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Abstract

Recently, human motion understanding has
been a prominent area of research due to its
critical importance in many fields. The key to
advancing this understanding lies in the pre-
cise alignment between motion and linguis-
tic modalities. Existing methods mainly fol-
low two paradigms: global contrastive align-
ment and vocabulary space-based alignment.
However, motion sequences exhibit sequen-
tial spatiotemporal dynamics while text con-
veys abstract semantics, leading to a funda-
mental mismatch in semantic levels and granu-
larities. This undermines cross-modal align-
ment and results in suboptimal downstream
performance. To alleviate this, we introduce
a modality-shared codebook that enables uni-
fied representation learning and precise align-
ment of motion and linguistic modalities. Each
codeword in the codebook is regularized to en-
code cross-modality shared semantics, and we
leverage sparse activation and distribution con-
sistency loss to enforce matched motion and
text are represented by the same set of code-
words. Additionally, we introduce a locality-
aware Gaussian encoder to refine pose fea-
tures and design a hard-negative guided loss
to strengthen alignment discriminability. Ex-
tensive experiments across various language-
motion evaluation, including text-motion re-
trieval, text-motion grounding, and motion cap-
tion, demonstrate that our model significantly
surpasses current state-of-the-art methods.

1 Introduction

Human motion understanding is an expanding fron-
tier, holding substantial implications for applica-
tions ranging from film production and gaming to
virtual reality and robotics. As a long-standing re-
search hotspot, human motion understanding has
led to the development of various tasks, including
human motion-text retrieval (Petrovich et al., 2023;
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Yu et al., 2024; Messina et al., 2023; Fujiwara et al.,
2024; Lyu et al., 2025; Shi and Zhang, 2024, 2025;
Yang et al., 2024b,a; Zhang et al.), motion cap-
tioning (Jiang et al., 2023; Guo et al., 2022b), and
motion grounding (Yan et al., 2023), all of which
have made significant progress in recent years.

The core of human motion understanding lies in
precise alignment between motion and language
representations. Existing methods (Petrovich et al.,
2023; Messina et al., 2023; Yu et al., 2024) typi-
cally encode global motion features and sentence
embeddings into a latent space, then adopt con-
trastive learning to enforce the alignment of repre-
sentations between matched motion-text pairs (as
shown in Fig. 1(a)). However, motion sequences
inherently contain intricate semantic details (e.g.,
subtle body movements), which pose a consider-
able challenge to achieving precise motion-text
alignment when relying solely on global embed-
dings. To address this, the ToHL method (Lyu et al.,
2025) attempts to align motion and text modalities
in a shared lexical vocabulary space for unified
motion-language understanding, as illustrated in
Fig. 1(b). However, this vocabulary space exhibits
an extremely high feature dimension (i.e., 30,522,
the vocabulary size of BERT (Devlin et al., 2019a)),
which impairs the efficiency of motion-text match-
ing. Moreover, such static lexical representations
struggle to effectively capture the dynamic nature
of motion sequences.

In this paper, we argue that above models over-
look a critical issue: the semantic information con-
veyed by motions and text inherently differs in
granularity. For instance, a motion sequence of
“walk forward quickly” portrays various attributes,
such as step length, body posture, motion dynam-
ics, and walk speed. In contrast, the correspond-
ing textual description (e.g., “a person is quickly
walking forward”) is generally more abstract and
compact. Existing methods fail to explicitly align
the semantics of motion and text at the same granu-
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Figure 1: Comparison of different feature representation learning methods. (a) Latent representation learning directly
aligns motion features and text features in a latent variable space via global contrastive alignment. (b) Lexical
representation learning achieves cross-modal connection by aligning the lexicon-importance distributions of motion
and text representations in a vocabulary-based lexical space. (c) Our proposed method introduces a modality-shared
codebook for representation learning and alignment. Both motion and language features are activated by the same
set of codewords, enabling unified semantic granularities and distributions of the two modalities.

larity level, hindering effective multimodal repre-
sentation learning and potentially leading to perfor-
mance degradation.

To address the above challenge, we introduce
a modality-shared codebook that enables unified
representation learning and precise alignment of
motion and linguistic modalities. The codebook
consists of several learnable codewords that en-
code cross-modal shared semantic features. Both
motion and text are represented as the combina-
tion of shared codewords in a unified semantic
space so that the semantic granularities are unified
(see Figure 1(c)). To avoid noisy activation and
strengthen consistent codeword activation across
motion and text, we further propose sparse activa-
tion and a distribution consistency loss, enforcing
matched motion-text pairs to share the same small
set of codewords. Additionally, we observe that
vanilla self-attention transformer encoder tends to
drive pose embeddings toward excessive similarity,
which impairs the model’s ability to capture fine-
grained motion semantics. To mitigate this issue,
we propose a locality-aware gaussian encoder that
constrains each pose to focus on its adjacent poses
instead of the entire sequence, thereby ensuring
high-quality pose features for codeword aggrega-
tion. Finally, a hard-negative guided contrastive
loss is reformulated to mine more discriminative
representations to build a better-aligned representa-
tion space. Our contributions can be summarized
as follows:

• We introduce a modality-shared codebook

for representation learning and alignment be-
tween motion and language, which unifies the
granularity and distribution of two modalities.

• We propose a Locality-aware Gaussian En-
coder to obtain high-quality pose features
for codeword aggregation, and design a hard-
negative guided contrastive loss to enable a
well-aligned representation space.

• Comprehensive evaluations across several
language-motion tasks demonstrate that our
model achieves state-of-the-art performance,
affirming the efficacy of the proposed method.

2 Related work

2.1 Human Motion Understanding

The rapid proliferation of 3D human motion data
has made human motion understanding an increas-
ingly critical area in computer vision research. In
the motion-language domain, this understanding
encompasses key tasks such as text-motion retrieval
text-to-motion grounding, and motion captioning.
Text-motion retrieval involves identifying the most
semantically relevant 3D human motion sequences
from extensive databases based on natural language
queries. Existing works, including TMR (Petro-
vich et al., 2023), TEMOS (Petrovich et al., 2022),
MotionCLIP (Tevet et al., 2022), DTL (Yan et al.,
2023), MoPa (Yu et al., 2024) and CAR (Fuji-
wara et al., 2024), tackle this task by construct-
ing a cross-modal embedding space via CLIP-style
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contrastive learning. For a more fine-grained un-
derstanding, text-to-motion grounding focuses on
localizing semantically relevant motion segments
within untrimmed sequences. Motion captioning
aims to generate descriptive captions for human
motions.TM2T (Guo et al., 2022b) encodes mo-
tion sequences and uses a translation network to
align motion and text tokens. MotionGPT (Jiang
et al., 2023) models human motions as a foreign
language, enabling descriptions via an expanded
vocabulary.

