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Abstract

Generation of 3D human motion holds significant importance
in the creative industry. While recent notable advances have
been made in generating common motions, existing meth-
ods struggle to generate diverse and rare motions due to the
complexity of motions and limited training data. This work
introduces ReMoGPT, a unified motion-language generative
model that solves a wide range of motion-related tasks by in-
corporating a multi-modal retrieval mechanism into the gen-
eration process to address the limitations of existing mod-
els, namely diversity and generalizability. We propose to fo-
cus on body-part-level motion features to enable fine-grained
text-motion retrieval and locate suitable references from the
database to conduct generation. Then, the motion-language
generative model is trained with prompt-based question-and-
answer tasks designed for different motion-relevant prob-
lems. We incorporate the retrieved samples into the prompt,
and then perform instruction tuning of the motion-language
model, to learn from task feedback and produce promising re-
sults with the help of fine-grained multi-modal retrieval. Ex-
tensive experiments validate the efficacy of ReMoGPT, show-
casing its superiority over existing state-of-the-art methods.
The framework performs well on multiple motion tasks, in-
cluding motion retrieval, generation, and captioning.

Introduction
In recent years, there has been notable advancement in the
development of pre-trained large language models (LLMs),
e.g., GPT (Radford and Narasimhan 2018; Radford et al.
2019; Brown et al. 2020; Ouyang et al. 2022), BERT (De-
vlin et al. 2019), T5 (Raffel et al. 2020; Chung et al. 2022)
and Llama (Touvron et al. 2023a,b). These innovations have
enhanced the integration of language (Zhang et al. 2022;
Touvron et al. 2023a), image (Radford et al. 2021; Wang
et al. 2023; Li et al. 2022; Liu et al. 2023), 3D mod-
els (Youwang, Ji-Yeon, and Oh 2022; Mohammad Khalid
et al. 2022; Cao et al. 2023), and multi-modal modeling
including audio (Girdhar et al. 2023; Shukor et al. 2023),
leading to impressive performance in various domains. De-
spite these improvements in LLMs, building a pre-trained
model specifically for human motion and language is still in
progress. Such a motion-language model would be able to
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Figure 1: ReMoGPT achieves the state-of-the-art perfor-
mance in text-to-motion generation and motion-to-text cap-
tioning.

solve various motion-related tasks through prompts, poten-
tially benefiting diverse fields, including gaming, robotics,
virtual assistants, and human behavior analysis.

Prior research on human motion has delved into diverse
motion-related tasks, including motion generation (Guo
et al. 2022a; Tevet et al. 2023), motion captioning (Goutsu
and Inamura 2021; Guo et al. 2022b), and motion predic-
tion (Yuan and Kitani 2020; Zhang, Black, and Tang 2021).
As these works solely focus on each individual task that they
were designed to solve, the resulting models cannot easily
be exported to other motion-language tasks, despite the no-
table accomplishments. MotionGPT (Jiang et al. 2023) was
proposed to solve all these individual tasks simultaneously,
by converting motion clips into motion tokens and learning
to generate the motion tokens and texts through fine-tuning
of pre-trained language models (Raffel et al. 2020; Chung
et al. 2022). However, the versatility comes at a cost, as the
method shows limited performance when confronted with
unconventional or infrequent conditions of text inputs.

In the context of motion generation, ReMoDiffuse (Zhang
et al. 2023b) attempts to introduce a retrieval-augmentation
pipeline, a common technique to enhance LLMs (Lewis
et al. 2020), to address the limitation. However, motion dif-
fusion models are sensitive to the scale in classifier-free
guidance and cannot generate motion captions, limiting the
range of applications. Additionally, ReMoDiffuse solely re-
lies on the text-to-text similarity between captions using
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Figure 2: The comparison between samples obtained from
text-to-text retrieval and text-to-motion retrieval.

CLIP (Radford et al. 2021) for the retrieval, making it diffi-
cult to retrieve the correct motions. This difficulty is caused
by the diversity of motion data, where similar motions can
be described by different captions (and vice versa), e.g., “a
person is walking forward briskly.” and “the figure plants
four steps leading with its left foot, with a fifth step not
planted.” both describe a sequence of walking. This limits
the performance of retrieval-augmented generation.

