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Abstract

Scaling up motion datasets is crucial to enhance motion
generation capabilities. However, training on large-scale
multi-source datasets introduces data heterogeneity chal-
lenges due to variations in motion content. To address
this, we propose Generative Pretrained Multi-path Motion
Model (GenM?®), a comprehensive framework designed to
learn unified motion representations. GenM? comprises two
components: 1) a Multi-Expert VQ-VAE (MEVQ-VAE) that
adapts to different dataset distributions to learn a unified
discrete motion representation, and 2) a Multi-path Mo-
tion Transformer (MMT) that improves intra-modal rep-
resentations by using separate modality-specific pathways,
each with densely activated experts to accommodate varia-
tions within that modality, and improves inter-modal align-
ment by the text-motion shared pathway. To enable large-
scale training, we integrate and unify 11 high-quality mo-
tion datasets (approximately 220 hours of motion data) and
augment it with textual annotations (nearly 10,000 motion
sequences labeled by a large language model and 300+ by
human experts). After training on our integrated dataset,
GenM? achieves a state-of-the-art FID of 0.035 on the Hu-
manML3D benchmark, surpassing state-of-the-art methods
by a large margin. It also demonstrates strong zero-shot
generalization on IDEA400 dataset, highlighting its effec-
tiveness and adaptability across diverse motion scenarios.

1. Introduction

Generating diverse and accurate human motion from tex-
tual descriptions has emerged as a vital area in generative
computer vision [4, 10, 13,25, 31, 32, 39], which has broad
applications across animation, virtual reality, and robotics.
Inspired by breakthroughs of pre-trained Large Lan-
guage Models (LLMs) on large-scale datasets, recent re-
search in human motion generation leverages larger mod-
els [17] and expanded datasets [10, 19] to produce more
realistic and nuanced motion sequences. On the data side,
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Text input: A person raises one leg in front of

| |
: them, slowly performing a high kick, keeping their :
| balance steady. |

Figure 1. Due to the limited motion and text in the dataset, Mo-
tionGPT [14] is unable to respond to this relatively simple text
input. We expanded the dataset in both motion and text modal-
ities and pre-trained our model on this large-scale dataset. This
enabled our model, GenM?, to generate high-precision human mo-
tions based on diversity descriptions.

datasets like HumanML3D [10] and Motion-X [19] have
broadened available training samples. In terms of model-
ing, approaches like MotionGPT [14] fine-tunes pre-trained
LLMs on the HumanML3D dataset to jointly model mo-
tion tokens and text tokens. Building upon this, Motion-
Chain [15] extends the use of pretrained LLMs for multi-
turn motion dialogue, enabling dynamic interactions over
sequential motions. Another pioneering model, OMG [17],
incorporates multiple motion datasets and utilizes a large-
scale diffusion model to achieve strong zero-shot perfor-
mance. These approaches underscore the promising role of
pretrained LLMs and large-scale data integration in enhanc-
ing the realism of human motion generation.

Despite above advancements, several challenges persist
in motion generation: 1) Heterogeneity in motion data dis-
tribution. The heterogeneity arising from differences in
motion types, recording devices, and similar factors poses
a challenge for joint training, as optimizing performance
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on one dataset may adversely affect the results on another
dataset. 2) Lack of a dedicated pretrained motion back-
bone for comprehensive motion representations. While vi-
sion/language pretrained backbones have demonstrated ro-
bustness in image and text processing, efforts to adapt large
language models to motion tasks [14, 15, 34, 35] are hin-
dered by inherent structural and contextual differences be-
tween motion and text. Thus, a dedicated motion model
pretrained on large-scale motion data are crucial for captur-
ing motion data’s unique representations. 3) Lack of high-
quality, large-scale unified motion datasets. The high cost
of capturing high-fidelity human motion results in smaller
datasets compared to natural images. Moreover, Existing
datasets are often limited to specific motion types (e.g., Hu-
manML3D emphasizes self-motion, while HIMO focuses
on human—object interactions), restricting generalizability
across varied human activities. Figure 1 illustrates an ex-
ample of motion generation. Despite the simple descrip-
tion, MotionGPT [14] failed to grasp the textual meaning
and produced almost irrelevant motion.

