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Abstract— We present XMimic and XSoma, which learn
humanoid motion tracking and locomotion on rough terrain
in under a minute of training. Both follow SuperMimic, which
learns a world model of the robot and optimizes the policy
with analytic gradients through short rollouts imagined in this
model. Existing implementations of this method do not make
use of larger GPUs, as every training iteration is a long chain
of small GPU operations that run one after another. XMimic
and XSoma therefore shorten this chain and run the steps of
every iteration at the same time on up to four GPUs. We
compile the complete training loop with JAX, including the
MuJoCo Warp simulator. For locomotion, XSoma leaves only
the dynamics of the robot to the world model and computes
everything else exactly, including the terrain height under the
feet. It learns with a horizon of one second and without a critic.
On four H100 GPUs, XMimic learns to track all 40 LAFAN1
clips with the Unitree G1 in 0.86 minutes, 3.7 times faster
than BlinkMimic on one GPU. XSoma reaches the tracking
target that Holosoma’s tests set for FastSAC in (.77 minutes,
12.3 times faster than FastSAC on one GPU, while needing
only an eighth of its environment steps. The code is available
at https://github.com/nico-bohlinger/xmimic and
https://github.com/nico-bohlinger/xsoma.

Fig. 1.  XMimic and XSoma train policies for the Unitree G1 in under
a minute of training on four H100 GPUs. Top, an XMimic policy after 54
seconds of training, shown at five frames of a LAFAN1 dance clip. Bottom,
an XSoma policy after 46 seconds of training, walking over Holosoma’s
rough terrain while it follows velocity commands.
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I. INTRODUCTION

Humanoid robots learn to track retargeted human motion
[1] and to follow velocity commands on rough terrain
[2], [3] with Reinforcement Learning (RL) in simulation,
where massively parallel GPU simulation has reduced the
training time from days to minutes [4]. SuperMimic [5]
showed that motion tracking can be learned with far less
compute when the policy is optimized through a learned
world model instead of with model-free RL such as Proximal
Policy Optimization (PPO) [6]. As in SuperTrack [7] and
Dreamer [8], the policy is rolled out for a short horizon in
the world model and follows the analytic gradient of the
imagined return. Over such horizons, this gradient has a
much lower variance than the likelihood-ratio gradient that
PPO estimates from sampled actions [5], [9]. InstantTrack
[10] and BlinkMimic [11] then reduced the time to learn all
40 clips of the LAFANI dataset [12] on the Unitree G1 to
about 3 minutes on a single consumer GPU, down from about
1.5 hours with an unofficial reimplementation of SuperMimic
[13].

However, these implementations do not make use of larger
GPUs. BlinkMimic trains barely faster on an NVIDIA H100
than on an RTX 4090, as every training iteration is a
long chain of small GPU operations that depend on each
other, most of all in the backpropagation through the world
model. The time of such a chain is set by the number
of its operations rather than by the compute of the GPU,
and spreading each operation over more GPUs does not
shorten it either. Additionally, all of these methods learn
motion tracking, where the reference motion gives the policy
a target at every step. For locomotion, Terrain-Grounded
Imagination (TGI) [14] recently trained a humanoid policy
through a world model to walk over stairs and gaps, using
exact heightfield lookups for the terrain in its rollouts, but
its training takes hours. The fastest humanoid locomotion
methods are still model-free, such as FastSAC [2], which
learns to walk on rough terrain in about 15 minutes on a
single GPU. No method that learns with a world model has
come close to this time.

This is why we present XMimic and XSoma (see Fig-
ure 1), which learn humanoid motion tracking and loco-
motion on rough terrain with a world model in under a
minute. XMimic reimplements BlinkMimic with the same
algorithm and hyperparameters, while XSoma learns the
velocity-tracking task of Holosoma [3] for the GI1. Fol-
lowing InstantMimic [15], which learns physics-based skills
in seconds by keeping the complete training loop on the
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Training iterations of XMimic (left) and XSoma (right) on one GPU and split across four GPUs, drawn to scale with times measured on H100

GPUs. On four GPUs, XMimic runs data collection, world-model update, and policy update at the same time on separate GPUs, while the fourth GPU
runs the evaluations for the evaluation-guided resets. XSoma collects experience and updates the world model on one GPU, while three policy learners
each compute a gradient and all of them apply the three gradients one after another.

GPU, we compile the whole training loop with JAX [16]
instead of PyTorch and run the MuJoCo Warp simulator [17],
[18] through MJX. We also restructure the policy update to
shorten its chain of operations. As the policy and the world
model change only slightly from one iteration to the next,
data collection, world-model update, and policy update can
use an older policy and world model instead of waiting
for each other. XMimic therefore runs these three steps
at the same time on separate GPUs, while XSoma, which
spends most of its iteration on policy updates, computes the
gradients of consecutive updates at the same time on separate
GPUs. For locomotion, XSoma leaves only the dynamics of
the robot to the world model and computes everything else
exactly, including the terrain height under the feet, which it
looks up as in TGI. It learns with a horizon of one second
and without a critic.

