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A. Implementation Details
A.1. Networks & Training
Temporal-aware VQ-VAE utilizes a codebook with 256
entries and a code dimension of 128. In the Local Tempo-
ral Enhancement (LTE) module, we set the window size to
8. For Global Temporal Enhancement (GTE), we adopt a
3-layer GCN, where each layer has a hidden dimension of
128. The part VQ-VAE uses a codebook with 128 entries
and the same code dimension of 128. In its LTE module,
the window size is set to 12, while the GTE configuration
remains identical to that of the holistic VQ-VAE. For train-
ing, we employ the AdamW [10] optimizer with β1 = 0.9
and β2 = 0.99. The learning rate follows a two-stage sched-
ule: 2× 10−4 for the first 200K iterations, and 1× 10−5 for
the remaining iterations. We use a batch size of 256 and set
the approximation loss weight to Lapp = 1.0.
Part-aware Text Grounding module employs 4 MLPs (3-
layer with ReLU activation) to diversely transform the text
embeddings. This configuration was determined to yield op-
timal performance through extensive experimental valida-
tion, as detailed in Sec. E.4.1. For the contrastive learning
objective, we set the temperature parameter to τ = 0.05. In
the overall loss function, the diversity loss Ldiv is weighted
by λdiv = 0.1. The gating network for the Part Gate is
implemented as a simple linear layer. For LLM-generated
part text supervision, we apply the auxiliary loss Laux with
a weighting factor of λaux = 0.1.
Part-Guided Network constructs Part Guidance from three
time steps of the part transformer, a design choice chosen
based on extensive experimental validation (Sec. E.5.1), and
employs a holistic transformer with 10 layers and a token
dimension of 128, as well as a part transformer with 8 layers
and the same token dimension of 128. In the Holistic-Part
Fusion module, both the self-attention and cross-attention
layers use 6 attention heads with a head dimension of 64.
For training, we also use the AdamW optimizer with β1 =
0.5 and β2 = 0.99. The learning rate is set to 2 × 10−4

for the initial 100K iterations and then reduced to 5× 10−6

for the remaining iterations. We use a batch size of 64 to
accommodate the memory requirements of the transformer
architecture, and all experiments are conducted on a single
NVIDIA A5000 GPU.
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(a) Part Division for HumanML3D (b) Part Division for KIT-ML

Coherence-level Evaluation

0, 3, 6, 8, 12, 15[Backbone]

9, 13, 16, 18, 20[L_Arm]

9, 14, 17, 19, 21[R_Arm]

0, 1, 4, 7, 10[L_Leg]

0, 2, 5, 8, 11[R_Leg]

Coherence-level Evaluation

0, 1, 2, 3, 4[Backbone]

3, 8, 9, 10[L_Arm]

3, 5, 6, 7[R_Arm]

0, 16, 17, 18, 19, 20[L_Leg]

0, 11, 12, 13, 14, 15[R_Leg]

Part-level Evaluation

20, 18, 16, 13, 9, 14, 17, 19, 21
[Arms]

10, 7, 4, 1, 0, 2, 5, 8, 11
[Legs]

Training

Part-level Evaluation

10, 9, 8, 3, 5, 6, 7

20, 19, 18, 17, 16, 0, 11, 12,13, 14, 15

[Arms]

[Legs]

Training

Figure S1. Body part division for HumanML3D and KIT-ML.

A.2. Body Part Division
Fig. S1 illustrates how we construct the Legs and Arms
for training and part-level evaluation on both the Hu-
manML3D [3] and KIT-ML [13] datasets. It also shows how
the five parts (Left Arm, Right Arm, Left Leg, Right Leg,
Backbone) are defined for coherence-level evaluation.

B. Part-level Evaluation Metrics Details

B.1. Design Details
T2M [3] proposes a motion encoder for evaluating gener-
ated motions; however, this encoder is designed for assess-
ing holistic motion. To enable part-level evaluation, we train
this motion encoder separately on arms and legs data, result-
ing in specialized part motion encoders capable of evaluat-
ing motion quality at the part level. R-Precision, FID, and
MM-Dist are computed following the same evaluation pro-
tocol as in T2M [3].

B.2. Quantitative Results & Ablation Studies
We demonstrate the generality of our metrics by reporting
part-level evaluation results on additional models [15, 22]
in Tab. S1. Furthermore, Tab. S2 reports the part-level eval-
uation results for the legs in our proposed methods.

C. Coherence-level Evaluation Metrics Details

C.1. Design Details
To evaluate motion coherence at the frame-level, we in-
troduce the Temporal Coherence (TC) and Spatial Coher-
ence (SC) score, which evaluate both temporal and spatial

Table S1. Quantitative comparison with part-level evaluation
metrics on HumanML3D.

