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Abstract
Text-guided motion synthesis aims to generate 3D human
motion that not only precisely reflects the textual description
but reveals the motion details as much as possible. Pioneering
methods explore the diffusion model for text-to-motion synthe-
sis and obtain significant superiority. However, these methods
conduct diffusion processes either on the raw data distribution
or the low-dimensional latent space, which typically suffer
from the problem of modality inconsistency or detail-scarce.
To tackle this problem, we propose a novel Basic-to-Advanced
Hierarchical Diffusion Model, named B2A-HDM, to collabo-
ratively exploit low-dimensional and high-dimensional diffu-
sion models for high quality detailed motion synthesis. Specif-
ically, the basic diffusion model in low-dimensional latent
space provides the intermediate denoising result that to be
consistent with the textual description, while the advanced
diffusion model in high-dimensional latent space focuses on
the following detail-enhancing denoising process. Besides, we
introduce a multi-denoiser framework for the advanced diffu-
sion model to ease the learning of high-dimensional model and
fully explore the generative potential of the diffusion model.
Quantitative and qualitative experiment results on two text-to-
motion benchmarks (HumanML3D and KIT-ML) demonstrate
that B2A-HDM can outperform existing state-of-the-art meth-
ods in terms of fidelity, modality consistency, and diversity.

Introduction
Text-to-motion synthesis, which aims to generate human mo-
tion that conforms to the textual descriptions (with result ex-
amples of our proposed model shown in Figure 1), has made
significant progress in recent years. It has the potential to
revolutionize the traditional process of acquiring human mo-
tion, which typically requires expert knowledge from artists
or expensive motion capture equipment.

However, inferring human motion from textual description
is a no-trivial task due to the essential discrepancy between
the two data modalities. To address this challenge, some
existing works (Ahuja and Morency 2019; Ghosh et al. 2021;
Tevet et al. 2022; Petrovich, Black, and Varol 2022) resort to
the auto-encoder/VAE for motion synthesis and strive to align
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the cross-modal information in a shared embedding space.
On the other hand, motivated by fruitful attempts of diffusion
model (Sohl-Dickstein et al. 2015; Ho, Jain, and Abbeel
2020; Nichol and Dhariwal 2021) in the cross-modal image
synthesis (Rombach et al. 2022; Saharia et al. 2022; Ramesh
et al. 2022), some pioneering works (Tevet et al. 2023; Zhang
et al. 2022; Dabral et al. 2023; Ma, Bai, and Zhou 2022; Chen
et al. 2023; Jin et al. 2023) exploit the diffusion model for text-
to-motion synthesis, demonstrating significant improvements
in fidelity and cross-modal consistency.

In spite of the powerful generative ability, training a diffu-
sion model for text-to-motion synthesis remains challenging,
which is mainly attributed to the complexity of the data dis-
tribution and the insufficiency of the text-annotated training
data. Without adequate data, it is difficult for the neural net-
work to learn the denoising process that converts the Gaussian
distribution into the complex motion distribution. To address
this problem, MLD (Chen et al. 2023) applies VAE to project
the raw motion from the initial 3D pose space into the latent
code in the low-dimensional latent space, and then conducts
diffusion process on the latent space. Although simplifying
the target distribution can ease the learning of the denoising
process, the low-dimensional latent code is less expressive,
which hinders the diffusion model from generating detailed
motion. Specifically, as shown in Fig. 2(a), reducing the di-
mension of the latent space in VAE results in reconstructed
motions with fewer captured details. Additionally, Fig. 2(b)
reveals that decreasing the dimension of the latent space leads
to an increase in the FID scores of the reconstructed motions,
indicating a degradation in their quality. However, simply
increasing the dimension of the latent space makes the target
distribution complex again, leading to more difficulties in
network learning, which will further result in a significant
drop in performance in terms of cross-modal consistency,
as demonstrated in Fig. 2(c). Nevertheless, the comparisons
in Fig. 2(c) provide an intuitive insight that while the low-
dimensional diffusion model is ineffective for detail gener-
ation, it significantly benefits the modality transformation.
This insight further inspires us to integrate the complemen-
tary advantages of low-dimensional and high-dimensional
diffusion models to enhance cross-modal consistency and
facilitate detail-rich motion generation.
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“a person dances with someone.” “the person is waving with 
their right arm.”

