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Abstract

Text-based 3D human motion generation typically
employs quantization methods to discretize continuous
motion data into a sequence of discrete tokens, enabling
the use of powerful sequence-to-sequence models. How-
ever, existing approaches, especially those using resid-
ual quantization, are generally limited by their single
processing architecture. This architecture applies a ho-
mogeneous processing strategy to all residual levels, ig-
noring the differences in information density and task
focus across different levels. To address this limita-
tion, we propose MaTMotion, an innovative framework
that integrates a hybrid network with layer-aware fea-
ture enhancement. First, we design a MambaTrans
hybrid backbone network that leverages the strengths
of Mamba in modeling temporal continuity and the
Transformer’s ability to capture global relationships,
thereby enhancing residual modeling of motion frame
sequences. Second, we introduce a hierarchical adap-
tive feature enhancement mechanism. The mechanism
consists of two modules: an adaptive frame weighting
module, serving as a preprocessing step, that dynami-
cally assigns weights to motion frames based on the cur-
rent prediction residual level, and a multi-scale feature-
fusion module, acting as a post-processing step, that em-
ploys multiple parallel convolutional blocks to extract
motion information across different time scales. Exten-
sive quantitative and qualitative experiments on the Hu-
manML3D and KIT-ML datasets validate the effective-
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ness of this approach.
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1. Introduction

With the rapid evolution of multimodal foundation mod-
els, the task of generating 3D human motion from textual
descriptions has attracted growing attention. Due to its sig-
nificant role in a wide range of applications, including com-
puter graphics [3, 27], virtual reality [25], and digital enter-
tainment [19], it has become a pivotal yet highly challeng-
ing research problem.

Existing approaches can be broadly grouped into two
paradigms. The first relies on diffusion models [4, 16,
30, 35], which learn to iteratively denoise latent represen-
tations, thereby producing intricate and photorealistic mo-
tion sequences. The second adopts Vector Quantization
(VQ) [12, 36, 41], which converts continuous motion data
into discrete token sequences for modeling, effectively re-
ducing the complexity of the overall generation task.

MotionDiffuse [42] pioneered the application of diffu-
sion model-based text-driven motion generation. It intro-
duces a cross-modality linear transformer that can synthe-
size motions of an arbitrary length depending on the motion
duration. However, the method incurs substantial computa-
tional cost. To mitigate this, MLD [4] adopts a VAE (Vari-
ational Autoencoder) to compress motion sequences into
compact latent codes, thereby reducing the computational
burden. However, even after this compression, a large num-
ber of denoising steps are still required to obtain the final
motion. To alleviate this deficiency, MoMask [10] employs
Residual Vector Quantization (RVQ) techniques [40] and
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generative masked transformers for text-to-motion synthe-
sis. The key idea is to decompose the complex motion gen-
eration task into a hierarchical, coarse-to-fine refinement
process, where each residual layer progressively corrects
and enriches the motion produced by the preceding layer.
This hierarchical design significantly improves the quality
and realism of the generated motion.

Nevertheless, despite the remarkable success achieved
by hierarchical refinement strategies, we argue that their
underlying architectures still leave room for improvement
in two key aspects. First, existing methods [10, 41] typi-
cally employ a single residual processing module to predict
residuals at all levels, often resulting in suboptimal mod-
eling efficiency. Second, they do not adequately adapt to
the inherent differences among residuals at different levels.
Specifically, when predicting low-level residuals, the model
needs to capture and integrate long-term global historical
motion sequences to establish the overall motion layout and
basic trajectory. To predict high-level residuals and add de-
tails, the model must capture fine dynamic changes across
a few key frames, which requires stronger local perception
capabilities than are provided in the current methods. How-
ever, existing methods are somewhat inadequate in handling
this aspect, which restricts the model’s ability to express
features at multiple scales.

To address the aforementioned issues, this paper pro-
poses a hierarchical-aware hybrid residual refinement archi-
tecture, which combines Mamba [9] and Transformer [37].
Unlike a single residual, this architecture employs an en-
semble of specialized sequence models that are optimized
together. This approach both strengthens the sequential
modeling capacity for residual prediction and also naturally
accommodates the heterogeneous statistics of each residual
level. Additionally, to satisfy the distinct requirements of
different residual levels, we present a tailored preprocessing
and post-processing method that consists of adaptive frame
weighting and multi-scale feature fusion modules. These
modules enhance the multi-scale expression capability of
the hierarchical data. This architecture and its modules are
the main contributions of this paper. In particular:

• We introduce MaTMotion, a novel hybrid framework
that integrates Mamba’s capability in modeling tempo-
ral continuity with Transformer’s strength in capturing
global dependencies.

