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Abstract

Text-to-motion synthesis aims to generate natural and ex-
pressive human motions from textual descriptions. While
existing approaches primarily focus on generating holistic
motions from text descriptions, they struggle to accurately
reflect actions involving specific body parts. Recent part-
wise motion generation methods attempt to resolve this but
face two critical limitations: (i) they lack explicit mecha-
nisms for aligning textual semantics with individual body
parts, and (ii) they often generate incoherent full-body mo-
tions due to integrating independently generated part mo-
tions. To overcome these issues and resolve the fundamen-
tal trade-off in existing methods, we propose ParTY, a novel
framework that enhances part expressiveness while gener-
ating coherent full-body motions. ParTY comprises: (1)
Part-Guided Network, which first generates part motions
to obtain part guidance, then uses it to generate holistic
motions; (2) Part-aware Text Grounding, which diversely
transforms text embeddings and appropriately aligns them
with each body part; and (3) Holistic-Part Fusion, which
adaptively fuses holistic motions and part motions. Exten-
sive experiments, including part-level and coherence-level
evaluations, demonstrate that ParTY achieves substantial
improvements over previous methods.

1. Introduction
Text-to-motion synthesis aims to generate human mo-
tions from textual descriptions, with applications in anima-
tion [15], virtual reality [10], video games [22, 36], and
robotics [3, 17, 18]. Recent architectures [12, 13, 25, 26,
37, 39] have improved semantic alignment with the input
text, and visual fidelity. However, most adopt a holistic gen-
eration approach: synthesizing full-body motion directly
from text. While this strategy generates globally coherent
motion, it fundamentally lacks the capacity to model part-
specific semantics by treating the body as a single entity.
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stands, and lunges on their left leg.”
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Figure 1. (a) Holistic methods maintain coherence well but limited
part-text alignment. In contrast, (b) Part-wise methods show en-
hanced part-text alignment (e.g., correctly performing the left leg
lunge) but compromised coherence as a trade-off (e.g., neck dis-
tortion and misaligned arm and leg movements). (c) Our ParTY
resolves this trade-off by achieving superior performance in both
part-text alignment and coherence.

As a result, fine-grained part actions in the text are often
misrepresented or overlooked, as shown in Fig. 1 (a).

To address this limitation, part-wise methods [30, 40]
have emerged, which split the body into anatomical parts
and independently generate motions separately for each
part. This decomposition provides explicit part-level con-
trol and opens up significant potential for improved part-
specific expressiveness compared to holistic approaches.
However, existing part-wise methods have yet to fully real-
ize this potential and face two critical challenges: (i) Insuf-
ficient text-to-part semantic alignment: Existing meth-
ods miss fine-grained, part-relevant cues in text, so motions
fail to reflect intended part-level behaviors. (ii) Lack of
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inter-part coherence: Since each part motion is generated
independently and then simply combined without consider-
ation of global consistency, the resulting full-body motion
often lacks overall coherence, as illustrated by the part-wise
method in Fig. 1 (b).

To tackle these challenges and bridge holistic and part-
wise methods, we propose ParTY, a novel framework that
resolves the inherent trade-off between part-specific expres-
siveness and full-body coherence. For fine-grained text-to-
part alignment, we introduce Part-aware Text Ground-
ing module: it transforms a single sentence embedding into
multiple diverse embeddings and dynamically selects ap-
propriate embeddings for each body part. During the selec-
tion process, it leverages auxiliary text information about
each part generated by an LLM, which is used only during
training. This enables fine-grained text-part alignment over
previous methods.

To address the lack of coherence among independently
generated part motions, we propose a Part-Guided Net-
work, a dual-generation framework that first generates part
motions and then uses them as guidance to generate holistic
motions, rather than generating each part independently and
combining them. Specifically, part motions are generated
for several time steps to create part guidance, which con-
ditions the holistic motion generation by providing future
part-level information. During holistic motion generation,
a Holistic-Part Fusion is also employed, which directly
fuses holistic and part motions, allowing part motion infor-
mation to be incorporated throughout the process. These
approaches enable the generation of coherent movements
across the entire body.