Ours 1GT Ours 2 Ours 1GT Ours 2

“a person backs up and sits in a 
chair with their arms at their sides 
and then gets up from the chair.”

Ours 1GT Ours 2

Figure 1: The visual results of our B2A-HDM on HumanML3D (Guo et al. 2022). Our method can generate diverse and
high-quality motion sequences that conform to the provided textual descriptions.

GTVAE-1 (1*256) VAE-2 (2*256) 
(a) VAE Reconstruction

VAE-4 (4*256) VAE-8 (8*256) VAE-12 (12*256) 

“a person shakes his arms like a bird, leaning forward and back”

(b) FID (↓) (c) Top-1 R-Precision (↑)

Figure 2: (a) Visual comparisons among the reconstruction results of different VAEs. (b) Comparison of FID scores (lower is
better). (c) Comparison of Top-1 R-Precision scores (higher is better).

To this end, we proposed a novel Basic-to-Advanced
Hierarchical Diffusion Model, named B2A-HDM, for text-
guided motion synthesis, in which the basic diffusion model
focuses on consistent but detail-scarce text-to-motion trans-
formation, while the advanced diffusion model aims to con-
duct a detail-enhancing denoising process based on the inter-
mediate results from the basic model.

Specifically, the Basic Diffusion Model (BDM) is trained
in the low-dimensional latent space, in which the data dis-
tribution is much simpler than the raw motion distribution,
making the learning of text-to-motion transformation easier.
However, since the low-dimensional latent space is less ex-
pressive, BDM is ineffective to synthesize detail-rich results.
On the other hand, the Advanced Diffusion Model (ADM) is
trained on the high-dimensional latent space, thus has a larger
representation capacity for characterizing more motion de-
tails and improving high-fidelity synthesis. However, directly
using ADM to conduct the whole text-to-motion denoising

process will lead to poor modality consistency. To tackle this
problem, B2A-HDM explicitly divides the denoising process
into several sub-processes, in which BDM and ADM focus
on different denoising stages. To be specific, B2A-HDM
first conducts the forward diffusion on the synthesized result
from BDM, resulting in the noised motion that will be re-
garded as the result of the early denoising sub-process. Then,
ADM conducts the following denoising process based on
the noised motion. Since the noised motion derived from
BDM provides a proper initial state (i.e., consistent with the
textual description), ADM can focus on the detail-enhancing
denoising process. Moreover, to further ease the learning of
high-dimensional diffusion model, B2A-HDM exploits the
multi-denoisers framework for ADM, in which each denoiser
dominates a specific denoising sub-process.

Overall, our contributions can be summarized as follows:
(1) We propose a novel Basic-to-Advanced Hierarchical
Diffusion Model (B2A-HDM) for text-to-motion synthesis,
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which jointly incorporates the complementary benefits of
low-/high-dimensional diffusion models into detailed motion
synthesis. (2) We explicitly divides the denoising process
into several sub-processes, which are separately dominated
by one basic and two advanced diffusion models. (3) Exten-
sive experiments on two text-to-motion benchmarks (Guo
et al. 2022; Plappert, Mandery, and Asfour 2016) show the
superiority of B2A-HDM over the existing SOTAs.