2.2 Vector-Quantization and Codebook.

The codebook is a key component in vector quan-
tization (van den Oord et al., 2018), widely used
in both understanding (Bao et al., 2022) and gen-
eration (Kalakonda et al., 2022; Tevet et al., 2022)
tasks. During quantization, encoder features are
replaced by their nearest-neighbor codewords from
the codebook before being reconstructed by the de-
coder. Inspired by this, current most text-to-motion
generation methods (Guo et al., 2022b; Jiang et al.,
2023; Deichler et al., 2025; Jin et al., 2026) uni-
versally adopt this paradigm, employing a code-
book to transform continuous motion representa-
tions into a sequence of codebook indices. For in-
stance, MotionGPT (Deichler et al., 2025) employs
separate text and motion codebooks to achieve mul-
timodal modeling for text-to-motion generation. In
contrast to existing methods, we employ a unified
codebook to embed both textual and motion fea-
tures, thereby explicitly constructing a shared mul-
timodal latent space that facilitates unified cross-
modal alignment.Furthermore, we reformulate the
computational mechanism of the codebook to sup-
port the exploration of fine-grained cross-modal
semantic correspondences.

3 Methodology

3.1 Model Overview

The overview of our proposed method is shown
in Fig. 2. We begin by introducing the feature en-
coding of text queries and motion sequences. We
then introduce our codebook-based representation
learning to represent cross-modal shared semantic
features, thereby unifying the semantic granular-
ity of these two modalities. Next, we design a
locality-aware Gaussian encoder to capture high-
quality pose features crucial for effective codeword
aggregation. Finally, we refine the learning pro-
cess with a hard-negative guided contrastive loss,

which mines more discriminative representations,
ultimately building a better-aligned latent space.

3.1.1 Text query encoding.
Given a sentence containing N words, we utilize
a pre-trained DistilBERT (Devlin et al., 2019b)
model with a projection head to extract initial word
embeddings, which are denoted as:

T = {w1, w2, . . . , wN} ∈ RN×D (1)

where N is the number of words in the sentence
and D denotes the feature dimension.

3.1.2 Motion sequence encoding.
3D human motion is defined as a sequence of 3D
human poses, P = (p1, . . . , pM ) ∈ RM×d, where
M is the pose number, d is the pose dimension.
Each p in the sequence is a detailed representation
of the articulated human body, including join po-
sitions, rotations, foot contact, etc. We use our
proposed Gaussian encoder to encode the poses
into a sequence of embeddings:

M = {m1,m2, · · · ,mM} ∈ RM×D (2)

where M is the number of poses, and D is the
feature dimension.

3.2 Codebook-based Representation Learning
To unify semantic granularity and establish a com-
mon multi-modal space, we introduce a modality-
shared codebook for representation learning. This
codebook serves as common bases for both mo-
tion and text representations. As a result, the gran-
ularities of cross-modal semantics are explicitly
unified. In addition, it encodes the shared seman-
tic knowledge inherent in both modalities, serving
as an informative prior to guide motion and text
encoders in learning discriminative cross-modal
embeddings.

3.2.1 Modality-shared Feature Aggregation.
Assume that we have a batch of motion-text pairs
{(mi, ti)}Bi=1, where mi, ti represent the i-th mo-
tion sequence and its caption respectively, and B
is the batch size. This aggregator uses a set of
N shared codewords to represent motion feature
MC and text feature T C . Specifically, it can be
represented as:

Mc =
N∑

k=1

w
(m)
i,k zk, Tc =

N∑

k=1

w
(t)
i,kzk (3)
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Figure 2: The overall architecture of MSCode. Our method consists of three key components: the Locality-aware
Gaussian Encoder, the Modality-shared Codebook, and the Hard Negative Guided Contrastive Loss.

where
{
zk | zk ∈ RD, k = 1, 2, · · ·N

}
represents

the set of learnable cross-modal shared codewords,
and w

(m)
i,k , w(t)

i,k denote the aggregation weights cor-
responding to the motion sequence mi and the
text query ti, respectively. To capture rich seman-
tics within the feature aggregation, we design the
pipeline to calculate the aggregation weights w(m)

i,k

and w
(t)
i,k. Specifically, during the motion feature

aggregation, we define the relevance score s
(m)
i,k be-

tween the motion sequence and each codeword zk
as:

s
(m)
i,k = max

j
< mi,j , zk > /η (4)

where mj ∈ RD is the j-th pose embedding in
motion sequence, η is a scaling factor, and < ·, · >
is the inner product function.
Sparse Activation. The relevance scores s(m)

i,: are
next normalized by the Sparsemax function (Mar-
tins and Astudillo, 2016), which works similarly
to Softmax but encourages most of the elements in
the probability distribution to be precisely zero:

w
(m)
i,: = Sparsemax(s

(m)
i,: ) (5)

where w
(m)
i is the weight of the i-th token with

respect to the motion sequence. By the sparse con-
straints, the motion feature m̃i can be represented
by only a few relevant codewords, reducing noisy
activations and improving the interpretability of the
model. Similarly, the text feature Tc is aggregated
in the same way.

3.2.2 Activation Distribution Consistency.
To refine the semantic correspondence established
through the codebook aggregation, we propose an
auxiliary loss that enforces consistency at the level
of semantic codebook selection. This constraint ex-
plicitly minimizes the distributional difference be-
tween the codebook activation vectors of matched
motion w

(m)
i,: and text w(t)

i,: , promoting semantic co-
selection. We use Symmetric KL-Divergence (Kull-
back and Leibler, 1951) to measure the distribu-
tional disparity between the matched pairs, which
is effective for sparse probability vectors:

LADC =
B∑

i=1

(
KL
(
w

(m)
i,: ∥w(t)

i,:

)
+KL

(
w

(t)
i,: ∥w

(m)
i,:

))

(6)

This auxiliary loss compels matched motion-text
samples to exhibit highly consistent activation over
the semantic codebook, further strengthening the
fine-grained cross-modal semantic alignment.

3.3 Locality-aware Gaussian Encoder

Motion sequences often consist of multiple actions
with only subtle differences yet convey completely
distinct semantics. Traditional transformer archi-
tectures, which rely on vanilla self-attention mecha-
nisms, typically facilitate global interactions across
the entire sequence, leading to excessively similar
features. To address this, we propose a Locality-
aware Gaussian Encoder (illustrated in Fig. 2(a)),
which utilizes parallel multi-scale Gaussian blocks
to capture discriminative pose features for code-
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words aggregation.
Gaussian Attention. Initially, we project the input
P ∈ RM×d into query, key, and value matrices
via learnable parameters Wq, Wk, and Wv. We
perform scaled dot-product attention on the query
and key matrix to obtain an attention score matrix.
Then we design a Gaussian matrix W g ∈ RM×M

to perform element-wise product over the attention
score matrix. After putting this result through a
softmax function to determine attentional distribu-
tions over the value matrix, we get the output of
the Gaussian attention module:

Mattn = Softmax

(
W g ⊙ PWq (PWk)

