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Abstract
Text-driven human motion generation has recently attracted
considerable attention, allowing models to generate human
motions based on textual descriptions. However, current
methods neglect the influence of human attributes—such as
age, gender, weight, and height—which are key factors shap-
ing human motion patterns. This work represents a pilot ex-
ploration for bridging this gap. We conceptualize each mo-
tion as comprising both attribute information and action se-
mantics, where textual descriptions align exclusively with ac-
tion semantics. To achieve this, a new framework inspired
by Structural Causal Models is proposed to decouple action
semantics from human attributes, enabling text-to-semantics
prediction and attribute-controlled generation. The result-
ing model is capable of generating attribute-aware motion
aligned with the user’s text and attribute inputs. For evalu-
ation, we introduce a comprehensive dataset containing at-
tribute annotations for text-motion pairs, setting the first
benchmark for attribute-aware motion generation. Extensive
experiments validate our model’s effectiveness.

Introduction
In recent years, text-driven human motion generation has
gained significant attention (Guo et al. 2022a; Zhang et al.
2022; Chen et al. 2023) in both research community and in-
dustry owing to its potential applications in video games,
filmmaking, virtual reality, and robotics. The goal is to gen-
erate realistic human motion sequences based on given tex-
tual descriptions. However, human motion patterns are sig-
nificantly influenced by human attributes such as age, gen-
der, weight, and height. As illustrated in Figure 1, individu-
als with different attributes demonstrate distinct motion pat-
terns. For instance, the movements of an elderly person and
a teenager differ substantially. Therefore, incorporating hu-
man attributes into motion generation is crucial for produc-
ing realistic and context-aware movements. Also, users may
need to generate motions that correspond to specific human
attributes, demanding text-to-motion generation controlled
by attributes. Despite this, none of the existing methods have
addressed this issue.

Incorporating human attributes into text-driven motion
generation faces two major challenges. The first is that a
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Figure 1: Data samples from HumanAttr dataset with text
prompts and human attributes. Notice that the motion pat-
terns of subjects with different attributes vary significantly.

motion sequence consists of both action semantics (e.g.,
walking, running) and human attributes (e.g., gender, age),
whereas textual descriptions usually focus solely on the ac-
tion semantics aspect. Existing text-to-motion frameworks
typically align text and motion in a shared space without dis-
tinguishing between semantic content and human attribute
information, which may hinder the alignment. This neces-
sitates a new framework that can separate action seman-
tics from human attributes, ensuring that texts are accurately
aligned with semantic content.

The second challenge lies in the absence of a large-scale
text-to-motion dataset that includes annotations for a broad
spectrum of human attributes. Existing datasets either lack
human attribute annotations entirely (Guo et al. 2022a; Lin
et al. 2024; Punnakkal et al. 2021; Liang et al. 2024b; Chen
et al. 2024), encompass subjects with only a small range
of distinct attributes (Plappert, Mandery, and Asfour 2016;
Jang et al. 2020; Troje 2002; Ma et al. 2024; Kim et al.
2021), or have very limited scale (University and of Sin-
gapore 2011; Leightley et al. 2015). For example, the KIT
dataset (Plappert, Mandery, and Asfour 2016) includes at-
tribute annotations for 4k motion sequences, but 90% of the
55 subjects are aged between 18 and 45. This data gap im-
pedes the development of attribute-aware motion generation
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Dataset Subjects Motions Minutes Age Range
BMLmovi (Troje 2002) 86 1,801 161.8 [17, 33]
EKUT (Plappert, Mandery, and Asfour 2016) 4 348 30.1 [24, 44]
ETRI-Activity3D (Jang et al. 2020) 100 3,727 691.8 [21, 88]
ETRI-LivingLab (Kim et al. 2021) 50 600 160.5 [64, 80]
K3Da (Leightley et al. 2015) 54 236 34.5 [18, 81]
Kinder-Gator (Aloba et al. 2018) 20 362 34.9 [5, 32]
KIT (Plappert, Mandery, and Asfour 2016) 55 4,231 463.1 [15, 55]
Nymeria (Ma et al. 2024) 264 6,850 552.4 [18, 50]
SFU (University and of Singapore 2011) 7 44 6.4 [18, 30]

Total 640 18,199 2,135.4 [5, 88]

Table 1: Statistics of the collected sub-datasets. The statistics
are gathered after data filtering.

models capable of generalizing to diverse textual descrip-
tions and human attributes.