Related Work
Conditional Diffusion Models. Diffusion models (Sohl-
Dickstein et al. 2015; Ho, Jain, and Abbeel 2020; Nichol
and Dhariwal 2021) are a novel class of generative models
that have made significant strides in cross-modal synthe-
sis, spanning a diverse range of applications such as text-to-
image (Rombach et al. 2022; Saharia et al. 2022; Ramesh
et al. 2022), text-to-video (Ho et al. 2022; Esser et al. 2023;
Yu et al. 2023), text-to-3d (Poole et al. 2022; Lin et al. 2023),
text-to-audio (Popov et al. 2021), among others. Typically,
diffusion models consist of the forward and reverse diffu-
sion process, in which the forward process gradually add
Gaussian noise into real data to construct training data, while
the reverse process involves a neural network to conduct
denoising. To adapt diffusion models for conditional gener-
ation, Dharival et al. (Dhariwal and Nichol 2019) propose
a classifier-guided diffusion model that incorporates condi-
tional information into the reverse diffusion process using
additional classifiers. Besides, Ho et al. (Ho and Salimans
2021) propose a classifier-free guidance strategy for con-
ditional diffusion models. This approach strikes a balance
between synthesis quality and diversity, which can obtain
better results and is widely used by the following works.
Text-Guided Human Motion Synthesis. Following the de-
velopment of generative models, text-guided motion syn-
thesis has witnessed significant progress in recent years.
JL2P (Ahuja and Morency 2019) employs auto-encoder to
model a share space for the text and motion embedding, from
which the text embedding will be used to reconstruct the
corresponding motion during inference. MotionCLIP (Tevet
et al. 2022) attempts to improve the auto-encoder’s gener-
alization by aligning the shared space with the expressive
CLIP (Radford et al. 2021) embedding space, enabling it to
handle out-of-distribution motion synthesis. TMEOS (Petro-
vich, Black, and Varol 2022) and T2M (Guo et al. 2022) use
VAE framework to enhance the diversity of the generated
results by constraining the share space into a normal distri-
bution. Different from the above encoder-decoder paradigm,
T2M-GPT (Zhang et al. 2023) generates motion sequence in
an auto-regressive manner by jointly using VQ-VAE (van den
Oord, Vinyals, and Kavukcuoglu 2017) and GPT (Radford
et al. 2018), which gains improvement in term of fidelity and
modality consistency. Building on the great success of dif-
fusion model on image synthesis, some recent works (Tevet
et al. 2023; Zhang et al. 2022; Ma, Bai, and Zhou 2022;
Chen et al. 2023) explore the generative potential of diffu-
sion for text-to-motion synthesis. However, these methods
model the diffusion process either on the raw motion dis-
tribution or on a low-dimensional latent space, leading to
modality-inconsistent or detail-scarce synthesis. In this paper,

we exploit the basic and advanced diffusion models in differ-
ent latent spaces to conduct the reverse diffusion process, in
which basic and advanced models are separately in charge
of modality transformation and detail-enhancing denoising
process. Note that, while eDiff-I (Balaji et al. 2022) also
employs multiple denoisers for reverse diffusion, our method
differs in that we we train denoisers on different latent spaces,
whereas in eDiff-I various denoisers are all modeled on the
same raw data space.

Methodology
Given a textual description w = {wi}Li=1 with L words,
text-to-motion synthesis aims to generate the 3D motion s =

{si}Ni=1 with N frames that conform to the text input, where
si ∈ RJ denotes a J-dimensional body pose representation
at i-th frame. To achieve this, we propose a novel Basic-
to-Advanced Hierarchical Diffusion Model (B2A-HDM) to
collaboratively exploit the low- and high-dimensional latent
diffusion models for modality consistency and detail-rich
motion synthesis. A method overview is shown in Fig. 3.