To overcome these challenges, in this paper, we propose
Generative Pretrained Multi-path Motion Model (GenM?),
a framework designed to learn unified motion representa-
tions to address the challenge of data heterogeneity in large-
scale, multi-source motion datasets. GenM? comprises two
novel designs: Multi-Expert VQ-VAE (MEVQ-VAE) and
Multi-path Motion Transformer (MMT). As shown in Fig.
2, MEVQ-VAE discretizes continuous motion sequences
through a multi-expert architecture that simultaneously ac-
tivates all experts and adaptively adjusts each expert’s con-
tribution based on learned weights, capturing shared char-
acteristics across datasets while preserving unique data at-
tributes. Drawing inspiration from multimodal models such
as VLMO [2], MMT utilizes separate modality-specific
pathways, each with densely activated experts to adapt vari-
ations of data distribution within that modality. To facili-
tate cross-modal alignment, we also integrate a shared text-
motion pathway that learns joint representations, bridging
the gap between textual and motion semantics. That is,
MMT employs three distinct pathways: one for the motion
mode, one for the text mode, and a cross-modal pathway
that handles both motion and text data. In addition, GenM?
integrates text tokens with motion tokens through a Motion
Descriptor, producing context tokens representing overar-
ching motion summaries, providing text-guided motion in-
sights that enhance cross-modal alignment. The Multi-path
Motion Transformer concurrently processes text tokens (in-
cluding context tokens) and motion tokens, learning align-
ments between modalities.

We integrate and unify 11 high-quality motion datasets
to support GenM?’s training and provide a large-scale mo-
tion dataset across multiple scenarios. We preprocess
and align these datasets in terms of data structure and

pose representation to match the benchmark dataset, Hu-
manML3D [10]. After processing, the effective motion du-
ration is approximately 220 hours, covering scenarios in-
cluding single-person motion, two-person interactions, and
human-object interactions. Notably, the HIMO [21] dataset
includes textual descriptions of interactions between upper
limbs and objects, while the HuMMan [3] dataset provides
detailed textual annotations of joint changes during move-
ment. Additionally, we enriched the IMHD [46] dataset by
manually annotating full-body interactions with objects and
generated segment-level descriptions for the BABEL [28]
dataset using ChatGLM [7]. These diverse textual descrip-
tions extend HumanML3D’s representation of human mo-
tion, enabling the model to respond effectively to a broader
array of motion descriptions.

We pretrain GenM® on all motion datasets using a
masked completion strategy, which harnesses the model’s
potential as a powerful motion representation tool by expos-
ing it to diverse motion patterns. Subsequently, we conduct
text-conditional generative training on datasets containing
motion-text pairs, adapting GenM?’s motion representation
capability to text-driven generation. In summary, our con-
tributions include the following:

» We propose GenM? to address data heterogeneity and fa-
cilitate cross-modal alignment during training with large-
scale datasets. To this end, we integrate and unify 11
high-quality motion datasets (nearly 220 hours) across di-
verse scenarios, and enriching them with textual labels.

* In GenM3, we propose Multi-Expert VQ-VAE to learn
a unified discrete motion representation, and a Multi-path
Motion Transformer to adapt to text and motion variations
and enhance text-motion alignment.

o GenM? achieves 0.035 FID on HumanML3D dataset, sig-
nificantly surpassing SoTA mathods, and shows superior
zero-shot performance on IDEA400 dataset.