In this paper, we introduce ReMoGPT, a generalized
motion-language generative model enhanced with retrieval-
augmentation, specifically designed to overcome the chal-
lenges outlined above. ReMoGPT is based on natural lan-
guage models and uses motion tokens as the representation
of motion clips. We propose a fine-grained multi-modal re-
trieval technique that considers the body-part-level motion
features to select appropriate references from a database,
and generate diverse and high-quality motion clips, achiev-
ing state-of-the-art performance in motion-related tasks as
shown in Fig. 1. As Fig. 2 demonstrates, the proposed
cross-modal part-level text-motion retrieval (PL-TMR) can
achieve better results than text-to-text retrieval by CLIP
in some cases. The retrieved samples are included in the
prompts for effective guidance in motion generation and mo-
tion captioning without hindering the performance of each
task nor limiting the range of applications.

We evaluate the efficacy of ReMoGPT on two standard
motion generation benchmarks, namely HumanML3D (Guo
et al. 2022a) and Motion-X (Lin et al. 2023). Extensive
quantitative results demonstrate that ReMoGPT outperforms
other existing motion-language models with the help of
knowledge from the external database. With the use of multi-
modal retrieval-augmented generation, ReMoGPT signifi-
cantly enhances the generation quality for rare samples,
demonstrating the generalizability of the proposed method.

We outline our contributions as follows:

• We propose ReMoGPT, a novel unified motion-language
generative model that is augmented with multi-modal re-
trieval between motion and text, to solve various motion-
related tasks.

• To enable efficient multi-modal retrieval-augmented gen-
eration, we propose a novel body-part-level text-motion
retrieval (PL-TMR) model that captures fine-grained mo-
tion features.

• We evaluate ReMoGPT on several benchmarks and
demonstrate the state-of-the-art performance of the pro-
posed model across various tasks, including motion re-
trieval, generation, and captioning.

Related Works
Human Motion Generation. The task of generating mo-
tions deals with creating different and lifelike human move-
ments using various inputs such as text (Ghosh et al. 2021;
Guo et al. 2022a; Jiang et al. 2023), action (Petrovich, Black,
and Varol 2021; Guo et al. 2020; Xin et al. 2023), and
incomplete motion (Yuan and Kitani 2020; Zhang, Black,
and Tang 2021; Ma et al. 2022; Tevet et al. 2023). Text-to-
motion generation has recently garnered attention, as lan-
guage is an intuitive interface for many users. MDM (Tevet
et al. 2023) and MotionDiffuse (Zhang et al. 2024) gener-
ate motion using a diffusion-based generative model (Ho,
Jain, and Abbeel 2020), which are also trained separately
for various motion tasks. T2M-GPT (Zhang et al. 2023a) ex-
plores a generative framework using Vector Quantized Vari-
ational Autoencoders (VQ-VAE) (Oord, Vinyals et al. 2017)
to quantize motion clips into discrete tokens, and train a
Generative Pre-trained Transformer (GPT) for motion gen-
eration. MotionGPT (Jiang et al. 2023) considers human
motion as a foreign language, by including the motion to-
kens transferred from motion clips in the prompt of language
models to perform pre-training and instruction tuning of lan-
guage models. The method is able to solve various motion-
related tasks simultaneously, including motion generation
and motion captioning. However, when the text inputs are
sampled from unconventional or infrequent conditions, the
performance of the generation model significantly degrades.

Human Motion Captioning. Describing human motion
using natural language involves learning the correlation be-
tween motions and language, as demonstrated by (Takano
and Nakamura 2015), which utilizes two statistical models.
Additionally, recurrent networks, as explored in (Yamada,
Matsunaga, and Ogata 2018; Plappert, Mandery, and As-
four 2018), have been employed for this purpose. More re-
cently, TM2T (Guo et al. 2022b) introduces a novel mo-
tion representation method that condenses motions into a
concise sequence of discrete variables. It then employs a
neural machine translator (NMT) to establish mappings be-
tween the two modalities. However, the aforementioned Mo-
tionGPT (Jiang et al. 2023) is also able to solve this task, and
performs better than TM2T (Guo et al. 2022b).

Text-Motion Retrieval. In recent years, vision-language
foundation models have received substantial attention (Rad-
ford et al. 2021), propelled by the availability of large
collections of image-text pairs gathered from the inter-
net. These models have inspired works in motion analy-
sis. TMR (Petrovich, Black, and Varol 2023) employs con-
trastive training during motion generation to align text fea-
tures with motion features. MotionPatches (Yu, Tanaka, and
Fujiwara 2024) proposes an image representation of motion
sequences and uses pre-trained image models to extract mo-
tion features. Both methods map motion and language into
the same feature space, enabling multi-modal retrieval.
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Retrieval-Augmented Generation. Using retrieval to
augment the generation process is a common technique for
LLMs (Zhang et al. 2022; Touvron et al. 2023a) in natu-
ral language processing (Lewis et al. 2020). Recently, at-
tempts to integrate retrieval-augmented generation meth-
ods into other domains have significantly increased. For
instance, retrieval-augmented diffusion models (Blattmann
et al. 2022) use user-assigned images instead of retrieval ex-
amples, enabling the effective transfer of artistic style from
these images to the generated output.

