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Abstract. In this paper, we focus on motion discrete tokenization, which
converts raw motion into compact discrete tokens—a process proven cru-
cial for efficient motion generation. In this paradigm, increasing the num-
ber of tokens is a common approach to improving motion reconstruction
quality, but more tokens make it more difficult for generative models to
learn. To maintain high reconstruction quality while reducing genera-
tion complexity, we introduce Language-Guided Tokenization (LG-Tok)
for efficient motion tokenization. LG-Tok aligns natural language with
motion at the tokenization stage, yielding compact, high-level seman-
tic representations. This approach not only strengthens both tokeniza-
tion and detokenization but also simplifies the learning of generative
models. Furthermore, existing tokenizers predominantly adopt convo-
lutional architectures, whose local receptive fields struggle to support
global language guidance. To this end, we propose a Transformer-based
Tokenizer that leverages attention mechanisms to enable effective align-
ment. Additionally, we design a language-drop scheme, in which lan-
guage conditions are randomly removed during training. This scheme
prevents shortcut learning over text and enables the detokenizer to sup-
port language-free guidance. On three generation benchmarks, LG-Tok
outperforms state-of-the-art methods (e.g., achieving an FID score of
0.057 vs. MARDM’s 0.114 on HumanML3D). LG-Tok-mini uses only
half the tokens while maintaining competitive performance, validating
the efficiency of our semantic representations. Code and checkpoints are
available at https://eanson023.github.io/LG-Tok/.

Keywords: Motion Tokenizer · Human Motion Generation · Multi-
modal Learning · Text to Motion

1 Introduction

Text-driven human motion generation [4, 19, 20, 26, 36, 48, 61, 88, 89] enables the
synthesis of realistic human motions based on natural language descriptions,
with widespread applications in game animation, virtual reality, and video mo-
tion editing, etc. In recent years, the two-stage paradigm, combining motion
tokenization with generative models [23, 52, 68, 75, 80, 84], has demonstrated a
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Fig. 1: Comparison between previous CNN-based tokenizers and our Language-Guided
Transformer Tokenizer (LG-Tok). Our method aligns language and motion during to-
kenization, leveraging the transformer’s flexibility.

pivotal role in efficiently synthesizing high-fidelity motions. These methods to-
kenize continuous motion representations into discrete tokens, thereby enabling
the direct utilization of well-established generative transformer training and sam-
pling techniques [8, 10,39,56,63] with minimal modifications.

#Tokens 104 160 236
rFID# 0.143 0.110 0.090
gFID# 0.230 0.205 0.257

Table 1: criptsize Performance against #To-
kens. rFID/gFID measure reconstruction/genera-
tion quality.

As the core of this paradigm, the
properties of motion tokenization sig-
nificantly influence the performance
of generative transformers. Despite
various motion tokenization studies
focusing on improving training objec-
tives [25, 80] or optimizing quantization [23, 43, 45], current methods still suffer
from a fundamental trade-off between reconstruction and generation quality. As
shown in Table 1, increasing the number of tokens typically improves motion re-
construction quality (rFID). However, the generation process exhibits a different
behavior—more tokens increase learning difficulty, leading to suboptimal results
(gFID). Based on this observation, we raise the question: Can we maintain suf-
ficient tokens for high-quality reconstruction while simultaneously reducing the
learning difficulty of token sequences for generative models?