⊤
√
dk

)
PWv,

W g(i, j) =
1

2π
exp

(
− (j − i)2

σ2

) (7)

where dk is the dimension of queries and keys, σ2

is the variance of the Gaussian distribution and ⊙
indicates the element-wise product function.
Multi-Scale Aggregation. Following the Gaus-
sian attention module, Mattn is fed into a Feed-
Forward Network (FFN) to obtain Gaussian block
output Mout

i . Similar to the vanilla Transformer
block, residual connections and Layer Normaliza-
tion are employed in both the Gaussian attention
and the FFN. Furthermore, considering that actions
typically exhibit variable temporal durations given,
we deploy K Gaussian blocks in parallel, each
with a different variance σ2

k, which effectively con-
structs multi-scale temporal receptive fields. The
final motion embedding M is then obtained by
averaging the outputs of these parallel outputs:

M =
1

K

K∑

k=1

GB(Mout, σ2
k) (8)

where GB(·, σ2
k) denotes a Gaussian block with

variance σ2
k. In practice, we set K = 4 and adopt

Gaussian blocks with small, medium, large, and
infinite variances respectively.

3.4 Hard Negative Guided Contrastive Loss
Contrastive learning significantly benefits from in-
batch hard negative samples. For vision-language
tasks, several contrastive-based works (Robinson
et al., 2021; Gutmann and Hyvärinen, 2012) treat
negative samples equally or rely on resampling or
manually crafting hard negative instances to im-
prove alignment, which generally involves more
training costs. In this work, we devise a simple and
effective re-weighting approach to force the model

to pay more attention to hard negative samples dur-
ing training. It is defined as follows,

LHN_CLAP =−
B∑

i=1

log
e⟨mi,ti⟩/τ

e⟨mi,ti⟩/τ +
∑

j,j ̸=i αi,je⟨mi,tj⟩/τ

−
B∑

i=1

log
e⟨ti,mi⟩/τ

e⟨ti,mi⟩/τ +
∑

j,j ̸=i βi,je⟨ti,mj⟩/τ

(9)

where ⟨·,·⟩ denote cosine similarity, and αi,j , βi,j
is the difficulty scores for unpaired samples, they
are designed so that difficult negative pairs (with
higher similarity) are emphasized, and easier pairs
are ignored. Thus, the model will be forced to learn
a more discriminative feature space to distinguish
confusable pairs for fine-grained alignment. It is
defined as,

αi,j =
(B − 1)eγ<mi,tj>/τ

∑
k e

γ<mi,qk>/τ
, βi,j =

(B − 1)eγ<ti,pj>/τ

∑
k e

γ<ti,pk>/τ

(10)

where γ is a scaling ratio, the larger it is, the more
importance we attach to the hard negative samples
as the distribution of αi,:, βi,: can be sharper.

4 Experiments

4.1 Experimental Setup

Datasets. Our model’s performance is evaluated on
two commonly used public datasets: HumanML3D
(Guo et al., 2022a) and KIT-ML (Plappert et al.,
2016). HumanML3D (Guo et al., 2022a) is a
large-scale dataset having 14,616 motion sequences
paired with 44,970 detailed textual descriptions.
Following prior research (Guo et al., 2022a), we
use a standard split of 23,384 samples for training,
1,460 for validation, and 4,383 for testing. KIT-
ML (Plappert et al., 2016) provides 3,911 motion
sequences along with 6,278 corresponding text in-
puts. For this dataset, we utilize 4,888 samples for
training, 300 for validation, and 830 for testing.
Evaluation Metrics. For text-to-motion retrieval,
we use standard metrics, including Recall at vari-
ous ranks (R@1, R@5, etc.), and the median rank
(MedR) for both text-to-motion and motion-to-text
retrieval tasks; for text-to-motion grounding, fol-
lowing prior work (Yan et al., 2024), we adopt two
protocols (Normal, Assigned) and use IoU/mIoU
as metrics. The Assigned protocol accounts for re-
peated or similar actions within a single motion for
evaluation. For motion captioning, we employ the
linguistic metrics as previous works (Jiang et al.,
2023), including BLEU (Papineni et al., 2002),
ROUGE (Lin, 2004), CIDEr (Vedantam et al.,
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Methods
Text-to-motion retrieval Motion-to-text retrieval

R@1 ↑ R@5 ↑ R@10 ↑ MedR ↓ R@1 ↑ R@5 ↑ R@10 ↑ MedR ↓

T2M 1.80 7.12 12.47 81.00 2.92 8.36 12.95 81.50
TEMOS 2.12 8.26 13.52 173.00 3.86 9.38 9.38 183.25
MotionCLIP 2.33 12.77 18.14 103.00 5.12 12.46 19.02 91.42
DTL 2.69 11.36 17.71 73.00 2.33 10.31 17.48 76.00
TMR 5.68 20.34 30.94 28.00 9.95 23.56 32.69 28.50
MoPa 6.25 20.96 31.29 28.00 10.26 25.31 35.98 23.50
CAR 6.55 22.99 34.60 22.00 11.18 25.52 36.38 21.50
ToHL 6.78 23.10 33.89 22.00 10.76 26.20 36.95 21.50
MSCode 7.69 24.20 35.86 21.50 12.38 26.98 38.45 21.25

Table 1: Results of text-to-motion retrieval and motion-
to-text retrieval on HumanML3D (Guo et al., 2022a).

Methods
Text-to-motion retrieval Motion-to-text retrieval

R@1 ↑ R@5 ↑ R@10 ↑ MedR ↓ R@1 ↑ R@5 ↑ R@10 ↑ MedR ↓

T2M 3.37 16.87 27.71 28.00 4.94 16.14 25.30 28.50
TEMOS 7.11 24.10 35.66 24.00 11.69 26.63 36.39 26.50
MotionCLIP 4.87 20.09 31.57 26.00 6.55 25.48 34.97 23.00
DTL 6.77 23.18 37.24 18.00 9.11 25.26 38.02 17.00
TMR 7.23 28.31 40.12 17.00 11.20 28.07 38.55 18.00
MoPa 8.05 30.11 42.69 16.00 12.65 29.64 40.33 16.00
CAR 8.59 30.88 43.59 16.00 12.61 30.55 40.27 16.00
ToHL 8.96 31.25 44.43 15.50 12.89 30.87 44.96 15.50
MSCode 10.61 33.25 45.21 14.50 13.80 31.59 42.88 14.50

Table 2: Results of text-to-motion retrieval and motion-
to-text retrieval on KIT-ML (Plappert et al., 2016).

2014), and BERTScore (Zhang* et al., 2020). The
best evaluation results are highlighted in “bold”.