• Within this framework, we further propose adaptive
frame weighting and multi-scale feature fusion mod-
ules. They can dynamically pre-process the input in-
formation and post-process the output features when
predicting residuals at different levels.

• Extensive experiments are conducted on two widely
adopted benchmarks, HumanML3D and KIT-ML, and

the results show that MaTMotion outperforms other
methods in terms of FID evaluation metric, while also
exhibiting good time efficiency.

2. Related Work

2.1. Continuous Regression Motion Generation

Early human motion generation approaches predomi-
nantly follow the continuous regression paradigm, in which
an end-to-end network directly predicts the continuous val-
ues of a motion sequence. Within these approaches, several
strategies have been explored. For instance, Petrovich et
al. [31] and Guo et al. [11] leverage a Variational Auto-
Encoder (VAE) [22] to jointly encode text and motion into
a shared latent space, enabling unified probabilistic mod-
eling. Lin et al. [23] and Plappert et al. [33] investigate
Recurrent Neural Networks [7], while Malek-Podjaski and
Deligianni [29] adopt Generative Adversarial Networks [8].
In contrast, Tevet et al. [34] and Lin et al. [24] use Trans-
former architectures [37] to improve generation quality. Re-
cently, many works [35, 43] adopt a diffusion model [16],
which has substantially advanced the continuous generation
paradigm and achieved current state-of-the-art results. For
instance, ReMoDiffuse [43] introduces a hybrid retrieval
mechanism that fuses semantic and kinematic similarities
to provide high-quality references for the denoising process.
PhysDiff [38] incorporates physical constraints to enhance
the plausibility of the generated motions, and Zhang et al.
[42] add fine-grained text comprehension to align the gen-
erated motions more closely with the text input.

Although continuous regression can, in theory, recon-
struct the text-to-motion mapping without information loss,
in practice, it faces a fundamental challenge: regressing
high-dimensional, continuous motion sequences that en-
code complex skeletal articulations requires large-scale,
domain-specific motion pre-training datasets. Learning the
intricate mapping from sparse data often yields suboptimal
results.

2.2. Quantization-based Motion Generation

To alleviate the inherent difficulties of continuous re-
gression, a more mainstream alternative discretizes the con-
tinuous motion signal into a sequence of discrete tokens,
thereby transforming the high-dimensional regression task
into a more tractable classification problem. This paradigm
typically employs a Vector-Quantized Variational Auto-
Encoder (VQ-VAE) [36] as the foundational encoder, map-
ping an input motion sequence into a set of discrete mo-
tion tokens. Drawing on the success of natural language
processing, researchers have also devised multiple strate-
gies for predicting these token indices [12, 41]. Inspired by
BERT [5], Zhu et al. [47] propose a strategy to randomly
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Figure 1. The Pipeline of MaTMotion. It mainly consists of three parts: (a) RVQ-VAE encodes the input motion X1:L into a base token
Z0 for the global structure and a set of residual tokens {Zi}Ni=1 for fine-grained details. (b) Mask-Transformer then predicts the base token
Ẑ0, conditioned on a text prompt C. (c) MambaTrans, featuring a novel hybrid Mamba-Transformer architecture, progressively generates
the residual tokens {Ẑi}Ni=1. Finally, all predicted tokens are passed to the RVQ-VAE decoder D to reconstruct the motion X̂1:L.

mask and then predict tokens in parallel to improve gener-
ation efficiency. Austin et al. [1] leverage the denoising
philosophy of diffusion models in the discrete token space.
With the development of Large Language Models (LLMs),
some works unify multi-modal control signals into discrete
prompting instructions and leverage the emergent capabil-
ities of LLMs to directly generate motion responses [21].
Notably, generative masked-modeling frameworks such as
MaskGIT [2] and MoMask [10] break the unidirectional
limitation of autoregressive models. These works demon-
strate that combining residual vector quantization (RVQ-
VAE) [40] with time-step varying mask rate scheduling can
naturally decompose complex actions into multi-layer rep-
resentations with intrinsic hierarchical structures, enabling
the model to generate high-quality samples in parallel and
iteratively in a non-autoregressive mode.

Although quantization-based methods, which allow
models to circumvent the difficulty of directly regress-
ing high-dimensional continuous actions, have greatly im-
proved motion generation, we have observed that existing
quantization methods have a limitation that is often over-
looked: they usually quantize a whole frame of complete
body posture into a single token. This “whole frame quan-
tization” loses the joint space association information con-
tained in the original data, making it difficult for subsequent
sequence models to effectively capture and utilize the spa-
tial structure information distributed across frames that is
crucial for motion understanding and generation.