Latent Diffusion for Text-to-Motion Synthesis
Recently, diffusion model (Sohl-Dickstein et al. 2015; Ho,
Jain, and Abbeel 2020; Nichol and Dhariwal 2021) has shown
its outstanding generative ability for cross-modal synthesis
tasks (Rombach et al. 2022; Saharia et al. 2022; Ramesh et al.
2022; Esser et al. 2023), inspiring researchers to explore
diffusion model for high-quality text-to-motion synthesis.
However, directly modeling the diffusion process on the raw
motion distribution typically suffers from inferior synthesis
due to the high complexity of raw distribution and the insuffi-
ciency of text-annotated training data. To tackle this problem,
existing method (Chen et al. 2023) exploits a latent diffu-
sion model to degrade the complexity of target distribution
and conduct the diffusion process in low-dimensional latent
space, leading to higher quality text-to-motion synthesis.

Specifically, the latent diffusion model is composed of a
motion VAE and a diffusion model in VAE latent space. The
motion VAE consists of transformer-based encoder E and
decoder D, in which E is used to encode the raw motion
s ∈ RN×J into latent code z ∈ RK×D (K ≪ N ) in the
latent space, whileD is used to decode sample in latent space
back to the real motion. By using the Kullback-Leibler (KL)
loss and the Mean Squared Error (MSE) loss for the training
procedure, the motion VAE can provide a low-dimensional
but representative latent space.

On the other hand, the diffusion model aims to generate a
motion latent code in the VAE latent space according to the
textual description, which is achieved by a reverse diffusion
process that gradually transfers a random noise n ∈ RK×D

from Gaussian distribution to the motion latent code z0 ∈
RK×D. To train a denoiser ϵθ for this reverse process, a
forward diffusion process is required to successively add
Gaussian noise onto z0 in a Markov chain manner, which can
be formulated as:

q (z1:T | z0) :=
T∏

t=1

q (zt | zt−1) , (1)
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Figure 3: Method Overview. B2A-HDM consists of a Basic Diffusion Model(BDM) and an Advanced Diffusion Model(ADM).
BDM comprises a VAE {El,Dl} and a denoiser ϵlθ, in which ϵlθ is in charge of the complete T -steps denoising process in the
low-dimensional latent space (LD-LS). ADM comprises a VAE {Eh,Dh} and two denoisers ϵh1

θ and ϵh2

θ , in which ϵh1

θ and ϵh2

θ
are responsible for T1- and T2-steps denoising sub-process on the high-dimensional latent space (HD-LS), respectively.

q (zt | zt−1) := N
(
zt;

√
1− βtzt−1, βtI

)
, (2)

where T is the total steps of the forward process and βt is a
hyperparameter of the noising weight. By using the reparam-
eterization trick (Kingma and Welling 2014), we can sample
zt from q (zt | z0) at an arbitrary timestep t:

zt :=
√
ᾱtz0 + ϵ

√
1− ᾱt, ϵ ∼ N (0, I), (3)

where ᾱt :=
∏t

s=1 αs and αs := 1 − βs. During training,
given the noised data zt and the textual description w as
inputs, denoiser ϵθ is expected to predict the noise ϵ added at
t-th Markov step. The object function for the learning of ϵθ
only contains the MSE loss:

L := Eϵ∼N (0,I),t∈[1,T ]

[
∥ϵ− ϵθ (zt, τθ(w), t) ∥22

]
, (4)

where τθ represents a pre-trained CLIP (Radford et al. 2021)
text encoder which is used to extract the text embedding
and is frozen during training. Furthermore, denoiser ϵθ is
trained by using classifier-free guidance (Ho and Salimans
2021). Therefore, during inference, the predicted noise ϵ′ is
formulated as the linear combination of the conditional and
unconditional predictions:

ϵ′ := ϵθ (zt,∅, t)+g ·(ϵθ (zt, τθ(w), t)−ϵθ (zt,∅, t)), (5)

where ∅ represents a null-text input and g is the hyperparam-
eter of guidance scale.