Our key insight is that language descriptions naturally provide high-level se-
mantic abstractions—e.g ., “a person walks forward” encapsulates core motion
intent. By introducing language as auxiliary guidance during tokenization, to-
kens are relieved from redundantly encoding high-level semantics and can instead
focus on capturing the fine-grained motion details that language alone cannot
fully convey. To this end, we propose Language-Guided Tokenization (LG-Tok),
which aligns natural language with motion during tokenization, aiming to pro-
vide compact, high-level semantic representations. This approach, typically re-
served for the generation phase, is extended to the tokenization stage in our
work. It achieves three benefits: 1) enables latent tokens to learn motion repre-
sentations while simultaneously absorbing linguistic semantic knowledge during
the tokenizing process; 2) allows language conditions to assist in effectively re-
constructing the input motion during the detokenizing process. 3) simplifies the
learning of generative models. For instance, on the Motion-X dataset [42], our
compact semantic representations reduce model perplexity from 146.5 to 103.1
and improve FID from 0.257 to 0.088, indicating easier and more effective learn-
ing.
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Notably, existing tokenizers [23,25,43,80] predominantly adopt convolutional
tokenizer-detokenizer architectures, whose local receptive fields struggle to sup-
port global language guidance. To address this, we propose a Transformer-
based Tokenizer that leverages flexible attention mechanisms to enable effec-
tive alignment between language and motion, while enhancing the global con-
textual awareness of token representations. Specifically, we predefine a learn-
able sequence of latent tokens that are concatenated with both motion and
language representations. Following feature encoding by the transformer-based
tokenizer, these latent tokens form semantically informed representations. Af-
ter vector quantization, a transformer-based detokenizer reconstructs the input
motion from the masked token sequences.

Furthermore, we observe that naively incorporating language conditions risks
shortcut learning [18], where the tokenizer-detokenizer tends to over-rely on
well-trained text embeddings for encoding and reconstruction, undermining the
tokens’ ability to capture fine-grained motion details. To mitigate this, we pro-
pose a language-drop scheme that randomly removes language conditions during
training, compelling the model to develop robust token representations indepen-
dent of linguistic input. Beyond preventing shortcut learning, this scheme further
enables language-free guidance decoding during generation. Specifically, drawing
on insights from Classifier-Free Guidance [28] for generative models operating
in the logit or noise space, our approach extends this principle directly to the
motion space, providing a complementary guidance mechanism. Fig. 2 shows
our LG-Tok outperforming representative baselines. We evaluate LG-Tok on
three generation benchmarks: HumanML3D [24], KIT-ML [53], and Motion-X.
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Fig. 2: Generation quality on Hu-
manML3D.

Across all datasets, LG-Tok con-
sistently surpasses state-of-the-art meth-
ods, e.g ., achieving a Top-1 R-
Precision of 0.542 and FID of
0.057 on HumanML3D, outperform-
ing MARDM [47] (0.500 and 0.114).
Meanwhile, LG-Tok-mini, using only
half the tokens while maintain-
ing competitive performance (Top-1:
0.521, FID: 0.085 on HumanML3D), validates the efficiency of our semantic
representations. In summary, our contributions are as follows:

– We propose Language-Guided Tokenization (LG-Tok), which achieves align-
ment between natural language and motion during the motion tokenization
phase.

– We introduce a Transformer-based Tokenizer that leverages attention mech-
anisms to enable effective language-motion alignment and enhance global
contextual awareness of token representations.

– We propose a language-drop scheme that prevents shortcut learning and
further enables language-free guidance decoding in the motion space during
generation.
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2 Related Work

Motion tokenization. Motion tokenizers [23, 25, 26, 34, 49, 51, 52, 71, 72, 80]
play a crucial role in e�ciently synthesizing high-�delity motion by reducing
computational costs while improving generation quality and e�ciency. This has
been achieved through autoencoders (AEs) [34, 62]. This general design com-
presses motion into low-dimensional representations, which are decoded back
to the original space. Variational autoencoders (VAEs) [32, 33, 50] extend this
paradigm by introducing probability distributions, enabling stochastic sampling
and generative capabilities. TEMOS [49] is a representative work, aligning a
text encoder's output distribution with the VAE's latent space to enable text-
conditioned motion generation. Latent di�usion models [5,6,12] further exploit
compressed spaces�avoiding the cost of di�usion in the raw motion space. More
recently, MARDM [47] performs masked autoregressive di�usion directly on de-
terministic AE latents, mitigating the sampling noise inherent to VAE represen-
tations.

