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Abstract: Humanoid controllers trained with hand-written reward functions often
exhibit behaviors that do not match human gait patterns, resulting in severe motion
artifacts and unrealistic postures. We present a deep reinforcement learning frame-
work for learning humanoid locomotion from retargeted motion clips on a Unitree
G1 robot. The reward function measures reference tracking fidelity at every step,
combining body position, orientation, and velocity terms drawn from the Beyond-
Mimic framework. We compare three algorithms under this setting: [1] Proxi-
mal Policy Optimization (PPO), an on-policy method widely used in robotics; [2]
Soft Actor-Critic (SAC), an off-policy method; and [3] TD-MPC2, a model-based
method that performs trajectory optimization in the latent space of a learned world
model. Our evaluations reveal that PPO is the most robust baseline, successfully
producing smoother motions. Conversely, TD-MPC2 struggles to maintain bal-
ance in this high-dimensional continuous control task, experiencing early termi-
nations and failing to track the reference motion. To address training instabilities
in SAC, we propose MeanSAC, which replaces the clipped double-Q minimum
with an averaged target and eliminates mid-training reward collapses. We further
extend the framework to a 354-muscle musculoskeletal humanoid, demonstrating
that the motion-imitation pipeline generalizes beyond rigid-body robots. Videos
are available on our project website [4].
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1 Introduction

Reinforcement Learning (RL) enables humanoid locomotion controllers to learn agile and robust be-
havior directly from simulations. Recent advances in RL algorithms like PPO [1] and SAC [2] have
enabled stable learning for legged locomotion. With appropriate rewards and tuning, RL-trained
controllers can perform diverse locomotion behaviors on various ground terrains. However, these
methods often rely on hand-tuned rewards. Because humanoid locomotion is a high-dimensional
control problem that requires human-like agility with limited DOFs, simple reward tasks, such as
velocity tracking to make the humanoid walk at a target velocity while constraining the behav-
ior to a specific gait frequency, often lead to severe motion artifacts and unrealistic postures. To
address this, it is important to utilize a human motion prior, which ensures that the locomotion
controller learns human-like motion from motion datasets without producing unnatural behaviors.
While DeepMimic-style reward formulations have produced agile and natural skills by tracking
reference data, we specifically utilize BeyondMimic, a variant of DeepMimic, to learn humanoid
locomotion controllers from retargeted motion data; this framework has demonstrated a simple yet
robust approach to learning sim-to-real policies.

Environment

Deep reinforcement learning requires millions of environment interactions to learn effective control
policies, making data collection a major computational bottleneck. While simulation engines like
NVIDIA Isaac Gym offer massive hardware parallelization that can reduce training times to a mat-



ter of minutes [5], they often incur significant computational resources. Consequently, we utilize
mjlab [6], a lightweight framework for GPU-accelerated robot learning. mjlab adopts Isaac Lab’s
manager-based design allowing users to compose self-contained building blocks for observations,
rewards, events, and commands and pairs it with MuJoCo Warp to enable massive environment par-
allelization, overcoming the limitations of standard CPU-based MuJoCo. Specifically, we base our
environments on Unitree’s unitree rl mjlab [7], a manufacturer-specific pipeline designed to fa-
cilitate the direct sim-to-real deployment of trained policies onto physical hardware. Robot Model:
The Unitree G1 is a humanoid robot with 29 actuated joints covering the legs, waist, and arms. The
MuJoCo model has 36 generalized position coordinates (7 for the floating base plus 29 joint angles)
and 35 generalized velocity coordinates. The robot stands approximately 0.8 meters tall at the pelvis
in its default configuration. Actuators are controlled via position targets passed to an internal PD
controller. The observation and action spaces of the robot are detailed in Appendix A

Rewards

The reward function measures how closely the robot tracks the reference motion at each timestep.
Our formulation is based on mjlab’s reimplementation of BeyondMimic [8]. The tracking com-
ponents are split into global root tracking (position and orientation) and relative body tracking (po-
sition, orientation, linear velocity, and angular velocity). Each tracking term measures the mean
squared error across the target bodies B, shaped by a Gaussian kernel. To ensure the learned poli-
cies are smooth, we also include regularization penalties for high-frequency action rates, joint limit
violations, and self-collisions. The complete list of reward terms and their respective weights are
summarized in Appendix B. Episodes terminate early if the root height deviates from reference by
more than the configured threshold, or if the quaternion dot product between the robot and refer-
ence root orientations falls below the configured threshold, indicating the robot has fallen beyond
recovery.