4.2 Experimental results

To validate our model’s capabilities, we conduct
experiments across the following tasks. Impor-
tantly, for the motion caption task, we equip our
model with a language decoder for autoregressive
caption generation and adopt a loss function that
maximizes the log-likelihood of the predicted token
distribution during training.
Results of Text-to-Motion Retrieval. To evaluate
the alignment between text and motion features,
we conduct text-motion retrieval benchmarks on
the HumanML3D and KIT-ML datasets. As sum-
marized in Tab. 1 and 2, our method consistently
outperforms all previous approaches across all eval-
uation metrics on both datasets. This indicates that
our model effectively captures action semantics
through our codebook-based representation learn-
ing, achieving more precise cross-modal semantic
alignment for the language-motion model.
Results of Text-to-Motion Grounding. We per-
form zero-shot evaluation on the text-to-motion
grounding task to validate the model’s fine-grained
understanding capability. This evaluation is im-
plemented on the HumanML3D (restore) dataset,
introduced in Sec. A.1 of the appendix. Notably,
during the entire training process, the start/end la-
bels of temporal segments are completely not seen
by the model. As shown in Tab. 3, our method out-

Settings Methods
HumanML3D(restore) Dataset

IoU@0.3 ↑ IoU@0.5 ↑ IoU@0.7 ↑ IoU@0.9 ↑ mIoU ↑

Normal

TMR 67.15 44.01 29.03 5.29 40.40
DTL 64.26 42.28 28.53 4.60 39.87
HSA 70.15 46.98 33.26 7.98 42.45
ToHL 71.69 45.56 33.02 10.55 44.80
CAR 73.12 46.07 35.84 11.49 44.94
MSCode 75.63 48.10 37.89 13.18 46.85

Assigned

TMR 84.26 62.25 41.85 7.17 53.60
DTL 80.69 58.76 38.81 5.63 52.16
HSA 87.63 72.62 55.14 13.36 61.25
ToHL 89.23 73.02 57.56 16.98 63.14
CAR 89.87 74.61 59.74 18.36 64.25
MSCode 91.65 77.11 61.59 20.31 67.09

Table 3: Results of text-to-motion grounding. We em-
ploy the temporal pyramid method (Gao et al., 2017),
using a sliding window ranging from 20 to 200 frames
with a stride of 5 frames to evaluate IoU.

HumanML3D

Methods Bleu@1↑ Bleu@4↑ Rouge↑ Cider↑ Bert Score↑
TM2T 48.9 7.00 38.1 16.8 32.2
MotionGPT 48.2 12.47 37.4 29.2 32.4
ToHL 49.7 13.62 39.2 53.1 33.1
MSCode 51.2 15.29 41.6 59.5 34.2

KIT-ML

Methods Bleu@1↑ Bleu@4↑ Rouge↑ Cider↑ Bert Score↑
TM2T 35.1 6.2 28.7 28.9 30.4
MotionGPT 34.5 7.3 27.4 36.8 30.5
ToHL 43.4 8.9 35.2 65.3 31.2
MSCode 44.8 11.2 37.9 70.7 32.3

Table 4: Results of motion captioning on HumanML3D
(Guo et al., 2022a) and KIT-ML (Plappert et al., 2016).

performs the existing method. This further demon-
strates the effectiveness of our model and its ability
to fine-grained cross-modal alignment.
Results of Motion Captioning. To evaluate
the semantic capturing ability of our model, we
conduct motion captioning benchmarks on the
HumanML3D and KIT-ML datasets. We com-
pare our approach with recent methods, includ-
ing TM2T (Guo et al., 2022b), MotionGPT (Jiang
et al., 2023) and ToHL (Lyu et al., 2025). As il-
lustrated in Table 4, our method outperforms these
method in generating text descriptions for specified
motions. This further demonstrates our model’s
superior capacity for human motion understanding
and semantic capture.

4.3 Ablation Studies and Analyses

Module Gain. To better verify the effectiveness
of our component, we provide a comprehensive
ablation study in Tab. 5. The incorporation of the
shared codebook substantially boosts the model’s
performance, underscoring the effectiveness of our
core design. Moreover, integrating a locally-aware
gaussian encoder yields substantial performance
improvements across all datasets. Ultimately, by
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MC LG HN
Text-to-motion retrieval Motion-to-text retrieval

R@1 ↑ R@5 ↑ R@10 ↑ R@1 ↑ R@5 ↑ R@10 ↑

✗ ✗ ✗ 5.82 20.18 31.55 9.87 24.03 32.55
✓ ✗ ✗ 6.88 23.24 35.09 11.76 26.03 37.62
✗ ✓ ✗ 6.38 21.76 33.71 11.09 25.17 35.34
✓ ✓ ✗ 7.32 23.87 35.65 12.12 26.43 38.01

✓ ✓ ✓ 7.69 24.20 35.86 12.38 26.98 38.45

Table 5: The effectiveness of each component:
Modality-shared codebook(MC), Locality-aware Gaus-
sian encoder (LG), and Hard Negative Guided Con-
trastive Loss(HN).

Figure 3: Model performance on text-motion retrieval
(left) and grounding and captioning (right) tasks with
different sizes of codebook on HumanML3D dataset.

incorporating a hard negative loss to enhance con-
trastive learning, the method achieves state-of-the-
art performance on both datasets.
Size of Codebook. We conduct ablation studies
on the size of our modality-shared codebook. As
shown in Fig. 3(Left), the retrieval performance
drops significantly when the codebook size in-
creases from 1024 to 4096. We argue that a larger
codebook introduces noisy activations and irrele-
vant information during aggregation, hindering ac-
curate retrieval. However, fewer codewords, while
effective for retrieval tasks, exhibit limitations in
the fine-grained grounding task (Fig. 3(Right)).
This may be because each codeword must con-
vey multiple semantics within a smaller codebook,
thereby disturbing the pose-word interaction while
seeking fine-grained alignment. Finally, motion
captioning achieves optimal performance with a
codebook size of 1024.
Gaussian Block. We select four types of Gaus-
sian blocks characterized by low, medium, high,
and infinite variance to perceive action moments
of varying durations. In this subsection, we inves-
tigate the impact of these Gaussian blocks. We
construct four variants (i.e., w/o low, w/o medium,
w/o high, and w/o infinite). Tab. 6 reports the per-
formance of these variants across different groups.
Notably, all variants exhibit inferior performance
compared to the complete configuration, indicating
that all four types of Gaussian blocks contribute to

Methods
Text-to-motion retrieval Motion-to-text retrieval

R@1 ↑ R@5 ↑ R@10 ↑ R@1 ↑ R@5 ↑ R@10 ↑

complete 7.69 24.20 35.86 12.38 26.98 38.45
w/o low 6.83 21.57 32.19 10.92 24.35 35.62
w/o medium 7.01 22.14 33.05 11.28 24.97 36.18
w/o high 7.15 22.68 33.74 11.54 25.42 36.79
w/o infinite 7.38 23.36 34.82 11.96 26.13 37.53

Table 6: The ablation studies of the Gaussian block with
different types.