2. Related Work

2.1. Text-Conditional Motion Generation

Motion generation is a fundamental research area in com-
puter vision and graphics, aiming to produce realistic and
contextually appropriate human motions. Text-conditional
motion synthesis, in particular, focuses on generating mo-
tion sequences based on textual descriptions. Early meth-
ods employ deterministic models, which could result in av-
eraged or less dynamic motions due to the complex and
stochastic nature of human movement. To capture a broader
range of motion variations, researchers have turned to
probabilistic models like Generative Adversarial Networks
(GANSs) [6, 13] and Variational Autoencoders (VAEs) [25],
which help in modeling the inherent uncertainty and diver-
sity in motion data. Diffusion models [4, 5, 32, 33, 36, 39,
41-43, 48] have also gained traction for their ability to gen-
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Figure 2. Overview of the GenM?® framework. The training of GenM? consists of three steps: 1) Train MEVQ-VAE to extract discretized
motion representations. MEVQ-VAE is frozen in the later steps. 2) Pre-train GenM?® on a large amount of motion modality data using self-
reconstruction with masked tokens. 3) Perform text-conditional training on text-motion pairs. The processed text tokens are concatenated
with the embedded discretized action tokens as input to the Multi-path Motion Transformer (MMT). The output of MMT is then fed into the
Decoder of MEVQ-VAE, resulting in the generated motion sequence. Note that the computations inside GenM? are length-independent.

erate high-quality motions by iteratively refining random
noise into coherent motion sequences. More recently, some
approaches [5, 8, 11, 12, 26, 27, 40, 47] employ VQ-VAE
to discretize motion sequences, followed by using a gener-
ative Transformer to produce motion tokens. Specifically,
T2M-GPT [40] generate motion tokens in a next-token pre-
diction paradigm, while MMM [27] and MoMask [12] uti-
lize a masked completion approach: during training, they
reconstruct randomly masked motion tokens, and in infer-
ence, they iteratively generate motions starting from a fully
masked sequence.

2.2. Large Model for Motion Generation

The use of Large Model in motion generation has gained in-
creasing attention due to their success in capturing complex,
contextually rich dependencies within motion data. Mo-
tionGPT [14] applied pretrained LLMs [29] as the back-
bone for motion modeling. By discretizing motion se-
quences, motion tokens are treated as a new language, al-
lowing joint modeling with text. Building on MotionGPT,
MotionChain [15] introduced a multi-turn motion genera-
tion mechanism that enables more natural interactions. Al-
though these approaches leverage the powerful representa-
tional capabilities of pretrained LLMs, there exists a sig-
nificant domain gap between motion and text data, which
can impact the reliability of the generated motions. On the
other hand, the scale of the dataset is a critical factor for suc-
cessfully training large motion models. HumanML3D [10],
which labels textual annotations to AMASS [22] motion

data, provides a benchmark dataset for motion generation.
Motion-X [19] expands on this by using an automated label-
ing pipeline to extract a large number of motion sequences
from video and generate corresponding text descriptions.
However, the motion data in Motion-X contains significant
noise, which limits its utility for high-precision motion gen-
eration. The OMG [17] model integrates a wide range of
motion datasets and trains various sizes of diffusion-based
models for motion generation, pushing forward the capac-
ity of large-scale motion modeling. Despite the success of
these methods, substantial room remains for improvement
in multi-dataset joint training and large-scale motion repre-
sentation models within the field of motion generation. In
this paper, we aim to center the analysis on motion data,
transferring the scale law of datasets to the action domain,
in order to mitigate the impact of the domain gap of large
language models (LLMs) on motion data, and provide com-
munity with a comprehensive motion backbone.

3. Method
3.1. Model Architecture

Our proposed GenM? framework comprises two main com-
ponents: the Multi-Expert VQ-VAE (MEVQ-VAE) and
the Multi-path Motion Transformer (MMT). The MEVQ-
VAE is designed to discretize continuous motion data while
adapting to distributional differences across datasets. Build-
ing on these discrete tokens, the MMT models both motion
and textual tokens in a unified manner, leveraging a multi-
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Figure 3. Architecture of multiway transformers in GenM?>. The
text, motion, and motion-text (cross-modal) branches handle their
respective tokens, and then their outputs are aggregated at the out-
put end. Each branch is equipped with an expert pool.

branch strategy to enhance intra-modal and inter-modal rep-
resentational capacity.

