motion feature, we randomly sam-
ple 31 text descriptions from the test dataset. Along with
the text description ftext,i matched to fpred,i, these 32 text
descriptions form the search pool. The top k nearest text de-
scriptions are retrieved by sorting the distances in ascending

order. The R-Precision at top-k is calculated as:

R-Precision@k =
1

N

N∑
i=1

⊮{i ∈ Top-k(D(i, :))}, (3)

where N is the total number of text-motion pairs, ⊮{·} is
the indicator function that equals 1 if the condition is true
and 0 otherwise, and Top-k(D(i, :)) represents the indices
of the top-k closest text descriptions from the search pool
to the i-th generated motion feature.

In our experiments, we report R-Precision for k = 1, 2,
and 3 to provide a comprehensive evaluation of the align-
ment between text and motion.

8.3. MultiModal Distance
MultiModal Distance (MM-Dist) measures the semantic
alignment between the textual descriptions and the gener-
ated motions. It is defined as:

MM-Dist =
1

N

N∑
i=1

∥fpred,i − ftext,i∥, (4)



Tasks Methods FID ↓ R-Precision (T2M) ↑ MM-Dist ↓ Diversity →
Top-1 ↑ Top-2 ↑ Top-3 ↑

Temporal Inpainting MDM 2.362 0.391 0.578 0.692 3.859 8.014
(In-betweening) MoMask 0.04 0.534 0.727 0.820 2.878 9.640

BAMM 0.056 0.535 0.729 0.821 2.863 9.629
BiPO 0.029 0.530 0.728 0.821 2.837 9.617

Temporal Outpainting MDM 2.057 0.415 0.613 0.727 3.619 8.199
MoMask 0.057 0.531 0.726 0.818 2.889 9.619
BAMM 0.056 0.535 0.730 0.822 2.856 9.659
BiPO 0.052 0.536 0.722 0.813 2.867 9.295

Prefix MDM 1.460 0.420 0.613 0.725 3.563 8.972
MoMask 0.060 0.536 0.730 0.823 2.875 9.607
BAMM 0.058 0.532 0.727 0.821 2.868 9.612
BiPO 0.036 0.522 0.717 0.808 2.876 9.357

Suffix MDM 2.562 0.403 0.597 0.711 3.731 8.088
MoMask 0.052 0.532 0.726 0.819 2.881 9.659
BAMM 0.050 0.527 0.720 0.814 2.891 9.721
BiPO 0.046 0.533 0.719 0.809 2.861 9.513

Table 3. Motion editing results. The target benchmark for Diversity is 9.503, corresponding to the Diversity of the real motion.

“A person walks forward slowly, 
thier arm swinging slightly, then they turn around.”

SuffixTemporal Inpainting

“A man kicks something or someone with his right leg.”

“A person loses his balance towards his left 
and then steps back towards his left.”

Prefix

“A person jogs in place.”

Temporal Outpainting

input region
generated region

Figure 3. Visualization for Motion editing. The input region represents the real motion used as a condition, while the generated region
refers to the motion generated by Our model, BiPO.

where fpred,i and ftext,i are the features of the i-th generated
motion and its corresponding text description, respectively.

8.4. Diversity

Diversity measures the variance of the generated motion se-
quences. For Sdis randomly sampled motion pairs, the di-

versity is computed as:

Diversity =
1

Sdis

Sdis∑
i=1

∥fpred,i − f ′
pred,i∥, (5)

where fpred,i and f ′
pred,i are the features of the i-th pair of

generated motions. In our experiments, Sdis is set to 300,
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Figure 4. Additional qualitative test.

Figure 5. Efficiency analysis.

following T2M [4].

8.5. Multimodality
Multimodality (MModality) evaluates the diversity of mo-
tions generated from the same text description. For the r-th
text prompt, we generate 30 motions and randomly sample
two subsets, each containing 10 motions. The metric is cal-
culated as:

MModality =
1

N

N∑
i=1

1

10

10∑
j=1

∥fpred,i,j − f ′
pred,i,j∥, (6)

where fpred,i,j and f ′
pred,i,j are the features of the i-th pair of

generated motions for the r-th text description.