This work represents a pilot exploration that incorporates
human attributes to generate high-quality 3D human motion
aligned with prompted text and attribute controls. To address
the above-mentioned semantics-attribute coupling in human
motions, we introduce AttrMoGen (Attribute-controlled
Motion Generator). It comprises a Semantic-Attribute De-
coupling VQVAE (Decoup-VQVAE) that extracts attribute-
free semantic tokens from human motions, and a Seman-
tics Generative Transformer that predicts these semantic to-
kens from textual prompts. To eliminate attribute informa-
tion from the semantic tokens, we leverage Structural Causal
Model (SCM) (Pearl and Mackenzie 2018), formulating the
problem as causal factor disentanglement. In particular, ac-
tion semantics S are causal factors determining target to-
kens Y , while human attributes A are non-causal for Y but
crucial for constructing raw motion X . The causal model
is trained using a causal information bottleneck, which dis-
entangles S from A by limiting their mutual information
I(S;A). Additionally, a bottleneck term −λI(X;S) is used
to restrict information flow from X to S, ensuring that S
captures only the essential semantics. During inference, the
Semantics Generative Transformer predicts semantic tokens
from text input, which are combined with attributes input to
generate the motion via the Decoup-VQVAE decoder.

We compiled a comprehensive dataset called Hu-
manAttr, which includes texts and attribute annotations for
each motion sequence. HumanAttr integrates data from mul-
tiple sources, resulting in a collection of 18.2k motion se-
quences from 640 subjects with a wide range of attributes.
Example data entries are presented in Figure 1. Each at-
tribute label consists of the subject’s age and gender. A por-
tion of the data (∼ 74%) also contains weight and height in-
formation, but lacks age diversity thus are not utilized in the
main experiments. An additional experiment on this subset
that contains weight and height is included in supplemen-
tary materials for reference. Extensive experiments are con-
ducted on the dataset, evaluating a range of current repre-
sentative text-to-motion models, including our proposed At-
trMoGen model. The results demonstrate its ability to gen-
erate realistic motion that aligns with texts and attributes.

Related Work
Human Motion Generation. Generating realistic human
motion that aligns with specific control signals has been a

longstanding problem. A prominent focus is text-to-motion
generation. Early works (Tevet et al. 2022a; Petrovich,
Black, and Varol 2022, 2023; Yu, Tanaka, and Fujiwara
2024) primarily focused on establishing a joint embedding
space for motion sequences and texts. Recent development
has been dominated by autoregressive models and diffusion
models. The former (Guo et al. 2022a; Huang et al. 2025;
Lu et al. 2023) represent motions with discrete tokens and
implement text-to-motion generation via next token predic-
tion, while diffusion models (Jin et al. 2024; Yuan et al.
2023; Zhang et al. 2024b; Wang et al. 2023; Karunratanakul
et al. 2023; Chen et al. 2023; Xie et al. 2024b,a; Liang et al.
2024a; Huang et al. 2024) perform denoising in the motion
space or latent space to generate natural and smooth human
motions. Recently, some studies (Zhong et al. 2024; Guo
et al. 2024b; Kim et al. 2024; Song et al. 2024) explore
style-based motion models, emphasizing how an action is
performed (e.g., proud, depressed, angry). Yet, style refers
to subjective intent behind an action, while attributes deter-
mine the objective inherent biomechanics (e.g., child and the
elderly naturally differ in stride length, joint range, and ex-
pressiveness).