2 Method

We define our locomotion policy as a whole-body tracking task, where the controller is trained to
replicate a reference motion clip in a physics-based simulation. For all experiments, we utilize the re-
targeted motion data from the LAFAN1 dataset [9]. Specifically, we focus on the walk1 subject1

motion clip in our experiments.

We evaluate and compare three distinct reinforcement learning algorithms: Proximal Policy Opti-
mization (PPO), Soft Actor-Critic (SAC), and Temporal Difference Learning for Model Predictive
Control - 2 (TD-MPC2). We keep the reference motion, reward structure, and simulation environ-
ment constant across these trials.

2.1 Proximal Policy Optimization

We use Proximal Policy Optimization (PPO) [1] as our on-policy baseline for motion imitation.
PPO optimizes the policy using finite on-policy rollout batches while constraining each update to
remain close to the previous policy. Training is executed using mjlab’s GPU parallelization. At
each iteration, we collect short on-policy rollouts (24 steps per environment), estimate advantages
using generalized advantage estimation (GAE) [10], and update the networks for 5 epochs over 4
shuffled minibatches. The PPO surrogate objective is defined as:

Lclip(θ) = E
[
min

(
rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât

)]
, (1)

where rt(θ) =
πθ(at|st)
πθold(at|st) is the probability ratio, Ât is the estimated advantage, and ϵ = 0.2 is the

clipping parameter. To ensure stable convergence, we utilize a clipped value loss, gradient norm
clipping, and an adaptive learning rate schedule that scales the step size to maintain a target KL-
divergence of 0.01. The final objective is:

L(θ) = −Lclip(θ) + cvLV (θ)− ceH(πθ), (2)
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where LV (θ) is the critic squared-error loss and H(πθ) is the policy entropy bonus. Full PPO
implementation details are provided in Appendix C.

2.2 Soft Actor-Critic

Soft Actor-Critic (SAC) [2] is an off-policy actor-critic algorithm that maximizes a trade-off between
expected return and policy entropy. The policy is a tanh-squashed Gaussian with state-dependent
mean and variance. SAC maintains two Q-functions and takes their minimum to reduce overestima-
tion bias. The temperature α is automatically tuned to maintain a target entropy.. Being off-policy,
SAC stores all past transitions in a replay buffer, allowing experience to be reused across many
gradient steps. This makes SAC substantially more sample efficient than on-policy methods such
as PPO, which throw away the data after a policy update step. Full implementation details and
hyperparameters are provided in Appendix D.

2.3 Temporal Difference Learning for Model Predictive Control

To evaluate a model-based method against our model-free baselines, we implement a single-task
adaptation of TD-MPC2 [3]. Rather than explicitly modeling the forward dynamics of the high-
dimensional humanoid state space, TD-MPC2 learns an implicit, control-centric world model and
performs local trajectory optimization within a learned latent space. Following the original work,
our world model uses an encoder, latent dynamics model, reward predictor, Q ensemble, and policy
prior. Our value function is represented by an ensemble of five Q-heads, and we add a separate
termination head to model early episode cutoffs caused by falls. The encoder, dynamics, reward
model, and Q ensemble are jointly trained with

L(θ) = c1Lconsist + c2Lreward + c3Lvalue + c4Lterm, (3)

where Lconsist is a stop-gradient consistency loss between predicted latent states and target latents
produced by the current encoder, Lreward and Lvalue are soft cross-entropy losses over symlog-
transformed targets, and Lterm is a binary cross-entropy loss for the termination. The policy prior
is trained with a maximum-entropy objective over imagined rollout. During inference, TD-MPC2
performs MPPI planning in latent space. A fraction of the sampled action sequences comes directly
from the policy prior to warm-start the planner, while the remaining sequences are sampled from a
Gaussian whose mean is warm-started from the previous decision step.