In the motion domain, ReMoDiffuse (Zhang et al. 2023b)
improves MotionDiffuse (Zhang et al. 2024) with a retrieval-
augmentation pipeline by searching samples according to
text-to-text similarity between captions. However, due to the
diversity of motion and language, it is difficult to select the
appropriate motion samples solely with text-to-text retrieval.
Moreover, ReMoDiffuse is only applicable to motion gen-
eration. In this paper, we propose ReMoGPT, where fine-
grained part-level multi-modal retrieval between motions
and captions is incorporated in a unified motion-language
generative model, to efficiently solve various motion-related
tasks with one model.

Method
Preliminaries
Motion Tokenization. A motion with M frames, denoted
as m1:M = {mi}Mi=1 is first tokenized through a motion
encoder E and a motion decoder D. L motion tokens z1:L =
{zi}Li=1, where L = M/l and l is the downsampling rate,
are obtained from E , and these tokens can be decoded back
into the motion as m̂1:M = D(z1:L) = D(E(m1:M )) based
on the VQ-VAE (Oord, Vinyals et al. 2017) architecture.

Motion-Language Models. Because a motion can also
be tokenized, motion and language can be learned concur-
rently by merging the original text vocabulary Vt = {vit}

Kt
i=1

with the motion vocabulary Vm = {vim}Km
i=1 , denoted as

V = {Vt, Vm}, where Vm maintains the order of the mo-
tion codebook Z.

To solve the tasks of motion generation and caption-
ing, (Jiang et al. 2023) proposed the use of a transformer-
based model T5 (Raffel et al. 2020) as the motion-language
model. The input of the model is a sequence of tokens
Xin = {xin

i}Lin
i=1, where xin ∈ V and Lin denotes the in-

put length. In the same manner, the output of the model is
Xout = {xout

i}Lout
i=1 , where xout ∈ V , and Lout represents

the output length.
The input tokens are processed by the transformer

encoder, and the probability distribution of the poten-
tial next token at each step pθ(xout | xin) =∏

i pθ
(
xi
out | x<i

out, xin

)
is predicted by the subsequent de-

coder in an autoregressive manner. Consequently, the train-
ing objective is as follows:

LLM = −
Lt−1∑
i=0

log pθ
(
xi
out | x<i

out, xin

)
, (1)
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Figure 3: An illustration of the motion generation and
captioning pipeline in ReMoGPT. Specifically, ReMoGPT
trains a motion-language model to generate the output using
the context of the retrieved motion-caption pairs.
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Figure 4: An overview of the proposed part-level motion en-
coder for text-motion retrieval.

which aims to maximize the log-likelihood of the data dis-
tribution, allowing the model to learn the relationships be-
tween motions and captions. During the inference phase, the
next output token is recursively sampled from the predicted
distribution pθ

(
ˆxout

i | ˆxout
<i, xin

)
until the end token is

encountered.

ReMoGPT
We propose ReMoGPT, a unified motion-language genera-
tive model for solving various motion-related tasks in a uni-
versal format. Moreover, as shown in Fig. 3, ReMoGPT aug-
ments the existing models (Jiang et al. 2023) with the new
capability of leveraging multi-modal “knowledge” from the
external database using multi-modal retrieval, thus freeing
the model from memorizing the appearance of rare entities.

Body Part-Level Text-Motion Retrieval. To perform
multi-modal retrieval, we need to learn a function
s(m1:M , t1:N ) that computes the similarity between the
motion m1:M and the caption t1:N . The objective of
s(m1:M , t1:N ) is to yield a high similarity score for relevant
motion-text pairs and a low score for irrelevant ones. To con-
struct a robust multi-modal model that can incorporate fine-
grained details, we propose a novel text-to-motion retrieval
framework considering the body-part-level features of mo-
tion sequences. We separated the body into parts to capture
fine-grained motion details that single whole-body embed-
dings might miss, as different parts often align with specific
action semantics. Unlike existing methods TMR and Mo-
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tionPatches that encode the full body into one single embed-
ding with one motion encoder, implicitly learning inter-part
relationships, our approach uses separate encodings with
multiple lightweight encoders to explicitly model these re-
lationships as shown in Fig. 4. This part-based method al-
lows more precise retrieval of part-specific features, proving
effective, especially with limited data.