3.1.1. Multi-Expert VQ-VAE

The Multi-Expert VQ-VAE (MEVQ-VAE) is an extension
of the original VQ-VAE framework, designed to discretize
continuous motion data while handling variations across
multiple datasets. As shown in Fig. 2 (a), given a motion
sequence X = [z1, T3, ..., x| with z; € RY, where T is the
number of frames and d is the dimensionality of each frame,
the MEVQ-VAE encodes the sequence through the encoder
& and recover the complete motion sequence by the decoder
D. A shared learnable codebook is employed, which con-
tains K discrete codes C = ¢ K_; with ¢, € R%, where
d. is the dimensionality of each code. Each latent feature
Z =& (X) = (21,22, ..., 271)» with z; € R% and [ being
the downsampling rate, is quantized by selecting the closest
code from C.

The encoder £ and decoder D is composed of multi-
ple blocks, each containing three standard 1D convolutional
layers followed by a specialized 1D convolutional layer
with e, experts. In this expert layer, all experts are activated
simultaneously to capture diverse motion features, which
can be represented as a weighted combination of each ex-
pert’s output, formulated as:

Y= Zwl - Conv; (z) (1)
i=1

where Conv; () represents the output from the i-th expert’s
convolutional filter, and w; is the learnable weight associ-
ated with each expert.

3.1.2. Multi-path Motion Transformer

The Multi-path Motion Transformer (MMT) framework
consists of two modules: the Motion Descriptor and a
Multi-path Transformer network. The Motion Descriptor
is responsible for summarizing motion patterns, converting

them into context tokens that provide high-level represen-
tations of the motion sequence. The Transformer network
then processes three types of tokens: text tokens, context
tokens (considered as a type of text token), and motion to-
kens.

Motion Descriptor Inspired by LLaMA-VID’s ap-
proach [16] to text information compression, we de-
sign the Motion Descriptor to enhance motion represen-
tation. After processing the motion sequence X through
MEVQ-VAE, it is mapped to a sequence of indices S =
[$1,52, ..., ST/1, SEna)| Within a learned codebook. Passing
S through a motion embedder Emb,,,, we obtain the motion
embedding E,,. Simultaneously, the input text is encoded
by a CLIP encoder to generate both a text embedding E;,
and a global text feature e;.

To construct a contextual summary embedding E.;, for
motion, we aggregate motion features by scoring their re-
sponse to the text query:

E.t, = mean (softmax (E,,,E;) E;) @)

This selective aggregation captures a high-level motion
summary within E_;,, which integrates both motion and
textual perspectives and serves as an enriched contextual in-
put within the textual branch of MMT.

Multi-path Transformer We concatenate text features
ey, text embeddings E;, context embeddings E.;,, and mo-
tion embeddings E,,, adding positional encoding to form
the input for our multi-path Transformer. The first half
of the Transformer follows the standard Transformer archi-
tecture, utilizing self-attention and FeedForward layers to
compute cross-modal attention:

E, = concat (e, E;,Evp, E;,) + P 3)
Y = FFN (Attention (E,)) “)

where P and FFN represent the Position Encoding and
FeedForward Network, respectively.

As shown in Fig. 3, In the whole second half of the
model, we introduce specialized pathways within the Feed-
Forward layer. These pathways include a motion pathway, a
text pathway, and a cross-modal shared pathway, which are
parallel. To further adapt to varying data distributions and
diverse textual descriptions across datasets, we incorporate
a multi-expert strategy within each pathway. Mathemati-
cally, each pathway p consists of multiple experts, and for
each expert 7, we compute:

Epi(x) = W20 (W, ,z+b") +b? 6))

The output from each expert is weighted and combined
based on the learned attention weight g, ; for each expert,
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yielding:
E, (@) = 3 gy (¢) Eps (@) ©®

where [E,, ; denotes the output of the i‘" expert in p*" path-
way to input x. g, ; (x) is a gating function that calculates
the weight of each expert. The outputs from the motion,
text, and cross-modal pathways are concatenated to produce
the final representation:

OUtPUt = Wproj ([Emotion; Etea:t; Ecross—modal]) + bproj
(7

Notably, all experts are activated simultaneously, with their
contributions to each token dynamically adjusted by learned
weights. This design benefits from building modality-
sharing channels within each pathway, leveraging common
features across datasets while supporting specialized learn-
ing.