Method Part
R-Precision

(Top-1)↑
R-Precision

(Top-3)↑ FID↓ MM-Dist↓

MoMask [5]
Arms 0.452±.003 0.761±.002 0.175±.003 3.440±.006

Legs 0.403±.003 0.687±.003 0.104±.003 3.513±.009

AttT2M [22]
Arms 0.431±.003 0.738±.002 0.264±.002 3.489±.010

Legs 0.375±.003 0.656±.003 0.190±.003 3.541±.011

ParCo [23]
Arms 0.468±.003 0.767±.003 0.215±.003 3.326±.008

Legs 0.407±.003 0.699±.002 0.118±.003 3.482±.011

LGTM [15]
Arms 0.436±.003 0.745±.003 0.398±.002 3.421±.015

Legs 0.384±.003 0.689±.003 0.325±.002 3.547±.018

Ours
Arms 0.506±.003 0.802±.002 0.133±.002 3.079±.005

Legs 0.463±.003 0.755±.003 0.078±.003 3.122±.008

Table S2. Ablation studies with part-level evaluation metrics on
HumanML3D.

Part PG PTG HPF
R-Precision

(Top-1)↑
R-Precision

(Top-3)↑ FID↓ MM-Dist↓

Legs

0.397±.003 0.691±.003 0.169±.003 3.416±.012

✓ 0.422±.003 0.715±.003 0.114±.003 3.328±.011

✓ ✓ 0.456±.002 0.744±.003 0.095±.003 3.175±.006

✓ ✓ ✓ 0.463±.003 0.755±.003 0.078±.003 3.122±.008

consistency across body parts. A motion sequence is rep-
resented by j joints with 3D position p̂j(t) at time step t,
partitioned into five body parts: left arm, right arm, left leg,
right leg, and backbone.
Temporal Coherence score quantifies temporal coordina-
tion between body parts over time. To quantify the instanta-



neous motion strength of each part in a noise-robust manner,
we compute the temporal-wise root mean square (RMS) ve-
locity for each body part g, defined as:

xg(t) =

√
1

ng

∑
j∈g

∥p̂j(t)− p̂j(t− 1)∥2 (S1)

where the sum is over all joints j belonging to part g, and ng

is the number of joints from part g. To compare motion pat-
terns across parts with different movement intensities, we
apply z-normalization within sliding windows w of length
L frames with stride L/2 frames—local time intervals that
allow adaptive normalization to account for varying mo-
tion dynamics throughout the sequence. This standardiza-
tion (zero mean, unit variance) ensures that the subsequent
cross-correlation reflects only the relative phase and shape
similarity of motion signals rather than their absolute mag-
nitudes:

x̄(w)
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(S2)
where Tw is the set of frame indices in the w-th sliding win-
dow, x̄(w)

g and σ
(w)
g denote the local mean and standard de-

viation of the part-wise RMS velocity, and ε is a small con-
stant for numerical stability. For each part pair (g, h), we
compute the pairwise cross-correlation:
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(S3)

where τ ∈ [−τmax, τmax] represents the temporal lag (time
shift in frames) between the motion signals of parts g and
h. By computing cross-correlation across multiple lags,
we can detect phase-shifted synchrony—coordinated move-
ments even when body parts move with natural timing off-
sets—for instance, in walking, arm motion naturally leads
or lags leg motion. We aggregate correlation values across
all lags using a softmax-weighted average, retain only pos-
itive correlations (in-phase movements), and apply an ex-
ponential penalty based on the expected lag magnitude to
suppress spurious correlations from unrelated movements
or excessive delays:

R
(w)
g,h = Eτ

[
r
(w)
g,h (τ)

]
, ⟨|τ |⟩w = Eτ [|τ |] (S4)

R̃
(w)
g,h = max(0, R

(w)
g,h ) · exp

(
−⟨|τ |⟩w

κ

)
(S5)

where Eτ [·] =
∑

τ (·) exp(r
(w)
g,h (τ)/σ)∑

τ exp(r
(w)
g,h (τ)/σ)

denotes the softmax-

weighted expectation over temporal lags with temperature
σ, ⟨|τ |⟩w measures the expected absolute lag (average tim-
ing offset between coordinated movements), and κ controls
the strength of the delay penalty. The temporal coherence
score is then computed as:

Stemporal =
1

W

W∑
w=1

1

|P|
∑

(g,h)∈P

R̃
(w)
g,h (S6)

where W is the total number of sliding windows, P denotes
the set of all body part pairs, yielding a measure of overall
rhythmic coordination.
Spatial Coherence score evaluates the physical plausibility
of spatial relationships within each frame. To capture the
overall spatial configuration of each part while being robust
to joint-level noise, we define the representative position of
part g as the average position of its joints:

cg(t) =
1

ng

∑
j∈g

p̂j(t) (S7)