3 Results and Analysis

We present the results of all methods evaluated in this report using the same underlying G1 track-
ing environment and reward function. The reward terms were inherited from the BeyondMimic[8]
and kept fixed across the random policy, PPO, SAC, TD-MPC2. Since these rewards were opti-
mized for an on-policy approach, other algorithms may not achieve the same level of performance,
a phenomenon previously observed in the literature [11].

3.1 PPO

The PPO agent serves as our primary baseline, benefiting heavily from the parallelization capa-
bilities of mjlab. The policy was trained for 30,000 iterations, which corresponds to 2.9 billion
environment steps across 4,096 parallel environments.

As shown in the graphs, during the first few iterations, the mean episode length was merely 50 steps
with heavily penalized returns. But as the training progressed, the policy completely solved the
survival problem, achieving a maximum episode length of 500 steps at 3,000 iterations. Following
this quick stabilization phase, the policy focused on high-fidelity motion tracking for the remaining
27,000 iterations. The mean returns started climbing suddenly, plateauing around 41 while the
episode length remained pinned to 500 steps.
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Figure 1: Training Curves for PPO, SAC and TDMPC2 for 3B Steps

Figure 2: Training Curves for PPO, SAC and TDMPC2 for 10M Steps

Altogether, these results show that PPO converges to reliable long-horizon tracking behavior. For
the remainder of the report, we therefore treat PPO as the strongest standard baseline and the main
reference point for judging whether other methods can match full-horizon stability on this task. The
evaluation results are provided in Table 1 and videos are available at our project website [4].

Table 1: Evaluation results for PPO

Metric Value
Mean Return 46.061 ± 0.657
Mean Length 500.0 ± 0.0

3.2 SAC

We train SAC using the methodology described in Appendix D. We ablated our runs against gradient
steps per iteration, entropy targets, the initialization of alpha, and the use of a distributional critic
versus a scalar critic. Our best set of hyperparameter choices is presented in this section, while other
findings are documented in the appendix.

We run our algorithm for 200,000 iterations, which corresponds to approximately 800 million en-
vironment steps, as we utilize 4096 parallel environments for rollout data collection. We observed
that adaptive sampling negatively affects training performance; therefore, we only sample motion
frames uniformly from the motion clip during training. However, our training runs suggest that the
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Q-function estimates are occasionally highly inaccurate. This instability causes sudden drops in re-
turns during training, which are visible in the learning curve. Despite these training difficulties, we
successfully trained a policy that tracks the motion reference effectively. The evaluation results are
provided in Table 2 and videos are available at our project website [4].

Table 2: Evaluation results for Vanilla SAC

Metric Value
Mean Return 13.300 ± 29.033
Mean Length 237.2 ± 493.0

Although the controller has learned to walk, it fails to maintain balance if the robot is initialized
at the first frame of the reference motion. This failure mode likely occurs because the controller
encountered significantly fewer standing poses than moving poses during training. Consequently,
the policy produces sub-optimal control signals in these specific states, leading to a fall.

Furthermore, although the control policy was trained for 800 million environment steps, it did not
appear to converge to an optimal policy (see mean episode length). There are several potential
reasons for this. First, as previously noted, the rewards were specifically tuned for PPO, which
may cause SAC to converge toward a local optimum. Additionally, the decision to disable adaptive
sampling for SAC may have led to slower convergence compared to the results seen with PPO in the
BeyondMimic framework [8].

In order to address the instability observed during training, we modify both the architecture and the
update procedure of vanilla SAC. While there is currently limited research addressing these stabil-
ity issues in the context of whole-body tracking, some recent work has begun to explore efficient
off-policy learning for such tasks [5]. Building on these insights, our specific improvements aim to
stabilize learning in high-dimensional humanoid locomotion and are detailed in our first modifica-
tion, Section 4.1

3.3 TD-MPC2

In stark contrast to PPO’s sudden convergence to the maximum episode horizon, training for TD-
MPC2 saturated very early. During initialization, the method experienced the same near-immediate
failures, with episode lengths of zero. As optimization proceeded, the world model captured enough
local dynamics to produce short periods of balance, causing episode lengths to rise and mean return
to become positive. However, unlike PPO, the improvement saturated early. The episode length
plateaued at ∼ 40 and mean reward at ∼ 1.3. We tuned the model by relaxing self-collision penal-
ties, introducing regularization, and increasing MPC horizon lengths, but those changes barely im-
proved performance. This suggests that the learned world model and short-horizon planner were
sufficient for stabilization but inadequate for maintaining accurate whole-body reference tracking
across long horizons.