Text-motion Datasets. With the proliferation of mocap-
based databases (CMU Graphics Lab 2000; Shahroudy et al.
2016; Liu et al. 2019; Mandery et al. 2015; Mahmood et al.
2019), numerous text-motion datasets have been proposed.
Conventional ones like KIT and HumanML3D provide mo-
tion with corresponding sequence-level textual descriptions,
primarily developed for text-to-motion task. Subsequent
works have advanced the field by incorporating multi-person
scenarios (Liang et al. 2024b; Fang et al. 2024), addressing
long motion sequences (Li et al. 2023; Han et al. 2024), en-
hancing the quality of text descriptions (Tang et al. 2023;
Chen et al. 2024), adding full-body text descriptions (Lin
et al. 2024), and providing frame-level or segment-level
annotations (Punnakkal et al. 2021; Wang, Kang, and Mu
2024). Several motion datasets (University and of Singapore
2011; Plappert, Mandery, and Asfour 2016; Troje 2002; Ma
et al. 2024; Jang et al. 2020; Kim et al. 2021) provide the
attribute information of each subject, yet are limited in data
scale or attribute range. For instance, 90% of the subjects in
KIT are aged between 18 and 45. This indicates the lack of
large-scale collections that encompass a wide range of hu-
man attributes.

The HumanAttr Dataset
Dataset Collection. Existing benchmark datasets for human
motion generation such as HumanML3D and KIT primarily
consist of motion sequences and corresponding text descrip-
tions, lacking the annotations for human attributes. To ad-
dress this gap, we compile a comprehensive dataset that in-
cludes data entries of (motion, text, attribute). The attribute
labels contain age and gender for each data entry, and a por-
tion of the data (∼74%) also have weight and height infor-
mation. The dataset, named HumanAttr, integrates data from
various sources, annotated with diverse human attributes and
textual descriptions. As illustrated in Table 1, HumanAttr
consists of nine sub-datasets that encompass a variety of
subjects with varying attributes. In total, it contains 18.2k
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Figure 2: Statistics of age, gender, motion duration (in sec-
onds), and text length (in words) of the HumanAttr dataset.

motion sequences from 640 subjects, with ages ranging from
5 to 88 years and balanced gender. Figure 2 presents the
distribution of age, gender, motion duration, and text length
within the dataset.

Dataset Processing. This section provides a brief intro-
duction to the pipeline for processing HumanAttr. Initially,
data from different sources are converted into a 3D coor-
dinates representation of L × V × 3, where L denotes the
sequence length and V is the number of markers. Since the
number of markers varies across different data sources, we
adopt the method from (Li et al. 2024) and use gradient de-
scent optimization to fit the marker data into unified parame-
terized SMPL model (Loper et al. 2023). To make the dataset
compatible with previous work in the field, processing pro-
tocol from HumanML3D (Guo et al. 2022a) is then applied,
resulting in a 263-dimensional input vector.

However, some of the motion data exhibited serious jit-
tering issues caused by the Kinect system. To address this,
additional processing is applied to specific sub-datasets. Mo-
tions with excessive jitter or outlier coordinates are dis-
carded, and a 1-D Gaussian denoising is applied to enhance
motion quality. The dataset is further augmented by mirror-
ing the motion data following the approach in HumanML3D
to increase the training samples and improve model general-
ization. For text annotations, all sub-datasets include either
textual descriptions or action category labels. Action labels
are expanded into full text descriptions using the informa-
tion from the original database, ensuring each motion entry
has a meaningful text.

Our Proposed Method
Our goal is to generate 3D human motion that aligns with
both a given textual description and human attributes con-
trol. The core observation is that human motion patterns can
be decomposed into two factors: action semantics and hu-
man attributes. Since textual descriptions primarily focus on
the semantics, existing methods that directly align motion
with text annotations may hinder the alignment. Moreover,
current methods lack the capability to generate attribute-
aware motion based on attribute control input.

To tackle this challenge, we propose an architecture com-
posed of two main components. The overall architecture is

Figure 3: Structural Causal Model for our Decoup-VQVAE.
Our objective is to learn an encoder capable of decoupling
the Y -causative action semantics S from raw motion X .

illustrated in Figure 4. The first component is a Semantic-
attribute Decoupling VQVAE (Decoup-VQVAE), inspired
by Structural Causal Model (SCM) (Pearl and Mackenzie
2018). Specifically, the encoder removes attribute informa-
tion from the raw motion with the help of a causal informa-
tion bottleneck, resulting in attribute-free semantic tokens
via vector quantization. The decoder can then reconstruct
the original motion using both the semantic tokens and at-
tribute labels. The second component is a Semantics Gen-
erative Transformer, which predicts semantic tokens from
text by a generative transformer. During inference, seman-
tic tokens are generated from textual input and combined
with user-defined attributes to generate attribute-aware hu-
man motion.