Using these representative points, we measure inter-part
distances dg,h(t) = ∥cg(t) − ch(t)∥ to assess global spa-
tial relationships and angles relative to the torso to evaluate
local anatomical plausibility and articulation consistency:

ug(t) =
∆p̂g(t)

∥∆p̂g(t)∥
, θg(t) = arccos(ug(t) · uTR(t))

(S8)
where ∆p̂g(t) = p̂end(t)−cg(t) is the part direction vector
from cg(t) to the end joint of part g, ug(t) and uTR(t) are
the normalized part and torso orientation vectors, and θg(t)
is the articulation angle.

Using statistics computed from the HumanML3D [3],
we normalize the distance and angle measurements to ob-
tain z-scores that quantify how much each frame deviates
from typical human motion patterns. The normalized scores
are then converted to spatial consistency scores using Gaus-
sian kernels:

z
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(S9)

where µ(d)
g,h and σ

(d)
g,h are the mean and standard deviation of

inter-part distance dg,h in HumanML3D, µ(θ)
g and σ

(θ)
g are

the statistics for articulation angle θg , ε is a small constant



Table S3. Ablation studies on σ and κ parameters.

Hyperparameters Temporal Coherence ↑

σ = 0.05, κ = 3 0.92
σ = 0.05, κ = 5 0.93
σ = 0.05, κ = 10 0.93
σ = 0.05, κ = 15 0.91

σ = 0.1, κ = 3 0.95
σ = 0.1, κ = 5 0.96
σ = 0.1, κ = 10 0.94
σ = 0.1, κ = 15 0.93

σ = 0.2, κ = 3 0.93
σ = 0.2, κ = 5 0.94
σ = 0.2, κ = 10 0.92
σ = 0.2, κ = 15 0.91

σ = 0.5, κ = 3 0.89
σ = 0.5, κ = 5 0.91
σ = 0.5, κ = 10 0.88
σ = 0.5, κ = 15 0.86

Table S4. Ablation studies on L and τmax parameters.

Method Temporal Coherence ↑

L = 20, τmax = 10 0.95
L = 20, τmax = 15 0.96
L = 20, τmax = 20 0.96
L = 20, τmax = 30 0.94

L = 30, τmax = 10 0.94
L = 30, τmax = 15 0.95
L = 30, τmax = 20 0.93
L = 30, τmax = 30 0.90

L = 40, τmax = 10 0.89
L = 40, τmax = 15 0.89
L = 40, τmax = 20 0.86
L = 40, τmax = 30 0.82

Table S5. Ablation studies on βd and βθ parameters.

βd βθ Spatial Coherence ↑

1.0 1.0 0.97
1.5 1.5 0.99
2.0 2.0 0.98
3.0 3.0 0.94

for numerical stability, and βd and βθ are bandwidth pa-
rameters controlling the sensitivity to deviations. The spa-
tial coherence score is then computed by averaging these
consistency scores across all frames:

Table S6. Quantitative comparison with coherence-level (TC, SC)
scores on HumanML3D.

Method Temporal Coherence (TC)↑ Spatial Coherence (SC)↑

Real motion 0.96±.032 0.99±.026

ParCo [23] 0.49±.062 0.59±.057

LGTM [15] 0.51±.048 0.65±.039

T2M-GPT [19] 0.85±.050 0.87±.036

MoMask [5] 0.84±.047 0.90±.044

Ours 0.88±.051 0.92±.041

Table S7. Quantitative comparison with coherence-level (TC, SC)
scores on KIT-ML.

Method Temporal Coherence (TC)↑ Spatial Coherence (SC)↑

Real motion 0.87±.045 0.91±.037

ParCo [23] 0.32±.066 0.44±.062

LGTM [15] 0.40±.061 0.49±.058

T2M-GPT [19] 0.77±.057 0.80±.049

MoMask [5] 0.79±.042 0.79±.065

Ours 0.80±.048 0.81±.054

Sspatial =
1

T

T∑
t=1

 ∑
(g,h)∈P

s
(d)
g,h(t) +

∑
g∈G

s(θ)g (t)

 (S10)

where T is the total number of frames, and G represents the
set of all body parts.

C.2. Hyperparameter Analysis
We experimented with various combinations of hyperpa-
rameters in our coherence-level evaluation metrics (TC,
SC) to find optimal values against ground truth motions
from HumanML3D. Results for Temporal Coherence are
reported in Tab. S3 and Tab. S4, while results for Spatial
Coherence are reported in Tab. S5.