Alternatively, Vector Quantized VAEs (VQ-VAE) [64] insert a quantization
step between AE encoders (tokenizers) and decoders (detokenizers), replacing
continuous latent distributions with discrete codes that partition the motion
space into categorical units. TM2T [25] �rst applied VQ-VAE to motion, in-
troducing discrete motion tokens. This discrete tokenization facilitates the use
of powerful sequence-based generative models [7, 10, 15, 56]. Subsequent vari-
ants [59,80,84], e.g. RQ-VAE [23,83] and FSQ [45,68], further re�ned the quan-
tization and enabled the integration of advanced generative architectures. In this
paper, we focus on this discrete (i.e., VQ-based) tokenization pipeline. Based on
our observation of the fundamental trade-o� between reconstruction and gen-
eration in current methods, we propose leveraging language guidance during
tokenization to provide compact semantic representations, thereby maintaining
high reconstruction quality while reducing the learning di�culty for generative
models.
Text-driven motion generation. Natural language provides rich semantic
cues for specifying actions, velocities, and directions, making it a key condition-
ing modality for human motion synthesis [4, 19, 20, 26, 36, 48, 61, 78, 88]. Early
GAN-based work, such as Text2Action [1], generated diverse motions from tex-
tual descriptions, while JL2P [2] employed GRU-based encoders and decoders
to map text to movement. Inspired by advances in text-to-image generation,
recent approaches predominantly adopt di�usion or VQ-based paradigms. Dif-
fusion models [30, 31, 44, 66, 81, 82, 86] simulate a forward noising process and
train networks to reverse it; MLD [12] improves e�ciency by operating in latent
space, while PhysDi� [76] enforces physical constraints during generation. VQ-
based methods [41,45,51,59,68,75,83�85], e.g., T2M-GPT [80], quantize motion
into discrete tokens via VQ-VAE and model them autoregressively using GPT-
style [8,56] transformers. MoMask [23] and MMM [52] adopt MaskGIT-style [10]
masked training and non-autoregressive sampling, and MoSa [43] adapts scale-
wise autoregressive modeling from the image domain [63]. In this paper, we adopt
MoSa as our generative model given its notable gains in quality and e�ciency. To
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demonstrate the generalizability of our approach, we also apply LG-Tok to Mo-
Mask, showing consistent improvements across di�erent generative paradigms.
Image tokenization has emerged as a fundamental technique bridging various
vision tasks. This �eld has diverged into two main branches: understanding-
oriented and generation-oriented. Understanding-oriented approaches [3, 38, 46]
leverage large language models (LLMs) to create semantic representations for
tasks such as classi�cation [16] and segmentation [67]. Meanwhile, generation-
oriented methods, such as VQ-GAN [17, 57], emphasize learning latent spaces
for detail-preserving compression. These methods typically employ 2D latent
grids with �xed downsampling factors [10,37,40,54,63,88]. TikTok [74] �rst in-
troduces a transformer-based 1D tokenizer that generates global tokens as more
compact representations of images. Subsequently, numerous variants have re�ned
it [11,70,73,87]. e.g., TxtTok [77] extends this paradigm by incorporating image
captions during tokenization to achieve higher compression rates. While we share
the high-level concept of language guidance, our technical design fundamentally
departs from TxtTok. Naive text conditioning risks representation collapse (i.e.,
shortcut learning) and restricts decoding �exibility. Instead, a key design of ours
is a language-drop scheme�absent in TxtTok�that not only robusti�es discrete
representations but uniquely empowers the detokenizer to execute classi�er-free
guidance directly in the motion space during generation. Furthermore, we pro-
pose a fully transformer-based architecture, while been explored in continuous
VAE representations [12, 49], their application in VQ-based tokenizers remains
limited�existing attempts [22, 43] only stack shallow self-attention layers after
CNN-based residual blocks, which may be insu�cient for e�ective cross-modal
alignment. Moreover, while M2DM [35] also adopts a Transformer-based VQ-
VAE, it shares with prior motion tokenizers a 1:1 frame-to-latent alignment
trained on 64-frame short crops. In contrast, LG-Tok encodes 196-frame se-
quences via N learnable queries fully decoupled from frame count (N=25 in
LG-Tok-mini), enabling each token to capture sentence-level semantics rather
than local per-frame features.