Semantic-attribute Decoupling VQVAE
To obtain attribute-free semantic tokens, we employed
Structural Causal Model (SCM) to formulate the problem as
causal factor disentanglement. Specifically, let X represent
the raw motion and Y represent the desired semantic tokens.
The action semantics S are the causal factors that determine
Y . Human attributes, denoted as A, are non-causal factors
that are independent of Y , but essential in constructing the
raw motion X . This leads to our causal formulation, with the
SCM illustrated in Figure 3. Our aim is to learn an encoder
S = f(X) that can decouple the Y -causative action seman-
tics S from raw motion X , and a decoder X̂ = g(S,A) that
can reconstruct the motion X from S,A. Ideally, f should
clearly separate S from A, retaining only the essential se-
mantic information of the raw motion. Inspired by (Zhang
et al. 2024a; Hua et al. 2022), we introduce a causal infor-
mation bottleneck (CIB) to tackle this challenge. Formally,
The CIB objective function is defined as

CIB(X,Y, S,A) = I(X;S,A) + I(Y ;S)

− I(S;A)− λI(X;S), (1)

where I(; ) denotes the mutual information and λ is the bot-
tleneck weight. (Zhang et al. 2024a) proves that maximizing
the CIB objective is equivalent to maximizing the mutual in-
formation I(X,Y ;S,A) between the latent factors S and A
and the variables X and Y with an information bottleneck.
The role of each term and our customized implementation
will be demonstrated below.
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Figure 4: Overall architecture of our proposed AttrMoGen. The encoder of Decoup-VQVAE uses a causal information bottle-
neck to decouple action semantics from human attributes, producing attribute-free semantic tokens. The decoder then recon-
structs motion from these semantic tokens and attribute labels. The Semantics Generative Transformer predicts semantic tokens
from textual input, which are subsequently combined with attribute inputs to generate attribute-aware human motions during
inference.

Decoupling. The term −I(S;A) restricts the mutual in-
formation between S and A, which plays a crucial role in
disentangling the causal factor S from the non-causal fac-
tor A. In our case, note that the mutual information has the
following upper bound:

I(S;A) = H(A)−H(A|S) (2)
≤ log|A| − Es∼p(S)H(A|S = s), (3)

where H denotes the entropy and |A| denotes the total size
of the attribute space. Since the attribute set is finite, log |A|
is a constant. Given a batch of samples {si}Bi=1, the above
upper bound of mutual information can be estimated as:

Î(S;A) = const−
B∑
i=1

H(A|S = si) (4)

= const+
B∑
i=1

∑
a∈A

p(a|si) log p(a|si), (5)

where A is the attribute label set. The problem reduces to
modeling the conditional distribution p(a|si). To this end, a
proxy attribute classification network h is introduced, whose
goal is to classify the human attribute A from the seman-
tic embedding S. The output score of h then indicates the
conditional probability: p(A|si) = h(si), which enables the
computation of the following loss function through Equa-
tion 5:

Lentropy = −
B∑
i=1

H(A|S = si). (6)

Minimizing Lentropy reduces the mutual information
I(S;A) between S and A, eliminating attribute information
from S and achieving effective decoupling. During training,
the proxy attribute classifier h is updated alternately with the
encoder f and decoder g, supervised by the cross-entropy
loss LCE with ground truth attribute labels.

Bottleneck. The information bottleneck term −λI(X;S)
limits the information flow from X to S, ensuring that S
contains only essential semantics without excessive irrele-
vant information, fostering a robust and compact represen-
tation (Tishby, Pereira, and Bialek 2000). The mutual infor-
mation I(X;S) can be measured using the Kullback-Leibler
(KL) divergence:

I(X;S) = Ex∼p(X)DKL(p(S|x)∥p(S)) (7)

= Ex∼p(X)DKL(p(S|x)∥Ex′∼p(X)p(S|x′)) (8)

≤ Ex∼p(X)Ex′∼p(X)DKL(p(S|x)∥p(S|x′)). (9)

The inequality holds according to Jensen’s inequality as the
KL divergence is convex w.r.t. the second argument, and a
rigorous proof is provided in the supplementary. The objec-
tive is basically alleviating the impact of X on the posterior
distribution of S. To achieve this, we minimize the following
objective:

D(X;X−) = DKL(p(S|X)∥p(S|X−)), (10)

where X− is the counterfactual motion that shares the same
semantics with the original X but has different attributes.
Note that our decoder g can generate motion based on spe-
cific semantics and any given attribute control, therefore X−
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Algorithm 1: Optimization of Decoup-VQVAE

for each training iteration do
1. Sample a batch {(Xi, Ai)}Bi=1 from dataset.
2. Calculate semantic embedding Si = f(Xi).
3. Randomize the attribute label Ai into A−

i .
4. Obtain counterfactual motion X−

i = g(Si, A
−
i ).

5. Update encoder f(S|X) and decoder g(X|S,A) by
minimizing Lvqvae + αLentropy + λLbottleneck.

6. Update proxy attribute classifier h(A|S) by minimiz-
ing LCE .
end for

can be derived through
X− = g(S,A−), (11)

where A− is the counterfactual attribute obtained by ran-
domizing the original attribute A. Suppose X is a batch of
samples and X− is their corresponding counterfactuals. As
the encoder S = f(X) serves as an estimator for the dis-
tribution p(S|X), the KL-divergence in Equation 10 can be
minimized by aligning f(X) and f(X−). To achieve this,
we define the following similarity matrix analogous to (Lv
et al. 2022):

D̃(X,X−)ij = Cosine(S[:, i],S−[:, j]), (12)

where S = f(X) ∈ RB×D, S− = f(X−) ∈ RB×D,
D̃ ∈ RD×D, Cosine denotes cosine similarity. This brings
the following loss function, which enforces S and S− to
be closer while preserving independence between channels,
fostering feature space diversity:

Lbottleneck = ∥D̃(X,X−)− I∥2F , (13)
where I denotes the identity matrix. A detailed illustration
of this workflow is in Algorithm 1.

Reconstruction. The remaining terms, I(X;S,A) +
I(Y ;S), ensure that the information contained in S and A
are sufficient to reconstruct X , while also guarantee that S is
informative enough to deduce Y . Note the following lower
bound derived by (Zhang et al. 2024a):

I(X;S,A) ≥ Ep(X,S,A) log pθ(X|S,A), (14)
where pθ denotes the decoder g. This implies that
I(X;S,A) can be addressed using a reconstruction loss

Lrec = |X − X̂|2F = |X − g(S,A)|2F . (15)
The second term I(Y ;S) ensures the deduction from the
causal factor S to the target semantic token Y , which is,
by definition, the quantization process from the semantic
embedding to the codebook index. Note that I(Y ;S) =
H(Y ) − H(Y |S), where H(Y ) reflects the full exploita-
tion of the codebook and −H(Y |S) demands precise in-
dexing from S to Y . This can be addressed by the loss
Lcommit + Lembed from VQVAE (Van Den Oord, Vinyals
et al. 2017). In summary, the overall loss function is formu-
lated as

Loverall = Lvqvae + αLentropy + λLbottleneck, (16)
where Lvqvae = Lrec + Lcommit + Lembed is the conven-
tional VQVAE loss and α, λ are weight coefficients.

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

MoMask 0.685±.0.003 0.864±.0.002 0.925±.0.001 0.245±.0.009 2.602±.0.009

w/ attr test 0.603±.0.002 0.781±.0.002 0.853±.0.002 0.957±.0.019 3.815±.0.014

w/ attr train 0.689±.0.002 0.872±.0.002 0.933±.0.002 0.203±.0.007 2.518±.0.012

w/o entropy 0.686±.0.003 0.867±.0.002 0.930±.0.001 0.489±.0.008 2.523±.0.014

w/o bottleneck 0.686±.0.003 0.870±.0.002 0.933±.0.001 0.184±.0.006 2.486±.0.011

λ = 0.25 0.698±.0.002 0.881±.0.002 0.942±.0.002 0.098±.0.004 2.326±.0.012

λ = 1 0.701±.0.002 0.881±.0.002 0.941±.0.001 0.088±.0.003 2.332±.0.007

α = 0.005 0.691±.0.002 0.869±.0.001 0.931±.0.001 0.236±.0.007 2.481±.0.016

α = 0.02 0.697±.0.002 0.878±.0.002 0.939±.0.001 0.139±.0.004 2.364±.0.012

AttrMoGen 0.705±.0.002 0.882±.0.002 0.940±.0.001 0.089±.0.003 2.266±.0.012

Table 2: Results of ablation studies. “↑” denotes that higher
is better. “↓” denotes that lower is better. The default settings
for AttrMogen are λ = 0.5 and α = 0.01.