C.3. Quantitative Results
We demonstrate the generality of our metrics by report-
ing coherence-level evaluation results on additional mod-
els [15, 19] in Tab. S6. Tab. S7 presents the results on an ad-
ditional dataset, KIT-ML [13], following the same evalua-
tion process as HumanML3D [3]. The optimal hyperparam-
eters for KIT-ML are (σ = 0.05, κ = 5), (L = 20, τmax =
15), and (βd = βθ = 1.5).

C.4. Ablation Studies
We provide ablation study results for the proposed compo-
nents on coherence-level evaluation in Tab. S8. The results
demonstrate that our ParTY, which leverages a Part-Guided
Network, successfully preserves coherence while enhanc-
ing part expressiveness, compared to conventional part-wise
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Figure S2. Qualitative comparison on part-text alignment on HumanML3D.
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Figure S3. Qualitative comparison on coherence on HumanML3D.

Table S8. Ablation studies with coherence-level evaluation met-
rics on HumanML3D.

PG PTG HPF Temporal Coherence↑ Spatial Coherence↑

0.43±.056 0.54±.044

✓ 0.81±.048 0.86±.029

✓ ✓ 0.83±.045 0.89±.034

✓ ✓ ✓ 0.88±.051 0.92±.041

approaches that independently generate part motions and
simply integrate them.

D. Additional Qualitative Results

D.1. Part-Text Alignment & Coherence

Fig. S2 and Fig. S3 show additional samples for part-text
alignment and coherence, respectively. ParTY demonstrates
strong performance in both aspects.

D.2. Long & Complex

Fig. S4 shows that ParTY accurately handles each action
throughout long and complex motions (over 170 frames).



“the figure takes a few steps forward before pick something up 
turning around and walking back to where they were and 

crouching down to pick something up.”

“a person leans forward with their right hand as if to pick 
something up, walks to the left, turns right, and leans to pick 

something up again, then moves right arm as if to wipe something.”

Figure S4. Qualitative comparison on long and complex motions on HumanML3D.

Table S9. Comprehensive ablation studies of the proposed component. Bold indicates the best result, while underlined refers the second-
best. The right arrow → indicates that closer values to ground truth are preferred.

PG PTG HPF
R-Precision ↑

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

0.494±.003 0.686±.003 0.780±.003 0.158±.005 3.087±.008 9.722±.067 1.445±.051

✓ 0.520±.002 0.711±.003 0.802±.003 0.086±.003 2.913±.010 9.688±.045 1.841±.079

✓ 0.506±.003 0.695±.003 0.791±.003 0.132±.003 3.019±.013 9.710±.056 1.860±.064

✓ ✓ 0.545±.003 0.734±.003 0.828±.003 0.051±.003 2.799±.010 9.556±.042 1.973±.068

✓ ✓ 0.529±.002 0.721±.003 0.813±.003 0.063±.002 2.858±.008 9.528±.059 2.101±.071

✓ ✓ 0.538±.003 0.729±.003 0.822±.003 0.075±.002 2.826±.011 9.517±.048 2.076±.052

✓ ✓ ✓ 0.550±.003 0.744±.003 0.836±.003 0.035±.002 2.779±.006 9.534±.066 2.155±.046

Table S10. Comparison of computational complexity. Part-level
evaluation reports the average performance of arms and legs.

Method #Params AIT Part-level Evaluation (Avg.)

R-Precision (Top-3)↑ FID↓ MM-Dist↓
T2M-GPT [19] 247.5M 277ms 0.706±.003 0.198±.003 3.534±.008

ParCo [23] 168.4M 643ms 0.733±.003 0.166±.003 3.404±.010

MoMask [5] 44.8M 80ms 0.724±.003 0.139±.003 3.476±.007

Ours 78.3M 158ms 0.778±.003 0.105±.003 3.100±.007

E. Additional Quantitative Results
All experiments were performed on the HumanML3D [3]
dataset, except for Tab. S18.

E.1. Detailed Results & Ablation Studies
We provide quantitative comparisons including additional
models in Tab. S18. Detailed ablation study results for the
proposed components are presented in Tab. S9. Note that
PTG is fed into the part transformer and is thus related to its

output; when used alone without PG and HPF, this output
cannot be reflected. Therefore, this case was excluded from
the ablation study.

E.2. Computational Complexity

We report computational complexity, including the num-
ber of parameters and average inference time (AIT), in
Tab. S10. Notably, ParTY reduces the parameter count by
more than 2× and improves AIT by over 4× compared to
ParCo [23], a conventional part-wise method, while also en-
hancing part expressiveness. Although ParTY has slightly
higher complexity than MoMask due to the use of part
transformers, it achieves substantially higher part expres-
siveness, representing a reasonable trade-off.



Table S11. Porting Temporal-aware VQ-VAE to ParCo [23]. AIT
is averaged over 100 samples on an RTX A5000 GPU.