Methods
Text-to-motion retrieval Motion-to-text retrieval

R@1 ↑ R@5 ↑ R@10 ↑ R@1 ↑ R@5 ↑ R@10 ↑

Effect of Sparse Activation
Softmax 5.97 21.46 30.02 10.09 22.39 33.09
Sparsemax 7.69 24.20 35.86 12.38 26.98 38.45

Effect of Activation Distribution Consistency (ADC)
w/o ADC 7.48 23.82 35.01 12.14 26.43 37.68
w/ ADC 7.69 24.20 35.86 12.38 26.98 38.45

Table 7: The ablation studies of the modality-shared
feature aggregation.

the overall performance.
Sparse Constraints. We further explore the design
of activation functions for weight normalization
during feature aggregation. As reported in Tab. 7,
adopting the Softmax activation leads to an obvious
performance drop on all evaluation tasks. We argue
that this degradation stems from the dense weight
allocation of Softmax, which tends to activate ir-
relevant codewords and introduces unwanted noise
into the learned feature representations. In compar-
ison, Sparsemax with inherent sparsity constraints
consistently yields better results across all tasks.
Such improvement arises from its ability to unify
semantic granularity by representing cross-modal
semantics using a shared set of representative code-
words.
Activation Distribution Consistency. We further
analyze the effectiveness of our proposed activa-
tion distribution consistency (ADC). As shown in
Tab. 7, we observe a slight degradation in model
performance when ADC is removed. This decline
may be attributed to the inherent discrepancies be-
tween two modalities, which lead to inconsistent
codeword activations and subsequently undermine
the cross-modal alignment.

4.4 Visualization Results
Visualization of the learned codewords. To
explicitly show the cross-modal correspondence
learned by our modality-shared codebook, we visu-
alize the similarity of codewords to textual words
and pose features (Fig. 4). In the first example,
the codeword #684 exhibits high similarity to “run”
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step: 0.255
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pick up: 0.211
stir: 0.159

# 486

Codeword Codeword 
to words Codeword to Pose Similarity 

leg: 0.185
swing: 0.147
air: 0.131

stir: 0.191
pour: 0.259

Text: A person runs, then puts their hand on something and swings their legs in the air.

Text: A person steps forward, picks up something and then stirs and pours it.

Figure 4: Visualization of codewords’ role in connecting
text modality and motion modality.

Rank 1

Rank 3

Rank 2

Text Query:  A person walks forward, picks something up with his right hand,
 and then pours it into a container.

A person picks up the bottle of 
shampoo to wash the dog.

A person walks forward, leans
 over an object, then stands 

back up and walks backward.

A person walks forward as if he 
need support while using his left 

hand to help walk.

The person double pours 
something to mix.

The man walks forward and 
move the right hand to the 
right side and went back.

A person walks forward and 
appears to pour two items 

into a bowl.

A person walks forward, picks 
something up with his right hand, 
and then pours it into a container.

A person picks up and pours 
two things into something with his 

right hand and then mixes them.

A person steps forward, and 
pours things into something 

in front of them.

CAR MSCode (ours)ToHL

Figure 5: Visualization of the retrieval results. The text
below each motion sequence is the ground truth.

(0.265) and maintains consistent pose similarity
throughout the sequence, suggesting that it encodes
holistic semantics. In contrast, codeword #1026
prioritizes the tokens “swing” (0.147) and “leg”
(0.185); here, pose similarity is concentrated in the
latter half of the sequence. In the second exam-
ple, where the motion sequence comprises multiple
subtle sub-actions, each codeword has high rele-
vance values to the sub-action, further validating
its comprehensive understanding ability.
Visualization of the retrieval results. In Fig. 5,
we present the retrieval results for text-to-motion
retrieval of the proposed method MSCode and the
CAR (Fujiwara et al., 2024) and ToHL (Lyu et al.,
2025). The given text query contains multiple ac-
tions. For each method, we showcase the top-3
retrieved motions along with their corresponding
ground-truth text labels. For the CAR and ToHL
results, we observe that all three retrieval methods

Text Query: A person is putting something on a counter.

Ground Truth 10.80s 19.65sI I
CAR 8.75s 16.64sI I
Ours 11.30s 18.52sI I

Ground Truth 10.00s 20.00sI I
CAR 17.26s 20.71sI I
Ours 10.80s 20.42sI I

Text Query: A person walks in a circle while holding something up to their left ear.

IoU: 53.58%

IoU: 81.58%

Text Query: A person stoops down then creeps forward and walks to where he started.

Ground Truth 12.75s 21.65sI I
CAR 3.34s 13.61sI I
Ours 14.15s 24.23sI I

IoU: 25.58%

IoU: 88.30%

IoU:65.33%

IoU: 4.70%

Figure 6: Visualization of the ground-truth moment and
predictions by CAR and our proposed method on the
HumanML3D(Restore) dataset.

capture only part of the semantics that align with
the query text. While they successfully retrieve
the action “walks forward”, they fail to capture
the more intricate actions. This may be due to
the use of global features, which capture only the
average semantics of the sequence, limiting their
ability to capture more intricate action. Addition-
ally, vocabulary-based representations struggle to
capture motion dynamics. In contrast, our proposed
method successfully retrieves the correct motion
sequence, with the rank two and rank three retrieval
results also capturing most of the actions.
Visualization of the motion grounding results. In
Fig. 6, we present three examples of text-to-motion
grounding. For a fair comparison, we provide the
visualization results of our method and CAR (Fuji-
wara et al., 2024), both of which are evaluated un-
der the zero-shot setting. From the first example in
the figure, we can observe that when the text query
contains fewer actions, both methods perform well
with relatively high IoU values. However, when the
query includes multiple actions, CAR exhibits poor
performance; in contrast, our method can main-
tain the high IoU. This demonstrates our model’s
fine-grained understanding capability to perceive
detailed action semantics.

5 Conclusion

In this paper, we propose MSCode, a framework
based on modality-shared codebook, to address the
semantic granularity mismatch between motion and
text in human motion-language understanding. By
integrating a modality-shared codebook, locality-
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aware gaussian encoder, and hard-negative guided
contrastive loss, MSCode unifies cross-modal se-
mantic representation, refines pose features, and en-
hances alignment discriminability. Experiments on
multiple datasets and tasks (text-motion retrieval,
grounding, captioning) show that MSCode outper-
forms state-of-the-art methods, validating the effec-
tiveness of its core components.

Limitations

While MSCode effectively mitigates the seman-
tic granularity mismatch between motion and lan-
guage and achieves state-of-the-art performance
across multiple tasks, it still has several limitations
for future improvements.

The first limitation lies in the fixed-size design of
the modality-shared codebook, which introduces
an inherent trade-off across diverse task require-
ments. As demonstrated in our ablation studies,
a moderate codebook size (e.g., 1024) optimizes
retrieval performance by balancing semantic cov-
erage and noise resistance, whereas fine-grained
motion grounding necessitates a larger codebook
to capture subtle spatiotemporal dynamics. A static
codebook fails to dynamically adapt to the varying
semantic granularity demands of different tasks,
resulting in suboptimal performance for scenario-
specific applications.