2.3. Mamba-based methods

Mamba [9] has a linear computational complexity,
achieved through its selective scanning mechanism and
hardware-friendly algorithm. This allows the algorithm to
perform well in processing long sequences. This break-
through quickly inspired a series of works that extended
Mamba’s capabilities to vision and motion generation.
However, in general, it is difficult to effectively adapt a
model designed for one-dimensional, unidirectional lan-
guage tasks to visual or motion data with complex spa-
tiotemporal dependencies. To address this, extensive stud-
ies have proposed different solutions. Zhu et al. [46] in-
troduce a bidirectional SSM formulation to capture richer
global context, at the expense of the additional computa-
tional overhead in both the training and the inference due to
this bidirectional strategy, while Liu et al. [26] approach
this problem by presenting a Cross-Scan Module (CSM)
that traverses tokens along four diagonal directions. This
method is tailored for vision, and the receptive field is still
bounded by the predefined paths, potentially leaving cer-
tain long-range interactions unmodeled. Hatamizadeh and
Kautz [15] address this issue by combining Mamba with
a Transformer instead of using a complex scanning mode,
demonstrating that it is remarkably effective at capturing
long-range spatial dependencies using a hybrid architecture
rather than a single architecture. Our approach also lever-
ages the advantages of Mamba and Transformer to solve the
core challenges in hierarchical residual prediction tasks for
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motion generation.

3. Methodology

3.1. Overview

Our goal is to generate a 3D human motion sequence
X1:L ∈ RL×D guided by the CLIP-encoded text condi-
tion c, where L denotes the sequence length and D de-
notes the feature dimension. The overall framework of
our MaTMotion is as illustrated in Figure 1. Our frame-
work consists of three principal components: RVQ-VAE for
residual vectorized representation and motion reconstruc-
tion (section 3.2), a masked transformer for base motion-
token prediction (section 3.3), and the proposed MambaT-
rans module together with its tightly-coupled pre- and post-
processing modules for progressive residual-token predic-
tion(section3.4).

3.2. RVQ-VAE

The RVQ-VAE uses an encoder-decoder architecture de-
signed to map a continuous input motion sequence, X1:L,
into a hierarchical set of discrete tokens and subsequently
reconstruct it. The core of this architecture consists of three
components: an initial encoder, a symmetric decoder, and a
cascade of N + 1 residual-connected VQ quantizers.

The encoding process begins with an encoder E , which
maps X1:L into a low-dimensional, information-rich, con-
tinuous latent representation R0.

R0 = E(X1:L). (1)

Subsequently, R0 is passed through N + 1 residual quan-
tizers to be decomposed into a hierarchical set of discrete
tokens. This is achieved iteratively: at each layer i, the
quantizer (V Q)i maps the current residual input Ri to a
discrete token Zi. The following layer then receives a new,
finer-grained residual, computed as the difference between
the current residual and its discrete token. The final output
is a set of discrete tokens, {Zi}Ni=0. The entire quantization
process is defined as:

Zi = (V Q)i(Ri), for i = 0, . . . , N,

Ri+1 = Ri − Zi, for i = 0, . . . , N − 1.
(2)

The objective of this iterative process is to find {Zi}Ni=0,
whose element-wise sum serves as a close approximation
of the original latent representation R0.

The decoder D is responsible for converting the hierar-
chical discrete tokens {Zi}Ni=0 back into a continuous mo-
tion sequence X̂1:L. The decoding process first performs an
element-wise summation of all tokens. This aggregated rep-
resentation, which approximates R0, is then passed through
the decoder to produce the reconstructed motion sequence

Figure 2. Illustration of the MambaBlock. It employs a dual-
path architecture to capture both long-range and local information.

X̂1:L. The decoding process is summarized as:

X̂1:L = D

(
N∑
i=0

Zi

)
. (3)

3.3. Mask-Transformer

The Mask-Transformer is responsible for masked-token
modeling on the base-layer motion tokens Z0, producing
a structurally complete and semantically coherent motion
outline. We adopt a standard bidirectional Transformer ar-
chitecture identical to BERT [5].

During training, we first obtain the ground-truth base-
layer tokens Z0 from the RVQ-VAE encoder. Similar to
works like MaskGIT [2] and MoMask [10], we then ran-
domly replace a proportion of these tokens with a special
mask token. Conditioned on the text embedding c, the
model’s objective is to predict the original tokens at the
masked positions. The model’s output, denoted as Ẑ0,
represents the predicted probability distribution for these
masked tokens.