9. Additional qualitative test
We visualize additional qualitative tests. The examples are
shown in Figure 4, featuring motions generated based on



Datasets Methods FID ↓ R-Precision (T2M) ↑ MM-Dist ↓ Diversity → MModality ↑
Top-1 ↑ Top-2 ↑ Top-3 ↑

Real motion 0.002±.000 0.511±.003 0.703±.003 0.797±.002 2.974±.008 9.503±.065 -

T2M(2022) [4] 1.087±.021 0.455±.003 0.636±.003 0.736±.002 3.347±.008 9.175±.083 2.219±.074

TEMOS(2022) [12] 3.734±.028 0.424±.002 0.612±.002 0.722±.002 3.703±.008 8.973±.071 0.368±.018

TM2T(2022) [5] 1.501±.017 0.424±.003 0.618±.003 0.729±.002 3.467±.011 8.589±.076 2.424±.093

MotionDiffuse(2022)§ [22] 0.630±.011 0.491±.001 0.681±.001 0.782±.001 3.113±.001 9.410±.049 1.553±.042

MDM(2022)§ [20] 0.544±.044 0.320±.005 0.498±.004 0.611±.007 5.566±.027 9.559±.086 2.799±.072

MLD(2022)§ [1] 0.473±.013 0.481±.003 0.673±.003 0.772±.002 3.196±.010 9.724±.082 2.413±.079

T2M-GPT(2023) [21] 0.116±.004 0.491±.003 0.680±.003 0.775±.002 3.118±.011 9.761±.081 1.856±.011

Human M2DM(2023)§ [7] 0.352±.005 0.497±.003 0.682±.002 0.763±.003 3.134±.010 9.926±.073 3.587±.072

ML3D ReMoDiffuse(2023)* 0.281±.010 0.450±.003 0.638±.002 0.743±.003 3.271±.008 9.236±.085 -
Fg-T2M(2023)§ [19] 0.243±.019 0.492±.002 0.683±.003 0.783±.002 3.109±.007 9.278±.072 1.614±.049

AttT2M(2023) [25] 0.112±.006 0.499±.003 0.690±.002 0.786±.002 3.038±.007 9.700±.090 2.452±.051

FineMoGen(2023)§ [23] 0.151±.008 0.504±.002 0.690±.002 0.784±.002 2.998±.008 9.263±.094 2.696±.079

MoMask(2024)§ [6] 0.045±.002 0.521±.002 0.713±.003 0.807±.002 2.958±.008 - 1.241±.040

MMM(2024)§ [6] 0.089±.005 0.515±.002 0.708±.002 0.804±.002 2.926±.007 9.577±.050 1.226±.035

MotionMamba(2024)§ [24] 0.281±.009 0.502±.003 0.693±.002 0.792±.002 3.060±.058 9.871±.084 2.294±.058

ParCo(2024) [26] 0.109±.005 0.515±.003 0.706±.003 0.801±.002 2.927±.008 9.576±.088 1.382±.060

BAMM(2024) [13] 0.055±.002 0.525±.002 0.720±.003 0.814±.003 2.919±.008 9.717±.089 1.687±.051

BiPO (Ours) 0.030±.002 0.523±.003 0.714±.002 0.809±.002 2.880±.009 9.556±.076 1.374±.047

Real motion 0.031±.004 0.424±.005 0.649±.006 0.779±.006 2.788±.012 11.08±.097 -

T2M(2022) [4] 3.022±.107 0.361±.006 0.559±.007 0.681±.007 3.488±.028 10.72±.145 2.052±.107

TEMOS(2022) [12] 3.717±.051 0.353±.006 0.561±.007 0.687±.005 3.417±.019 10.84±.100 0.532±.034

TM2T(2022) [5] 3.599±.153 0.280±.005 0.463±.006 0.587±.005 4.591±.026 9.473±.117 3.292±.081

MotionDiffuse(2022)§ [22] 1.954±.062 0.417±.004 0.621±.004 0.739±.004 2.958±.005 11.10±.143 0.730±.013