Another practical challenge concerns the com-
putational efficiency of the codebook aggregation
process. While MSCode outperforms vocabulary-
based methods (e.g., ToHL) in efficiency, the sparse
activation mechanism and distribution consistency
loss still introduce non-negligible computational
overhead during training, particularly as the code-
book size scales up.
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A Experimental Settings

A.1 Datasets

We conduct extensive experiments on three pub-
licly available and widely used datasets for hu-
man motion-language understanding tasks, with
detailed configurations as follows:
HumanML3D (Guo et al., 2022a) is the largest
existing 3D human motion dataset with paired tex-
tual annotations. Its motion sequences are col-
lected from two widely adopted motion-capture
databases: AMASS (Mahmood et al., 2019) and
HumanAct12 (Guo et al., 2020). Consistent with
the standard experimental protocol in (Petrovich
et al., 2023), we split the dataset into training, vali-
dation, and testing subsets, which include 23,384,
1,460, and 4,380 motion clips respectively. Each
motion sequence is annotated with approximately
three descriptive sentences of different lengths.
KIT Motion-Language(KIT-ML) (Plappert et al.,
2016) contains 3,911 recordings of full-body mo-
tion paired with 6,278 text descriptions. Each mo-
tion sequence is described in one to four texts, with
an average description length of approximately 8
words. Consistent with the benchmark setup, we
utilize 4,888, 300, and 800 motion sequences for
the training, validation, and test sets, respectively.
BABEL (Punnakkal et al., 2021) offers frame-level
natural language annotations for the AMASS mo-
tion capture dataset (Mahmood et al., 2019). We
employ all available “raw_label” textual descrip-
tions (i.e., text queries) in our experiments, includ-
ing the supplementary annotation files provided by
the official release. Notably, we discard queries
labeled as “transition”, since such descriptions lack
consistent and meaningful semantic cues for mo-
tion characterization. The original dataset is offi-
cially partitioned into 60% training, 20% valida-
tion, and 20% test subsets. However, the official
test split remains private for benchmark challenge
purposes. To conduct a fair evaluation, we conse-
quently use 20% of the official validation set as our
held-out test set for performance assessment.
HumanML3D(Restore) is a custom-adapted
dataset derived from the original HumanML3D
dataset (Guo et al., 2022a), specifically tailored for
the task of text-to-motion grounding. The origi-
nal HumanML3D (H3D) comprises motion seg-
ments extracted from the source motion sequences
of the AMASS dataset (Mahmood et al., 2019),
each paired with a corresponding natural language
description. In our adapted dataset, these extracted

segments are treated as target moments for the text-
to-motion grounding task, while the original source
motions (prior to segment extraction) are regarded
as new input samples. This modification endows
the target segments with explicit temporal context
relative to their original motion sequences. To en-
sure the validity of the grounding task, we filter
out samples where the relative length of the tar-
get moment (compared to its corresponding source
motion) exceeds 80%. Subsequently, data augmen-
tation is applied via left-right mirroring, which is
performed on both the motion sequences and their
associated text queries to enhance the generaliza-
tion ability of the model. After undergoing these
preprocessing steps, the HumanML3D (Restore)
dataset exhibits a 68% difference from the source
motions in the BABEL dataset. During the dataset
construction process, we observed that a small sub-
set of the restored HumanML3D samples contains
source motions that are present in both the training
and testing sets. To eliminate potential data leak-
age and avoid unfair evaluation (i.e., cheating), we
re-partitioned the dataset following a strict splitting
strategy to ensure the independence of training and
testing subsets.

A.2 Baselines

We compare our method with state-of-the-art
(SOTA) baselines across text-motion retrieval, mo-
tion grounding, and motion captioning tasks. The
baselines are described as follows:

• MotionCLIP (Tevet et al., 2022): A
transformer-based method that uses motion
patches to model local motion dynamics and
aligns with text via contrastive learning.

• T2M (Guo et al., 2022a): A transformer-based
method that uses motion patches to model
local motion dynamics and aligns with text
via contrastive learning.

• TEMOS (Petrovich et al., 2022): A VAE-
based generative model that learns a joint
latent distribution for both text and motion
modalities.

• DTL (Yan et al., 2023): Addresses the tempo-
ral misalignment between fine-grained textual
descriptions and motion sequences.

• MotionGPT (Jiang et al., 2023): Treats hu-
man motion as a "foreign language" and uses
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a GPT-style transformer to generate text de-
scriptions from motion sequences.

• TM2T (Guo et al., 2022b): A stochastic tok-
enized model for reciprocal generation of 3D
human motions and texts, using a transformer
decoder for caption generation.

• HSA (Yang et al., 2024c): Uses motion pat-
tern aggregation to capture high-level motion
semantics and aligns with text via multi-scale
contrastive learning.

• TMR (Petrovich et al., 2023): A represen-
tative contrastive learning-based method that
constructs a cross-modal embedding space for
text-motion retrieval with negative filtering.

• MoPa (Yu et al., 2024): Extends Vision
Transformer (ViT) (Dosovitskiy et al., 2020)
to build motion-language models by repre-
senting 3D human motion data as “motion
patches.”

• CAR (Fujiwara et al., 2024): Advances tem-
poral alignment through action event decom-
position, where textual descriptions are seg-
mented into sequential sub-actions.

• ToHL (Lyu et al., 2025): Attempts to align
motion and text modalities in a shared lexical
vocabulary space for motion-language under-
standing.

A.3 Implementation Details
All experiments are conducted on a workstation
with NVIDIA A100 GPUs by using the PyTorch-
1.10 library. We set the batch size as 128 and em-
ploy the Adam optimizer (Kingma and Ba, 2017)
to optimize the model. We set the temperature pa-
rameter τ to 0.07, following CLIP (Radford et al.,
2021). The scaling ratio γ is set to 0.6, and the
scaling factor η is set to 0.1. For all datasets, we
set the maximum motion sequence length and train-
ing epochs to 200 and 300, respectively. The pose
dimension d is 768, and the representation dimen-
sion D of motion and text feature is set to 256.
The overall loss function is defined as the weighted
sum of LHN_CLAP and LADC, where the weight for
LHN_CLAP is set to 0.8 and the weight for LADC
is 0.2. Importantly, during training on the text-
to-motion caption task, we incorporate our model
with an autoregressive language decoder to output
captions sequentially, and employ a loss function

Settings Methods
BABEL Dataset

IoU@0.3 ↑ IoU@0.5 ↑ IoU@0.7 ↑ IoU@0.9 ↑ mIoU ↑

Normal

TMR 27.09 15.96 7.55 1.92 17.70
DTL 27.33 15.03 7.69 1.53 17.01
HSA 29.66 17.67 9.36 3.55 19.61
ToHL 30.14 18.05 10.22 4.19 21.25
CAR 30.95 18.48 11.65 4.68 22.01
MSCode 32.24 20.03 12.54 5.49 23.21

Assigned

TMR 45.26 29.03 13.63 3.41 31.49
DTL 41.59 26.18 10.51 2.07 30.41
HSA 56.54 31.28 13.54 5.22 40.56
ToHL 58.66 32.61 15.02 6.33 42.33
CAR 60.21 33.31 16.55 7.19 44.26
MSCode 63.39 34.21 17.88 8.55 46.17

Table 8: Results of text-to-motion grounding. We em-
ploy the temporal pyramid method (Gao et al., 2017),
using a sliding window ranging from 20 to 200 frames
with a stride of 5 frames to evaluate IoU.

that maximizes the log-likelihood of the predicted
token distribution. To maintain the model’s effi-
ciency, we do not utilize this language decoder for
other tasks, even though it contributes to improving
semantic capture.