3.2. Training Strategy

Stage 1: Train the MEVQ-VAE In the first stage, we
train the MEVQ-VAE on raw motion data to learn a quan-
tized representation of motion sequences. Following pre-
vious methods [27, 40], the MEVQ-VAE model optimizes
two losses, a reconstruction loss £,.. and a commitment
108s Lcommat- The total loss can be expressed as:

Eq = Lrec + BLeommit ®)

where 3 is the hyper-parameter to balance the losses. Addi-
tionally, we utilize moving averages for codebook updates
and resets for inactive codes [38].

Stage 2: Pretrain the GenM> As shown in Fig. 2 (b),
in the pretraining phase, the GenM? model is trained ex-
clusively on motion data to establish a robust foundational
representation of movement patterns. During this stage,
text, motion, and cross-modal (motion-text) pathways all
take motion tokens as inputs and utilize motion feature to
form the prior knowledge that is useful in the next stage.
We adopt a masked modeling approach on the motion to-
ken level to enhance GenM?>’s ability to reconstruct miss-
ing parts of motion data, following the method described in
prior works [27]. In each discrete motion token sequence,
random indices are replaced by learnable special-purpose
tokens [Mask], encouraging the model to infer and regen-
erate these occluded motion parts. The objective is to min-
imize the negative log-likelihood of the predicted masked
tokens conditioned on visible tokens:

L=— Z logP(a:i|x\M) 9)
iEM
where M denotes the set of masked indices, and x\ x4 rep-
resents the visible (non-masked) tokens in the sequence.

Stage 3: Text-conditional Training As shown in Fig. 2
(¢), in the text-conditional training phase, GenM? is trained
on both motion and textual data, enabling multimodal align-
ment between motion sequences and corresponding textual
descriptions. During this stage, all pathways of the GenM?—
the motion, text, and cross-modal shared pathways—are ac-
tive, allowing the model to fully leverage interactions within
and across modalities. The motion pathway remains in a
masked modeling framework, but depends on both textual
and visible information.

3.3. Inference Strategy

During inference, all motion tokens are initialized as
[Mask] to form an empty sequence. Then, using parallel
decoding, all tokens are generated simultaneously in each
step. In subsequent iterations, tokens with lower confidence
are re-masked and regenerated.

4. Integration of Motion Data

Data Standardization To train a motion learning back-
bone capable of comprehensive representation, we col-
lected a diverse set of highly accurate motion capture
datasets. Given the disparities across datasets in terms of
format (such as spatial coordinates versus SMPL param-
eters), body shape of performers, joint count, and frame
rate, we standardized all datasets accordingly. Specifically,
we normalized the joint count to 22, aligning with the Hu-
manML3D [10] standard, and retargeted each dataset to a
default human skeletal template. To prevent issues with un-
dersampling, we set the frame rate to 30 fps.

Text Modality Our dataset includes HumanML3D [10],
HuMMan [3], and HIMO [21], each with textual descrip-
tions for every motion sequence. However, motion data
inherently differs from text in structure and contextual re-
lationships, and there are distribution differences in mo-
tion/text data across different datasets. HumanML3D em-
phasizes holistic human movement. HuMMan provides de-
tailed motion patterns at the joint level. While HIMO fo-
cuses on interactions between the human upper body and
objects. Additionally, the BABEL dataset provides action
categories for each sub-segment. We divide the sequences
based on sub-segment duration and generated sequence de-
scriptions for each complete segment using ChatGLM [7].
In order to further increase the diversity of text data, we
manually divide sequences and label motion descriptions on
the human-body-object interaction dataset HDMI.

Sequence Segmentation During pretraining, for datasets
without predefined or suitable sequence segmentation (e.g.,
sequences over 10 seconds), we sample training sequences
with overlapping windows, ensuring overlap rates were kept
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Table 1. Comparison of Text-to-Motion on HumanML3D [10] (using our retrained evaluator on 30FPS motion data) and Zero-shot Text-
to-Motion on IDEA400 [19]. The highlight and underline represent the best and the second-best. Noting that GenM?® uses text pairs from
HumanML3D for text-conditional training, while GenM>* denotes the use of all text-motion pairs from our integrated dataset.

