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Abstract— We present XMimic, which learns whole-body
motion tracking for the Unitree G1 humanoid in under a
minute. XMimic reimplements BlinkMimic, a fast open-source
version of SuperMimic, in JAX and runs its complete training
loop on the GPU. It compiles every training iteration into a
single GPU program and can split the iteration across up to
four GPUs that work on it at the same time. On four H100
GPUs, XMimic learns to track all 40 LAFAN1 motion clips
in 0.91 minutes, 3.5 times faster than BlinkMimic with the
same algorithm and hyperparameters. The code is available at
https://github.com/nico-bohlinger/xmimic.

Fig. 1. We train a single policy that tracks all 40 LAFAN1 motion clips
with the Unitree G1 in under a minute on four H100 GPUs. The render
shows the policy after 54 seconds of training at five moments of a dance
clip.

I. INTRODUCTION

Tracking human motion data has become a common way
to give humanoid robots natural whole-body skills, where a
single policy learns to imitate a large set of motion clips in
simulation [1]. SuperMimic [2] learns such a policy with a
world model, which is a neural network that predicts how
the robot moves. Instead of learning only from the rewards
of trial and error, the policy improves by backpropagating
the tracking reward through motions that it imagines with
the world model, similar to SuperTrack [3] for simulated
characters. The community quickly took up this idea. Starting
from an unofficial reimplementation [4], InstantTrack [5] and
BlinkMimic [6] reduced the time to learn all 40 clips of
the LAFAN1 dataset [7] on the Unitree G1 from about 1.5
hours to about 3 minutes on a single consumer GPU. How-
ever, these implementations no longer get faster with better
hardware, as BlinkMimic trains no faster on an NVIDIA
H100 than on an RTX 4090. The reason is that every training
iteration consists of many small GPU operations that Python
starts one after another, so the GPU often waits for Python
instead of computing. Additionally, a single GPU has to run
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Fig. 2. Training iterations on one GPU (top) and split across four GPUs
(bottom), drawn to scale with times measured on H100 GPUs. On four
GPUs, the actor, the world-model learner, and the policy learner work at
the same time, each with the results of the others from the previous iteration,
while the fourth GPU runs the failure search.

all parts of an iteration one after another, so more GPUs do
not shorten the training.

This is why we propose XMimic, which reimplements
BlinkMimic in JAX [8], a Python library that compiles
numerical code, and runs the complete training loop on
the GPU, following the idea of InstantMimic [9]. XMimic
compiles every training iteration into a single GPU program
and, with more GPUs, splits the iteration across up to four
GPUs that work on its parts at the same time. With the same
algorithm and hyperparameters as BlinkMimic, XMimic
learns to track all 40 LAFAN1 clips in 0.91 minutes on four
H100 GPUs, which is 3.5 times faster than BlinkMimic, and
it is already 1.3 times faster on a single GPU.

II. MOTION TRACKING IN UNDER A MINUTE
We build upon BlinkMimic [6] and keep its algorithm

and hyperparameters, so that all speedups come from how
the training runs on the hardware. BlinkMimic trains the
policy in iterations that consist of three steps (see Figure 2).
First, the policy collects new experience in 4096 parallel
environments of the simulator, where the robot tries to follow
the motion clips. Second, the world model learns to predict
the next state of the robot from its current state and action,
using the experience in the replay buffer. Third, the policy
imagines the next 32 steps of its motion with the world
model and improves by backpropagating the tracking reward
through these imagined steps, while a critic estimates the
reward that follows after them. Additionally, BlinkMimic
regularly plays the current policy on all motion clips to find
the moments where the robot still falls and starts part of
the training episodes shortly before them, which we call the
failure search.

https://github.com/nico-bohlinger/xmimic
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Fig. 3. Time to target (left), evaluation return (middle), and number of failed clips (right) on H100 GPUs, measured in training time without compilation.
The bars show the mean and the dots the individual runs. The curves show the mean and standard deviation over the two to eight runs of each method.
The dashed line marks the target return of 0.82.