B More Experimental Results

B.1 Results of Text-to-Motion Grounding on
BABEL

We further validate our model’s fine-grained under-
standing ability on the BABEL (Punnakkal et al.,
2021) dataset. Notably, this dataset uses action
labels (instead of natural language action descrip-
tions) as annotations that focuses more directly
on action semantics, making it a stricter test of
the model’s ability to capture precise action fea-
tures. As shown in Tab. 8, our method outperforms
all existing baselines across both the “Normal”
and “Assigned” settings on the BABEL dataset:
MSCode achieves superior results on all IoU met-
rics (IoU@0.3, IoU@0.5, IoU@0.7, IoU@0.9)
and mIoU. For instance, under the “Assigned” set-
ting, MSCode reaches 63.39 (IoU@0.3), 34.21
(IoU@0.5), and 46.17 (mIoU), outperforming the
baseline (CAR) by 3.18, 0.90, and 1.91, respec-
tively. This result further demonstrates the effec-
tiveness of our model, particularly its capacity for
fine-grained cross-modal alignment between poses
and action labels.

B.2 Results of Motion Classification

Furthermore, we demonstrate the effectiveness of
the semantic spaces generated by our method via
motion recognition task. We follow the BABEL
60-class benchmark and pre-processed motion se-
quences with the same procedure as HumanML3D
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# 29

# 831

walk: 0.234
carry: 0.201
something: 0.131

# 765

# 534

step forward: 0.210
bend: 0.167
slightly: 0.177

pick: 0.211
right hand: 0.179

# 314

Codeword Codeword 
to words Codeword to Pose Similarity 

put down: 0.193
continue: 0.127

drop: 0.241
item: 0.159

Text: while walking the person is carrying something, puts it down, and continues to walk.

Text: A person steps forward, bends down slightly, uses right hand to pick an item and 
drop it, and steps backward to original position.

Figure 7: Visualization of codewords’ role in connecting text modality and motion modality.

Methods
Training

Zero-shot Modality Top-1 Acc. Top-5 Acc.Dataset

2s-AGCN BABEL × M 41.14 73.18
MotionCLIP BABEL × M+L 40.90 57.71
TMR HumanML3D ✓ M+L 30.13 41.52
MoPa HumanML3D ✓ M+L 41.33 68.97
CAR HumanML3D ✓ M+L 42.83 70.97
MSCode HumanML3D ✓ M+L 45.69 74.11

Table 9: Results of zero-shot motion classification.
Modality with motion only and motion language are
denoted as M and M+L, respectively.

(Guo et al., 2022a). Because this is a zero-shot
classification setting, we did not train the model
with BABEL and only applied the model trained on
HumanML3D to the test data. For the text prompts,
the action names in BABEL are formatted as "A
person {action}". The cosine distance is calculated
between a given motion and all 60 text prompts.
As shown in Tab. 9, the results indicate that our
framework performs comparably to state-of-the-art
supervised methods (Shi et al., 2019; Tevet et al.,
2022), thereby demonstrating the well-aligned se-
mantic space obtained by our method.

B.3 Model efficiency

As shown in Tab. 10, we conduct a comprehen-
sive comparison of computational cost and retrieval
performance on the HumanML3D dataset. While
the baseline method TMR (Petrovich et al., 2023)
maintains the lowest computational overhead, our
method achieves a substantial leap in retrieval accu-

Methods Params FLOPs Inference time R@1

TMR 49.54M 7.47G 40.858s 5.68
CAR 128.70M 12.64G 57.136s 6.55
ToHL 209.70M 36.62G 75.119s 6.78
MSCode(ours) 95.90M 10.90G 52.986s 7.69

Table 10: Ablation analysis on model efficiency. We
report the result at text-to-motion retrieval on the Hu-
manML3D datasets. The inference time is for all sam-
ples in the test set.

racy (improving R@1 from 5.68 to 7.69) with only
a marginal increase in complexity. More notably,
compared to the state-of-the-art method ToHL,
which relies on heavy vocabulary-based alignment,
our approach demonstrates superior efficacy in all
aspects: it not only outperforms ToHL in retrieval
accuracy (7.69 vs. 6.78) but also significantly re-
duces the computational cost, cutting the parame-
ter count by approximately 54.27% (209.70M →
95.90M) and inference time by 29.46%. This con-
firms that our method achieves an optimal balance
between high performance and model efficiency.

C More Visualization Results

C.1 Visualization of the Learned Codewords

As shown in Fig. 7, we present additional examples
of how codewords bridge motion and language,
further demonstrating the cross-modal alignment
capability of our modality-shared codebook.
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Text Query:  A person steps forward, picks up something and then stirs and pours it.

MSCode (ours)ToHL

A person walks forward, leans
over an object, then stands back

up and walks backward.

A person picks up the bottle of
shampoo to wash the dog.

A person walking, picking up
2 things and then pouring

both.

A person balances themselves
steadily walking over a rope

bridge.

A person steps forward,
picks up something and then

stirs and pours it.

A person steps forward, and
pours things into something

in front of them.

CAR

Text Query:   A person picks up containers with each hand, pours them, then grabs something with their right hand and mixes them..

MSCode (ours)ToHLCAR

A man paws at the air with
both hands in vigorous 
vertical patting motions

A person picks something up with
their left hand, walks to the right,

and then drys something off.

A person bends down to
grab something, then

moves their arm

A person picks up and pours 
two things into something with his 

right hand and then mixes them.

A man shakes his right hand
whilst picking up and pouring
somthing with his left hand.

A person picks up  containers
with each hand, pours them ,

then grabs something with their
right hand and mixes them

Figure 8: Visualization of the retrieval results. We present the top-2 motion sequences retrieved by our proposed
method MESM, as well as by CAR (Fujiwara et al., 2024) and ToHL (Lyu et al., 2025). The text below each motion
sequence represents the ground truth. The successful retrieval results are highlighted by the green border.