MDM(2022)§ [20] 0.497±.021 0.164±.004 0.291±.004 0.396±.004 9.191±.022 10.85±.109 1.907±.214

MLD(2022)§ [1] 0.404±.027 0.390±.008 0.609±.008 0.734±.007 3.204±.027 10.80±.117 2.192±.071

T2M-GPT(2023) [21] 0.717±.041 0.402±.006 0.619±.005 0.737±.006 3.053±.026 10.86±.094 1.912±.036

KIT- M2DM(2023)§ [7] 0.515±.029 0.416±.004 0.628±.004 0.743±.004 3.015±.017 11.417±.97 3.325±.37

ML ReMoDiffuse(2023)* 0.589±.022 0.382±.005 0.586±.007 0.706±.006 3.324±.030 10.31±.065 -
Fg-T2M(2023)§ [19] 0.571±.047 0.418±.005 0.626±.004 0.745±.004 3.114±.015 10.93±.083 1.019±.029

AttT2M(2023) [25] 0.870±.039 0.413±.006 0.632±.006 0.751±.006 3.039±.021 10.96±.123 2.281±.047

FineMoGen(2023)§ [23] 0.316±.028 0.404±.005 0.621±.005 0.744±.004 2.977±.019 10.910±.101 1.232±.039

MoMask(2024)§ [6] 0.204±.011 0.433±.007 0.656±.005 0.781±.005 2.779±.022 - 1.131±.043

MMM(2024)§ [14] 0.316±.028 0.404±.005 0.621±.005 0.744±.004 2.977±.019 10.910±.101 1.232±.039

MotionMamba(2024)§ [24] 0.307±.041 0.419±.006 0.645±.005 0.765±.006 3.021±.025 11.02±.098 1.678±.064

ParCo(2024) [26] 0.453±.027 0.430±.004 0.649±.007 0.772±.006 2.820±.028 10.95±.094 1.245±.022

BAMM(2024) [13] 0.183±.013 0.438±.009 0.661±.009 0.788±.005 2.723±.026 11.008±.094 1.609±.065

BiPO (Ours) 0.164±.008 0.444±.005 0.674±.006 0.803±.005 2.658±.015 10.833±.111 1.098±.047

Table 4. Comparative results on the HumanML3D and KIT-ML test set against current state-of-the-art methods. Metrics where “↑”
indicates that a higher value is preferred, “↓” indicates that a lower value is favorable, and “→” indicates metrics optimized when closer
to real motion score of 9.503 and 11.08 each. The top result is highlighted in bold, with the second-best result underlined. The symbol §
indicates evaluations performed using the ground-truth motion length. The ReMoDiffuse* results are obtained using official checkpoints,
with motion lengths randomly sampled in a uniform manner as input [26]. The order of listing is based on the date it was first published.

text prompts from the HumanML3D test set. These exam-
ples highlight the capability of our method to produce natu-
ral and well-coordinated motions that correspond closely to
the input text descriptions.

10. Motion Representations

For motion representation, we follow T2M [4]. Each pose
is described by:

(ṙa, ṙx, ṙz, ry, jp, jv, jr, cf ), (7)

where ṙa is the global root angular velocity; ṙx, ṙz are the
root velocities in the X-Z plane; jp, jv, jr represent joint



Datasets Methods FID ↓ R-Precision ↑ MM-Dist ↓ MModality ↑ CLIP-score ↑
Top-1 ↑ Top-2 ↑ Top-3 ↑

HumanML3D
MARDM-DDPM [11] 0.116±.004 0.492±.006 0.690±.005 0.790±.005 3.349±.010 2.470±.053 0.637±.005

MARDM-SiT [11] 0.114±.007 0.500±.004 0.695±.003 0.795±.003 3.270±.009 2.231±.071 0.642±.002

BiPO 0.112±.008 0.501±.002 0.698±.002 0.796±.003 3.267±.005 3.185±.110 0.644±.004

KIT-ML
MARDM-DDPM [11] 0.340±.020 0.375±.006 0.597±.008 0.739±.006 3.489±.018 1.479±.078 0.681±.003

MARDM-SiT [11] 0.242±.014 0.387±.006 0.610±.006 0.749±.006 3.374±.019 1.312±.053 0.692±.002

BiPO 0.239±.018 0.389±.004 0.611±.006 0.752±.006 3.298±.015 1.529±.098 0.693±.003

Table 5. Evaluation on the MARDM Benchmark.