Semantics Generative Transformer
To predict semantic tokens from text, a Semantics Gener-
ative Transformer is employed, whose architecture can be
either a GPT-like autoregressive model (Zhang et al. 2023;
Lu et al. 2023) or a masked transformer (Guo et al. 2024a).
We adopt MoMask (Guo et al. 2024a) due to its strong per-
formance and efficiency. During training, the model aims to
predict randomly masked semantic tokens conditioned on
the CLIP (Radford et al. 2021) features of the textual in-
put, following a BERT-like scheme (Devlin 2018). At in-
ference time, semantic tokens are first predicted from the
text using the Semantics Generative Transformer. These to-
kens, combined with attribute inputs (e.g., age, gender), are
then used to generate the motion via the Decoup-VQVAE
decoder. Figure 4 presents a schematic illustration.

Experiments
Implementation and Evaluation Details. For the model
architecture, MoMask (Guo et al. 2024a) is adopted due
to its superior performance and efficiency. To ensure a
fair comparison, all experimental settings and hyperparam-
eters strictly follow those in MoMask. The weight coeffi-
cients α, λ of Decoup-VQVAE in Equation 16 are set to
0.01, 0.5 empirically. For attribute control, we categorize the
attributes into discrete labels to accommodate sub-datasets
that only provide age groups (e.g., Nymeria) and enable in-
depth analyses based on categorization. Gender is labeled 0
(male) or 1 (female); age is grouped as 0 (5–18), 1 (19–35),
2 (36–59), and 3 (60–88). One-hot encodings of these labels
are fused via MLPs, then concatenated with semantic em-
beddings for decoding. For the evaluation metrics, we fol-
low the standard protocol (Guo et al. 2022a) and report the
following metrics: FID, R-Precision, Multimodal Distance
(MM-Dist), Diversity and Multimodality.

Ablation Studies. A straightforward way to incorporate
human attributes is to directly supplement attribute informa-
tion into the text prompts and then employ conventional text-
to-motion frameworks. Take the original MoMask model as
an example, we conduct two key ablations: (1) human at-
tributes are added to text prompts during only test time but
not during training (‘w/ attr test’). (2) human attributes are
added to text prompts during both training and testing (‘w/
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Methods R-Precision ↑ FID ↓ MM-Dist ↓ Diversity → MModality ↑
Top-1 Top-2 Top-3

Real motion 0.750±.0.002 0.913±.0.002 0.964±.0.001 0.001±.0.000 1.793±.0.004 19.259±.0.152 -

TM2T (Guo et al. 2022b) 0.479±.0.002 0.686±.0.002 0.800±.0.002 1.491±.0.033 3.787±.0.014 18.598±.0.142 2.841±.0.085

T2M (Guo et al. 2022a) 0.592±.0.002 0.778±.0.002 0.859±.0.001 1.909±.0.031 3.827±.0.018 18.856±.0.217 2.627±.0.133

MotionDiffuse (Zhang et al. 2022) 0.670±.0.002 0.857±.0.002 0.928±.0.001 0.416±.0.011 2.704±.0.015 18.968±.0.150 2.435±.0.119

MDM (Tevet et al. 2022b) 0.330±.0.006 0.479±.0.009 0.565±.0.007 1.581±.0.361 9.482±.0.105 16.294±.0.296 4.853±.0.084

T2M-GPT (Zhang et al. 2023) 0.661±.0.002 0.824±.0.002 0.889±.0.002 0.279±.0.017 3.203±.0.022 19.184±.0.190 3.170±.0.162

MLD (Chen et al. 2023) 0.660±.0.002 0.850±.0.001 0.922±.0.001 0.349±.0.011 2.673±.0.013 19.576±.0.239 1.938±.0.086