B2A-HDM
Although using latent diffusion model can ease the learning
of diffusion network, the low-dimensional latent space may
be under representative (i.e., as shown in Fig 2(a)) and thus
constrains the generative upper bound of diffusion model,
leading to detail-scarce motion synthesis. Directly increasing
the dimension of the VAE latent space will make target dis-
tribution complex again and cause a significant performance

drop in modality consistency (i.e., as illustrated in Fig 2(c)).
To boost the representation capacity of latent motion embed-
ding without degrading the cross-modal mapping consistency,
our B2A-HDM employs Basic Diffusion Model (BDM) to
provide modality consistent generated results, which will be
further processed by Advanced Diffusion Model (ADM) for
detail-enhancing synthesis.

To be specific, our BDM and ADM are defined in the low-
dimensional and high-dimensional latent space, respectively.
To obtain BDM, a motion VAE V l = {E l,Dl} is trained
on the raw motion distribution to obtain a low-dimensional
latent space W l (with latent code zl ∈ RK1×D). Then, a
denoiser ϵlθ onW l is trained to handle arbitrary t-th denoising
step (t ∈ [1, T ]), which will be used to conduct the reverse
diffusion process from random noise nl ∈ RK1×D during
inference. For ADM, motion VAE Vh = {Eh,Dh} is also
required to obtain a high-dimensional latent spaceWh (with
latent code zh ∈ RK2×D, K2 > K1). However, directly
training a denoiser ϵhθ onWh for arbitrary timestep t is no-
trivial and typically results in model degradation.

To tackle this problem, B2A-HDM improves the common
reverse diffusion process in two-folds. First, instead of using
a single denoiser ϵhθ to conduct the whole reverse diffusion
process, B2A-HDM applies BDM to provide the early T l

steps denoising result for ADM, and ADM is only required
to conduct the following T −T l denoising steps. Since BDM
is trained onW l with lower distribution complexity and per-
forms better in modality consistent synthesis, it can provide
an intermediate denoising result with proper modality in-
formation. Therefore ADM is designed for the following
detail-enhancing denoising process. Furthermore, using a sin-
gle denoiser ϵhθ for the remaining T − T l steps denoising
process still remains challenging due to the high distribution
complexity ofWh and the significant discrepancy of zht in
various timestep. To further ease the learning of denoiser on
Wh, our B2A-HDM assigns k denoisers for ADM, in which
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Algorithm 1: Reverse Diffusion Process of B2A-HDM

Require: A textual description w, a random seed r.
Ensure: A motion sequence s.

1: zlT ∼ N (0, I), ϵ ∼ N (0, I) unit Gaussian random vari-
ables with random seed r;

2: Th ← T − T l denoising steps for ADM;
3: for t = T, T − 1, ..., 1 do
4: zlt−1 ← ϵlθ(z

l
t, τθ(w), t);

5: end for
6: sl ← Dl(zl0); ẑh0 ← Eh(sl); zhTh ←

√
ᾱTh ẑh0 +

ϵ
√
1− ᾱTh ;

7: for t = Th, Th − 1, ..., 1 do
8: if t > Th

2 then
9: zht−1 ← ϵh1

θ (zht , τθ(w), t);
10: else
11: zht−1 ← ϵh2

θ (zht , τθ(w), t);
12: end if
13: end for
14: s← Dh(zh0 );
15: return s

each denoiser ϵhk

θ is only in charge of the specific interval of
the denoising process in the high-dimensional latent space.

During inference, the T l steps denoising result zlT l from
BDM can not used by ADM due to dimension inconsistency
between zlT l and zh inWh. To address this problem, B2A-
HDM first employs BDM to generate a motion sequence
sl, which will be transferred into a latent code ẑh0 in Wh.
Then, B2A-HDM conducts T − T l steps forward diffusion
to obtained intermediate denoising result for ADM.

We take k = 2 as an example and show the complete
reverse diffusion process in Algorithm 1.

Training Details and Objective Functions
The training procedure for BDM and ADM are similar to
that for the common latent diffusion model(Chen et al. 2023;
Rombach et al. 2022), except for the training of the diffusion
networks for ADM. Specifically, since denoisers in ADM are
in charge of different denoising sub-processes, each denoiser
is assigned a specific timestep interval during training. Note
that although each denoiser is independent of the others, we
train all of them in a single training procedure, which enables
us to conduct the complete reverse process during training
and observe the performance change on the evaluation set.