3.4. MambaTrans

The MambaTrans module aims to progressively model
the residual motion tokens {Ẑi}Ni=1 in a layer-wise fashion,
thereby gradually superimposing fine motion details onto
the base outline provided by Ẑ0. During training for a target
residual layer t, the model receives three inputs:

• the sum of all previously predicted tokens, i.e.,∑t−1
i=0 Ẑ

i, t > 0;

• the semantic condition c from CLIP;

• the current layer index t.

The model then predicts the motion token Ẑt for the tar-
get layer. After such N steps, the complete set of residual
tokens {Ẑi}Ni=1 is obtained.

Our MambaTrans is a heterogeneous, stage-wise proces-
sor designed to leverage the complementary strengths of
Mamba and Transformer architectures. It consists of 12 lay-
ers in total: the first 8 layers are Mamba blocks for efficient
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sequential processing, while the final 4 layers are standard
Transformer blocks, which excel at modeling global rela-
tionships.

The architecture of the Mamba block is illustrated in Fig-
ure 2. We enhance the standard Mamba by adding a sym-
metric, purely convolutional branch that operates in parallel
to the main State Space Model (SSM) branch. The outputs
from these two paths are concatenated and projected via a
linear layer. This dual-path design ensures the representa-
tion incorporates both long-range sequential dependencies
and local patterns. The process is defined as follows. First,
the input to the first block, Fin, is constructed:

Fin = Concat

(
t−1∑
i=0

Ẑi, c,Emb(t)

)
, t > 0. (4)

Then, Mamba block processes Fin to produce output Fout:

F1 = Scan(σ(Conv(Fin))),

F2 = σ(Conv(Fin)),

Fout = Linear(Concat(F1,F2)),

(5)

where Conv and Concat represent 1D convolution and con-
catenation operations, Scan is the selective scan operation
as in [9], and σ is the activation function for which SiLU
is used. Linear is a linear projection. Separately, Emb(t)
refers to an Embedding layer that converts the scalar layer
index t into a learnable feature vector.

The output from these 8 Mamba blocks is then passed to
the 4 Transformer blocks. Each block employs a standard
Transformer architecture [37], with its core component be-
ing the multi-head self-attention. This mechanism allows
the model to refine the features it receives from the Mamba
stage by modeling the global relationships across the en-
tire sequence, which is crucial for generating coherent and
physically plausible motion.

Adaptive Frame Weighting. Before Mamba and Trans-
former blocks process the data, Adaptive Frame Weighting
(AFW) is leveraged to perform layer-aware feature recali-
bration for the input feature, as illustrated in Figure 3. It
processes Fin through a lightweight MLP [18], followed by
a Sigmoid function, to generate a dynamic weight matrix
Wt. This matrix represents the frame-wise salience for the
current prediction task. The original input features are then
modulated by these weights, effectively amplifying relevant
historical information and suppressing noise. This refined
feature tensor, F′

in, is then passed to the first Mamba block.
The process is defined as:

Wt = Sigmoid(MLP(Fin)),

F′
in = Fin ⊙Wt.

(6)

This pre-processing step enables MambaTrans to adap-
tively focus on the most critical temporal frames for each
residual layer, significantly enhancing predictive accuracy.

Figure 3. Illustration of AFW module. It processes Fin using
an MLP and a Sigmoid function to compute dynamic weights
Wt. Through element-wise multiplication, these weights recal-
ibrate Fin, selectively amplifying the most salient frames.

Multi-scale Feature Fusion. After MambaTrans pre-
dicts the complete set of motion tokens {Ẑi}Ni=0, the Multi-
scale Feature Fusion (MSFF) module is applied as a post-
processing step, as illustrated in Figure 4. It refines each
token Ẑi by adaptively re-weighting its own representation
based on multi-scale temporal features.

For each token, its multi-scale features are extracted
through a set of parallel 1D convolutions with unique ker-
nel sizes (k ∈ {1, 3, 5, 7}), aiming to capture a range of
temporal patterns:

• Small kernels (k = 1, 3): Capture instantaneous pose
details and short-term motion dynamics.

• Large kernels (k = 5, 7): Model broader, mid- to
long-term motion rhythms.

These extracted features are then processed via an attention
network [37] and a Softmax function to compute a set of
normalized attention scores, {Ak}. These scores dynami-
cally assess the importance of each temporal scale for the
given token. The final refined token Ẑi′ is produced by
an attention-weighted sum, where these scores are applied
back to the original input token:

Ẑi′ =
∑

k∈{1,3,5,7}

(Ak ⊙ Ẑi). (7)

This self-adaptive refinement provides the decoder with a
richer, context-aware representation for each motion com-
ponent, ultimately enhancing the coherence and realism of
the final generated motion.