3 Method
3.1 Preliminary

Motion tokenizer. Human motion tokenization converts continuous motion
representations into discrete tokens to facilitate the generative models. Tradi-
tional approaches employ vanilla VQ-VAE [25, 52, 80], where a tokenizer (en-
coder) E(�) compresses motion m into latent features z = E(m) 2 RT �d , followed
by a quantizer Q(z) that maps each latent feature to its nearest codebook entry,
producing discrete tokens x 2 [V ]T , where V is the codebook size. Then, a deto-
kenizer (decoder) D(�) reconstructs motion from the dequantized embeddings
m̂ = D(ẑ). To address quantization errors, Residual VQ-VAE [23, 83] performs
iterative residual quantization with N quantizers, creating the same-scale token
sets (x(1) ; : : : ; x (N) ) where each x(n) 2 [V ]T . Recent work, MoSa [43], introduces
interpolations before each residual quantization to construct tokens at di�er-
ent scales S = (s1; s2; : : : ; sN ) through downsampling: x(n) = Q (n) (

w
• (z(n) ; sn ))
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Fig. 3: Overview of LG-Tok. Given a motion sequence and its natural language description, a
frozen text encoder extracts text embeddings, which are concatenated with learnable latent tokens
and linearly projected motion as inputs to the Transformer-based tokenizer E (self-attention only),
producing discrete motion tokens via the quantizer. A language-drop scheme randomly discards text
input with probability p, preventing shortcut learning. In the Transformer-based detokenizer D,
learnable mask tokens interact with text embeddings and dequantized embeddings via two dedi-
cated cross-attention layers (shown on the right), respectively, to reconstruct the motion sequence.
For Generation, motion tokens sampled by the generative model are dequantized and fed into D with
language-free guidance�two forward passes (conditional and unconditional) are performed and ex-
trapolated in motion space to synthesize diverse, high-�delity human motion.

where the symbol
w
• (�; sn ) denotes downsampling latent features to speci�c gran-

ularities sn . This process produces compact multi-scale tokens x(n) 2 [V ]sn

rather than same-scale representations.
Generative model. Leveraging multi-scale tokens, MoSa enables Scale-wise
Autoregressive (SAR) modeling that reformulates traditional token-by-token
prediction [80] into scale-by-scale generation. The SAR likelihood is de�ned as:

p(x (1) ; : : : ; x (N) j c) =
NY

n=1

p(x (n) j x (1) ; : : : ; x (n�1) ; c) (1)

where x(n) = (x (n)
1 ; : : : ; x (n)

sn ) represents all tokens at scale sn , and will be pre-
dicted simultaneously at step n. This approach generates multiple tokens in
parallel at each autoregressive step, conditioned on previous scales and condi-
tion c. Given this framework's notable gains in quality and e�ciency, we adopt
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it as our generative model. In the following sections, we use LG-Tok to refer to
this complete generation framework by default. We also apply LG-Tok to Mo-
Mask to demonstrate its generalizability. The complete tokenization-generation-
detokenization pipeline is detailed in Appendix B.

3.2 Transformer-based Tokenizer

To facilitate understanding of our approach, we introduce our Transformer-based
Tokenizer �rst.