During training VAE for BDM and ADM, the objective
functions can be formulated as:

Lvae = λklLkl + λvae
mseLvae

mse, (6)

where λkl and λvae
mse are the trade-off hyperparameters and are

set to 1e-4 and 1.0, respectively. When training the denoiser
for BDM and ADM, only MSE loss Lϵθ

mse in Equation 4 is
used. In addition, we introduce a timestep-aware loss weight
λ(t) for the MSE loss in BDM to increase the penalty for
early denoising process learning. The timestep-aware MSE
loss can be formulated as:

Lt
mse = λ(t)Lϵ

mse, λ(t) = (1− ᾱt) ∗ w1 + w2, (7)

where ᾱt is the diffusion parameter defined in Equation 3,
w1 and w2 are used to rescale the loss weight to a specific
interval (i.e., λ(t) ∈ [0.5, 5]) and are set to 4.5 and 0.5,
respectively. In Sec. , we will analyse the impact of using
timestep-aware MSE loss for BDM, which will demonstrate
improved performance in high-dimensional scenarios.

Experiments

Datasets. Our experiments are conducted on two publicly
available benchmarks for text-to-motion synthesis, namely
KIT-ML (Plappert, Mandery, and Asfour 2016) and Hu-
manML3D (Guo et al. 2022). Specifically, KIT-ML consists
of 3,911 motion sequences with 12.5 FPS and 6,278 lan-
guage annotations. HumanML3D contains 14,616 motion
sequences with 20FPS and 44,970 textual descriptions. Re-
garding the data format, we follow (Guo et al. 2022) to use
the redundant representation for each pose frame, which is
composed of the local/global joint velocities, joint positions,
joint rotations, and the foot contact binary labels.
Baselines. We perform quantitative and qualitative com-
parisons with four most advanced text-to-motion synthesis
methods, including MDM (Tevet et al. 2023), MotionDif-
fuse (Zhang et al. 2022), MLD (Chen et al. 2023), and T2M-
GPT (Zhang et al. 2023). For these methods, we employ the
official pre-trained models and strictly adhere to the official
instructions to conduct text-to-motion synthesis.
Evaluation Metrics. We employ five evaluation metrics orig-
inated from (Guo et al. 2022) to assess the performance of
different methods. Specifically, FID (Heusel et al. 2017) mea-
sures the distribution difference between the generated and
real motion, which is widely used for realism evaluation. R-
Precision and MM-Dist are designed to evaluate modality
consistency, in which R-Precision calculates the Top-1/2/3
accuracy for the motion-to-text retrieval while MM-Dist cal-
culates the Euclidean distances between the generated motion
and its corresponding text. Diversity and MModality are de-
signed for diversity evaluation, which are used to measure
the variance of all generated motions and the variance of the
particular generations for each text input, respectively.
Implementation Details. The dimension of the latent space
for BDM and ADM are 4 × 256 and 8 × 256, respectively.
ADM is equipped with 2 denoisers. In spite of using differ-
ent latent space, BDM and ADM share the same network
architecture for the motion VAE encoder, decoder, and the
diffusion denoiser. In line with MLD (Chen et al. 2023), all
of the three modules are composed of 9 transformer layers
with skip connection. Our B2A-HDM is implemented us-
ing PyTorch (Paszke et al. 2019) and both of motion VAE
and diffusion denoiser are trained on 4 Tesla V100 GPUs.
During training, for both HumanML3D (Guo et al. 2022)
and KIT-ML (Plappert, Mandery, and Asfour 2016) dataset,
the batch size on each GPU is set to 96 and the all modules
are trained by using AdamW (Loshchilov and Hutter 2019)
optimizer with a fixed learning rate 1e-4. For HumanML3D,
both VAE and denoiser are trained for 6,000 epochs, while
for KIT-ML, the VAE and denoiser are trained for 25,000
epochs and 2,500 epochs, respectively.