GenMoStyle (Guo et al. 2024b) 0.680±.0.001 0.861±.0.002 0.925±.0.001 0.332±.0.007 2.649±.0.012 19.118±.0.206 1.588±.0.074

MoMask (Guo et al. 2024a) 0.685±.0.003 0.864±.0.002 0.925±.0.001 0.245±.0.009 2.602±.0.009 18.981±.0.132 1.438±.0.084

AttrMoGen 0.705±.0.002 0.882±.0.002 0.940±.0.001 0.089±.0.003 2.266±.0.012 19.268±.0.212 1.250±.0.076

Table 3: Performance of representative existing text-to-motion methods as well as our proposed AttrMoGen which incorporates
attribute information on the HumanAttr test set. “↑” denotes that higher is better. “↓” denotes that lower is better. “→” denotes
that results are better when closer to the real motion.

Attribute Group Method R-Precision ↑ FID ↓ MM-Dist ↓ Diversity →
Top-1 Top-2 Top-3 Generated / Real

Age

5-18 MoMask 0.511±.0.010 0.733±.0.010 0.835±.0.008 0.736±.0.094 2.630±.0.042 14.144±.0.229 / 14.552±.0.200

AttrMoGen 0.544±.0.007 0.752±.0.009 0.842±.0.005 0.778±.0.079 2.487±.0.038 14.500±.0.179 / 14.552±.0.200

19-35 MoMask 0.684±.0.004 0.858±.0.002 0.918±.0.002 0.240±.0.011 2.634±.0.019 18.571±.0.133 / 18.836±.0.118

AttrMoGen 0.702±.0.003 0.876±.0.002 0.932±.0.002 0.090±.0.003 2.349±.0.012 18.708±.0.205 / 18.836±.0.118

36-59 MoMask 0.445±.0.007 0.643±.0.005 0.744±.0.006 1.944±.0.092 3.762±.0.037 14.939±.0.129 / 14.508±.0.156

AttrMoGen 0.483±.0.007 0.677±.0.008 0.781±.0.006 0.669±.0.039 3.185±.0.035 14.873±.0.114 / 14.508±.0.156

60-88 MoMask 0.375±.0.004 0.597±.0.003 0.731±.0.003 0.145±.0.014 1.702±.0.022 12.175±.0.131 / 11.953±.0.154

AttrMoGen 0.393±.0.003 0.618±.0.003 0.755±.0.004 0.097±.0.009 1.209±.0.017 11.915±.0.142 / 11.953±.0.154

Gender
male MoMask 0.672±.0.003 0.851±.0.002 0.914±.0.001 0.277±.0.010 2.710±.0.016 18.664±.0.194 / 19.092±.0.172

AttrMoGen 0.701±.0.003 0.877±.0.002 0.934±.0.002 0.097±.0.006 2.340±.0.020 18.910±.0.179 / 19.092±.0.172

female MoMask 0.681±.0.003 0.871±.0.003 0.934±.0.002 0.246±.0.010 2.468±.0.012 19.232±.0.194 / 19.433±.0.223

AttrMoGen 0.694±.0.004 0.879±.0.003 0.941±.0.002 0.118±.0.006 2.176±.0.018 19.615±.0.148 / 19.433±.0.223

Table 4: Performance comparison on different attribute groups. “↑” denotes that higher is better. “↓” denotes that lower is better.
“→” denotes that results are better when closer to the real motion.

attr train’). The results are illustrated in Table 2. As shown,
directly providing attributes through text prompts during in-
ference fails to generate high-quality motions. Including at-
tribute information in the training texts enhances MoMask’s
performance, but remains less effective than our proposed
attribute-control scheme.

In addition, we analyze how each component impacts the
performance of our proposed model, as well as the influence
of the hyperparameters α, λ in Equation 16. For clarity, At-
trMoGen without Lentropy and Lbottleneck are denoted as
‘w/o entropy’ and ‘w/o bottleneck’ in the table respectively.
The results are presented in Table 2.