While our method improves part-specific expressiveness
and full-body coherence, evaluating these improvements re-
mains challenging. Conventional metrics [10] operate ex-
clusively at the holistic-level, making them incapable of
accurately assessing part-level semantic alignment. More-
over, no metric exists to directly evaluate motion coher-
ence across the full-body. To address these issues, we pro-
pose new evaluation protocols: part-level metrics that ex-
pand [10]’s approach for evaluating part-specific expres-
siveness and temporal and spatial coherence metrics. Ex-
tensive experiments including these evaluations and Fig. 1
(c) demonstrate that our ParTY effectively combines the
advantages of both holistic and part-wise methods, leverag-
ing expressive part motions while maintaining coherence.
Our contributions are summarized as follows:
• We introduce a Part-Guided Network that addresses the

coherence problem inherent to part-wise methods by first
generating part motions and then using them as guidance
for holistic motion generation, with a Holistic-Part Fu-
sion module that adaptively fuses both motion represen-
tations to maintain coordination.

• We propose Part-aware Text Grounding, which en-

hances fine-grained text-to-part alignment by diversely
transforming text embeddings and appropriately aligning
them with each body part, leveraging LLM-generated part
descriptions as auxiliary information.

• Through extensive experiments, we demonstrate that our
method achieves state-of-the-art performance on conven-
tional metrics. Furthermore, using our newly proposed
part-level and coherence-level evaluation metrics, we
validate and analyze the effectiveness of our approach in
improving part expressiveness and motion coherence.

2. Related Works
Text-to-Motion Generation. Text-to-motion synthesis
aims to translate textual descriptions into realistic human
movements, offering intuitive control through natural lan-
guage [5, 28]. Unlike traditional methods relying on ac-
tion classes [9, 21, 23] or audio signals [19, 20, 33],
text-driven approaches provide expressive control capabil-
ities. Early approaches established cross-modal alignment
through joint embedding spaces [1, 2], followed by prob-
abilistic frameworks [4, 24] that captured the one-to-many
relationship between text and motion. Discrete represen-
tation learning emerged with [11] enhancing cross-modal
understanding, while [14, 37] combined VQ-VAE [34]
with transformers for autoregressive generation. Recent
diffusion-based methods [6, 7, 32, 35, 38] dramatically im-
prove motion quality through iterative denoising processes,
though often with computational overhead. Temporal con-
text modeling has been explored through masked model-
ing strategies [12] and hybrid approaches [25, 26]. Despite
these advances, most approaches treat human motion as a
monolithic entity rather than a coordinated system of in-
terrelated parts, struggling to capture nuanced relationships
between textual descriptions and specific body movements
that require precise inter-part coordination.
Part-wise Text-to-Motion Generation. Part-wise ap-
proaches treat the human body as a system of coordinated
parts rather than a monolithic entity, aiming to enhance ex-
pressiveness and control over individual body components.
Early work included SCA [8], which divided the body
into upper and lower segments with independent networks,
demonstrating potential for specialized control but strug-
gling with coordination. Additionally, AttT2M [39] intro-
duced body-part attention-based encoders, though its single
decoder limited nuanced control. More recently, ParCo [40]
used separate VQ-VAEs for each body part with token-
sharing for coordination, but did not leverage part-specific
text descriptions. LGTM [30] decomposed text descriptions
into part-specific prompts using an LLM, but this extraction
of only part-related text loses the overall context of the sen-
tence. Due to these limitations, although these approaches
achieve some improvement in part expressiveness, they still
exhibit insufficient part-level detail. Moreover, the simple
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Figure 2. Architecture of the Temporal-aware VQ-VAE. Part VQ-
VAE follows an identical architecture, where the sole distinction
lies in processing part-level rather than full-body motion data.

integration of independently generated parts inevitably re-
sults in incoherent motions. Our method addresses these
limitations, enhancing both aspects simultaneously.