4. Experiments

4.1. Datasets

To verify MaTMotion, we conduct empirical evaluations
on two widely used motion-language benchmarks, namely
HumanML3D and KIT-ML.

HumanML3D is a large-scale, highly diverse
dataset that aggregates 14,616 motion sequences from
AMASS [28] and HumanAct12 [13]. It is currently one of
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Table 1. Performance comparison of various methods across multiple metrics on HumanML3D dataset. The best results are in bold, and
the second best results are underlined. ↓ means the lower is better while ↑ means the higher is better.

Methods
R-Precision ↑

FID↓ MultiModal Dist↓ MultiModality↑ AITS ↓
Top1↑ Top2↑ Top3↑

Diffusion-based Models

MotionDiffuse[42] 0.491±.001 0.681±.001 0.782±.001 0.630±.011 3.113±.001 1.553±.072 10.89
MDM[14] 0.320±.005 0.498±.004 0.611±.007 0.544±.044 5.556±.027 2.799±.072 18.20
MLD[4] 0.481±.003 0.673±.003 0.772±.002 0.473±.013 3.196±.010 2.413±.079 0.22
ReMoDiffuse[42] 0.510±.005 0.698±.006 0.795±.004 0.103±.004 2.974±.016 1.795±.043 -
DiverseMotion[39] 0.515±.003 0.706±.002 0.802±.002 0.072±.004 2.941±.007 1.869±.089 -
StableMoFusion[20] 0.553±.003 0.748±.002 0.841±.002 0.098±.003 2.770±.006 1.774±.051 -
B2A-HDM[45] 0.511±.002 0.699±.002 0.791±.002 0.084±.004 3.020±.010 1.914±.078 -
MotionMamba[44] 0.502±.003 0.693±.002 0.792±.002 0.281±.010 3.036±.005 2.294±.058 -

VQ-VAE-based Models

TM2T[12] 0.457±.002 0.639±.003 0.740±.003 1.067±.020 3.340±.011 2.090±.083 0.76
T2M-GPT[41] 0.492±.003 0.679±.002 0.775±.002 0.141±.005 3.121±.009 1.831±.048 0.38
MoMask[10] 0.521±.002 0.713±.002 0.807±.002 0.045±.002 2.958±.008 1.241±.040 0.12
MMM[6] 0.502±.002 0.692±.004 0.788±.006 0.053±.007 3.037±.003 0.810±.023 -
BAD[17] 0.504±.002 0.696±.003 0.794±.003 0.080±.003 2.998±.008 1.164±.044 -
BAMM[32] 0.525±.002 0.720±.003 0.814±.003 0.055±.002 2.919±.008 1.687±.051 -
Ours 0.518±.003 0.712±.002 0.804±.002 0.039±.001 2.958±.006 1.273±.048 0.13

Figure 4. Illustration of MSFF module. The input is processed
by parallel Conv1D branches with varying kernels to extract multi-
scale temporal features. An attention mechanism then computes
fusion weights Ak. The output Zi′ is an attention-weighted sum,
achieving adaptive information fusion across different time scales.

the largest and most diverse datasets that jointly contains
3-D human motion and natural-language descriptions.
It consists of 14,616 actions and 44,970 descriptions
consisting of 5,371 different words, with an average motion
length of 7.1 seconds and an average description length
of 12 words. Each motion clip has 3-4 descriptions, the
sequence is downsampled to 20 frames per second, and
each clip lasts 2-10 seconds.

KIT-ML is a large-scale and open dataset that asso-
ciates human actions with natural language annotations, de-
signed to support the development and evaluation of sys-
tems for generating semantic representations of human and
robot activities. It contains 3,911 actions, a total duration of

11.23 hours, and 6,278 natural language annotations (about
52,903 words). It is relatively small in size compared to the
HumanML3D dataset and can be used as a benchmark for
evaluating the generalization ability of models under lim-
ited data conditions.

4.2. Evaluations

Following T2M [11], we leverage the Frèchet Inception
Distance (FID), R-Precision (Top-1, 2, 3), Multimodal Dis-
tance (MM-Dist), Multimodality, and AITS (Average Infer-
ence Time per Sentence) to evaluate model performance.
All metrics are computed in the shared embedding space
produced by a pre-trained text–motion encoder.

• FID: The core indicator of generation quality, FID
measures both the “realism” and “diversity” of gen-
erated actions. It is computed as the distance between
the feature distributions of generated actions and real
actions, with lower values indicating higher quality.