Methods FID ↓ R-Precision ↑ MM-Dist ↓ Diversity → MModality ↑
Top-1 ↑ Top-2 ↑ Top-3 ↑

Real 0.004±.000 0.437±.003 0.622±.004 0.721±.004 3.343±.015 8.423±.090 -

MDM [20] 0.802±.044 0.368±.005 0.553±.006 0.672±.005 3.860±.025 8.817±.068 -
MotionDiffuse [22] 2.460±.062 0.367±.004 0.521±.004 0.623±.004 3.789±.005 8.707±.143 1.602±.013

MLD [1] 0.952±.020 0.403±.005 0.584±.005 0.690±.005 3.580±.016 9.050±.085 2.711±.104

MotionMamba [24] 0.668±.019 0.417±.003 0.606±.003 0.713±.004 3.435±.015 9.021±.070 2.373±.084

ParCo [26] 0.488±.022 0.454±.005 0.637±.005 0.738±.005 3.230±.014 8.921±.066 1.489±.106

MoMask [6] 0.317±.013 0.455±.004 0.639±.003 0.740±.004 3.287±.015 8.914±.079 1.390±.046

BAMM [13] 0.308±.010 0.458±.004 0.645±.004 0.746±.004 3.232±.013 8.981±.075 2.021±.099

BiPO 0.216±.005 0.467±.003 0.649±.002 0.748±.003 3.117±.004 8.687±.062 1.492±.111

Table 6. Long-Term Motion Generation Evaluation.

positions, velocities, and rotations, respectively; and cf de-
notes foot contact features derived from the heel and toe
joint velocities. Each pose is represented as a feature vector
with a total dimension of 263.

11. Dataset Details

The HumanML3D dataset [4] is constructed by combin-
ing motion sequences from two large-scale publicly avail-
able datasets, HumanAct12 [3] and AMASS [10]. These
datasets consist of various types of human actions, includ-
ing everyday activities such as walking and jumping, sports
like swimming and karate, acrobatic movements such as
cartwheels, and artistic performances like dancing.

The dataset is processed to ensure consistency and us-
ability. Motion sequences are normalized to 20 frames per
second (FPS), and those exceeding 10 seconds in duration
are randomly cropped to 10 seconds. Each motion sequence
is retargeted to a standardized human skeletal template and
oriented to initially face the positive Z-axis.

To provide textual descriptions for the motions, anno-
tations are collected through Amazon Mechanical Turk
(AMT). Annotators are required to describe each motion
with at least five words, and three descriptions are provided
for each motion clip by different individuals. These descrip-
tions undergo a post-processing step to remove inconsisten-

cies or errors, resulting in high-quality textual annotations.

The final HumanML3D dataset comprises 14,616 mo-
tion sequences with a total of 44,970 textual descriptions,
featuring a vocabulary of 5,371 unique words. The dataset
spans approximately 28.59 hours of motion data, with an
average clip length of 7.1 seconds, ranging from 2 to 10
seconds. The average textual description length is 12 words,
with a median of 10 words. This makes HumanML3D one
of the most extensive datasets for research involving text-to-
motion synthesis. The dataset was further augmented using
mirroring techniques to increase diversity. For example, a
motion described as “A man kicks something or someone
with his left leg” was mirrored to create a new motion with
the description “A man kicks something or someone with
his right leg.” This approach ensures a balanced representa-
tion of left and right directional movements in the dataset.

The KIT-ML dataset [15] comprises 3,911 human mo-
tion sequences paired with 6,278 textual descriptions. It has
a vocabulary of 1,623 unique words, excluding distinctions
based on capitalization and punctuation. The motion data
is sourced from the KIT [15] and CMU [2] datasets but is
downsampled to 12.5 FPS. Each motion sequence is anno-
tated with one to four descriptive sentences, with an average
sentence length of approximately 8 words.