3. Method
Our method consists of two stages. First, we quantize mo-
tion sequences into codebooks for both the full-body and
parts (arms and legs), as shown in Fig. 2. Second, we train
holistic and part transformers using these codebooks to pre-
dict codebook sequences that match the text description, as
shown in Fig. 3. During inference, the predicted codebook
sequences are decoded by the pre-trained VQ-VAE decoder
from the first stage to reconstruct the motions. Further net-
work details can be found in the supplementary material.

3.1. Temporal-aware VQ-VAE
Recent studies have increasingly adopted VQ-VAE [34] to
quantize sequential motions into discrete codebooks [12,
13, 25, 26, 37, 40]. However, compressing motion se-
quences—where temporal flow is crucial—into discrete
codebooks through fixed-size windows inherently causes
temporal information loss. While reducing the window size
can mitigate this loss by increasing codebook entries, this
introduces a trade-off with model size without truly resolv-
ing the problem. This constitutes a fundamental limita-
tion of VQ-VAE-based approaches. To address this lim-
itation without increasing model complexity, we propose
Temporal-aware VQ-VAE that enhances both local and
global temporal information to enable codebook quantiza-
tion while preserving temporal details.

Our goal is to quantize motion sequences into codebooks
while preserving temporal information. To achieve this, we
enhance local and global temporal information before quan-
tization, as shown in Fig. 2. As motion sequences are en-
coded frame-by-frame through the encoder, Local Tempo-
ral Enhancement (LTE) bundles frame-level features with

a window size of w, resulting in feature groups {Ni}t/wi=1

where t denotes total frames. For each group, we compute
feature weights via an MLPi (a 3-layer MLP with ReLU
activation) and perform weighted summation to produce an
enhanced group-level feature {Ñi}t/wi=1, formulated as:

Ñi =

w∑
j=1

αij · fij , fij ∈ Ni (1)

where fij is the j-th feature in group Ni, and αij is the
weight computed by applying softmax to MLPi outputs, en-
suring

∑w
j=1 αij = 1.

In Global Temporal Enhancement (GTE), we employ
a Graph Convolutional Network [16] to preserve global
temporal dependencies. We define the nodes of the GCN
as the group-level features {Ñi}t/wi=1 and update each node
by capturing relationships among them:

Ñ ′
i = GELU

t/w∑
k=1

Âik(ÑkW )

 (2)

where Ñ ′
i is the updated i-th node feature, Ñk is the k-

th node feature, Âik is the normalized adjacency matrix,
and W is a learnable weight matrix. Finally, each Ñ ′

i is
mapped to a single codebook entry through quantization.
By preserving temporal information, our approach encodes
longer motion sequences into single codebook entries with
reduced information loss, thereby decreasing model size
and inference time. Related analysis is provided in Tab. 4
and Sec. 4.4.
Training. Our VQ-VAE is optimized by Lvq = Lrec +
λapp · Lapp, where Lrec is the L1 reconstruction loss be-
tween decoded and ground truth joint positions, and Lapp

is the L2 approximation loss between quantized codebook
vectors and the encoded vectors, which encourages the en-
coder to produce features close to learned codebook entries.

3.2. Part-aware Text Grounding

After completing the motion quantization stage, in the sec-
ond stage, we proceed to motion generation using trans-
formers. Before feeding text embedding into each part’s
transformer, we apply Part-aware Text Grounding (PTG) to
generate text embeddings tailored to each body part. As
shown in Fig. 3, we first obtain text embedding c from
the text description through CLIP [29]. This embedding is
fed into K distinct MLPs, producing transformed embed-
dings c′n = MLPn(c)n∈{1,...,K}. To ensure these embed-
dings maintain semantic consistency while achieving diver-
sity, we employ contrastive learning where each c′n treats c
as a positive anchor and {c′m}Km̸=n as negatives. The text
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Figure 3. Overview of ParTY. Text embeddings are processed through Part-aware Text Grounding, then part transformers generate Part
Guidance for the holistic transformer to generate motion tokens, with Holistic-Part Fusion applied during generation. The notation {Part}
indicates that the process is performed for both arms and legs.

diversity loss is:

Ldiv =
1

K

K∑
n=1

L(n)