• R-Precision: This metric evaluates semantic align-
ment between generated actions and input text. For
a given text query, it calculates the proportion of cor-
rect matches among the top-R retrieved results, where
R equals the number of ground-truth actions associ-
ated with the query. Higher R-Precision values indi-
cate stronger text and motion matching.
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• MM-Dist: Defined as the Euclidean distance between
paired text and motion embeddings, MM-Dist directly
measures semantic closeness. Smaller distances corre-
spond to stronger alignment.

• Multimodality: This metric captures the diversity of
generated actions conditioned on the same input text.
It assesses how many distinct yet valid motions can
be produced for a single prompt, thereby reflecting the
model’s ability to generate varied outputs.

• AITS: This metric quantifies a model’s generation ef-
ficiency. It is computed as the average time in seconds
required to synthesize a complete motion sequence
from a single text prompt. This measurement explic-
itly excludes model and data loading overhead to iso-
late the core inference process. Lower AITS values
signify superior efficiency.

4.3. Implementation Details

All our experiments are conducted on a single NVIDIA
3090 GPU in which the models were implemented in Py-
Torch. The residual vector quantization autoencoder (RVQ-
VAE) consisted of 6 quantization layers, each codebook
contained 512 codewords, and the dimension of each code-
word was 512. Here, MambaTrans consists of 8 hybrid
blocks, including 6 Mamba modules and 2 Transformer
modules. For the Mamba module, its internal expansion
ratio was set to 4, the SSM state expansion factor was set to
32, and the internal convolution kernel size was set to 5.

We tailor specific training hyperparameters for different
datasets. On the HumanML3D dataset, the optimizer pa-
rameters are set to β1 = 0.9, β2 = 0.95, and weight de-
cay to 0.01. The initial learning rate is set to 2 × 10−4

with a batch size of 64. On the KIT-ML dataset, we adopt
a more aggressive regularization strategy to mitigate over-
fitting risks. Specifically, we increase the dropout and
drop path rate in the hybrid modules to 0.5, and raise the
weight decay to 0.1. Additionally, we use a more conser-
vative initial learning rate of 1× 10−4 and adjust the batch
size to 32. All models are trained using the AdamW [4]
optimizer.

4.4. Comparison with SOTA Methods

We compare MaTMotion against state-of-the-art meth-
ods in text to motion, including TM2T[12], T2M-GPT[41],
MotionDiffuse [42], MDM [14], as well as additional base-
lines detailed in Table 1.

Quantitative Comparisons. Following MoMask [10],
we systematically and quantitatively evaluate our model,
and the reported values represent the mean with a 95% con-
fidence interval. The quantitative assessment primarily fo-
cuses on the model’s Top3 R-Precision, FID, MultiModal

Distance, and MultiModality. Comparison results presented
in Table 1 and Table 2 demonstrate that our model obtains
the lowest scores in FID.

The experimental results indicate that our method has
achieved significant breakthroughs in the core quality met-
ric FID, outperforming all previous methods. Specifically,
the core metric FID dropped to 0.039 (approximately 13.3%
improvement over MoMask) on HumanML3D and de-
creased to 0.174 (approximately 14.7% improvement over
MoMask) on KIT-ML. We attribute this leap in performance
to the innovative architecture of our hybrid backbone. The
frontend Mamba module, engineered with a dual-path par-
allel mechanism, effectively mitigates the long-range in-
formation decay that hampers traditional Transformers in
long-sequence tasks. This allows for the preservation of
fine-grained temporal details. Subsequently, the backend
Transformer stage leverages these high-fidelity features to
refine global motion coherence. It is this powerful synergy
that significantly enhances the physical plausibility of the
generated actions, directly contributing to the marked re-
duction in FID. Additionally, we observed a slight decrease
in the semantic alignment metric R-Precision compared to
MoMask on both HumanML3D and KIT-ML datasets. We
argue that this reflects a strategic prioritization of kinematic
realism and structural integrity over simple token-to-text
matching. While high R-Precision indicates better discrete
token alignment, it does not always correlate with the phys-
ical smoothness and temporal consistency required for nat-
ural human motion. Our significant improvement in FID
demonstrates that MaTMotion generates more realistic and
physically plausible motions, which is a critical requirement
for high-quality synthesis.

Qualitative Comparisons. To more intuitively demon-
strate the superiority of our model in terms of generation
quality and text understanding, we provide qualitative com-
parison results of our method with current state-of-the-art
models, namely MLD [4] and MoMask [10], on three dif-
ferent text descriptions, as shown in Figure 5. For instance,
in the text description “A person is pushed from the side
and stumbles, but regains their balance.”, the motions gen-
erated by MoMask and MLD appear more like an unnat-
ural, rigid lateral shift, which fails to capture the prompt;
“stumbles, but regains their balance”. In the example of “A
man walks forward with both hands above head.”, MoMask
completes the basic motion, while its ability to maintain sta-
bility during leg movement is relatively insufficient. For the
example of “The person is walking in a semi-circle and in
a clockwise direction, ” MLD incorrectly exhibits counter-
clockwise motion, indicating a significant deviation from
the intended textual semantics.