3D human body models, such as SMPL (Loper et al.
2015), often utilize Kinematic Trees to represent the hu-
man skeleton through five chains as in (Jang, Park, and
Lee 2022), corresponding to the limbs and backbone, for
motion modeling. We adopt this approach and introduce
an additional Root part to account for trajectories. Conse-
quently, we divide the whole-body motion into six parts:
Right Arm, Left Arm, Right Leg, Left Leg, Backbone, and
Root. A motion sequence m is separated into part motions
mp, p ∈ [1, . . . , P ], where P is the number of parts.

Firstly, we use separated motion encoders FM
p , which are

light-weight transformers (Vaswani et al. 2017), to obtain
the embedding of p-th part motion, FM

p (mp). Then, we con-
catenate the embedding of each body part to build the em-
bedding of the motion sequences as follows:

FM (m) = Concat[FM
1 (m1), . . . ,FM

P (mP )]. (2)

Meanwhile, a language model FT is also used to encode
the caption t as FT (t). Finally, projection heads are used to
project the motion embedding and the text embedding into
the same latent space, which are denoted as F̂M (m) and
F̂T (t). Then, the similarity between the motion sequence
and the caption is computed as follows:

sm-t =
F̂M (m) · F̂T (t)

∥F̂M (m)∥∥F̂T (t)∥
. (3)

The similarity score sm-t increases when the motion is more
closely aligned with the textual feature. Besides the motion-
text similarity, text-motion similarity st-m, text-text similar-
ity st-t and motion-motion similarity sm-m can also be cal-
culated in the same manner. To train the PL-TMR model,
we employ contrastive learning on sm-t and st-m, optimiz-
ing the motion and text encoders FM (t) and FT (t), as well
as the projection heads F̂M (t) and F̂T (t).

To build the retrieval database for ReMoGPT, we simply
use all the training data as entities. In text-to-motion gen-
eration, where the prompt is the caption, we rank all ele-
ments according to the scores of st-m and st-t, respectively.
In the task of motion captioning, i.e., the prompt is the mo-
tion, the scores of sm-t and sm-m are calculated instead. The
top k similar samples in each score are then chosen as the re-
trieved samples (mi, ti). The retrieved original motions are
then encoded as quantized tokens via VQ-VAE and included
in the prompt for the following instruction tuning of motion-
language models. Due to the efficiency of the retrieval model
in fetching similar samples for top results, we find that us-
ing k = 1, i.e., two retrieved samples in total, is sufficient to
achieve good performance, as detailed in our experiment.

Instruction Tuning. To enhance the basic motion-
language model (Jiang et al. 2023) with multi-modal re-

### Input:
Generate motion: A person is 
shaking a bottle.
### Context:
Text: a person picks something up 
and shakes his hand up.
Motion: <Motion_Placeholder_R1>
Text: this person is shaking his 
hand with his right hand. 
Motion: <Motion_Placeholder_R2>
### Output:
<Motion_Placeholder>

Text-to-Motion Generation

### Input:
Generate text: 
<Motion_Placeholder>
### Context:
Text: the person in sitting down 
eating dinner. 
Motion: <Motion_Placeholder_R1>
Text: the person is chopping 
opinions. 
Motion: <Motion_Placeholder_R2>
### Output:
A person is chopping vegetables.

Motion-to-Text Captioning

Figure 5: Samples of prompt used for the instruc-
tion tuning in ReMoGPT. <Motion Placeholder>
denotes the motion tokens paired with the caption.
<Motion Placeholder R1(R2)> denote the motion tokens
of multi-modal retrieved motion-caption pairs.

trieval, we simply perform instruction tuning by includ-
ing the retrieved samples in the prompt. Following (Jiang
et al. 2023), several instruction prompts are designed
for motion generation and motion captioning as shown
in Fig. 5. For instance, an instruction prompt for the
motion generation task could be “Show me a motion
that illustrates <Caption Placeholder>” and for the mo-
tion captioning task, the instruction prompt could be “De-
scribe the motion illustrated in <Motion Placeholder>”,
where <Caption Placeholder> denotes the caption, and
<Motion Placeholder> denotes a sequence of motion to-
kens generated by the motion tokenizer, respectively. Dif-
ferent from the existing method, we include the retrieval re-
sults as the context in the prompt to provide more informa-
tive features for the generation. Therefore, during the train-
ing phase, the goal is to maximize the log-likelihood of the
data distribution as follows:

LLM = −
Lt−1∑
i=0

log pθ
(
xi
out | x<i

out, xin, xrag

)
, (4)

where xrag is the samples selected by the multi-modal re-
trieval according to the source tokens. During the inference
phase, the target tokens are also generated with the help of
xrag from the external database.