L(n) = − log
exp(s(c′n, c)/τ)

exp(s(c′n, c)/τ) +
K∑

m̸=n

exp(s(c′n, c′m)/τ)

(3)

where s(·, ·) denotes cosine similarity and τ is the temper-
ature parameter. This encourages each MLP to explore dif-
ferent semantic aspects while preserving core meaning. Af-
ter generating diverse embeddings, the {Part} Gate—a gat-
ing network dedicated to arms and legs—dynamically se-
lects appropriate embeddings through adaptive weighting.
To improve part-specific selection, we use LLM-Generated
{Part} Text as auxiliary supervision: detailed motion de-
scriptions for each part are generated from the original text
(e.g., given “a person walks forward and picks something
up off the ground with their left hand,” the LLM gener-
ates “Left arm picks something up off the ground” for the
arm and “The legs step forward one after the other” for the
legs), embedded via CLIP, and used to compute an auxiliary
L1 loss Laux that aligns PTG outputs with these part-specific
embeddings. Notably, since LLM-generated texts are only
used during training, our method remains efficient at infer-
ence time.

3.3. Part-Guided Network

To achieve expressive motion generation, we propose a
Part-Guided Network that first generates part motion tokens
for a certain number of time steps and leverages them as part
guidance for generating holistic motion tokens. Following
PTG, the precisely aligned text embeddings are fed into
their respective part transformers, which autoregressively
generate part motion tokens. The generation proceeds in
cycles: in the i-th cycle, each part transformer generates T
consecutive tokens for time steps ti = {ti1, ti2, . . . , tiT }, and
the generated tokens from each part are fused to create the
i-th Part Guidance Gi:

Gi =
∑
t∈ti

zfuse
t (4)

zfuse
t = MLP(zArms

t + zLegs
t ) (5)

zpt = fp(z
p
1:t−1, c

p), p ∈ {Arms,Legs} (6)

where fp denotes part transformer that autoregressively
generates motion token zpt conditioned on previous tokens
zp1:t−1 and part-specific text embedding cp from PTG.

Next, the i-th Part Guidance is fed into the holistic trans-
former at each step during the generation of holistic motion
tokens for time steps in ti. The holistic motion token zt
generated at time step t ∈ ti by the holistic transformer is
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formulated as:

zt = f(z1:t−1, c,Gi) (7)

z1:t−1 = HPF(z1:t−1, z
Arms
1:t−1, z

Legs
1:t−1) (8)

where z1:t−1 denotes the previous holistic motion to-
kens refined by the Holistic-Part Fusion (HPF), c is
original text embedding without processing through the
PTG module. Overall, this process of the i-th gener-
ation cycle—generating part motion tokens for T steps
and subsequently generating holistic motion tokens for T
steps—continues cyclically until the holistic transformer
reaches the end token.
Holistic-Part Fusion. To ensure coherent movements
across the entire body, we continuously integrate part mo-
tion information into the holistic transformer through the
Holistic-Part Fusion (HPF) during holistic motion token
generation. HPF first concatenates the holistic tokens z1:t−1

with arm tokens zArms
1:t−1 and leg tokens zLegs

1:t−1, then performs
self-attention using the standard scaled dot-product atten-
tion mechanism Attn(Q,K,V) = softmax

(
QK⊤
√
dk

)
V,

where Q, K, V are linear projections of the concatenated
tokens [z1:t−1; zArms

1:t−1; zLegs
1:t−1]. The attended output is then

split back into separate sequences z̃1:t−1, z̃Arms
1:t−1, and z̃Legs

1:t−1

using split tokens, which are learnable vectors that serve
as separators between different tokens. We apply cross-
attention operations with z̃1:t−1 as query and each part to-
ken as key/value:

zp
cross = Attn(Q′,Kp,Vp), p ∈ {Arms,Legs} (9)

where Q′ and (Kp,Vp) are linear projections of z̃1:t−1 and
z̃p
1:t−1, respectively. Finally, the two cross-attention outputs

are added to produce the HPF output.
Training. To train both holistic and part transformers, we
design separate loss functions for each. Let d(z|t) denote
the conditional distribution of z at time step t. The holistic
motion loss and part motion loss are defined as:

Lhol = Ezt,t∼d(zt,t)[− log d(zt|t)] (10)

Lpart =
∑

p∈{Arms,Legs}

Ezp
t ,t∼d(zp

t ,t)
[− log d(zpt |t)] (11)

The total loss is L = Lhol + Lpart + λdivLdiv + λauxLaux,
where λdiv and λaux are weighting coefficients for the text
diversity loss and part text auxiliary loss, respectively.