Existing discrete tokenizers have achieved substantial results but still exhibit
a limitation in their standard work�ow: The 196-frame motion is compressed
into 49 latent tokens via 1D convolutional encoding with 4Ö downsampling,
whose local receptive �elds struggle to support global language guidance and to
enhance the global contextual awareness of token representations. To this end, we
propose a Transformer-based Tokenizer. As depicted in Fig. 3, both our tokenizer
and detokenizer are attention-based [65]. We prede�ne a learnable sequence of
latent tokens and use these tokens for reconstruction and subsequent generation.
With the self-attention mechanism, token representations can enhance global
contextual awareness. After feature encoding, these latent tokens constitute a
representation of motion. Speci�cally, we concatenate a set of learnable tokens
zl 2 RT �d of length T with linearly transformed motion m 2 R F �d as the input
to the tokenizer, and retain only the output corresponding to the learnable latent
tokens as the tokenizer output:

z = E([zl ; m]) (2)

subsequently, the latent tokens undergo vector quantization to obtain multi-scale
discrete tokens (as mentioned in Sec. 3.1) to support subsequent SAR modeling,
and yield dequantized embeddings ẑ 2 RT �d . For the detokenizer, we reconstruct
motion from a sequence of learnable mask tokens m̂l 2 RF �d [15,27]:

m̂ = D(m̂ l ; ẑ) (3)

unlike the tokenizer, the mask tokens interact with the dequantized embeddings
through cross-attention. This design is inspired by object queries [9] in object
detection, and we provide detailed ablations in the experimental section. At the
detokenizer end, we use a linear layer to regress from mask tokens to motion
space. Notably, we do not apply patchify processing [16] to motion throughout
process, since 1D motion (196 frames) incurs a signi�cantly lower computational
cost than 2D images (256Ö256), and this operation also also avoids information
loss.

Our architecture is closely integrated with LLaMA. We incorporate RM-
SNorm [79], SwiGLU activation [58], and advanced rotary position embedding
(RoPE) [60]. The RoPE base is set to 100 to accommodate short sequence tasks.
We further enhance the transformer networks of both tokenizer E and detokenizer
D with UNet-like long skip connections for higher-�delity motion reconstruction.
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3.3 Language-Guided Tokenization
Introducing language as auxiliary guidance during tokenization, tokens are re-
lieved from redundantly encoding high-level semantics and can instead focus
on capturing the �ne-grained motion details that language alone cannot fully
convey. Building on the �exibility of our transformer-based tokenizer, we intro-
duce Language-Guided Tokenization, which aligns natural language with motion
during tokenization. This approach, typically reserved for the generation phase,
is extended to the tokenization stage in our work. Given textual descriptions
of motion, we use a frozen LLaMA [21] as the text encoder to extract text
embeddings. These embeddings are injected into both the tokenizer and deto-
kenizer, providing semantic guidance throughout the tokenization process. As
illustrated in Fig. 3, the tokenizer input is further concatenated with linearly
projected text embeddings t 2 RW �d . The Eq. 2 is updated to z = E([t; zl ; m]),
yielding compact, high-level semantic representations. For the detokenizer, the
mask tokens additionally interact with text embeddings through another cross-
attention: m̂ = D(m̂ l ; ẑ; t). We train LG-Tok using smooth L1 loss for motion
reconstruction, without involving text reconstruction. In the generation phase,
the provided text descriptions are used for both generation and detokenization.
The text embeddings and the latent tokens sampled by the generative model are
fed into the detokenizer to produce the �nal motion.

Despite its simplicity, we emphasize that this approach achieves three ben-
e�ts: 1) enables latent tokens to learn motion representations while simultane-
ously absorbing linguistic semantic knowledge during the tokenizing process; 2)
allows language conditions to assist masked token sequences in e�ectively re-
constructing the input motion during the detokenizing process. 3) simpli�es the
learning of generative models by more compact semantic representations. We
demonstrated these views in our experiments.