A. Compiling the Training Iteration

To remove the times in which the GPU waits for Python,
XMimic implements the whole iteration in JAX, including
the MuJoCo Warp simulator [10], [11], and JAX compiles
the iteration into a single program for the GPU. On a single
GPU, we even compile 50 iterations into one program, so
the GPU trains without interruption while Python only starts
the next program and writes the logs. We also speed up the
most expensive step, the policy update. It runs in the same
16-bit precision as in BlinkMimic, and we restructure the
backpropagation through the imagined steps into fewer and
larger GPU operations. For example, every computation that
does not depend on the imagined state is done once before
the 32 imagined steps instead of in each of them. Together,
this reduces the time of a policy update by almost 40%
compared to a direct translation of the BlinkMimic code.

B. Splitting the Iteration Across GPUs

On a single GPU, the three steps of an iteration run one
after another, so an iteration takes as long as all three steps
together. With more GPUs, XMimic runs the steps at the
same time on different GPUs, similar to an assembly line
(see Figure 2). An actor collects experience on the first GPU,
a world-model learner fits the world model and the critic on
the second GPU, and a policy learner updates the policy on
the third GPU. Each of them works with the latest results
of the others, which come from the previous iteration, so an
iteration only takes as long as its slowest step,

Tsingle = Tc+Tw +Tp, Tsplit ≈ max(Tc, Tw, Tp), (1)

where Tc, Tw, and Tp are the times for collecting experience,
learning the world model, and updating the policy, respec-
tively. The price is that the actor collects experience with
a policy that is one iteration old, and the policy learns in
a world model that is two iterations old. The fourth GPU
runs the failure search, which halves the training speed of a
single GPU while it runs. Such a split only pays off if no
GPU waits for the CPU, so the actor runs in its own Python
thread and the CPU prepares the work of every iteration in
advance.

III. EXPERIMENTS

We follow the task and the evaluation of BlinkMimic,
where a single policy learns to track all 40 LAFAN1 clips,
about 2.5 hours of human motion retargeted to the Unitree
G1. We compare XMimic to BlinkMimic and to InstantTrack
v1.3, which we run unchanged with their own PyTorch
code, and train every method on H100 GPUs of the same
cluster. Every 100 iterations, we evaluate the policy on all
clips, where a clip fails if the height or tilt of the robot
deviates too far from the motion, for example when the robot
falls. Following BlinkMimic, the training reaches its target
once the normalized return, where 1 means perfect tracking,
stays at 0.82 or higher without a single failed clip for three
evaluations in a row. We report the training time until this
target without the one-time compilation of the code. The only
difference in the simulation is that XMimic allows fewer
contact constraints per environment, which is slightly faster
and only rarely limiting.

Figure 3 shows the time to target and the learning curves
of all methods. On a single GPU, XMimic reaches the target
in 2.48 minutes, while BlinkMimic needs 3.19 minutes. Both
need about the same number of iterations, but XMimic runs
every iteration faster. With more GPUs, the training time
shrinks further, and four GPUs reach the target in 0.91
minutes, which is 3.5 times faster than BlinkMimic. The
older policy and world model in the split iteration only cost
about 10% more iterations, while the four GPUs run four
times as many iterations per second. Together, the four GPUs
use slightly more GPU time than BlinkMimic on its single
GPU, so the split trades a little compute for a much shorter
training time. All methods end at the same tracking quality,
so XMimic learns an equally good policy, only sooner.

IV. CONCLUSION

We presented XMimic, which learns whole-body motion
tracking for the Unitree G1 in under a minute by compiling
the training iterations of BlinkMimic into single GPU pro-
grams and splitting them across up to four GPUs. With four
GPUs, collecting experience in the simulator and updating
the policy now take almost the entire iteration. In future
work, we will therefore split the data collection across more
GPUs and use the short training times to learn from larger
motion datasets.
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