4. Experiments
We evaluate on HumanML3D [10] (14,616 motions, 44,970
texts) and KIT-ML [27] (3,911 motions, 6,278 texts),
following the standard splits and pose representation
from [10]. Additional quantitative and qualitative experi-
ment results can be found in the supplementary material.

4.1. Evaluation Metrics
We adopt evaluation metrics from [10] using pre-trained
encoders. R-Precision and MM-Dist measure text-motion
alignment and semantic similarity in the feature space. FID
evaluates motion quality through distributional differences
between generated and real motions. We also report Diver-
sity (variance across motion pairs) and Multimodality (vari-
ance for motions from the same text). Following prior work,
we run each evaluation 20 times (5 times for Multimodality)
and report averages with 95% confidence intervals.

4.1.1. Part-level Evaluation Metrics
To evaluate part-specific expressiveness, we extend con-
ventional evaluation metrics to the part-level. We inde-
pendently train arms and legs motion encoders using the
T2M [10] encoder architecture, which is commonly used
for evaluation in most studies [25, 26, 37, 39, 40]. With
these trained part-specific encoders, we compute part-level
R-Precision, FID, and MM-Dist by adapting full-body met-
rics to evaluate part-level performance.

4.1.2. Coherence-level Evaluation Metrics
To evaluate motion coherence at the frame-level, we intro-
duce the Temporal Coherence (TC) and Spatial Coherence
(SC) score, which evaluate both temporal and spatial con-
sistency across body parts. A motion sequence is repre-
sented 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. For each body part g,
we compute the temporal-wise RMS velocity:

xg(t) =

√
1

ng

∑
j∈g

∥p̂j(t)− p̂j(t− 1)∥2 (12)

where the sum is over all joints j belonging to part g, and
ng is the number of joints from part g. To compare mo-
tion patterns across parts with different movement inten-
sities, we apply z-normalization within sliding windows
w—local time intervals that allow adaptive normalization
to account for varying motion dynamics throughout the se-
quence. We then measure part-wise correlations within each
window through cross-correlation functions r(w)

g,h (τ) across
temporal lags τ . This allows detection of phase-shifted
synchrony—for instance, in walking, arm motion naturally
leads or lags leg motion. To aggregate these correlations,
we compute a refined correlation score:

R̃
(w)
g,h = max(0,Eτ [r

(w)
g,h (τ)]) · exp

(
−⟨|τ |⟩w

κ

)
(13)

where Eτ [·] denotes softmax-weighted averaging over lags
(emphasizing high-correlation lags), ⟨|τ |⟩w is the expected
absolute lag, and the exponential term penalizes excessive
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Table 1. 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 -
MDM [31] 0.320±.005 0.498±.004 0.611±.007 0.544±.044 5.566±.027 9.559±.086 2.799±.072

T2M-GPT [37] 0.491±.003 0.680±.003 0.775±.002 0.116±.004 3.118±.011 9.761±.081 1.856±.011

ParCo [40] 0.515±.003 0.706±.003 0.801±.002 0.109±.005 2.927±.008 9.576±.088 1.382±.060

MMM [26] 0.504±.003 0.696±.003 0.794±.002 0.080±.003 2.998±.007 9.411±.058 1.164±.041

BAMM [25] 0.525±.002 0.720±.003 0.814±.003 0.055±.002 2.919±.008 9.717±.089 1.687±.051

MoMask [12] 0.521±.002 0.713±.002 0.807±.002 0.045±.002 2.958±.008 - 1.241±.040

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 -
MDM [31] 0.164±.004 0.291±.004 0.396±.004 0.497±.021 9.190±.022 10.85±.109 1.907±.214