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

6256



Method
R-Precision ↑

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

(a)

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

MDM (Tevet et al. 2023) 0.320±.005 0.498±.004 0.611±.007 0.544±.044 5.566±.027 9.559±.086 2.799±.072

MotionDiffuse (Zhang et al. 2022) 0.491±.001 0.681±.001 0.782±.001 0.630±.001 3.113±.001 9.410±.049 1.553±.042

MLD (Chen et al. 2023) 0.481±.003 0.673±.003 0.772±.002 0.473±.013 3.196±.010 9.724±.082 2.413±.079

T2M-GPT (Zhang et al. 2023) 0.491±.003 0.680±.003 0.775±.002 0.116±.004 3.118±.011 9.761±.081 1.856±.011

B2A-HDM (Ours) 0.511±.002 0.699±.002 0.791±.002 0.084±.004 3.020±.010 9.526±.080 1.914±.078

(b)

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

MDM (Tevet et al. 2023) 0.164±.004 0.291±.004 0.396±.004 0.497±.021 9.191±.022 10.847±.109 1.907±.214

MotionDiffuse (Zhang et al. 2022) 0.417±.004 0.621±.004 0.739±.004 1.954±.062 2.958±.005 11.10±.143 0.730±.013

MLD (Chen et al. 2023) 0.390±.008 0.609±.008 0.734±.007 0.404±.027 3.204±.027 10.80±.117 2.192±.071

T2M-GPT (Zhang et al. 2023) 0.416±.006 0.627±.006 0.745±.006 0.514±.029 3.007±.023 10.921±.108 1.570±.039

B2A-HDM (Ours) 0.436±.006 0.653±.006 0.773±.005 0.367±.020 2.946±.024 10.86±.124 1.291±.047

Table 1: Quantitative results on (a) HumanML3D (Guo et al. 2022) and (b) KIT-ML (Plappert, Mandery, and Asfour 2016).

Quantitative Results

The quantitative comparison of our B2A-HDM against the
existing state-of-the-art methods on HumanML3D (Guo et al.
2022) and KIT-ML (Plappert, Mandery, and Asfour 2016)
datasets are reported in Tab. 1 (a) and (b), respectively. Both
tables demonstrate that B2A-HDM outperforms other meth-
ods in terms of modality consistency and fidelity. Specifically,
B2A-HDM achieves the highest R-Precision (Top-1/2/3) and
the lowest MM-Dist scores on both datasets, indicating that
the generated results of B2A-HDM are more consistent with
the input text than those of other methods. Moreover, B2A-
HDM obtains the lowest FID score on both datasets, high-
lighting its superiority over other methods in realistic synthe-
sis. It’s worth noting that B2A-HDM is the only approach
that consistently improves on the above three metrics, which
further validates the effectiveness of the combination of basic
and advanced diffusion models. Additionally, B2A-HDM
achieves comparable Diversity and Modality scores on both
datasets, demonstrating its ability for diverse generation.

Qualitative Results

Fig. 4 shows a qualitative comparison of B2A-HDM against
the existing SOTA methods on HumanML3D (Guo et al.
2022) dataset. The visual comparison illustrates B2A-HDM
outperforms other methods in generating motion sequences
with better modality consistency and detail preservation. For
instance, in the first row of Fig. 4, MotionDiffuse (Zhang et al.
2022) and MDM (Tevet et al. 2023) fail to generate motion
that coheres with the input text, while T2M-GPT (Zhang
et al. 2023) and MLD (Chen et al. 2023) tend to overlook
details of the hands. In contrast, B2A-HDM generates motion
sequences that conform to the input text and capture the fine-
grained motion details in the hand region.

