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1 Introduction
Quadruped robots have gained much attention in recent

years [3, 7, 15]. Meanwhile, the Generative Pre-trained
Transformer (GPT) models have achieved remarkable suc-
cess in natural language processing. The abundance of on-
line datasets offers a promising avenue to extend this frame-
work to robotics by representing motion sequences as to-
kenized data. In this work, we employ a GPT-style net-
work to generate motion sequences of arbitrary length con-
ditioned on a given gait and duration. We investigate the
ability to generate natural and bio-inspired locomotion us-
ing data-driven techniques and recent learning-based archi-
tectures. When integrated with a low-level policy, this ap-
proach enables the robot to demonstrate diverse and natural
gaits in simulation while preserving the gait style encoded
in the various collected datasets.

The first challenge we address is motion retargeting,
which involves transferring motion sequences from sources
with different sizes and morphologies (e.g., a horse or an-
other robot like the Solo8 [6]) to the target quadrupedal
robot, a Unitree Go2 or Unitree A1. This task is challeng-
ing due to significant differences in kinematics, dynamics,
and actuation constraints between the source and target sys-
tems. The second challenge lies in effectively representing
motion sequences while preserving their underlying struc-
ture. To address this, we adopt the framework from [10],
which employs a Vector Quantized Variational Autoencoder
(VQ-VAE) [11] to map motion sequences into discrete latent
codes. Compared to traditional Variational Autoencoders
(VAEs) [8], which uses a continuous bottleneck, VQ-VAE
uses a discrete latent space. This learned space is more bit-
efficient compared to the traditional VAE and can be used
for downstream tasks such as next-token prediction. For the
trajectory generation process, we adopt a transformer [16],
which enables us to predict the token sequence autoregres-
sively. In order to synthesize this generated trajectory on the
robot, we adopt a reinforcement learning approach similar to
DeepMimic [12], which employs a time-step-based tracking
reward to imitate reference trajectories.

In contrast to similar methods that rely on a single dog
dataset [1, 5, 7], our training dataset contains a diverse and
extensive quadruped dataset, such as MATLAB trot data [4],
horse motion capture data [2], and solo8 data [9]. Finally,
we showcase the gait generated by the high-level policy (in
combination with the low-level policy) on the Unitree Go2
and the Unitree A1 robot in simulation.

Figure 1: Retargeted Motion: Dog pace gait on Unitree
A1 (top) and Unitree Go2 (bottom). The original modali-
ties are given by the colored spheres: front feet (blue), rear
feet (red), and withers and hip (green).

2 Methodology
Motion Retargeting. The retargeting method we use

is similar to [1]. We start with a keypoint position of the
target system and source system, denoted as ptar, psrc re-
spectively. In a given kinematic tree, the directional vector
between the key point j and its parent can be described as:
dsrc

j = psrc
j �psrc

P( j), where P(·) represents the parent func-
tion in the kinematic tree. The keypoint in the target system
is then defined as: ptar

j = ptar
P( j) +adsrc

j where a is a scal-
ing factor determined by the stance height ratio between the
target system and the source system. We extract keypoints
(e.g., withers, hip, toes) from horse and dog skeletons, and
these skeletons are then scaled to the skeleton of the robot.
The robot base position is the midpoint between the withers
and the hip, and its orientation is derived from the hip to the
withers vector. The foot positions are determined by direc-
tional vectors from the withers or hip to the toes, and inverse
kinematics is used to obtain the joint configurations.

Motion Synthesis. The latent variables given by VQ-
VAE are represented by a set of discrete codes e, which col-
lectively form our codebook. Each index i in the codebook
points to a unique code ei. This discrete representation is
achieved through vector quantization, a process that maps
the continuous latent variables ze(x) from the encoder to its
closest discrete code ek in the codebook. The decoder then
reconstructs the input x from the quantized latent represen-
tation zq(x) = ek, where k = argmini kze(x)�eik2. Note that
the vector quantization process is non-differentiable, so we
may only use the argmin operation during the forward pass
but may bypass it during the backward pass using a stop
gradient operation. Once the VQ-VAE is trained, generating
motion sequences reduces to generating a sequence of ac-
tion vocabulary indices. The GPT network autoregressively
predicts the indices using self-attention and causal masking,
conditioned on a given gait label and duration [10].
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Figure 2: Overview of the dataset distribution and diversity.