Method Window
size

Reconstruction Generation

# Params FID↓ MPJPE↓ FID↓ AIT

ParCo 4 6.35M 0.021 0.108 0.109
65ms

+ Ours 4 7.93M 0.005 (+76%) 0.034 (+68%) 0.077 (+29%)

ParCo 8 4.42M 0.047 0.166 0.172 33ms
(+49%)+ Ours 8 6.01M 0.009 (+81%) 0.041 (+75%) 0.085 (+50%)

ParCo 12 3.59M 0.090 0.243 0.255 23ms
(+64%)+ Ours 12 5.18M 0.017 (+80%) 0.060 (+75%) 0.098 (+61%)

Table S12. Ablation studies on proposed components in Temporal-
aware VQ-VAE.

LTE GTE FID ↓ MPJPE ↓

0.038±.000 0.121±.000

✓ 0.018±.000 0.049±.000

✓ 0.020±.000 0.071±.000

✓ ✓ 0.007±.000 0.019±.000

Table S13. Quantitative results according to the number of embed-
dings in PTG.

# of Emb. R-Precision ↑ FID ↓ MM-Dist ↓
Top-1 Top-2 Top-3

1 0.531±.003 0.722±.003 0.815±.003 0.060±.003 2.842±.011

2 0.538±.003 0.731±.002 0.827±.003 0.052±.003 2.825±.015

3 0.541±.002 0.735±.003 0.829±.003 0.047±.003 2.811±.007

4 0.550±.003 0.744±.003 0.836±.003 0.035±.002 2.779±.006

5 0.546±.003 0.739±.002 0.833±.003 0.033±.002 2.804±.011

6 0.531±.003 0.727±.003 0.819±.003 0.045±.003 2.878±.014

E.3. Temporal-aware VQ-VAE
E.3.1. Porting to Additional Model
To demonstrate the generality of our Temporal-aware VQ-
VAE, we report the results of porting it to an additional
model, ParCo [23], in Tab. S11.

E.3.2. Ablation Studies
We conducted ablation studies on the proposed components
(LTE, GTE) in Temporal-aware VQ-VAE and report the re-
construction performance in Tab. S12.

E.4. Part-aware Text Grounding
E.4.1. Analysis of the Number of Embeddings
We conducted experiments under various conditions to find
the optimal number of embeddings K in Part-aware Text
Grounding (PTG). As shown in Tab. S13, we tested cases
with 1, 2, 3, 4, 5, and 6 embeddings. The results showed that
4 embeddings achieved the best R-Precision performance,
while 5 views showed slightly lower R-Precision but the
highest FID performance. From 1 to 4 embeddings, we ob-
served a general improvement in performance, indicating

Table S14. Ablation studies on auxilary loss.

Method R-Precision ↑ FID ↓ MM-Dist ↓
Top-1 Top-2 Top-3

Ours (Full model) 0.550±.003 0.744±.003 0.836±.003 0.035±.002 2.779±.006

w/o aux. loss 0.543±.003 0.739±.003 0.830±.003 0.042±.003 2.805±.011

Table S15. Ablation studies on auxilary loss with part-level eval-
uation metrics.

Method Part
R-Precision

(Top-1)↑
R-Precision

(Top-3)↑ FID↓ MM-Dist↓

Ours (Full model)
Arms 0.506±.003 0.802±.002 0.133±.002 3.079±.005

Legs 0.463±.003 0.755±.003 0.078±.003 3.122±.008

w/o aux. loss
Arms 0.491±.003 0.793±.002 0.148±.003 3.098±.008

Legs 0.444±.002 0.732±.003 0.092±.003 3.167±.008

that adequate representation through a sufficient number of
embeddings is necessary for properly aligning text descrip-
tions to each part. However, the performance decline with
6 embeddings suggests that simply increasing the number
of embeddings is not beneficial. This can be attributed to
potential role overlap between embeddings and increased
complexity in the Part Gate’s weighting process when the
number of embeddings exceeds a certain threshold.

E.4.2. Ablation Studies on Auxilary Loss
Tab. S14 reports ablation study results on the auxiliary loss,
and Tab. S15 presents the corresponding results for part-
level evaluation. These results demonstrate that using LLM-
generated part text as auxiliary supervision provides modest
improvements to text-part alignment.

E.4.3. LLM Prompt Details
We provide the complete prompt used to generate part
text descriptions with an LLM in Fig. S5. We employ
gemini-2.5-flash as our LLM, which takes a holis-
tic motion description as input and generates corresponding
part-level descriptions for arms and legs. When a part de-
scription indicates “No significant movement,” we use the
holistic text embedding as auxiliary supervision for that part
instead of the LLM-generated part text. The Examples in
Fig. S5 were constructed as follows:
• Example 1:

Holistic Description: “A person waves with their right
hand while standing still.”
Part-level Descriptions:
– Arms: Right arm raises up and waves side to side.
– Legs: No significant movement.