T2M-GPT [37] 0.416±.006 0.627±.006 0.745±.006 0.514±.029 3.007±.023 10.92±.108 1.570±.039

ParCo [40] 0.430±.004 0.649±.007 0.772±.006 0.453±.027 2.820±.028 10.95±.094 1.245±.022

MMM [26] 0.404±.005 0.621±.005 0.744±.004 0.316±.028 2.977±.019 10.91±.101 1.232±.039

BAMM [25] 0.438±.009 0.661±.009 0.788±.005 0.183±.013 2.723±.026 11.01±.094 1.609±.065

MoMask [12] 0.433±.007 0.656±.005 0.781±.005 0.204±.011 2.779±.022 - 1.131±.043

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

delays to suppress spurious matches from unrelated move-
ments. The temporal coherence score is then Stemporal =

1
W |P|

∑W
w=1

∑
(g,h)∈P R̃

(w)
g,h , where W is the number of

windows and P is the set of all part pairs, yielding a mea-
sure of overall rhythmic coordination.
Spatial Coherence score evaluates the physical plausibil-
ity of spatial relationships within each frame. For each
body part g, we compute its representative position as the
centroid (average 3D position) of all joints belonging to
that part: cg(t) = 1

ng

∑
j∈g p̂j(t). We then measure: (1)

inter-part distances dg,h(t) = ∥cg(t) − ch(t)∥ between
the centroids of part pairs (g, h), and (2) part-torso angles
θg(t) measuring the angular alignment between each part
and the torso. To define what constitutes physically plau-
sible human poses, we estimate reference statistics—means
and standard deviations—of these quantities over the Hu-
manML3D dataset [10], forming empirical distributions of
natural human geometry. Each per-frame measurement is
normalized into z-scores z(d)g,h and z

(θ)
g , which are converted

to consistency scores using Gaussian kernels:

s
(d)
g,h(t) = exp

(
−
(z

(d)
g,h(t))

2

β2
d

)
, s(θ)g (t) = exp

(
− (z

(θ)
g (t))2

β2
θ

)
(14)

where larger deviations from typical human geometry lead
to exponentially lower consistency. The spatial coherence
score is defined as:

Sspatial =
1

T

T∑
t=1

 ∑
(g,h)∈P

s
(d)
g,h(t) +

∑
g∈G

s(θ)g (t)

 (15)

Table 2. Quantitative comparison with part-level evaluation met-
rics on HumanML3D.

Method Part
R-Precision

(Top-1)↑
R-Precision

(Top-3)↑ FID↓ MM-Dist↓

MoMask [12]
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

ParCo [40]
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

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

where T is the total number of frames, and G is the set of
body parts, averaging consistency scores across all frames
and spatial relationships. TC and SC provide a comprehen-
sive assessment of motion quality by capturing both tempo-
ral coordination and spatial plausibility of generated human
motions.

4.2. Quantitative Evaluation
As shown in Tab. 1, ParTY achieves state-of-the-art perfor-
mance in R-Precision, MM-Dist, and FID metrics across
both HumanML3D and KIT-ML datasets. The superior R-
Precision and MM-Dist results demonstrate more precise
text-motion alignment, while the leading FID scores con-
firm enhanced motion quality.

For part-level evaluation, as shown in Tab. 2, ParTY out-
performs both the existing part-wise method ParCo [40]
and the holistic method MoMask [12] across all body parts
in R-Precision, MM-Dist, and FID metrics. These results
demonstrate that ParTY successfully achieves expressive
part-level motion generation, overcoming a fundamental
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“person standing raises left knee upward, then puts 

foot back down.”

standing on left foot hold left hand up moving right foot side to side

standing on left foot hold left hand up moving right foot side to side

standing on left foot hold left hand up moving right foot side to side
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SC: 0.51

TC: 0.86

SC: 0.88

TC: 0.89

SC: 0.92

raise left knee upward put foot back down

raise left knee upward put foot back down

raise left knee upward put foot back down

TC: 0.54
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SC: 0.92

Figure 4. Qualitative comparison on HumanML3D. Colored text in the descriptions corresponds to the colored body parts in the generated
motions, with coherence-level (TC, SC) scores displayed for each sample.