3.4 Language-Drop Scheme
While language guidance bene�ts tokenization, naively incorporating it risks
shortcut learning: the tokenizer-detokenizer may over-rely on well-trained text
embeddings for encoding and reconstruction, undermining the tokens' ability to
capture �ne-grained motion details. To mitigate this, we propose a language-drop
scheme that randomly removes language conditions during training. Speci�cally,
we drop the text input (t = ;) with a probability of p, compelling the model
to develop robust token representations independent of linguistic input. This
ensures that the learned tokens remain informative and self-su�cient, rather
than collapsing into mere pointers to semantic text features.

Beyond preventing shortcut learning, this scheme enables language-free guid-
ance decoding during the token-to-motion generation phase. Since the detok-
enizer is trained to operate both with and without text, we can apply Classi�er-
Free Guidance directly at the �nal detokenizing stage. The �nal generated mo-
tion m̂ is obtained by extrapolating from the unconditional motion m̂ u to the
conditional motion m̂ c with guidance scale g:

m̂ = (1 + g) � m̂ c � g � m̂ u (4)
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This provides a complementary guidance mechanism to existing methods that
operate in the logits space. Our approach further applies guidance at the motion
space, o�ering a lightweight yet e�ective boost to generation quality.

4 Experiment

In this section, we present the results of our experiments. We introduce our
experimental setup in Sec. 4.1. Subsequently, we compare our results with com-
peting methods in Sec. 4.2 and 4.3, followed by an in-depth analysis of the
language-drop scheme in Sec. 4.4 and related ablation experiments in Sec. 4.5.
Finally, we provide reconstruction�generation trade-o� analysis in Sec. 4.7 and
tokenizer analysis in Sec. 4.6. Additional discussions on the extended applica-
tions, inference time, limitations, and more are provided in the Appendix.

4.1 Experimental Setup

We conduct experiments on three text-to-motion benchmarks: HumanML3D [24],
KIT-ML [53] and the larger-scale Motion-X dataset [42]. We follow the most
evaluation protocol proposed in [24,47].
Datasets. HumanML3D dataset includes 14,616 high-quality motions paired
with 44,970 text descriptions, where three di�erent captions describe each mo-
tion. KIT-ML comprises 3,911 motions with 6,278 text annotations. Motion-X
is the larger motion-text dataset, featuring greater diversity. Following the pro-
tocol of the �rst dataset, we �lter out motion-text pairs exceeding 200 frames,
resulting in 37,751 motion sequences and 61,637 text captions. The datasets are
split into training, validation, and test sets with ratios of 80%, 5%, and 15%,
respectively.

For standardization, all datasets adopt the meng (64-67 dim) representa-
tion [47], as their research uncovered the redundancy of the original features.
That is, Motion-X's whole-body representation is also converted to meng. Since
most textual descriptions primarily focus on body actions, we choose to ignore
�nger and facial information to avoid unnecessary modal discrepancies. We pro-
vide supplementary training details for the Motion-X feature extractor in Ap-
pendix D.
Evaluation metrics. We adopt the following evaluation metrics: (1) the Frechet
Inception Distance (FID), which assesses the overall action quality by measuring
the distributional di�erence between the high-level features of generated and real
actions; (2) R-Precision and Multimodal distance, which are used to measure
the semantic consistency between the input text and the generated actions; (3)
Multimodality, which is used to evaluate the diversity of actions generated from
the exact text. (4) CLIP-score, which measures the compatibility of motion-text
pairs by calculating the cosine similarity.
Implementation details. We train LG-Tok using the AdamW optimizer with
a batch size of 128 for 200 epochs. The learning rate is reduced from 2 � 10�4

to 2 � 10 �5 at the 180th epoch. We set the gradient clipping factor to 0.01 to
prevent gradient explosion. No velocity loss is employed during optimization, as
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Table 2: Quantitative evaluation on the HumanML3D and Motion-X test
set. Each experiment is evaluated 20 times, and � indicates a 95% con�dence inter-
val. Bold and underline indicate the best and the second best result, respectively. `y'
denotes our reimplementation on the meng representation [47].