Experiments
Experimental Setup
Datasets. To show the effectiveness of the proposed
method, we evaluate the proposed method under motion
generation and motion captioning. We use two text-to-
motion datasets: HumanML3D (Guo et al. 2022a) and
Motion-X (Lin et al. 2023) in the experiments. Hu-
manML3D is a dataset that includes 14,616 motion clips
sourced from AMASS (Mahmood et al. 2019), along with
44,970 sequence-level textual descriptions. Motion-X is a
more recent dataset with over 81,051 motion clips and cap-
tions, which is about 3 times as large as HumanML3D.
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Text-to-motion retrieval
Methods #Params R@1 ↑ R@2 ↑ R@3 ↑ R@5 ↑ R@10 ↑ MedR ↓
TMR 82M 8.92 12.04 16.33 22.06 33.37 25.00
MotionPatches 152M 10.80 14.98 20.00 26.72 38.02 19.00
PL-TMR 118M 11.00 17.02 22.18 29.48 43.43 14.00

Motion-to-text retrieval
Methods #Params R@1 ↑ R@2 ↑ R@3 ↑ R@5 ↑ R@10 ↑ MedR ↓
TMR 82M 9.44 11.84 16.90 22.92 32.21 26.00
MotionPatches 152M 11.25 13.86 19.98 26.86 37.40 20.50
PL-TMR 118M 12.25 14.95 21.45 28.34 39.11 19.00

Table 1: Results of text-to-motion and motion-to-text re-
trieval benchmark on HumanML3D.

HumanML3D is also a subset of Motion-X. Although
KIT (Plappert, Mandery, and Asfour 2016) is another pop-
ular dataset, its scale is much smaller than HumanML3D,
so we use Motion-X instead to illustrate the scalability of
our method. For fair comparisons with previous works, we
adopt the same motion representation as (Guo et al. 2022a),
consisting of joint velocities, positions, and rotations. In our
experiments, the proposed method is trained exclusively on
either the HumanML3D or Motion-X datasets.

Evaluation Metrics. We first evaluate our text-motion re-
trieval model with Recall at various ranks (R@1, R@2, etc.)
following (Petrovich, Black, and Varol 2023). Recall at rank
k indicates the percentage of instances where the correct la-
bel appears within the top k results. Additionally, we cal-
culate the median rank (MedR), where a lower value shows
better performance. Then the performance of the proposed
ReMoGPT is also evaluated following previous works (Guo
et al. 2022a; Jiang et al. 2023) based on four aspects:
(1) Motion quality with Frechet Inception Distance (FID),
(2) Generation diversity with Diversity and multi-modality
(MModality), (3) Text matching with the Top 1/2/3 preci-
sion of motion-retrieval (RPrecision) and Multi-modal Dis-
tance (MM Dist), (4) Linguistic quality in the task of motion
captioning with BLEU (Papineni et al. 2002), Rouge (Lin
2004), Cider (Vedantam, Zitnick, and Parikh 2015), and
BertScore (Zhang et al. 2020).

Implementation Details. For the text-motion retrieval
model, we mainly follow the setting of MotionPatches (Yu,
Tanaka, and Fujiwara 2024) and implement the motion en-
coder with a 4-layer Transformer (Vaswani et al. 2017)
for each body part and the dimension of each part-level
motion embedding is set to 512. For the motion-language
model, we implement our method based on the code of Mo-
tionGPT (Jiang et al. 2023). The size of the codebook for the
motion tokenizer is set as 512 and the temporal downsam-
pling rate l is set as 4 in the motion encoder. As the base lan-
guage model, T5 (Raffel et al. 2020) is used with 12 layers
in both the transformer encoder and decoder. The AdamW
optimizer is used in all the models for training. The motion
tokenizers and the language model are first trained follow-
ing (Jiang et al. 2023). Then, to perform the instruction tun-
ing with retrieved samples, we further train the model with
a learning rate of 10−4 and a mini-batch size of 16 for 200
epochs. All models are trained on 8 Tesla A100 GPUs.