Methods FID ↓ R-Precision ↑ MM-Dist ↓ Diversity → MModality ↑
Top-1 ↑ Top-2 ↑ Top-3 ↑

Real 0.004±.000 0.424±.004 0.639±.004 0.760±.004 3.190±.013 9.356±.090 -

MDM 1.406±.112 0.426±.011 0.621±.011 0.726±.014 3.756±.050 12.027±.148 2.552±.220

MLD 0.702±.045 0.425±.004 0.623±.005 0.732±.005 3.947±.020 11.088±.135 2.600±.072

ParCo 0.206±.012 0.436±.003 0.644±.003 0.759±.003 3.591±.016 11.122±.093 2.327±.103

MoMask 0.219±.015 0.467±.004 0.674±.004 0.780±.003 3.384±.019 11.497±.090 1.279±.049

BAMM 0.208±.011 0.465±.004 0.669±.003 0.774±.003 3.433±.012 11.447±.068 1.756±.057

BiPO 0.123±.009 0.478±.004 0.676±.004 0.781±.003 3.300±.015 11.052±.122 2.291±.024

Table 7. Evaluation on Motion-X.

Datasets Methods FID ↓ R-Precision (T2M) ↑ MM-Dist ↓ Diversity → MModality ↑
Top-1 Top-2 Top-3

baseline 0.108±.007 0.506±.003 0.701±.003 0.796±.002 2.952±.008 9.544±.093 1.401±.059

with BA 0.047±.002 0.517±.002 0.709±.003 0.804±.002 2.915±.010 9.497±.081 1.278±.059

with PO (25%) 0.065±.003 0.511±.003 0.704±.002 0.800±.002 2.934±.009 9.563±.072 1.518±.115

with PO (30%) 0.063±.004 0.507±.003 0.697±.002 0.793±.002 2.967±.008 9.522±.072 1.615±.075

Human with PO (35%) 0.060±.004 0.507±.003 0.699±.002 0.795±.001 2.962±.009 9.552±.081 1.674±.061

ML3D with PO (40%) 0.051±.004 0.505±.003 0.696±.003 0.794±.002 2.969±.010 9.535±.077 1.653±.070

with BA + PO (25%) 0.039±.003 0.520±.002 0.711±.002 0.807±.002 2.889±.007 9.499±.065 1.285±.054

with BA + PO (30%) 0.032±.002 0.519±.003 0.713±.002 0.809±.002 2.896±.009 9.449±.089 1.384±.010

with BA + PO (35%) 0.032±.001 0.520±.003 0.715±.002 0.810±.002 2.879±.008 9.533±.078 1.271±.090

with BA + PO (40%) 0.030±.002 0.523±.003 0.714±.002 0.809±.002 2.880±.009 9.556±.076 1.374±.047

baseline 0.376±.027 0.434±.006 0.653±.005 0.773±.006 2.825±.026 10.929±.085 1.397±.039

with BA 0.361±.036 0.444±.006 0.658±.007 0.782±.006 2.771±.028 10.843±.109 1.668±.023

KIT- with PO (10 %) 0.371±.036 0.437±.006 0.662±.009 0.785±.006 2.775±.019 11.067±.106 1.266±.069

ML with BA + PO (25 %) 0.289±.033 0.446±.006 0.670±.006 0.794±.004 2.707±.017 10.945±.096 1.196±.069

with BA + PO (20 %) 0.360±.035 0.437±.007 0.667±.006 0.789±.006 2.767±.022 10.915±.092 1.315±.113

with BA + PO (15 %) 0.273±.019 0.442±.007 0.671±.006 0.794±.007 2.729±.019 11.081±.109 1.265±.052

with BA + PO (10 %) 0.164±.008 0.444±.005 0.674±.006 0.803±.005 2.658±.015 10.833±.111 1.098±.047

Table 8. Ablation Study. The percentage values next to PO indicate the likelihood of occluding each part’s information within the PO
technique. The target benchmark for Diversity is 9.503 and 11.08 each, corresponding to the Diversity of the real motion.