R-Precisiont

Dataset Methods FID/] MMDist Diversity 1
Topl Top2 Top3
Real 0.492%:004 0.687+:003 0.785%:003 0.002%:000 2.982%:010 9.458%:090
T2M-GPT [40] 0.487+:002 0.678+:003 0.770%:002 0.160%:006 3.083%+:009 9.653%:065
HumanML3D MMM [27] 0.496%:003 0.686+092 0.784%:002 0.110%-005 2.951%:009 9.484+-113
Ours GenM?3* mi.ooz wi.ooz Mi.om miom mi.oog Mi.ow
Ours GenM?® 0.511%:003 0.705%:002 0.804+002 0.046+:002 2.852+:009 9.675+ 087
Real 0.124%:003 0.221+:005 0.308%:006 0.001%-000 4.615+004 6.001%108
T2M-GPT [40] 0.122%:003 0.219%:004 0.301%:004 7.047%:012 5.488+:034 7.636%+110
IDEA400 MMM [27] 0.126%:003 0.221%+:005 0.307%:004 6.001%:010 4.980%028 7.730%103
Ours GenM>* 0.136+:004 0.244%:002 0.338%:003 4 ,232+008 4.520*012 7.750%101
Ours GenM? Mi.oos mi.oo&s mi.oos Mi.oeo &i.om 7. 851+ 131

Table 2. Comparison of Text-to-Motion on HumanML3D [10] (us-
ing the evaluator trained on 20FPS motion data [9]).

Methods FID|  R-Precision (Top3)T Diversity T
Real 0.002 *:000 0.797%+-002 9.503%-065
MotionDiff [43] | 0.630%-00 0.782%-001 9.410%-049
MDM [32] |0.544%044 0.611+:007 9.559+:086
MLD [4] 0.473%:013 0.772%:002 9.724%:082
T2M-GPT [40] |0.141%995 0.775%:002 9.722%:082
EMDM [48] |0.112%9%9 0.786%-00¢ 9.551%:078
FineMoGen [42] | 0.151%-008 0.7847+:002 9.263%:094
MoMamba [45] |0.281F009 0.7927+:002 9.871+0:084
MoMask [12] |0.045%:002 0.807+:002 -
MMM [27] |0.080% 903 0.794+:002 9.411+:058
MotionGPT [14] | 0.232%-008 0.778%:002 9.528%:071
MotionLLM [35]]0.491%-019 0.770%-002 9.838% 244
MotionChain [15]] 0.248%-909 0.790%-003 9.470%-075
OMG [17]  |0.381%:008 0.784 %002 9.657+:085
Our GenM>* | 0.046%:002 0.790%-003 9.346+-076
Our GenM® | 0.035%:002 0.795%-002 9.341+:080

below 25% to maintain diversity. For text-conditional gen-
erative training, we follow the original segmentation pro-
vided by each dataset or our manual partitioning.

5. Experiments

This section provides a comprehensive evaluation of our
proposed GenM? framework. In Sec. 5.1, we introduce
the datasets and experimental setup. Sec. 5.2 presents a
comparative analysis of our method against state-of-the-art
methods. In Sec. 5.3, we conduct ablation studies to in-

vestigate the contributions of individual components. We
provide more information in the supplemental.

5.1. Datasets and Implementation

Datasets for Pretraining and Text-conditioned Training
We collected and processed a total of 11 motion capture
datasets [1, 3, 10, 18, 20, 21, 23, 28, 30, 44, 46], align-
ing each to the HumanML3D dataset’s format for consis-
tency in training and evaluation. We use all the motion
data for pretraining. For text-conditional training, we used
datasets that include text modality: HumanML3D [10],
HuMMan [3], HIMO [21], BABEL [28], and IMHD [46].