We hypothesize that, while model-free algorithms like PPO can directly optimize the reward by it-
eratively shifting the policy distribution over dense on-policy rollouts, TD-MPC2 relies on explicit
reward regression Rθ and latent dynamics unrolling. Regressing the multi-term Gaussian tracking
reward from a compressed latent space z introduces approximation errors. Over the planning hori-
zon, these errors can diverge from the true physical reward landscape, causing the MPPI planner to
optimize a miscalibrated objective. Future work could address these limitations by bootstrapping the
replay buffer with successful tracking trajectories generated by a pre-trained PPO policy. By seeding
the buffer with expert demonstrations, the world model could learn accurate representations of high-
reward states prior to MPPI exploration, avoiding the initial data-collection failures and breaking the
negative feedback cycle.
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3.4 Comparison of the Three Algorithms

As evidenced by the training curves and evaluation results, PPO outperformed both SAC and TD-
MPC2 in our experimental suite. Although SAC is theoretically more sample efficient, it converged
to a lower mean training return than PPO at 800M steps. Visual analysis of the generated gait
patterns reveals that PPO produces qualitatively smoother and more accurate tracking compared
to SAC. We attribute this primarily to the fact that the reward formulation was highly tuned for
PPO. Despite our efforts to stabilize Vanilla SAC through architectural interventions, the perfor-
mance gains remained marginal. This suggests that the inherent instability of critic learning in
high-dimensional locomotion tasks and reward signal not optimized for off-policy algorithms, limits
the algorithm’s effectiveness in this specific task. We hypothesize that a reward design specifically
tailored to SAC could further bridge this performance gap, as noted in [12].

TDMPC2 did not perform competitively in the whole-body tracking task within the scope of these
experiments. The computational overhead of the MPC-based planning, combined with a lower num-
ber of parallel environments compared to the PPO and SAC runs, resulted in an exceedingly high
wall-clock time (exceeding 20 hours per ablation). While TDMPC2 has demonstrated success in
learning simplified walking controllers, its application to complex, high-DoF whole-body tracking
remains an open challenge. We believe that with significantly more compute time and a scaling strat-
egy that better leverages the massive parallelization available in mjlab, TDMPC2 could eventually
converge toward an optimal world model and tracking policy.

4 Modifications

4.1 Updates to Soft Actor Critic to Stabilize Training

Vanilla SAC, as noted in Section 2, suffers from significant training instabilities in high-dimensional
humanoid tasks. While prior work often utilizes layer normalization in the critic architecture to
stabilize learning, we found that the standard ”clipped double-Q” (minimum Q) approach was coun-
terproductive to performance, a phenomenon also observed in [5]. Consequently, we modified the
update rule to use average Q-values instead of the minimum. We refer to this implementation as
MeanSAC.

Figure 3: Training Curve Comparison between MeanSAC and Vanilla SAC

MeanSAC introduces two primary changes to the baseline SAC presented in Section 2. First, we add
layer normalization to the critic architecture. Second, we utilize the mean of the two critic functions
during updates rather than the minimum of the critic values. The combination of these changes has
been shown to improve the performance of SAC in challenging tasks, such as whole-body tracking
[5].
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Table 3: Evaluation results for MeanSAC

Metric Value
Mean Return 30.038 ± 60.537
Mean Length 490.1 ± 942.2

As observed in the learning curves and the evaluation results, MeanSAC performs significantly better
than our vanilla SAC implementation. Specifically, the characteristic mid-training reward dips are
eliminated. Furthermore, MeanSAC converges to a higher mean episode reward and achieves longer
episode lengths. This indicates that using the mean Q-value provides a more stable target for the
policy in this specific humanoid locomotion environment, leading to more stability compared to the
vanilla implementation. However, we still observe a degree of sub-optimality in the policy, as it does
not converge to high rewards within 800 million environment interactions. As previously noted, we
attribute this behavior to the specific tuning of the reward functions for on-policy methods.

y = r + γ

(
Qϕ−

1
(s′, ã′) +Qϕ−

2
(s′, ã′)

2
− α log πθ(ã

′|s′)

)
(4)

Jπ(θ) = Est∼D

[
α log πθ(at|st)−

Qϕ1(st, at) +Qϕ2(st, at)

2

]
(5)

4.2 Learning to walk using a musculoskeletal humanoid

A common research problem in biomechanics and robotics is understanding the underlying princi-
ples of human walking. As observed in our results, deep RL has demonstrated success in locomotion
control for rigid-body humanoids, enabling them to walk, run, and produce natural behaviors. How-
ever, these humanoids do not accurately represent the human body, as they are controlled by electric
motors rather than muscles.