Quantitative Evaluations. A number of representative
text-to-motion methods are evaluated on the HumanAttr
dataset, including approaches based on VAE, autoregressive
models, masked transformers, and diffusion. Additionally,
we adopt a style-controlled motion generation model Gen-
MoStyle (Guo et al. 2024b) as a baseline by substituting
style labels with attribute labels and using text prompts to
generate content codes during inference. All experiments are
repeated 20 times, and the mean values along with a 95%
confidence interval are reported. The overall performance is

summarized in Table 3. As shown, our method outperforms
competing methods in R-precision, FID, MM-Dist, and Di-
versity. Notably, AttrMoGen advances the FID of MoMask
from 0.245 to 0.089 and the MM-Dist from 2.602 to 2.266,
demonstrating that incorporating human attributes can sig-
nificantly enhance the quality of generated motion. Table 4
further compares the performance of MoMask and AttrMo-
Gen within each attribute group, showing that AttrMoGen
consistently outperforms MoMask across all groups.

The effectiveness of attribute control is validated as fol-
lows. First, we pretrain an attribute classifier on the training
set. We then use this classifier to classify the attributes of
generated motions. For an ideal generation model, the pre-
dicted attributes should match the input controls. We adopt
two testing protocols: (a) generating motion from (text, at-
tribute) pairs drawn from the original test set, to evaluate
performance on the original data distribution; and (b) gen-
erating motion from text with randomly assigned attributes,
to assess generalization beyond the original dataset. Table 5
shows that AttrMoGen demonstrates higher classification
accuracy, indicating that it successfully generates motions
aligned with user-specified attributes.
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Figure 5: Visualization of generated motions of MoMask and AttrMoGen. As shown, subjects of different attributes exhibit
variations in the extent and patterns of movements.

Attribute Group True Random
MoMask AttrMoGen MoMask AttrMoGen

Gender
male 0.747±0.002 0.992±0.001 0.614±0.004 0.992±0.001

female 0.546±0.003 0.985±0.001 0.383±0.004 0.983±0.001

avg. 0.657±0.002 0.989±0.001 0.515±0.004 0.988±0.001

Age

5-18 0.314±0.009 0.422±0.012 0.098±0.005 0.148±0.007

19-35 0.694±0.002 0.728±0.003 0.621±0.003 0.661±0.003

36-59 0.409±0.009 0.439±0.009 0.106±0.007 0.102±0.005

60-88 0.556±0.005 0.787±0.005 0.162±0.005 0.387±0.009

avg. 0.619±0.002 0.691±0.002 0.460±0.002 0.527±0.002

Table 5: Attribute classification accuracy of generated mo-
tion controlled by true and random attribute labels.

Visualizations. To illustrate AttrMoGen’s ability of at-
tribute control, we visualized the generated motions with
different attribute inputs for the same text inputs, alongside
MoMask’s results for comparison. As shown in Figure 5,
the extent and patterns of movements vary across different
attributes, which validate AttrMoGen’s effectiveness in pro-
ducing attribute-aware motions.

Since the impact of gender on motion is hard to observe
visually, we design a t-SNE visualization in Figure 6. First,
motion features extracted by the VQVAE of MoMask and
AttrMoGen are visualized. Unlike MoMask that showcases
distinct gender-based clustering, Decoup-VQVAE removes
attribute cues, resulting in no observable gender clusters.
Then we feed MoMask- and AttrMoGen-generated motions
into a pretrained feature extractor and visualize the features.
Here, AttrMoGen exhibits stronger gender-based clustering
than MoMask, indicating better alignment of generated mo-
tions with the input attributes.

Conclusion
This work explores the novel direction of integrating hu-
man attributes into text-to-motion generation. The core de-
sign of our framework is a decoupling encoder inspired by
Structural Causal Model, which separates action semantics

Figure 6: t-SNE visualization with colors representing male
and female. The VQVAE embeddings of AttrMoGen exhibit
no gender-based clustering, indicating effective removal of
gender cues from the motion. Meanwhile, with attributes
control input, features of the generated motion by AttrMo-
Gen displays distinct gender-based clusters, demonstrating
better alignment with attributes input. Best viewed in color.

from human attributes, enabling text-to-semantics predic-
tion and attribute-controlled generation. We also present a
text-to-motion dataset with attribute annotations called Hu-
manAttr, which features subjects with diverse attributes. Ex-
tensive evaluations demonstrate the potential of generating
realistic human motions based on text and attribute control.
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