Methods RPrecision↑ FID↓ MMDist↓ Diversity↑ MModality↑
Top1 Top2 Top3

Real 0.511 0.703 0.797 0.002 2.974 9.503 -

TM2T 0.424 0.618 0.729 1.501 3.467 8.589 2.424
T2M 0.457 0.639 0.740 1.067 3.340 9.188 2.090
MotionDiffuse 0.491 0.681 0.782 0.630 3.113 9.410 1.553
MDM 0.320 0.498 0.611 0.544 5.566 9.559 2.799
MLD 0.481 0.673 0.772 0.473 3.196 9.724 2.413
T2M-GPT 0.491 0.680 0.775 0.116 3.118 9.761 1.856
ReMoDiffuse† 0.492 0.678 0.775 0.137 3.091 9.208 1.755
MotionGPT† 0.407 0.569 0.657 0.224 4.022 9.369 2.325
MotionGPT‡ 0.431 0.610 0.704 0.361 3.613 9.410 2.601
ReMoGPT 0.501 0.688 0.792 0.205 2.929 9.763 2.816

Table 2: Results of text-to-motion generation on Hu-
manML3D. MModality is empty for real motions because it
is deterministic. The evaluation metrics are computed with
the encoder used in (Guo et al. 2022a). The results of meth-
ods marked with † are re-evaluated with their official source
code and released pre-trained models, and those marked
with ‡ are re-trained with our codebase and tasks for fair
comparison. Bold and underline indicate the best and the
second best results.

Methods RPrecision↑ FID↓ MMDist↓ Diversity↑ MModality↑
Top1 Top2 Top3

Real 0.248 0.371 0.453 0.001 4.895 6.850 -

MotionGPT 0.188 0.293 0.369 0.635 5.592 6.630 3.853
ReMoGPT 0.235 0.360 0.435 0.352 5.083 6.902 4.153

Table 3: Results of text-to-motion generation on Motion-X.

Results of Text-Motion Retrieval
In our evaluation of text-to-motion and motion-to-text re-
trieval benchmarks using the HumanML3D dataset ( Ta-
ble 1), we provide a comprehensive comparison against prior
works, TMR (Petrovich, Black, and Varol 2023) and Mo-
tionPatches (Yu, Tanaka, and Fujiwara 2024). Remarkably,
our model PL-TMR consistently outperforms these prior
methods across all evaluation metrics. Although we intro-
duced a separated motion encoder for each body part, the
number of parameters of the proposed method is smaller
than MotionPatches due to the usage of light-weight trans-
formers. This indicates that our model effectively captures
the nuanced nature of motion descriptions, providing more
accurate and contextually relevant retrieval results with the
body-part-level retrieval.

Results of Text-to-Motion Generation
The text-to-motion generation task involves generating hu-
man motion clips from a given text input. We compare our
proposed ReMoGPT model with other state-of-the-art mod-
els (Guo et al. 2022b,a; Tevet et al. 2023; Xin et al. 2023;
Zhang et al. 2023a), including ReMoDiffuse (Zhang et al.
2023b) and MotionGPT (Jiang et al. 2023).

In the experiments on HumanML3D, to ensure a fair com-
parison, we re-evaluate these two methods using their offi-
cial source code and the released pre-trained models. More-
over, we re-trained MotionGPT with our codebase to fo-
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Methods RPrecision↑ MMDist↓ Lengthavg↑ Bleu@1↑ Bleu@4↑ Rouge↑ Cider↑ BertScore↑
Top1 Top3

Real 0.523 0.828 2.901 12.75 - - - - -

TM2T 0.516 0.823 2.935 10.67 48.9 7.00 38.1 16.8 32.2
MotionGPT† 0.523 0.799 2.986 12.01 48.2 12.2 38.6 29.2 33.2
MotionGPT‡ 0.521 0.795 3.133 12.08 48.3 12.4 38.5 29.3 31.2
ReMoGPT 0.534 0.841 2.823 12.12 49.3 13.4 39.6 31.5 33.9

Table 4: Results of motion-to-text captioning on Hu-
manML3D.

Methods RPrecision↑ MMDist↓ Lengthavg↑ Bleu@1↑ Bleu@4↑ Rouge↑ Cider↑ BertScore↑
Top1 Top3

Real 0.208 0.412 4.997 10.02 - - - - -

MotionGPT 0.209 0.398 5.394 9.33 43.1 16.2 38.1 45.5 26.5
ReMoGPT 0.216 0.414 5.121 9.71 45.7 17.2 38.7 50.2 27.9

Table 5: Results of motion-to-text captioning on Motion-X.

cus on motion generation and captioning. Other results are
sourced directly from their original papers or the scores re-
ported in (Guo et al. 2022a). The results of text-to-motion
generation on HumanML3D are shown in Table 2, and our
method achieves the best results in most metrics. It is also
noticeable that our method significantly improves the origi-
nal MotionGPT with retrieval augmentation.

Moreover, the results of text-to-motion generation for
Motion-X are summarized in Table 3. Because Motion-X is
a newly released dataset, we only compare our method with
the model trained with MotionGPT. The comparison shows
that our method outperforms MotionGPT by a large margin,
indicating the scalability of our proposal.