• Example 2:
Holistic Description: “A person runs forward quickly.”
Part-level Descriptions:
– Arms: Both arms swing back and forth rhythmically to

support the running motion.



Input Text

a person walks forward and picks something up off the ground with their left hand.

LLM-Generated {Part} Text

Arm: Left arm picks something up off the ground.

Leg: The legs step forward one after the other as the person walks forward.

Large Language Model

Prompt

Problem Statement
Given a holistic motion description, we need to decompose it into part-specific descriptions for Arms 

and Legs. This decomposition is essential for part-aware motion generation where each body part 

requires explicit movement guidance.

Task Instructions
You are tasked with generating part-level text descriptions from a given holistic motion description, 

focusing specifically on Arms and Legs.

Requirements:

1. Carefully analyze the holistic motion description

2. Generate separate descriptions for Arms and Legs

3. Focus ONLY on each body part's specific actions - avoid repeating the entire holistic description

4. Be specific about laterality (left/right) when mentioned in the original description

5. If a part has no significant motion, write "No significant movement“

6. Use clear, simple language and keep descriptions concise (1-2 sentences per part)

7. Ensure both part descriptions together represent the complete original motion

Body Parts (ONLY these two):

- Arms: Include movements of shoulders, arms, hands, and grasping actions

- Legs: Include movements of hips, legs, feet, and locomotion (walking, jumping, etc.)

Examples

Your Task
Given the following holistic motion description, generate part-level text descriptions for Arms and Legs.

Holistic Description: [Input Text]

Figure S5. LLM prompt details.

– Legs: The legs alternate rapidly, pushing off the ground
to propel the body forward in a running motion.

• Example 3:
Holistic Description: “A person jumps up and raises both
arms above their head.”
Part-level Descriptions:
– Arms: Both arms lift upward and extend above the

head.
– Legs: The legs push off the ground forcefully to jump,

then land back down.
• Example 4:

Holistic Description: “A person sits down on a chair.”
Part-level Descriptions:
– Arms: No significant movement.
– Legs: The legs bend at the knees and lower the body

into a sitting position.
• Example 5:

Holistic Description: “A person kicks a ball with their
right foot.”
Part-level Descriptions:
– Arms: No significant movement.
– Legs: The right leg swings forward to kick, while the

left leg supports the body’s weight.

Table S16. Quantitative results with multiple LLM-generated part
texts.

Types R-Precision ↑ FID ↓ MM-Dist ↓
Top-1 Top-2 Top-3

LLM1 0.549±.003 0.744±.002 0.836±.003 0.035±.002 2.777±.009

LLM2 0.551±.003 0.743±.003 0.835±.003 0.038±.003 2.792±.009

LLM3 0.550±.003 0.744±.003 0.836±.002 0.035±.002 2.779±.006

LLM4 0.550±.003 0.745±.003 0.836±.003 0.036±.003 2.788±.007

LLM5 0.548±.003 0.743±.003 0.836±.002 0.032±.003 2.790±.011

E.4.4. Quality Evaluation of Generated Text
We generated part text descriptions multiple times using
the same prompt and measured performance using them as
auxiliary supervision, with results reported in Tab. S16. Al-
though the LLM-generated text varies slightly across gen-
erations, the performance remains stable with minimal fluc-
tuation due to the small weight of the auxiliary loss.

E.4.5. Group of Text Descriptions
We provide the group of text descriptions mentioned in
manuscript Fig. 6 related to Part-aware Text Grounding.
This group consists of 30 “squat”-related text descriptions,
constructed as follows: we extracted all text descriptions
containing “squat” from the entire HumanML3D dataset,
encoded them into features using the CLIP [14] text en-
coder, and selected the text description “a person squats
down” along with 29 text descriptions whose features are
closest to this anchor description, resulting in a total of 30
descriptions. The following is the list of text descriptions:
1. “a person squats down.”
2. “a man is doing squats.”
3. “a person is squatting down.”
4. “a person is squatting down.”
5. “the person is doing squats.”
6. “someone is squatting down.”
7. “a person squatting, raises arms.”
8. “a person slightly squats down.”
9. “a person lifting weights or squatting.”

10. “a person performs a single squat.”
11. “a person does an exercise squat.”
12. “a person raises his hands, squats.”
13. “a person in squat position while extending elbows.”
14. “a person is squatting while moving their hands.”
15. “a person squats down and then stands back up.”
16. “a person squats down and holds out their arms.”
17. “a squatting person raises their arms upwards from their

sides.”
18. “a person holds something above their shoulders and

squats slightly.”
19. “a person squats down and puts their hands above their

head.”
20. “a person does a squat and raises both arms over its

head.”