XMimic learns to track all 40 LAFANI clips in 0.86 min-
utes on four H100 GPUs, 3.7 times faster than BlinkMimic
on one, and it is already 1.3 times faster on a single GPU.
XSoma reaches the tracking target that Holosoma’s tests set
for FastSAC in 0.77 minutes on four H100 GPUs, 12.3 times
faster than FastSAC on one, as it needs only an eighth of
the environment steps. Even on a single GPU, XSoma is 3.8
times faster than FastSAC and ends with a lower velocity
error, while Holosoma’s PPO does not reach the target within
an hour.

II. LEARNING WITH A WORLD MODEL IN
UNDER A MINUTE

We build upon the training iteration of SuperMimic [5]
in the implementation of BlinkMimic [11], which repeats
three steps (see Figure 2). In data collection, the policy acts
with exploration noise in 4096 parallel environments, whose
transitions are stored in a replay buffer B. In the world-
model update, the world model f learns to predict the next
state from the current state, the action, and the Domain
Randomization (DR) parameters & of the environment, on
short windows of transitions from the replay buffer. In the
policy update, the policy my is rolled out in the world model
from states of the replay buffer and maximizes the return of

these imagined rollouts,
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where $9 = sg, $i+1 = f(8¢,a+,§), and ay = mo(0(8¢, g¢)).
Here, H is the horizon, ~ the discount factor, r the reward
function, V' the critic, and o the observation of the policy,
which includes its goal g¢;, such as the reference motion.
The survival weight c; starts at ¢ = 1 and decreases with
the termination probability d of every imagined state as
¢t+1 = ¢t (1 — d(8¢41)), which BlinkMimic computes as
a sigmoid of the distance to its termination thresholds, so
that c; stays differentiable. As the world model, the policy,
and the reward and termination functions are differentiable,
backpropagation through the H imagined steps gives the
analytic gradient Vg.J. For motion tracking, XMimic keeps
BlinkMimic’s horizon of H = 32 steps, its critic, which is
fit to the imagined returns as in SHAC [9], and all other
hyperparameters. BlinkMimic also uses evaluation-guided
resets, which evaluate the policy on all clips every 125
iterations and start part of the training episodes shortly before
the moments where it fails.

A. Compiling the Training Iteration

XMimic and XSoma implement the whole training iter-
ation in JAX, including the MuJoCo Warp simulator, and
compile it into XLA programs before the training starts,
as is common for model-free RL in JAX [19], [20], [21].
Python then only queues these programs and writes the
logs, so every GPU works through its programs without
waiting for Python, which the split across GPUs relies on.
As BlinkMimic already captures its steps as CUDA graphs,
compiling alone does not shorten the chain of operations. To
shorten the chain itself, we restructure the policy update,
whose backpropagation through the world model is the
longest chain of the iteration. Its matrix multiplications run
in bfloatl6 in the forward and the backward pass, as in
BlinkMimic. Every computation that does not depend on the
imagined states, such as the observation noise and the terms
that only depend on the reference motion, is done once before
the rollout instead of in each of its steps. Together with fewer
and larger matrix multiplications in the backward pass, this



makes the policy update of XMimic almost 40% faster than
in a direct translation of BlinkMimic’s code, and XSoma
uses the same bfloat16 matrix multiplications.

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 of them
together. As the policy and the world model change only
slightly from one iteration to the next, the steps can instead
run at the same time on separate GPUs and use the results
of earlier iterations rather than wait for each other. How to
split an iteration depends on where its time goes.

In XMimic, data collection, world-model update, and
policy update take similar times, so XMimic runs them as
a pipeline across GPUs, similar to PQL [22] for model-free
RL. An actor collects experience on the first GPU, a world-
model learner updates the world model and the critic on the
second, and a policy learner updates the policy on the third,
while we copy the policy, the world model, and the collected
experience directly between the GPUs. An iteration then only
takes as long as its slowest step,

Tl = Tc + Tw + Tpa Tsplit ~ maX(Tca Twa Tp)v (2)

where T¢, Ty, and T}, are the times of data collection, world-
model update, and policy update, respectively. In exchange,
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. On a single GPU, the evaluations for the
evaluation-guided resets halve the number of iterations per
second while they run, so XMimic runs them on the fourth
GPU. There, an evaluation takes longer than 125 of the
faster iterations, so XMimic skips every second evaluation
and evaluates the policy only every 250 iterations. With
fewer GPUs, the actor also updates the world model, or the
evaluations share a GPU with a learner.