Table 3. Quantitative comparison with coherence-level (TC, SC)
scores on HumanML3D. We run each evaluation 20 times and re-
port averages with 95% confidence intervals.

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

ParCo [40] 0.49±.062 0.59±.057

MoMask [12] 0.84±.047 0.90±.044

Ours 0.88±.051 0.92±.041

challenge common to both part-wise and holistic methods.
For coherence-level evaluation, we measure both tem-

poral and spatial coherence scores and report the results in
Tab. 3. Consistent with our problem statement, ParCo, a
part-wise method, shows low scores across both coherence
metrics, while MoMask, a holistic method, achieves sub-
stantially more stable scores. This validates that our pro-
posed coherence-level metrics effectively capture the coher-
ence deficiency in part-wise methods, which was our key
observation. Notably, ParTY outperforms not only ParCo
but also achieves marginally better scores than MoMask,
demonstrating that our Part-Guided Network with Holistic-
Part Fusion module successfully addresses the coherence
issues inherent in part-wise methods.

4.3. Qualitative Evaluation
We conduct a visual comparison of motion generation re-
sults between our ParTY, ParCo [40], and MoMask [12].
As shown in Fig. 4, both MoMask and ParCo fail to accu-
rately reflect part-specific descriptions, whereas our ParTY
accurately captures all part descriptions. Moreover, in terms
of motion coherence, the part-wise method ParCo exhibits
significant issues such as neck distortion and misaligned up-
per and lower body orientations, resulting in low temporal

Table 4. Porting Temporal-aware VQ-VAE to MoMask [12]. Re-
construction evaluates VQ-VAE performance, while Generation
evaluates final performance including the transformer. Mean Per
Joint Position Error (MPJPE) measures positional accuracy, and
Average Inference Time (AIT) is averaged over 100 samples on an
RTX A5000 GPU.

Method Window
size

Reconstruction Generation

# Params FID↓ MPJPE↓ FID↓ AIT

MoMask 4 19.44M 0.020 0.030 0.045
80ms

+ Ours 4 19.86M 0.003 (+85%) 0.011 (+63%) 0.033 (+26%)

MoMask 8 10.15M 0.042 0.055 0.094 43ms
(+46%)+ Ours 8 10.58M 0.005 (+88%) 0.014 (+74%) 0.039 (+58%)

MoMask 12 7.67M 0.079 0.091 0.126 29ms
(+64%)+ Ours 12 8.09M 0.011 (+86%) 0.023 (+75%) 0.042 (+67%)

and spatial coherence scores. In contrast, ParTY maintains
coherent motions across all frames, achieving high temporal
and spatial coherence scores. These results demonstrate that
ParTY effectively resolves the existing trade-off between
part-specific expressiveness and full-body coherence.

4.4. Discussions
All experiments were performed on the HumanML3D [10]
dataset. More detailed experimental results and analysis are
provided in the supplementary material.
Cost Efficiency of Temporal-aware VQ-VAE. In VQ-
VAE-based approaches, the window size—which defines
how many consecutive frames are encoded into a sin-
gle codebook entry—critically impacts both model perfor-
mance and inference efficiency. To demonstrate the cost
efficiency of proposed Temporal-aware VQ-VAE, we apply
it to MoMask [12] and report parameters, reconstruction,
and generation performance across different window sizes
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Table 5. Ablation studies of the proposed components. PG indi-
cates Part Guidance.

PG PTG HPF
R-Precision

(Top-1)↑
R-Precision

(Top-3)↑ FID↓ MM-Dist↓

0.494±.003 0.780±.003 0.158±.005 3.087±.008

✓ 0.520±.002 0.802±.003 0.086±.003 2.913±.010

✓ ✓ 0.545±.003 0.828±.003 0.051±.003 2.799±.008

✓ ✓ ✓ 0.550±.003 0.836±.002 0.035±.002 2.779±.006

Table 6. Ablation studies with part-level evaluation metrics.