Datasets Methods Venues #Tokens
R Precision"

FID# MultiModal Dist# MultiModality" CLIP-score"
Top 1 Top 2 Top 3

Human
ML3D

Real motions - - 0:501 �:002 0:696�:003 0:792�:002 0:000�:000 3:251�:010 - 0:639�:001

MotionDi�use [81] TPAMI' 24 - 0:450 �:006 0:641�:005 0:753�:005 0:778�:005 3:490�:023 3:179 �:046 0:606�:004

T2M-GPT [80] CVPR' 23 49 0:470 �:003 0:659�:002 0:758�:002 0:335�:003 3:505�:017 2:018�:053 0:607�:005

MMM [52] CVPR' 24 49 0:487 �:003 0:683�:003 0:782�:001 0:132�:004 3:359�:009 1:241�:073 0:635�:003

MoMask [23] CVPR' 24 294 0:490�:004 0:687�:003 0:786�:003 0:116�:006 3:353�:010 1:263�:079 0:637�:003

StableMoFusiony [29] ACM MM' 24 - 0:510 �:002 0:710�:003 0:810�:003 0:177�:006 3:182�:009 1:969�:053 0:654�:001

DisCoRD y [13] ICCV' 25 - 0:492�:003 0:690�:003 0:790�:003 0:117�:004 3:306�:008 1:369�:061 0:640�:001

MARDM [47] CVPR' 25 - 0:500 �:004 0:695�:003 0:795�:003 0:114�:007 3:270�:009 2:231�:071 0:642�:002

MoSay [43] Arxiv' 25 236 0:518�:002 0:712�:002 0:809�:002 0:064�:004 3:150�:008 1:789�:056 0:657�:001

LG-Tok-mini - 104 0:521 �:003 0:715�:003 0:811�:003 0:085�:004 3:113�:001 1:728�:053 0:655�:001

LG-Tok-mid - 160 0:537 �:003 0:729�:002 0:821�:002 0:109�:005 3:061�:010 1:674�:052 0:664�:001

LG-Tok - 236 0:542 �:003 0:736 �:002 0:830 �:002 0:057 �:003 2:997 �:010 1:540�:059 0:669 �:001

Motion-
X

Real motions - - 0:595 �:002 0:787�:001 0:868�:001 0:000�:000 3:717�:007 - 0:672�:000

MotionDi�use y [81] TPAMI' 24 - 0:559 �:003 0:752�:002 0:839�:001 0:954�:014 4:167�:023 2:476�:098 0:660�:001

T2M-GPT y [80] CVPR' 23 49 0:470�:003 0:644�:002 0:735�:003 1:085�:032 5:488�:023 12:807 �:405 0:622�:001

MMM y [52] CVPR' 24 49 0:424�:002 0:600�:002 0:695�:002 2:918�:036 6:098�:019 2:342�:193 0:607�:001

MoMasky [23] CVPR' 24 294 0:502�:003 0:694�:002 0:790�:002 0:247�:008 4:832�:009 2:715�:091 0:644�:001

StableMoFusiony [29] ACM MM' 24 - 0:474 �:003 0:682�:002 0:787�:002 0:213�:008 4:888�:014 2:985�:111 0:607�:001

DisCoRD y [13] ICCV' 25 - 0:518�:002 0:714�:002 0:808�:002 0:164�:008 4:614�:014 2:417�:112 0:649�:000

MARDM y [47] CVPR' 25 - 0:528�:003 0:727�:001 0:820�:002 0:147�:009 4:433�:018 3:077�:066 0:643�:001

MoSay [43] Arxiv' 25 236 0:513�:002 0:703�:002 0:796�:002 0:210�:009 4:783�:013 3:167�:122 0:654�:001

LG-Tok-mini - 104 0:588 �:002 0:776�:002 0:857�:002 0:071 �:004 3:835�:012 2:235�:111 0:681�:001