Implementation Details Our model is trained on Nvidia
RTX-4090 GPUs. In MEVQ-VAE, motion sequences are
downsampled by a factor of 4, and both encoder and de-
coder use a four-expert multi-expert architecture. The code-
book has 8192 entries of 32 dimensions, with the loss
weight 5 set to 1. The MMT contains 18 layers: the first
nine layers follow standard attention, while the latter nine
layers implement multi-path transformer with multiple ex-
perts. For pretraining and text-conditional training, we set
the batch size to 160 and use AdamW optimizer to train the
model for 120,000 iterations with a learning rate of 2 x 10~4
following a warm-up and cosine annealing decay strategy.

5.2. Comparison

Quantitative Comparison We first perform a quantita-
tive evaluation on the HumanML3D [10]. We report the re-
sults evaluated by the evaluator from prior works [10, 27] in
Tab. 2. However, this evaluator was trained on 20 FPS mo-
tion samples, which may not be suitable to evaluate on our
constructed dataset. Thus, we re-trained the evaluator fol-
lowing the prior settings [10] and trained MMM and T2M-
GPT on 30FPS HumanML3D for fair comparisons. The
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A person bends their
elbows and place their
hands on their hips.
Slowly, they rotate their
knees in small, counter-
clockwise circles.

A person jumps up
and down, raising their
arms in the air with
each jump.

A person reaches
overhead with both
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book from a shelf.
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Figure 4. Motion generation results based on text inputs.

Figure 5. Visualizations of motion in-between.

results are shown in Tab. 1. Following the standard evalua-
tion protocols, we report the results from 20 repeated trials,
with each result shown as the mean with a 95% confidence
interval. We trained two versions of GenM?: GenM?3, using
only HumanML3D text pairs for text-conditional training,
and GenM?>*, using all motion-text data. GenM? performs
better on HumanML3D, but GenM?>* exhibits stronger gen-
eralization ability (will be discussed later). It can be seen
that Our method outperforms other approaches in FID and
achieves comparable performances in other metrics.

Qualitative Comparison Fig. 4 presents qualitative re-
sults showcasing the generated motions. We used differ-
ent types of text as conditions, including: 1) descriptions
based on body joint movements (e.g., ’place their hands on
their hips”); and 2) descriptions based on motion types (e.g.,
“jump”). Due to the limited diversity and quantity of text in
the HumanML3D dataset, methods trained on this dataset
often fail to generate effective motion sequences for some
simple and common action descriptions. Our approach,
however, demonstrates a clear advantage to a wide range
of descriptions and high-quality generations.

Table 3. Comparison of different VQ methods.

Method | VQ MEVQVAE RVQ[I2] MERVQ G-RVQ[37] FSQ[24]
FID | 0.098 0.048 0.043 0.032 0.045 0.057

Table 4. Results of motion in-betweening. R. means R-precision.
Div. means Diversity.

Type Method R.(Top 3)1 FID] Div.1
MMM [27] 0.780 0.098 9.432

Prefix
Ours 0.797 0.040 9.583
MMM [27] 0.788 0.142 9.455

Suffix
Ours 0.800 0.065 9.537
Infix MMM [27] 0.784 0.133 9.398
Ours 0.803 0.056 9.506

Comparison of VQ Method Tab. 3 compares different
quantization methods, including RVQ [12], G-RVQ [37]
and FSQ [24]. Our multi-expert design adapts to diverse
dataset distributions, substantially outperforming standard
VQ. RVQ achieves the best scores but requires an extra
Residual Transformer to model residuals [12]. Integrating
our Multi-Expert into RVQ (MERVQ) further boosts per-
formance, demonstrating its generalizability.

Motion Completion We conducted comparative experi-
ments with MMM [27] on the motion completion task on
the HumanML3D test set, evaluating three distinct modes:
prefix-based (generating the last 50% based on the first 50%
of observed motion), suffix-based (generating the first 50%
based on the last 50% of observed motion), infix-based
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Figure 6. The impact of pretraining on different methods on our
integrated dataset.