Table S17. Quantitative results for different window sizes in PG.

Window
size

R-Precision ↑ FID ↓ MM-Dist ↓
Top-1 Top-2 Top-3

1 0.545±.003 0.735±.003 0.829±.003 0.051±.003 2.822±.012

2 0.547±.003 0.740±.003 0.833±.002 0.040±.003 2.801±.008

3 0.550±.003 0.744±.003 0.836±.002 0.035±.002 2.779±.006

4 0.551±.003 0.741±.003 0.835±.003 0.036±.002 2.754±.009

5 0.548±.003 0.740±.002 0.833±.003 0.039±.003 2.793±.007

Time “a person walks forward and picks something up off the 

ground with their left hand.”

Arms
Legs
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Figure S6. Visualization of cross attention map of HPF.

21. “a figure squatting whilst hold both arms out towards
the front.”

22. “the person did a squat and they raised both arms for-
ward.”

23. “person squats down repeatedly with arms raised up to
hold weights.”

24. “a person squats down and moves their hands around at
head level.”

25. “person is standing in a slight squat position with hands
resting on thighs.”

26. “person is squatting and raises both arms up straight out
and then down.”

27. “a person squats down and puts their hands up to their
face while squatting.”

28. “the person puts their hand on their face then squats
down like they’re going underwater.”

29. “a person raised their arms above their head, and squat-
ted.”

30. “a person squats by bending both knees and both elbows
and moving arms above legs without touching them.”

E.5. Part Guidance

E.5.1. Analysis of the Size of Window

We evaluate quantitative performance using Part Guidance
generated with different window sizes and report the results
in Tab. S17. Performance increases progressively from win-
dow size 1 to 3, then slightly decreases from window size 4
onward. This suggests that a window size of 3 provides the
optimal amount of future part information for the model to
utilize effectively, while window sizes of 4 or larger intro-
duce additional complexity that negatively impacts perfor-
mance.

Figure S7. Guidelines for user study.

Figure S8. User evaluation interface for the user study.
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Figure S9. User study results on HumanML3D dataset. Each bar represents the average score on a scale from 1 to 5.

E.6. Holistic-Part Fusion
E.6.1. Additional Visualization of Attention Map
We provide additional sample of cross-attention map visu-
alization from the Holistic-Part Fusion process in Fig. S6.

F. User Study Details
We conducted a user study to validate our proposed model
and metrics. As described in Fig. S7, we provided partic-
ipants with guidelines for evaluating (1) Part-Text Align-
ment, (2) Temporal Coherence of Part Motion, and (3) Spa-
tial Coherence of Part Motion. Participants assessed mo-
tions generated by MoMask [5], ParCo [23], and ParTY
(ours), assigning scores for each metric as shown in Fig. S8.

Fig. S9 presents the results of our user study with 50 par-
ticipants. The results in (a) confirm that ParTY achieves su-
perior part expressiveness compared to other methods, con-
sistent with human visual perception. Furthermore, (b) and
(c) demonstrate that ParTY maintains stable coherence and
that our proposed coherence-level metrics effectively cap-
ture aspects of motion quality that align with human judg-
ment.



Table S18. Quantitative comparison on HumanML3D and KIT-ML. Bold indicates the best result, while underlined refers the second-best.
The right arrow → indicates that closer values to ground truth are preferred.

Datasets Method
R Precision ↑

FID↓ MM-Dist↓ Diversity→ MultiModality↑
Top 1 Top 2 Top 3

HumanML3D

Real motion 0.511±.003 0.703±.003 0.797±.002 0.002±.000 2.974±.008 9.503±.065 -
TM2T [4] 0.424±.003 0.618±.003 0.729±.002 1.501±.017 3.467±.011 8.589±.076 2.424±.093

T2M [3] 0.457±.002 0.639±.003 0.740±.003 1.067±.002 3.340±.008 9.188±.002 2.090±.083

MDM [16] 0.320±.005 0.498±.004 0.611±.007 0.544±.044 5.566±.027 9.559±.086 2.799±.072

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

T2M-GPT [19] 0.491±.003 0.680±.003 0.775±.002 0.116±.004 3.118±.011 9.761±.081 1.856±.011

AttT2M [22] 0.499±.003 0.690±.002 0.786±.002 0.112±.006 3.038±.007 9.700±.090 2.452±.051

ParCo [23] 0.515±.003 0.706±.003 0.801±.002 0.109±.005 2.927±.008 9.576±.088 1.382±.060

ReMoDiffuse [20] 0.510±.005 0.698±.006 0.795±.004 0.103±.004 2.974±.016 9.018±.075 1.795±.043