Part PG PTG HPF
R-Precision

(Top-1)↑
R-Precision

(Top-3)↑ FID↓ MM-Dist↓

Arms

0.433±.003 0.736±.002 0.232±.004 3.347±.014

✓ 0.470±.003 0.769±.003 0.166±.002 3.251±.006

✓ ✓ 0.501±.003 0.798±.003 0.152±.002 3.102±.007

✓ ✓ ✓ 0.506±.003 0.802±.002 0.133±.002 3.079±.005

in Tab. 4. First, when porting with the same window size of
4, the LTE and GTE modules add minimal parameters but
yield notable performance improvements. For MoMask-
only, increasing the window size substantially reduces both
model parameters and average inference time (AIT), but
at the cost of significant performance degradation due to
mapping longer motion sequences to each codebook. In
contrast, our Temporal-aware VQ-VAE effectively prevents
this degradation by capturing and preserving critical tempo-
ral information. While our Part-Guided Network inevitably
increases inference time due to separate part transformers,
the Temporal-aware VQ-VAE enables larger window sizes
without performance loss, compensating for the increased
inference cost.
Analysis of Part-Guided Network. All transformers in our
method autoregressively generate motion tokens, relying
solely on information up to the current time step. Through
Part Guidance (PG), previously generated part motion to-
kens are leveraged to guide holistic motion generation. The
effectiveness of this approach is demonstrated in Tab. 5,
where adding PG leads to notable improvements across all
metrics, showing that part information serves as valuable
guidance for holistic motion generation. Furthermore, as
shown in Tab. 6, utilizing PG effectively incorporates part-
level information, positively impacting part expressiveness.
Additionally, Holistic-Part Fusion (HPF) enables the gen-
eration of more part-aware holistic motions by adaptively
fusing holistic and part motions throughout the generation
process. As shown in Fig. 5, for two text descriptions em-
phasizing different body parts, the attention scores are no-
tably higher for the corresponding parts. This demonstrates
that the HPF module effectively captures dynamic inter-part
relationships and performs appropriate fusion by adaptively
attending to task-relevant body parts throughout the motion
sequence.
Analysis of Part-aware Text Grounding. As shown in

Time

“a person kicks something with their right leg.”
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Legs

“a person does a high five with their left hand.”
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Figure 5. Visualization of cross attention map of HPF. Rows cor-
respond to body parts and columns represent temporal frames. We
visualize the normalized attention weights between the holistic
motion token and each part motion token.

Emb. 1 Emb. 2 Emb. 3 Emb. 4
0.10

0.15

0.20

0.25

0.30

0.35

0.40

W
ei

g
h
t

Legs

Arms

Figure 6. Embedding selection ratios in PTG. Mean and standard
deviation of weights are computed over semantically similar text
descriptions that share common motion patterns.

Tab. 5 and Tab. 6, PTG improves text-motion alignment
metrics (R-Precision and MM-Dist) and part expressive-
ness, confirming that it enables more precise correspon-
dence between textual descriptions and part motions. Fig. 6
demonstrates how different embeddings are weighted and
selected for specific body parts given the same input text.
We adopt 4 embeddings based on experimental validation
showing optimal performance. Legs show high selection
ratios for embedding 2, while arms favor embedding 3, con-
firming that PTG effectively transforms textual embeddings
into multiple specialized representations and dynamically
selects the most relevant features for each body part.

5. Conclusion

We present ParTY, a novel model for text-driven motion
generation that addresses the fundamental trade-off in ex-
isting methods. Our approach enhances part-text alignment
through part-specific selection of diverse text embeddings
and maintains coherent motions via a part-guided gener-
ation framework. Moreover, we introduce part-level and
coherence-level evaluation metrics to comprehensively val-
idate our model. Extensive experiments on HumanML3D
and KIT-ML demonstrate that ParTY achieves state-of-the-
art performance, outperforming both holistic and part-wise
methods. By bridging the gap between expressive part mo-
tion and full-body motion coherence, ParTY establishes a
new standard for text-to-motion generation.
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