(generating the middle 50% based on the initial and final
25% of observed motion) completion. As shown in the
Tab. 4, our method achieves better metrics especially the
FID. Fig. 5 visualizes some of the motion completion re-
sults, where it can be seen that our method excels in both
overall semantic coherence and motion transition.

Zero-shot Inference We tested the zero-shot capability of
GenM? on IDEA400 dataset. GenM?* refers to the model
trained on all motion-text pairs in our integrated dataset.
As can be seen in Tab. 1, thanks to the strong representa-
tional power learned during pre-training, the GenM> model
trained only on HumanML3D still exhibits robust zero-shot
reasoning ability. GenM?>*, trained on more motion-text
pairs, shows even stronger generalization ability.

5.3. Ablation Study

Pretraining Improvement We conducted experiments
by pretraining MMM [27], T2M-GPT [40] and our base-
line (refers to our method without the Multi-path, Multi Ex-
pert, and Motion Descriptor components) on our integrated
dataset in Fig. 6. It can be seen that pretraining on our inte-
grated dataset yields the greatest improvement (35.21%) for
our method. This can be attributed to the multi-expert de-
sign in our MEVQ-VAE, which enables the model to adapt
to the heterogeneity of various datasets. Moreover, the Mo-
tion Pathway in MMT leverages multiple experts to simul-
taneously learn motion patterns from different datasets.

Effective of Multi-path Transformer in GenM® We
conducted ablation experiments on the text and cross-modal
branches in GenM?, with the results shown in Tab. 6. As
can be seen, when both branches are used simultaneously,
the model is able to more effectively learn the features both
within and across modalities.

Impact of Expert Count We analyzed the effect of ex-
pert numbers on three components. In MEVQ-VAE (Fig. 7
(a)), using eight experts produced the best reconstruction
performance. However, due to computational costs, we set
up four experts to get nearly the same result. In the motion
and text pathways (Fig. 7 (b)), increasing the number of ex-
perts enhances the model’s ability to handle a broader range

(@) FID vs. Number of Experts in MEVQ-VAE
0.056 —e— MEVQ-VAE

(b) FID vs. Number of Motion/Text Experts

—— Motion Pathway
—— Text Pathway

0.054

0.052

0.050 0.06

Reconstruction FID
FID

0.048 0.05

2 8 1 a

4 6 2 3
Number of Experts Number of Experts

Figure 7. The impact of the number of experts in MEVQ-VAE on
reconstruction performance.

Table 5. Comparisons of dense MoE and sparse MoE.

| FID|  R-Precision (Top3)?  Diversityt
Sparse MoE 0.058 0.799 9.676
Dense MoE | 0.046 0.804 9,675

Table 6. The impact of the multiway transformer in GenM® on
generation performance.

motion text cross-modal ‘ FIDJ Diversity T
v - - 0.058 9.400
v v - 0.045 9.282
v - v 0.044 9.344
v v v 0.035 9.341

of data distributions (e.g. diverse textual descriptions and
diverse motion patterns present across datasets).

Dense MoE v.s. Sparse MoE We conducted compar-
isons of dense MoE (fully activated) and sparse MoE (par-
tially activated) in the motion pathway. As shown in Tab. 5,
fully activated experts better capture commonalities across
datasets and adapt different dataset from a higher dimen-
sion. While Sparse MoE may overlook some shared pat-
terns and failed adapt the data in a narrower action space.

6. Conclusion

In this paper, we propose GenM?, which consists of a multi-
expert VQ-VAE to learn the unified discrete motion rep-
resentation, and a Multi-path Motion Transformer that en-
hances intra-modal representations by employing dedicated
pathways for each modality, with densely activated experts
that capture the inherent variations, and bolsters inter-modal
alignment through a shared text-motion pathway. We inte-
grated and unified 11 high-quality motion datasets to sup-
port the training of GenM?>. Experimental results show that
our method achieves state-of-the-art performance on the
Text-to-Motion task while demonstrating remarkable gen-
eralization capabilities. In the future, we plan to further ex-
pand this dataset to train a more generalizable motion back-
bone for the research community.
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