12. Full Experiments of HumanML3D and
KIT-ML

We conducted further experiments on KIT-ML, a well-
known dataset in text-to-motion synthesis. The results
are presented in the Table 4. As shown, our model,
BiPO, achieves state-of-the-art performance, demonstrating
its strong generalization capability.

13. User study details

For the user study, we utilize Google Forms. Examples of
the survey are shown in Figure 6. We sample 30 motions
generated from the same textual prompts in the test dataset.
To ensure fairness, the models are anonymized, and their or-
der is randomized for each question, with one model’s mo-

tion displayed above and the other’s below. This approach
prevented users from knowing which motion corresponded
to which model, allowing for an unbiased evaluation.

14. Further ablation study for PO

We conduct an additional ablation study to determine the
optimal masking ratio for PO. To this end, we perform ex-
periments with various masking ratios, and the results are
presented in Table 8. Our findings consistently demonstrate
that PO enhances model performance across all masking
ratios, underscoring its robustness and effectiveness in im-
proving feature learning. This consistent performance gain
highlights the adaptability of PO, as it provides benefits re-
gardless of the specific masking ratio used. Moreover, our
empirical analysis shows that a 40% and 10% masking ratio



Figure 6. User study example.

yields the best performance on HumanML3D and KIT-ML
each, further reinforcing the superiority of PO in optimiz-
ing model learning. These results suggest that PO not only
contributes to performance improvements but also serves as
a reliable and versatile enhancement for a wide range of set-
tings.

15. Discussion of Inference Speed
A limitation of BiPO lies in its inference speed. As an
autoregressive model, BiPO inherently relies on sequential
generation, which is slower compared to non-autoregressive
methods. BiPO, as an autoregressive model, inherently sup-
ports motion generation without requiring a predefined mo-
tion length. This is a crucial advantage, as demonstrated
in BAMM [13], where MoMask [6] exhibits a severe qual-
ity drop when evaluated without a given motion length—its
FID increasing drastically from 0.045 to 0.09. In contrast,
BiPO maintains high-quality results under such conditions,
proving its robustness and practical superiority.

Furthermore, BiPO significantly outperforms almost
diffusion-based methods in inference speed. Following
ParCo [26]’s protocol with a batch size of 100, it takes
only 0.062 seconds on an A5000 GPU, and when Dual-
iteration Cascaded Part-based Motion Decoding is omitted,
the inference time further reduces to 0.043 seconds. This

is overwhelmingly faster than diffusion-based approaches
such as MDM (1.069 seconds) and MotionDiffuse (1.237
seconds). Given these speeds and its ability to generate mo-
tions without predefined lengths while preserving quality,
BiPO stands as a highly practical and efficient solution.

In the subsequent analysis, we additionally measured the
commonly used Average Inference Time (AIT) and FLOPs
against diffusion models to examine the trade-off with FID.
The results show that our model achieves an excellent bal-
ance in this trade-off, demonstrating both strong perfor-
mance and suitability for general use. This is visualized
in Figure 5.

16. Evaluation on the MARDM Benchmark

Recent studies have insisted that existing feature extrac-
tors are biased and therefore do not allow a fair compari-
son with continuous methods [11]. To ensure fairness, we
adopted the feature extractor proposed in that work and di-
rectly compared state-of-the-art models on the benchmark.
The results demonstrate that our model, BiPO, achieves su-
perior performance over continuous methods. The results
can be found in Table 5.



17. Long-Term Motion Generation Evaluation
To validate the long-range coherence of our model, we fol-
lowed the MotionMamba [24] protocol and conducted ad-
ditional experiments on HumanML3D using motions longer
than 190 frames. Our model, BiPO, achieved the best per-
formance among all methods, demonstrating its strong ca-
pability for long-range coherence. These results are pre-
sented in Table 6.

18. Evaluation on Motion-X
To demonstrate that our model performs well on larger
and more diverse datasets, we conducted additional ex-
periments on Motion-X [8], which is larger and more
diverse than HumanML3D. The results confirm that our
model maintains strong performance even in such chal-
lenging settings. Table 7 provides the corresponding re-
sults.
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