Results of Motion-to-Text Captioning
The motion-to-text captioning task involves generating a
text description based on a given human motion sequence.
We compare our method with the existing state-of-the-art
methods TM2T (Guo et al. 2022b) and MotionGPT (Jiang
et al. 2023). The performance is evaluated following the
metrics used in (Guo et al. 2022b; Jiang et al. 2023). The re-
sults on HumanML3D in Table 4 illustrate that the proposed
method outperforms MotionGPT in generating text descrip-
tions of given motions. According to the comparisons be-
tween the proposed method and MotionGPT on Motion-X
in Table 5, our model consistently outperforms the existing
method even when the dataset becomes more challenging.

Analysis
Qualitative Results
In Fig. 6, we present the qualitative results for text-to-motion
generation on the entire test set of HumanML3D. Each
query text is displayed on the left, and on the right, we
showcase the motions generated by ReMoDiffuse (Zhang
et al. 2023b), MotionGPT (Jiang et al. 2023) and the pro-
posed method. As a reference, we also calculate the text-to-
text similarity of CLIP (Radford et al. 2021) between the
query prompt and the captions in the training data and show
the closest results under each query. As shown in Fig. 6,
ReMoDiffuse and MotionGPT struggle to generate motions
when the text description is novel to the model but similar

The person walked 
forward, picked up 

his toolbox and then 
walked back to the 

start position.
ReMoDiffuse MotionGPT ReMoGPT (Ours)

A person is 
ascending a 

staircase and then 
taking down the 

staircase.
ReMoDiffuse MotionGPT ReMoGPT (Ours)

Text-to-Text by CLIP

A person walks forward, 
picks up a ball, turns 
around, and walks to 
their start position.

A person walks 
forward and picks up 
an item to then place 

the item back. 

Text-to-Text Text-to-Motion

A person 
climbs up and 
down steps in 

a square.

A person walks up 
stairs, turns around at 

the top, and walks 
back down the stairs.

He walks forward 
and picks up 

toolbox.

A person is 
walking up 

stairs.

Text-to-Text by CLIP Text-to-Text Text-to-Motion

Figure 6: Qualitative results of text-to-motion generation.
For each query, we show the rendered motions generated
by each model. We also show the retrieved motions and cap-
tions as the reference.

motions are in the database. Specifically, because ReMoDif-
fuse only uses text-to-text similarity, the generated motions
of ReMoDiffuse are closer to the retrieved captions rather
than the query prompt. Meanwhile, our method can correctly
find these motions and utilize them as the reference data for
appropriate generation.

Ablation Studies
In this section, we explore various settings to better under-
stand the factors influencing the performance of our model.

Retrieval Method. In the main experiments, we used text-
to-motion and text-to-text retrieval for motion generation,
and motion-to-text and motion-to-motion retrieval for mo-
tion captioning. We changed the modality of the retrieval
and the number of retrieval samples on each task on Hu-
manML3D dataset. The results are shown in Table 6. We ob-
serve that using the retrieval augmentation can improve the
performance of the motion-language model. It is noticeable
that the results of multi-modal retrieval are better than those
of single-modal retrieval, which shows retrieval in both mo-
tion and language domains is important for the generation
because different modalities can complement each other in
some cases. We find that our method is not sensitive to the
number of retrieved samples because similar samples are se-
lected by the retrieval model in each modality. We also tried
using four samples in total to augment the model, but the
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Retrieval
Modality

#Retrieved
Samples

Text-to-Motion Motion-to-Text

R-Top1↑ FID↓ MMDist↓ R-Top1↑ Bleu@4↑ Cider↑
- - 0.431 0.361 3.613 0.521 12.421 29.349

T2T or M2M 1 0.472 0.232 3.393 0.522 12.721 30.135
T2T or M2M 2 0.469 0.235 3.381 0.524 12.887 30.239
T2M or M2T 1 0.479 0.231 3.282 0.528 12.925 31.054
T2M or M2T 2 0.481 0.224 3.180 0.529 12.915 31.421

Both 1+1 0.501 0.205 2.929 0.534 13.412 31.531
Both 2+2 0.498 0.207 3.086 0.542 13.391 32.012

Both (TMR) 1+1 0.493 0.218 3.012 0.532 13.312 31.231
Both (MotionPatches) 1+1 0.497 0.210 2.984 0.534 13.387 31.498

Table 6: Comparison of the retrieval methods on the Hu-
manML3D dataset in motion generation and captioning.