Method
BD AD LD-LS HD-LS R-P

Top-1
↑ FID ↓

No. No. Dim Dim

BDM-4 1 0 4×256 - 0.505 0.284
ADM-8 0 1 - 8×256 0.481 0.171
B2A-HDM⋆ 3 0 4×256 - 0.508 0.220
B2A-HDM∗ 0 3 - 8×256 0.490 0.225
B2A-HDM 1 2 4×256 8×256 0.511 0.084

Table 2: Quantitative results of the ablation study with dif-
ferent configurations, in which BD/AD No., LD/HD-LS
Dim refer to basic/advanced denoiser number and low/high-
dimension latent space dimension, respectively

Ablation Study

Impact of the timestep-aware MSE loss. As shown in Fig. 5,
when the dimension of the latent space is higher than 2×256,
using the timestep-aware MSE loss consistently enhances
the performance of diffusion model in terms of lower FID
and higher Top-1 R-Precision, which highlights the ability of
timestep-aware MSE loss to facilitate the learning of denois-
ers in high-dimensional latent spaces.
Effectiveness of B2A-HDM. We compare B2A-HDM with
BDM in a 4 × 256 latent space (BDM-4) and ADM in
an 8 × 256 latent space (ADM-8). Additionally, we com-
pare B2A-HDM with two variants (i.e., B2A-HDM⋆ and
B2A-HDM∗) that separately include three denoisers in low-
dimemsion and high-dimension latent space to demonstrate
the effectiveness of combining basic and advanced diffu-
sion models. As reported in Tab. 2, directly using BDM-4 or
ADM-8 leads to higher FID or lower R-Precision. Although
increasing the denoiser number enables B2A-HDM⋆ and
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B2A-HDM (Ours)Real T2M-GPT MLD MotionDiffuse MDM

“a person walks forward then turn around then starts to jump back.”

“a man walks down some stairs, ending in a standing position.”

“a person bends over slightly and picks something up on their left side, and puts it down on their right side.”

Figure 4: Qualitative comparisons on HumanML3D dataset (Guo et al. 2022). The flow of time is represented by colors, with
lighter shades indicating the past. Please zoom in for more details.

(a) FID (↓)

(b) Top 1   
RP (↑)

Figure 5: Impact of the timestep-aware MSE loss for BDMs
in different latent space (LS).

B2A-HDM∗ to gain performance improvement against their
single-denoiser counterparts (i.e., BDM-4 and ADM-8), they
still fall short of B2A-HDM. By collaborativly using basic
and advanced diffusion models, B2A-HDM achieves best
FID and R-Precision scores, which demonstrate the necessity
and effectiveness of combining basic and advanced denoisers.
Moreover, Fig. 6 shows that ADM-8 is prone to generate
modality inconsistent motions while BDM-4 tends to ignore
the motion details. In contrast, our B2A-HDM performs bet-
ter in modality transformaion and detail preservation, which
further validates the effectiveness of our method.

“a person walks up four steps while holding onto the railing with their right hand.”

“a person walks forward and raises their arms in victory.”

B2A-HDM (Ours)Real BDM-4 ADM-8

Figure 6: Ablation Study on the effectiveness of B2A-HDM.

Conclusion
We propose a novel Basic-to-Advanced Hierarchical Diffu-
sion Model (B2A-HDM) for text-to-motion synthesis. B2A-
HDM comprises a basic diffusion model (BDM) in low-
dimensional latent space and a advanced diffusion model
(ADM) with two denoisers in high-dimensional latent space,
in which BDM are in charge of the modality-consistent de-
noising, whereas ADM is responsible for the following detail-
enhancing denoising. In this way, B2A-HDM can fully lever-
age the generative potential of diffusion models to produce
high-quality motion sequences that conform to the provided
textual descriptions. Extensive experiments on two public
text-to-motion benchmarks demonstrate the superiority of
B2A-HDM over existing state-of-the-art methods, while abla-
tion studies further validate the effectiveness of our approach.
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