In contrast, our method demonstrates a good understand-
ing of text details and physical transitions. For: “The per-
son is walking in a semi-circle and in a clockwise direc-
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Table 2. Performance comparison of various methods across multiple metrics on the KIT-ML dataset. The best results are in bold, and the
second best results are underlined. ↓ means the lower is better while ↑ means the higher is better.

Methods
R-Precision ↑

FID↓ MultiModal Dist↓ MultiModality↑ AITS↓
Top1↑ Top2↑ Top3↑

Diffusion-based Models

MotionDiffuse[42] 0.417±.004 0.621±.004 0.739±.004 1.954±.062 2.958±.005 0.730±.013 10.89
MDM[14] 0.164±.004 0.291±.004 0.396±.004 0.497±.021 9.191±.022 1.907±.214 18.20
MLD[4] 0.390±.008 0.609±.008 0.734±.007 0.404±.027 3.204±.027 2.192±.071 0.22
ReMoDiffuse[43] 0.427±.014 0.641±.004 0.765±.055 0.155±.006 2.814±.012 1.239±.028 -
DiverseMotion[39] 0.416±.005 0.637±.008 0.760±.011 0.468±.098 2.892±.041 2.062±.079 -
StableMoFusion[20] 0.445±.006 0.660±.005 0.782±.004 0.258±.029 − 1.362±.062 -
B2A-HDM[45] 0.436±.006 0.653±.006 0.773±.005 0.367±.020 2.946±.024 1.291±.047 -
MotionMamba[44] 0.419±.006 0.645±.005 0.765±.006 0.307±.041 3.021±.025 1.678±.064 -

VQ-VAE-based Models

TM2T[12] 0.280±.005 0.463±.006 0.587±.005 3.599±.153 4.591±.026 3.292±.081 0.76
T2M-GPT[41] 0.416±.006 0.627±.006 0.745±.006 0.514±.029 3.007±.023 1.570±.039 0.38
MoMask[10] 0.433±.007 0.656±.005 0.781±.005 0.204±.011 2.779±.022 1.131±.043 0.12
MMM[6] 0.404±.005 0.621±.005 0.744±.004 0.316±.028 2.977±.019 1.232±.039 -
BAD[17] 0.417±.006 0.631±.006 0.750±.006 0.221±.012 2.941±.025 1.170±.047 -
BAMM[32] 0.438±.009 0.661±.009 0.788±.005 0.183±.013 2.723±.026 1.609±.065 -
Ours 0.416±.006 0.663±.007 0.756±.007 0.174±.009 2.819±.018 1.252±.047 0.13

tion.”, the method accurately generates a smooth circular
trajectory, matching the description of the spatial path in
the text. In the “hands above head” task, the character
not only moved forward but also maintained a very stable
posture and natural gait, proving the strong capability of
our hybrid architecture in coordinating different parts while
maintaining physical stability. In the complex instruction
“A person is pushed from the side and stumbles, but re-
gains their balance.”, our method vividly reproduces the
complete physical process from losing balance to regaining
a steady state with significantly reduced foot sliding com-
pared to baselines. These results highlight that MaTMotion
is particularly beneficial for actions involving complex spa-
tial constraints and intricate coordination, as Mamba’s effi-
cient temporal modeling ensures long-range coherence that
Transformers often struggle to maintain.

4.5. Ablation Experiments

In this section, we conduct ablation studies to compre-
hensively validate the impact of each component of our
model on the overall performance. The overall results are
shown in Table 3.

Effect of AFW and MSFF Modules. We evaluate the
Adaptive Frame Weighting (AFW) and Multi-Scale Feature
Fusion (MSFF) modules by comparing the model’s perfor-
mance with and without these modules, in order to gauge

their individual contribution to hierarchical perception. Re-
sults show that adding AFW and MSFF modules reduces
the FID from 0.045 to 0.043 (approximately a 4.4% de-
crease), while the R-Precision metric remains at the same
level. This clearly verifies our core hypothesis: the AFW
module focuses on “pre-emptive concentration” of hierar-
chical perception of input information, and the MSFF mod-
ule further refines the output features through multi-scale
processing, effectively enhancing the final prediction accu-
racy.