Training
Data

External
Database

Text-to-Motion Motion-to-Text

R TOP1↑ FID↓ MMDist↓ R TOP1↑ Bleu@4↑ Cider↑

HumanML3D HumanML3D 0.501 0.205 2.929 0.534 13.412 31.531
Motion-X 0.498 0.189 2.921 0.541 14.145 33.021

Motion-X HumanML3D 0.223 0.608 5.318 0.209 16.731 49.821
Motion-X 0.235 0.352 5.083 0.216 17.216 50.244

Table 7: Comparison of the external database for retrieval.

performance gain was limited. One possible reason for this
may be that because the string of motion tokens is long, the
T5 (Raffel et al. 2020) language model we used cannot han-
dle these very long inputs effectively with the limited scale
of motion data. We also compared the proposed method with
existing multi-modal retrieval methods, and our part-level
retrieval achieves the best performance.

External Database. We used the training set of each
dataset as the external database for the retrieval augmenta-
tion. To illustrate the influence of the external database, we
additionally used Motion-X as the database in the experi-
ment of HumanML3D and vice versa. The results are shown
in Table 7. Because HumanML3D is a subset of Motion-X,
using Motion-X in the generation of HumanML3D can im-
prove the performance of the model with retrieval augmen-
tation. Although the performance of using HumanML3D
as the database in the experiments of Motion-X degraded
slightly, it still performed better than that of MotionGPT in
the previous experiments.

Results of Rare Motion Generation
To evaluate the scalability of our proposed method in gener-
ating rare samples, and to ensure that a retrieval-augmented
generation approach does not solely rely on memorization,
we follow the metrics outlined in ReMoDiffuse (Zhang et al.
2023b) for text-to-motion generation of rare motions. The
maximum cosine similarity between the given prompt and
the captions of the training data is used in the calculation
for rareness of each sample. If this similarity is larger, then
rareness of the test data will be lower, and vice versa. We
compute the MMDist and Diversity specifically for the top
5% of rare motions. Additionally, we calculate the average
MMDist for each range of rareness, referred to as Balanced
MMDist. The results are shown in Table 8, and our Re-
MoGPT outperforms other methods. We further show the re-
trieved and generated samples of rare motions, ranked in the

Method MMDist ↓ Top 5%
MMDist ↓

Balanced
MMDist ↓ Diversity ↑ Top 5%

Diversity ↑
MotionDiffuse 3.113 4.872 4.525 9.012 8.841
ReMoDiffuse 3.091 4.317 3.936 9.208 8.969
MotionGPT 3.613 4.421 4.161 9.354 8.889
ReMoGPT 3.001 3.563 3.056 9.701 9.117

Table 8: Results of rare motion generation on the Hu-
manML3D dataset.

Someone puts both of their 
hands on his waist and appears 

to be laughing.

A man shuffles his 
shoulders around 

right and left 
while he stands in 

place.

A person crosses his arms in an x-
shape out in front of him and then 

quickly swings them to the side.

A person 
swings their 

arms around to 
stretch.

A person brings 
their arms from at 
their sides to their 
chest in a circular 

motion.

A person slowly 
stumbles 

forward while 
holding his 
stomach.

Text-to-Text Text-to-Motion Text-to-Text Text-to-Motion

ReMoDiffuse ReMoGPT (Ours) ReMoDiffuse ReMoGPT (Ours)

Figure 7: The retrieval and generation of rare motions.

top 5 in terms of rareness, in Fig. 7. Although the retrieved
samples do not completely match the query, our method is
still effective in generating proper motions from the hints
these samples provide.

Limitations
The proposed retrieval-augmented generation can improve
generation performance with the external database. How-
ever, we find that the weaknesses of the proposed method
include a limitation in handling completely new motions. If
we want to generate completely new motions, e.g., a yoga
dataset (Tripathi et al. 2023) containing complex yoga ac-
tions, the model struggles to generate similar yoga motions
even when using the dataset as the external database without
training. One reason for this observation is the limited gen-
eralization ability of the motion tokenizer. If the motion is
very different from the distribution of training data, the de-
coder of the motion tokenizer cannot reconstruct it correctly.
Increasing the volume of training data to train the model is
a potential solution to this problem in future work.

Conclusion
In this paper, we introduced a novel unified motion-language
generative model, named ReMoGPT, to simultaneously
solve text-to-motion generation and motion-to-text cap-
tioning. Our approach effectively addresses challenges in
motion-related tasks with the augmentation of samples from
the proposed PL-TMR. As a result, we have made significant
advancements in motion generation and captioning even in
cases where the samples can rarely be found in the data.
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