In XSoma, the policy is updated twice for every step
that the parallel environments collect, five times as often as
in XMimic, since we found this to work best for velocity
tracking. Imagined steps are cheap, as on an H100 the
world model rolls out the 4096 robots of training about
65 times faster than MuJoCo Warp simulates them, and a
policy update with its backward pass still produces these
steps about 15 times faster. Still, the two policy updates
take about 70% of an iteration (see Figure 2), so a separate
GPU for data collection and world-model update would save
at most 30%. Splitting the rollouts of one update across
GPUs would not help much either, as an update is bound
by its chain of operations and still takes about three quarters
of the time with a third of the rollouts. XSoma therefore
computes the gradients of consecutive policy updates at the
same time on separate GPUs. An actor collects experience
and updates the world model on the first GPU, while each of
the remaining GPUs runs a policy learner that rolls out the
current policy in the world model from its own batch of start
states and computes a policy gradient. The learners exchange
their gradients, and every learner applies all gradients one
after another, so their copies of the policy stay identical and

the policy gets one update per learner. On four GPUs, the
policy therefore gets three updates per iteration instead of
two, where the second and third use gradients computed for
a policy that is one and two updates older, and all learners
use the world model of the previous iteration. In our tests,
these consecutive updates reached the target sooner than a
single update with the averaged gradient of all learners. With
two GPUs, a single learner runs the two policy updates of
one GPU, and with three GPUs, two learners compute one
gradient each.

C. Locomotion Without a Reference Motion

In motion tracking, the reference motion gives the policy
a target at every step, which keeps the imagined rollouts
close to the experience in the replay buffer and makes
the return beyond the horizon predictable for the critic. In
locomotion, the policy only receives velocity commands, has
to keep its balance while they change, and walks on terrain
that the world model has to account for. XSoma therefore
computes everything that Holosoma’s task defines exactly
on the imagined states and leaves only the dynamics of the
robot to the world model.

Like XMimic for motion tracking, XSoma evaluates the
reward and termination functions of the task on the imagined
states, which for Holosoma’s task need the positions of the
feet and the terrain height under them. XSoma computes the
feet from the imagined joint angles with forward kinematics
and looks up the terrain height under them in the heightfield
of the simulator, as in TGI. An imagined rollout terminates
when the pelvis, a hip, or a shoulder reaches the terrain, as
in Holosoma. XMimic computes the termination probability
d as a sigmoid of the distance to its termination thresholds,
which smooths the return as well as its gradient. XSoma
instead keeps the exact termination d € {0, 1} in the return
and takes only the gradient of d from a sigmoid of the
smallest clearance of these body parts above the terrain.
With this straight-through estimator, the return is calculated
exactly as in Holosoma, and the policy still gets a smoothed
gradient shortly before a body part touches the ground.
The world model receives the clearance of the feet above
the terrain as additional inputs, besides Holosoma’s DR
parameters, so that it can predict the effect of an action on
different terrain and under different masses, friction, and PD
gains. Half of the imagined rollouts start with a resampled
command, so that the policy also learns to react to command
changes. XSoma uses Holosoma’s reward coefficients for
FastSAC, which weight the alive reward ten times more than
those for PPO. With these coefficients and the exact rewards
and terminations, a horizon of H = 48 steps, about one
second at the control rate of 50 Hz, is enough to learn the
task without a critic. In our tests, the policy did not learn to
avoid falls with a horizon of 32 steps, while a critic, either to
bootstrap the return at the horizon or for A-returns, slowed
the tracking down or destabilized the training.

Finally, half of the parallel environments collect experi-
ence with the deterministic actions of the policy, while the
others add exploration noise. When all environments added
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noise, the replay buffer contained no experience with deter-
ministic actions, and after about 45 minutes, the deterministic
policy sank into a crouch and fell in up to 61% of the
evaluation episodes. With this deterministic half, every run
stays stable and even reaches the target sooner. The XSoma
repository lists further variants that did not help.

III. EXPERIMENTS

We compare XMimic and XSoma to the fastest open-
source methods for each task, which we run unchanged with
their own code, and train every method on NVIDIA H100
GPUs of the same cluster. We report the training time until
the target of each task without the start-up and the one-time
compilation, which we also subtract from the times of the
baselines. For XMimic and XSoma, start-up and compilation
take 20 to 40 seconds when the compiled programs are
cached and up to about 3 minutes otherwise. All checkpoints
are evaluated after the training, so the checkpoint evaluations
do not count toward the training time.