LG-Tok-mid - 160 0:591 �:002 0:781 �:002 0:864 �:001 0:076�:005 3:758 �:010 2:245�:091 0:682 �:000

LG-Tok - 236 0:582 �:002 0:775�:001 0:858�:001 0:088�:006 3:844�:009 2:294�:088 0:682 �:000

the meng representation is su�ciently compact. We set the probability p = 0:1
of our language-drop scheme. For the Transformer, we stack 9 layers for both
the tokenizer and detokenizer, each with 4 heads, 256 latent dimensions, and a
SwiGLU dimension of 1024. To accelerate training and reduce memory usage,
we enable mixed-precision training and utilize PyTorch 2.2.0 to support �ash
attention. For text guidance, LLaMA-3.2-1B serves as our text encoder, and
the maximum text length is set to 77, with more extended sequences truncated.
The guidance scale g is set to 2.0, 1.0 and 2.0 on the HumanML3D, Motion-X
and KIT-ML, respectively. During generation, the generative model's con�gu-
ration remains unchanged, except that PAD masks are no longer required. Note
that the generative model and the evaluation retrieval metrics independently
use CLIP-ViT-B/32 for text embedding, consistent with all baselines; LLaMA-
3.2-1B features are exclusive to LG-Tok's tokenizer and detokenizer. LG-Tok
training can be completed on a single RTX 4090 GPU.

Model variants. To validate the high-level semantic representations of LG-
Tok, we study three variants with di�erent token scales: LG-Tok-mini (25 to-
kens), LG-Tok-mid (36 tokens), and LG-Tok (49 tokens). The interpolation
scales mentioned in Sec. 3.1 are set to S = (1; 2; : : : ; 25), S = (2; 4; : : : ; 36),
and S = (3; 6; : : : ; 49) respectively. All variants use N = 10 scales (quantizers),
resulting in 104, 160, and 236 total tokens, respectively.
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Fig. 4: Qualitative comparisons on HumanML3D dataset. Our LG-Tok demon-
strates superior semantic understanding compared to existing methods. The exam-
ples show better spatial awareness (� in the middle"), more realistic posture synthesis
(�dodges quickly"), and improved directional control (� then turns to the left").

4.2 Text-driven Motion Generation Comparison

Quantitative comparisons. We evaluate our approach against state-of-the-art
methods. Results on HumanML3D are primarily sourced from [47], while results
on Motion-X are our reproduction based on the meng representation. We provide
reproduction details in Appendix E. As shown in Table 2, our LG-Tok variants
(using MoSa as the generative backbone) outperform existing methods across
multiple metrics. On HumanML3D, LG-Tok achieves the best performance with
a Top-1 R-Precision of 0.542 and FID of 0.057, surpassing the previous best
method, MoSa (0.518 and 0.064, respectively). On the larger and more diverse
Motion-X dataset, our methods show substantial improvements, with LG-Tok-
mid achieving the best Top-1 R-Precision of 0.591. The consistent performance
gains validate that transformer-based, language-guided tokenization e�ectively
captures motion semantics. Remarkably, on both datasets, LG-Tok-mini main-
tains or surpasses state-of-the-art performance even after pruning more than
half of the tokens (104 vs. 236), further validating the e�ectiveness of our high-
level semantic representations. Results on the KIT-ML dataset are provided in
Appendix C.
Qualitative comparisons. Fig. 4 displays qualitative comparisons of our ap-
proach against StableMoFusion [29], MARDM [47], and MoSa [43] based on
HumanML3D checkpoints. We randomly select several generated samples for
comparison. These three examples demonstrate that LG-Tok can understand
more complex semantics. e.g., in the �rst row, our method successfully under-
stands �in the middle" (competitors fail to return to the middle position). In
the second row, LG-Tok synthesizes more realistic crouching postures in the
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