Effect of MambaTrans Module. To validate the effec-
tiveness of the MambaTrans hybrid network, we replace
the MambaTrans hybrid network in our model with a sin-
gle Transformer network (w/o MambaTrans). The exper-
imental results show significant improvements: the FID
is reduced from 0.043 to 0.039, and the Multimodality is
increased from 1.216 to 1.273. Beyond these quantita-
tive gains, we attribute this performance leap to the ar-
chitectural advantage of the frontend Mamba module. Its
dual-path parallel mechanism effectively mitigates the long-
range information decay that typically hampers traditional
Transformers in long-sequence tasks. These results fully
demonstrate that MambaTrans can more deeply understand
and model complex motion sequences compared to a pure
Transformer, especially in capturing the temporal dynamics
and diversity of motion, highlighting its strong potential as
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Method

The person is walking in a

semi-circle and in clockwise

direction.

Aman walk forward with both

hands above head.

A person is pushed from the

side and stumbles, but regains

their balance.

Ours

MLD[8]

Momask[13]

Figure 5. Visual comparisons between the different methods given three distinct text descriptions from the HumanML3D testset.The red
circles and arrows in the figure are used to highlight typical failure cases in the baseline model, such as inaccurate motion trajectory,
unstable upper limb posture, and non-physical foot contact.

Table 3. Ablation studies with different modules added on the HumanML3D dataset.

Methods
R-Precision ↑

FID↓ MultiModal Dist↓ MultiModality↑
Top1↑ Top2↑ Top3↑

w/o MambaTrans 0.520±.002 0.717±.002 0.812±.002 0.043±.001 3.037±.004 1.216±.050

w/o AFW&MSFF 0.516±.002 0.710±.001 0.805±.002 0.041±.002 2.998±.004 1.272±.036

Ours 0.518±.003 0.712±.002 0.804±.002 0.039±.001 2.958±.006 1.273±.048

a motion sequence processing engine.
To visually verify the effectiveness of each module in

our framework, we further conduct qualitative analysis. As
shown in Figure 6, we select two representative text descrip-
tions and visualize the results of three model configurations
in the ablation study: (a) w/o AFW & MSFF, (b) w/o Mam-

baTrans, (c) Ours.
Scenario 1 (“A person sidesteps continuously to the right

for several paces.”): Although (a) conforms to the seman-
tics, it lacks stability and fluidity in body movement com-
pared to our method (c), demonstrating the direct impact
of the AFW and MSFF modules on understanding fine mo-
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(a) w/o MambaTrans (b) w/o AFW&MSFF (c) Ours

A person sidesteps continuously to the right for several paces.

A person running gradually slows to a halt and then turns around.

Figure 6. Visual comparisons with and without our proposed three modules given two distinct text descriptions from the HumanML3D
testset.

tion details. (b) Fails to accurately capture the key phrase
“sidesteps continuously to the right,” resulting in stiff and
disjointed motion despite its competitive R-Precision score.
In contrast, our model (c) accurately performs the side-
stepping motion, generating smoother and more stable mo-
tion, effectively demonstrating that high R-Precision in
baselines does not necessarily guarantee physical realism.

Scenario 2 (“A person running gradually slows to a halt
and then turns around.”): For this text description, (b) only
shows a simple deceleration, appearing unnatural for the
critical phase of “turning”, our method (c) successfully per-
forms the turning motion, proving its strong capability in
capturing and modeling long-range motion sequences and
complex motion transitions which are often poorly reflected
by static R-Precision metric.

5. Conclusion and Future Work

This paper addresses the issue of singular feature pro-
cessing mechanisms in existing hierarchical residual meth-
ods, which struggle to adapt to the needs of different hierar-
chical tasks. We propose an innovative solution, MaTMo-
tion, that integrates the MambaTrans and a hierarchically-
aware refinement AFW and MSFF modules. By combin-
ing Mamba’s temporal modeling capabilities with Trans-
former’s global relationship capturing abilities, and lever-
aging adaptive frame weighting and multi-scale fusion for
dynamic feature pre- and post-processing, we significantly
enhance the quality and realism of 3D human motion gen-
eration. Experimental results demonstrate promising per-
formance on the HumanML3D and KIT-ML datasets, vali-
dating the effectiveness of our proposed heterogeneous net-
work design and hierarchical adaptive strategy.

However, despite the fidelity and faithfulness in generat-
ing high-quality results, there is still room for further explo-
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ration in handling complex interactive tasks and computa-
tional efficiency. MaTMotion primarily focuses on single-
character motion generation, and its generation capabili-
ties for complex scenes requiring precise physical interac-
tions or multi-person collaboration have not been fully ver-
ified. Therefore, future work can focus on extending the
framework to interactive scenarios to generate more real-
istic, complex multi-person motions and on investigating
model lightweighting methods to optimize computational
efficiency.
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