A. Motion Tracking

We follow the task and evaluation of BlinkMimic, where
a single policy learns to track all 40 LAFANI clips, about
2.5 hours of human motion retargeted to the Unitree GI.
We compare XMimic to BlinkMimic and InstantTrack v1.3.
Every 100 iterations, a checkpoint is evaluated on all clips,
where a clip fails if the robot deviates from the motion by
more than BlinkMimic’s termination thresholds, for example

when it falls. Following BlinkMimic, training reaches its
target once the normalized return, which is 1 for perfect
tracking, stays at 0.82 or higher without a failed clip for three
checkpoint evaluations in a row. The only difference in the
simulation is that XMimic allows fewer contact constraints
per environment, which is slightly faster and rarely limiting.

Figure 3 shows that XMimic reaches the target of
BlinkMimic sooner on every number of GPUs and ends at
the same normalized return. On a single GPU, XMimic needs
about as many iterations to reach the target as BlinkMimic
but runs each of them faster, which makes it 1.3 times faster.
InstantTrack also runs its iterations faster than BlinkMimic,
but needs more of them and reaches the target at about the
same time. Splitting the iteration across GPUs barely affects
the learning, as the older policy and world model cost only
about 10% more iterations until the target. On four GPUs,
an iteration takes as long as the data collection of the actor
(see Figure 2), and with the evaluations on their own GPU,
XMimic runs three times as many iterations per second as on
one GPU. It therefore reaches the target after 0.86 minutes,
3.7 times faster than BlinkMimic. 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.

B. Locomotion on Rough Terrain

XSoma learns the velocity-tracking task of Holosoma
for the Unitree G1, which we reimplement in JAX with



Holosoma’s robot model. The robot follows linear and yaw-
rate velocity commands that are resampled every 10 seconds,
is rewarded for a periodic gait, and is pushed every 5
to 10 seconds. Its masses, friction, PD gains, and action
delay are randomized, and it walks on flat tiles, rough tiles,
and tiles with shallow pits, with height differences of a
few centimeters. In both of Holosoma’s configurations, a
curriculum raises the weights of the penalty terms once the
episodes get long. The policy has the observations, actions,
and network size of Holosoma’s PPO policy.

We compare XSoma to Holosoma’s configurations of
FastSAC [2] and PPO, which train in PyTorch on its MuJoCo
Warp backend with 4096 parallel environments on a single
GPU. Every method saves a checkpoint about every 15
seconds of training, and we evaluate every checkpoint of
every method in the environment of XSoma, in 2048 episodes
of 20 seconds with deterministic actions and Holosoma’s
DR, pushes, and commands. Following Holosoma’s test for
FastSAC, training reaches its target once the linear-velocity
and yaw-rate tracking rewards reach 0.95 and 0.8, here for
three checkpoint evaluations in a row. We hold PPO to the
same target, although Holosoma’s own test for PPO sets a
lower one.

Figure 4 shows that XSoma reaches the target several
times sooner than FastSAC on every number of GPUs, while
PPO does not reach it within the first hour of its schedule.
On a single GPU, XSoma collects fewer than half as many
environment steps per second as FastSAC, as it spends most
of its time on policy updates, but it reaches the target after
only an eighth of the environment steps of FastSAC. It
therefore reaches the target after 2.50 minutes, 3.8 times
faster than FastSAC. Additional GPUs shorten the training
further. Three GPUs already run 3.4 times as many iterations
per second as one. As an iteration then takes as long as the
actor needs for data collection and world-model update, the
fourth GPU adds a third policy update to every iteration. With
four GPUs, XSoma reaches the target after 0.77 minutes,
12.3 times faster than FastSAC on one GPU, as the additional
policy updates more than make up for their older gradients.

XSoma also learns a more accurate policy. After 15
minutes, its velocity error, the mean distance between the
commanded and the actual planar velocity, is a third lower
than that of FastSAC on every number of GPUs. This is likely
due to the analytic gradient of the exact tracking reward,
which keeps improving the tracking of XSoma after the one
of FastSAC has flattened. FastSAC does not reach this error
even at the end of its complete schedule of about 50 minutes,
while both methods fall in fewer than 1% of the episodes.
PPO comes closest to the target after about 11 minutes, after
which its curriculum raises the weights of the penalty terms
and its tracking drops again.

IV. CONCLUSION

We presented XMimic and XSoma, which learn humanoid
motion tracking and locomotion on rough terrain in under
a minute of training on four HI00 GPUs. Training with
a world model is limited by the chain of operations of

an iteration rather than by the compute of the GPU. We
therefore shortened this chain and ran the steps of an iteration
on separate GPUs, which made XMimic 3.7 times faster than
BlinkMimic and XSoma 12.3 times faster than FastSAC. On
four GPUs, the actor is now the bottleneck of XMimic and
XSoma, so we will spread its data collection across more
GPUs. So far, we have only trained and evaluated the policies
in simulation. In future work, we will deploy them on the
real G1 and also extend XSoma to more challenging terrain.
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