MMM [12] 0.504±.003 0.696±.003 0.794±.002 0.080±.003 2.998±.007 9.411±.058 1.164±.041

SALAD [6] 0.581±.003 0.769±.003 0.857±.002 0.076±.002 2.649±.009 9.696±.096 1.751±.062

BAD [8] 0.517±.002 0.713±.003 0.808±.003 0.065±.003 2.901±.008 9.694±.068 1.194±.044

BAMM [11] 0.525±.002 0.720±.003 0.814±.003 0.055±.002 2.919±.008 9.717±.089 1.687±.051

MoMask [5] 0.521±.002 0.713±.002 0.807±.002 0.045±.002 2.958±.008 - 1.241±.040

Light-T2M [18] 0.511±.003 0.699±.002 0.795±.002 0.040±.002 3.002±.008 - 1.670±.061

MoGenTS [17] 0.529±.003 0.719±.002 0.812±.002 0.033±.001 2.867±.006 9.570±.077 -
LAMP [9] 0.557±.003 0.751±.002 0.843±.001 0.032±.002 2.759±.007 9.571±.069 -
DisCoRD [2] 0.524±.003 0.715±.003 0.809±.002 0.032±.002 2.938±.010 - 1.288±.043

BiPO [7] 0.523±.003 0.714±.002 0.809±.002 0.030±.002 2.880±.009 9.556±.076 1.374±.047

Motion Anything [21] 0.546±.003 0.735±.002 0.829±.002 0.028±.005 2.859±.010 9.521±.083 2.705±.068

ParTY (Ours) 0.550±.003 0.744±.003 0.836±.003 0.035±.002 2.779±.006 9.534±.066 2.155±.046

KIT-ML

Real motion 0.424±.005 0.649±.006 0.779±.006 0.031±.004 2.788±.012 11.08±.097 -
TM2T [4] 0.280±.005 0.463±.006 0.587±.005 3.599±.153 4.591±.026 9.473±.117 3.292±.081

T2M [3] 0.370±.005 0.569±.007 0.693±.007 2.770±.109 3.401±.008 10.91±.119 1.482±.065

MDM [16] 0.164±.004 0.291±.004 0.396±.004 0.497±.021 9.190±.022 10.85±.109 1.907±.214

MLD [1] 0.390±.003 0.609±.003 0.734±.002 0.404±.013 3.204±.010 10.80±.082 2.192±.079

T2M-GPT [19] 0.416±.006 0.627±.006 0.745±.006 0.514±.029 3.007±.023 10.92±.108 1.570±.039

AttT2M [22] 0.413±.006 0.632±.006 0.751±.006 0.870±.039 3.039±.021 10.96±.123 2.281±.047

ParCo [23] 0.430±.004 0.649±.007 0.772±.006 0.453±.027 2.820±.028 10.95±.094 1.245±.022

ReMoDiffuse [20] 0.427±.014 0.641±.004 0.765±.055 0.155±.006 2.814±.012 10.80±.105 1.239±.028

MMM [12] 0.404±.005 0.621±.005 0.744±.004 0.316±.028 2.977±.019 10.91±.101 1.232±.039

SALAD [6] 0.477±.006 0.711±.005 0.828±.005 0.296±.012 2.585±.016 11.097±.095 1.004±.040

BAD [8] 0.417±.006 0.631±.006 0.750±.006 0.221±.012 2.941±.025 11.00±.100 1.170±.047

BAMM [11] 0.438±.009 0.661±.009 0.788±.005 0.183±.013 2.723±.026 11.01±.094 1.609±.065

MoMask [5] 0.433±.007 0.656±.005 0.781±.005 0.204±.011 2.779±.022 - 1.131±.043

Light-T2M [18] 0.444±.006 0.670±.007 0.794±.005 0.161±.009 2.746±.016 - 1.005±.036

MoGenTS [17] 0.445±.006 0.671±.006 0.797±.005 0.143±.004 2.711±.024 10.92±.090 -
LAMP [9] 0.479±.006 0.691±.005 0.826±.005 0.141±.013 2.704±.018 10.929±.101 -
DisCoRD [2] 0.434±.007 0.657±.005 0.775±.004 0.169±.010 2.792±.015 - 1.266±.046

BiPO [7] 0.444±.005 0.674±.006 0.803±.005 0.164±.008 2.658±.015 10.833±.111 1.098±.047

Motion Anything [21] 0.449±.007 0.678±.004 0.802±.006 0.131±.003 2.705±.024 10.94±.098 1.374±.069

ParTY (Ours) 0.449±.006 0.680±.007 0.804±.006 0.155±.014 2.694±.030 11.21±.082 1.166±.049
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