Motion Tracking. In order to execute the generated tra-
jectories, we train a low-level reinforcement learning policy
using DeepMimic [12]. Let t be a T ⇥D dimensional ref-
erence gait trajectory produced from the high-level policy,
containing the joint positions and velocities, position and
orientation of the trunk base, and linear and angular veloci-
ties of the trunk base. The tracking reward can be summa-
rized as:

rt =
D

Â
d=1

exp(�wd(td⇤
t  td

t )
2). (1)

That is, the sum of exponentiated negative square differ-
ences between the reference feature d at time t, td⇤

t , and
the currently observed feature, td

t . The total return using
this reward is bounded by 100, as can be seen in Figure 3.
The weights for each feature are given by wd . We use  to
denote the difference of features since the rotation features
lie in so(3). The exponential form ensures that the reward
decreases smoothly as the robot’s differs from the reference
state. This policy is trained using Proximal Policy Optimiza-
tion (PPO) [13].

3 Experiments
We collect several datasets from publicly available

sources to evaluate our motion retargeting algorithm, includ-
ing motion capture data from dogs [17], horses [2], and var-
ious robot platforms [4, 9]. Each combination of motion
source and gait contains 10 trajectories, each approximately
2 seconds long, and all trajectories are resampled at a fre-
quency of 50 Hz. An overview is shown in Figure 2. At the
beginning of each episode during training, the environment
randomly selects a reference trajectory from the reference
buffer provided by the high-level policy. Additionally, two
one-hot encodings are used in the observation space to indi-
cate the gait type and expert platform. To evaluate the qual-
ity and diversity of the generated samples, we adopt met-
rics suggested by [14]. First, we train a transformer-based
classifier C on a training dataset Dt , denoted as CDt . This
classifier is trained to minimize the loss between the pre-
dicted gait label (e.g., dog-trot or horse-walk) and its true
label for all trajectories in Dt . Next, we evaluate the ac-
curacy of this classifier on a different dataset Dv by taking
the expectation of the classification accuracy with respect to
the dataset: i.e., acc(Ex⇠Dv [C

Dt (x)]). Therefore, the met-
ric, acc(Ex⇠pval

E
[Cp(x)]), reflects the diversity of the gener-

ated samples from the policy (where the superscript “val”
denotes the validation set and the subscript “E” denotes ex-
pert). The dataset from the policy includes 24 generated tra-
jectories per gait, each approximately 2 seconds long, total-

Figure 3: Low Level Policy Tracking Performance.

Dataset acc(Ex⇠pval
E
[CpE (x)]) acc(Ex⇠p [CpE (x)]) acc(Ex⇠pval

E
[Cp(x)])

All 0.933 0.736 0.833
Dog 0.889 0.611 1.000
Horse 1.000 0.708 0.778
MPC 0.867 0.833 0.933
Solo8 0.963 0.743 0.741

Table 1: Evaluation Metrics for Sample Quality and Diver-
sity by Different Motion Source

ing around 360 trajectories. The evaluation metrics in Table
1 highlight the performance of the high level policy, among
other interesting interpretations described in [14]. The re-
sults suggest that our high level policy can produce trajecto-
ries that closely resemble the expert while maintaining suf-
ficient diversity.

4 Discussion
While results presented so far can be utilized for de-

ploying locomotion policies in the simulator, there are still
steps needed to transfer this to the real system. We per-
form an ablation study to train the low level policy with
domain randomization (to facilitate sim2real transfer) and
can achieve visually-similar gaits in many cases; however,
future work includes transferring this policy to the real sys-
tem. Other promising directions include using human-based
datasets and using the learned policies to control exoskele-
tons or humanoid robots. One limitation of our work in-
cludes the inability to command the robot, as it is trained to
mimic the dataset. To achieve this, we can introduce goal
contexts during training and increase the diversity of the
dataset to include demonstrations of locomotion in multiple
directions. In summary, we incorporate motion retargeting,
motion synthesis, and motion tracking into a unified frame-
work and demonstrate that it can effectively map diverse
locomotion behaviors to different robot platforms. These
results also demonstrate the feasibility of using a modular
approach and the potential for scaling the method to larger
datasets. Furthermore, we showcase the potential to learn a
compact latent representation that transfers across different
embodiments, each of which have unique kinematics.
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