To this end, we replace the G1 humanoid with a whole body musculoskeletal humanoid consisting
of 354 muscles, with an observation dimension of 2418, which includes muscle states. We utilize the
MuscleMimic [13] framework to train a PPO policy using MuJoCo as the physics engine. Because
the musculoskeletal humanoid represents a significantly different embodiment compared to the G1,
we employ different reward terms [13] scaled differently that are still rooted in the DeepMimic [14]
and BeyondMimic [8] methodologies. We trained our policy for around 1 billion environment steps.
While prior work suggests that over 10 billion steps are required to obtain a fully converged, optimal
policy, we found that 1 billion steps were sufficient to produce a controller capable of walking and
matching the reference motion effectively. The evaluation scores are provided in Table 4. The
specific hyperparameter configuration is detailed in Table 13

Table 4: Evaluation results for Musculoskeletal Humanoid (PPO)

Metric Value
Mean Return 405.073 ± 240.507
Mean Length 358.9 ± 213.7

Evaluation of the musculoskeletal policy reveals that while the controller can achieve a maximum
episode length of 600 steps, the mean episode length converged to approximately 400 steps during
the 1 billion environment interactions. Notably, this convergence occurred significantly below the
1,000-step truncation threshold established for training.

This performance plateau suggests a potential limitation in the model’s capacity to represent the
high-dimensional dynamics inherent in musculoskeletal control. The complexity of the observa-
tion and action spaces in this embodiment is substantially higher than that of the rigid-body G1
humanoid. Consequently, we hypothesize that the current actor architecture may be insufficient to
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fully capture the intricate coordination required for long-term stability. Future work will investigate
whether increasing the depth of the neural network or utilizing wider hidden layers can provide
the necessary representational power to escape this local optimum and achieve full-length episode
completion.

Figure 4: Training Curve for Musculoskeletal Humanoid Policy (PPO)

5 Conclusion

In this project, we evaluated the performance of PPO, SAC, and TD-MPC2 on a whole-body tracking
task using the mjlab framework. By leveraging massive GPU parallelization, we trained controllers
to track complex motion clips on the Unitree G1 robot. Our results show that PPO remains the
most robust choice for stable locomotion in this setting, largely due to its established reliability in
high-dimensional control and the availability of proven training configurations. In contrast, SAC
and TD-MPC2 proved significantly more sensitive to the reward landscape, which was primarily
optimized for PPO’s on-policy updates.

We identified that the training instabilities in vanilla SAC were driven by critical Q-value misestima-
tion. To mitigate this, we implemented MeanSAC, which utilizes an averaged Q-target and layer nor-
malization to stabilize the critic. MeanSAC successfully eliminated mid-training reward collapses
and provided a more stable learning signal for the tracking task. Furthermore, we demonstrated
that the motion-imitation pipeline generalizes to extreme embodiments by training a musculoskele-
tal humanoid with 354 muscles. While the musculoskeletal policy successfully learned to walk, its
performance plateaued at 400 steps, indicating that escaping local optima in muscle-driven systems
requires higher model capacity and specialized reward density. Ultimately, this project demonstrates
that while Deep RL can solve complex whole-body tracking across diverse humanoids, algorithmic
success is critically dependent on the alignment between the reward structure and the specific update
dynamics of the agent.