In the first case, codeword #29 aligns with the
semantic tokens “walk” (similarity: 0.234) and
“carry” (0.201), and its similarity curve peaks in the
early motion segments (frames 1–4), exactly where
the walking/carrying actions occur in the pose snap-
shots. Codeword #831, paired with “put down”
(0.193) and “continue” (0.127), shows a similarity
peak in frames 5–8, corresponding to the put down
and continue to walk motion segments. For the
lower case, codeword #765 links to “step forward”
(0.210) and “bend” (0.167), aligning with the ini-
tial stepping/bending frames (2–3); codeword #534
(associated with “pick” (0.211) and “right hand”
(0.179)) peaks in frames 4–6 (the picking motion);
codeword #314 (paired with “drop” (0.241)) aligns
with frames 7–8 (the dropping action). These ex-
amples directly verify that each codeword simulta-
neously maps to text tokens and the corresponding
temporal motion segments, demonstrating the code-
book’s core ability to unify motion and language
semantics into a shared space, rather than learning
isolated patterns for each modality.

C.2 Visualization of the Retrieval Results

In Fig. 8, we provide additional qualitative compar-
isons of the text-to-motion retrieval results on the
HumanML3D dataset. We compare our proposed
MSCode with two baseline approaches: CAR (Fuji-
wara et al., 2024) and ToHL (Lyu et al., 2025). Cor-

rectly retrieved ground-truth sequences are high-
lighted with a green border. In the first example,
the text query specifies: “A person steps forward,
picks up something and then stirs and pours it.”
This description requires capturing sequential, co-
ordinated actions (stepping, picking, stirring, pour-
ing) with fine-grained body motion details. As
shown in the visualization, our MSCode success-
fully retrieves the ground-truth sequence (marked
by the green border), the corresponding motion
explicitly reflects “stepping forward, picking up
an object, stirring, and pouring” in alignment with
the text.In contrast, CAR retrieves a sequence of
“walking forward, leaning over an object” (missing
the core “stir/pour” actions), while ToHL returns a
generic “walking, picking up 2 things and pouring”
(lacks the specific “stir” step). The second exam-
ple uses the query: “A person picks up containers
with each hand, pours them, then grabs something
with their right hand and mixes them.” This tests
the model’s ability to distinguish multi-step, hand-
specific actions (picking, pouring, right-hand grab-
bing/mixing). Here, baseline methods fail to re-
trieve the ground truth: CAR returns a sequence of
“pawing at the air” (semantically irrelevant motion),
while ToHL retrieves a sequence of “bending down
to grab something” (missing the mixing details).
Conversely, our MSCode accurately retrieves the
target motion (marked by the green border), where
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“ A person is trying to hit a
bug.”

“A person touches their chin
with their right hand.”

“A person is walking forward.”“A person is waving their arms.”

“A person walks forward then
stops and waves his right hand

in circles.”

“A person looks around while
leaned over.”

GT：

Ours：

“A person is waving to an
audience”

“A person is walking forward.”

“A person walks forward and pours
things with his right hand and then

mixes them.”

“A person looks
around while bending forward.”

“A person walks ahead, comes to a
stop, and swings their right hand

in circles.”

GT：

Ours：
“A person picks up and pours 

two things into something with his 
right hand and then mixes them.”

Figure 9: Qualitative results of motion-to-text captioning on HumanML3D test set. The red words highlight the
keywords.

the sequence explicitly includes “picking up con-
tainers with both hands, pouring, and right-hand
mixing.” This result highlights the strength of our
approach: our alignment strategy enables the model
to parse subtle semantic cues (e.g., “each hand,”
“right hand”) and map them to corresponding fine-
grained motions capabilities.

C.3 Visualization of Motion Captioning
We present the results of motion captioning in
Fig. 9. The captions generated by our method ex-
hibit greater distinction, capturing more detailed
and relevant keywords. By comparing the ground-
truth (GT) captions with the outputs of our method
(denoted as “Ours”), we observe that our generated
captions preserve core motion semantics while ex-
hibiting finer granularity: for example, in the case
of the “waving to an audience” motion, our model
explicitly describes the action as “waving their
arms”; for the “walking-forward-and-pouring” se-
quence, our output expands to “picks up and pours
two things into something with his right hand and
then mixes them”, capturing both the tool (right
hand) and the sequential logic (pour then mix). The
highlighted keywords (in red) further reflect that

our method effectively identifies and retains criti-
cal motion details, which are aligned with the key
elements of the original motion. These results col-
lectively demonstrate that our approach can gener-
ate accurate, detailed, and semantically consistent
motion captions, thus verifying the effectiveness of
our proposed framework.

D Applications

D.1 Cross-Dataset Motion Retrieval.

In this section, we implement the cross-dataset re-
trieval, i.e., training the model on HumanML3D
first and then testing on Motion-X (Lin et al., 2023)
test set, which covers various domains and noise
as a more comprehensive benchmark. Specifically,
we retrieve the counterparts from a batch following
Small protocol (Petrovich et al., 2023). The results
are shown in Table 11. As we can see, our method
demonstrates a remarkable improvement over pre-
vious works, verifying the stronger generalization
capacity.
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Methods
Text-to-motion retrieval Motion-to-text retrieval

R@1 ↑ R@5 ↑ R@10 ↑ MedR ↓ R@1 ↑ R@5 ↑ R@10 ↑ MedR ↓

TMR 20.23 46.18 60.95 8.38 20.21 43.82 59.05 9.24
MoPa 24.00 48.81 64.32 7.50 22.68 46.45 61.74 8.25
MSCode(ours) 31.05 54.77 69.22 6.81 30.13 52.92 66.77 7.46

Table 11: Cross-dataset motion retrieval results. All
models are trained on HumanML3D dataset.

Methods
Text-to-motion retrieval Motion-to-text retrieval
R@1 ↑ R@5 ↑ R@10 ↑ R@1 ↑ R@5 ↑ R@10 ↑

TMR 5.38 15.64 24.40 5.13 15.26 25.65
MoPa 9.51 21.27 32.41 8.26 22.65 32.66
MSCode (ours) 11.94 24.37 35.48 10.76 24.19 35.11

Table 12: Results of human interaction recognition. For
all methods, we concatenate the motion features of each
person and get the multi-person motion feature through
a projection head.

D.2 Human Interaction Recognition
To better verify the representation ability of our
model, we carry out experiments on the multi-
person interaction recognition task with the Inter-
Human Dataset (Liang et al., 2024).This dataset
provides a complete set of two-person interac-
tion sequences, including 6,222 training samples
and 1,557 test samples. In our feature extraction
pipeline, we adopt a shared encoder structure to
encode the motion of each person separately, then
concatenate the learned features and send them to a
projection layer for further processing. As listed in
Table 12, our approach achieves better performance
than baseline methods that only use global fea-
tures for human interaction recognition.The perfor-
mance gain mainly comes from handling complex
interactive motions in the dataset, such as the sce-
nario where “two people stand near each other; one
lifts arms to hold the other, while the latter pushes
back”.Our method can capture these fine-grained,
multi-action interactions more accurately and com-
plete the recognition task effectively.
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