5.1 Future Work

The motion imitation framework established in this project can be extended to train musculoskeletal
humanoids modeled after specific amputee subjects. Once a representative virtual human is estab-
lished, it becomes possible to train prosthesis or exoskeleton controllers directly in simulation. This
strategy provides two primary advantages: (1) it captures the personalized gait dynamics of the
specific wearer, and (2) it removes the burden of exhaustive online tuning on the physical subject.
However, the successful implementation of this pipeline requires minimizing the Sim2Real2Sim gap
to ensure that the co-simulation dynamics are high-fidelity enough for safe and effective deployment
on real-world hardware.
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Appendix

A Observation and Action Spaces

Observation Space

The actor’s observation vector is 160-dimensional and concatenates the current robot state, reference
motion data, and an anchor pose error. Specifically, the observation includes a 58-dimensional com-
mand vector that provides reference joint positions and velocities as progress cues. Following the
BeyondMimic framework, these are used for timing rather than as explicit kinematic targets. The
proprioceptive state consists of the base linear and angular velocities (6D), joint positions and veloc-
ities (58D total), and the previous actions (29D). To assist with global balance, a 9-dimensional an-
chor pose error—comprising position and 6D orientation errors—is also included. For training, the
critic utilizes an augmented 286-dimensional observation space that includes additional privileged
information, such as the full body positions and orientations, to improve value function estimation.
The observations are detailed in Table 5.

Action Space

The action space is a 29-dimensional continuous space where each dimension is normalized within
the range of [-1,1], corresponding to each actuated joint. These actions are scaled and added to the
default joint configuration to produce position setpoints for the low-level PD controllers. Rather than
serving as high-precision tracking targets, these setpoints act as intermediate variables that shape the
desired motor torques and are intentionally not clipped by joint kinematic limits to allow for greater
compliance.

Table 5: Actor and Critic Observation Space details. Dimensions indicate the flattened vector size
for each observation term.

Index Observation Term Actor (160) Critic (286)
0 Command vector 58 58
1 Motion anchor position 3 3
2 Motion anchor orientation 6 6
3 Body position – 42
4 Body orientation – 84
5 Base linear velocity 3 3
6 Base angular velocity 3 3
7 Joint positions 29 29
8 Joint velocities 29 29
9 Previous actions 29 29

B Reward Function

The training objective is defined by a unified reward formulation consisting of Gaussian-shaped
tracking scores and linear regularization penalties [8]. The tracking rewards for the humanoid body
parts Btarget are defined as follows:
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Table 6: Reward formulation and weights for whole-body locomotion tracking.

Reward Term Equation Weight
Task (Tracking)
Body Position exp

(
− 1

|B|
∑
∥pdes

b − pb∥2/0.32
)

1.0

Body Orientation exp
(
− 1

|B|
∑
∥ log(Rdes

b R⊤
b )∥2/0.42

)
1.0

Body Linear Velocity exp
(
− 1

|B|
∑
∥vdes

b − vb∥2/1.02
)

1.0

Body Angular Velocity exp
(
− 1

|B|
∑
∥ωdes

b − ωb∥2/3.142
)

1.0
Anchor Position exp

(
−∥pdes

anchor − panchor∥2/0.32
)

0.5
Anchor Orientation exp

(
−∥ log(Rdes

anchorR
⊤
anchor)∥2/0.42

)
0.5

Regularization
Action Smoothness ∥at − at−1∥2 −0.1
Joint Position Limit

∑N
j=1[max(lj − θj , 0) + max(θj − uj , 0)] −10.0

Undesired Self-Contacts
∑

b∈Bsc
1[∥fself

b ∥ > 1N] −0.1

The total reward r is the weighted sum of these components, as detailed in Table 6.

C PPO

C.1 Hyperparameters

Table 7: PPO training hyperparameters.

Hyperparameter Value

Learning rate 1× 10−3

Learning rate schedule Adaptive
Target KL 0.01
Discount γ 0.99
GAE λ 0.95
Clip range ϵ 0.2
Value loss coefficient cv 1.0
Entropy coefficient ce 0.005
Max gradient norm 1.0
Epochs per update 5
Mini-batches per epoch 4
Number of environments 4096
Rollout steps per environment 24
Total iterations 30,000
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C.2 Network Architecture

Table 8: PPO network architecture.

Component Input dim Output dim

Actor layer 1 160 512
Actor layer 2 512 256
Actor layer 3 256 128
Actor mean head 128 29
Actor log std – 29
Critic layer 1 286 512
Critic layer 2 512 256
Critic layer 3 256 128
Critic output 128 1

Both the actor and critic networks use ELU activations and incorporate observation normalization to
handle varying state scales. The policy variance is parameterized by a learned state-independent log
standard deviation vector, initialized to 1.0.

C.3 Implementation Details

The PPO algorithm is executed using the rsl rl [15] library, which is optimized for GPU-
accelerated synchronous training. During the data collection phase, on-policy trajectories are stored
in a pre-allocated tensor buffer of shape (T,N, ·), where T = 24 represents the rollout horizon and
N = 4096 is the number of parallel environments.

To stabilize the policy gradient updates, advantages computed via Generalized Advantage Estima-
tion (GAE) are standardized to have zero mean and unit variance within each minibatch prior to
the network update. Furthermore, we apply a clipped value function loss to prevent the critic from
diverging during aggressive policy steps.

Observations are normalized online using an exponential moving average (running mean and vari-
ance), which is updated continuously during the rollout phase but frozen during deterministic evalua-
tion. Finally, the learning rate is dynamically adjusted at the end of each iteration; if the approximate
KL divergence between the old and new policies exceeds 0.01, the learning rate is scaled down to
enforce the trust-region constraint.
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Algorithm 1 Proximal Policy Optimization (PPO)
1: Initialize actor network πθ and critic network Vϕ

2: Initialize rollout storageR and adaptive learning rate η = 1× 10−3

3: for iteration = 1, 2, . . . , 30000 do
4: Phase 1: Rollout Collection
5: for t = 1, 2, . . . , 24 (Steps per environment) do
6: Run policy πθold in 4096 parallel environments
7: Collect states st, actions at, rewards rt, and termination flags
8: Store transitions in rollout storageR
9: end for

10: Compute advantage estimates Ât using GAE (γ = 0.99, λ = 0.95)
11: Compute value targets V target

t = Ât + Vϕ(st)
12: Phase 2: Network Updates
13: for epoch = 1, . . . , 5 do
14: for minibatch B ⊂ R (4 mini-batches per epoch) do
15: Calculate ratio rt(θ) =

πθ(at|st)
πθold

(at|st)
16: Compute surrogate loss:
17: Lclip(θ) = E

[
min(rt(θ)Ât, clip(rt(θ), 1− ϵ, 1 + ϵ)Ât)

]
18: Compute value loss (clipped):
19: LV (ϕ) = E

[
(Vϕ(st)− V target

t )2
]

20: Update θ, ϕ by maximizing Lclip(θ)− cvLV (ϕ) + ceH(πθ)
21: end for
22: end for
23: Phase 3: Adaptive Schedule
24: Compute KL divergence between πθ and πθold
25: if KL > target KL then
26: Decrease learning rate η
27: else if KL < target KL then
28: Increase learning rate η
29: end if
30: πθold ← πθ

31: Clear rollout storageR
32: end for

D SAC

D.1 Hyperparameters

The hyperparameters for SAC are detailed in Table 9. These settings are optimized for high-
throughput data collection in a massively parallelized GPU environment.
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Table 9: SAC training hyperparameters.

Hyperparameter Value

Hidden dimension (actor) [512, 512]
Hidden dimension (critic) [768, 768]
Learning rate 3× 10−4

Discount γ 0.99
Soft update rate τ 0.005
Batch size 8,192
Buffer size (per environment) 1,024
Initial temperature α 0.01
Target entropy ratio 0.5
Gradient steps per iteration 4
Policy update frequency 2
Learning starts (iterations) 10
Total learning iterations 200,000

D.2 Network Architecture

The actor and critic networks are implemented as multi-layer perceptrons (MLPs) with SiLU ac-
tivations. The actor receives a 160-dimensional observation vector and outputs the mean and log
standard deviation for the 29 action dimensions. The log standard deviation is clamped between
−5.0 and 0.0 for stability. The critic architecture utilizes larger hidden layers to better approximate
the value function in high-dimensional locomotion.

Table 10: SAC network architecture.

Component Input dim Output dim
Actor MLP (Hidden) 160 512 × 512
Actor Mean Head 512 29
Actor Log Std Head 512 29

Critic Q1 / Q2 MLP (Hidden) 315 768 × 768
Critic Output Head 768 1

D.3 Implementation Details

We began with a baseline custom implementation of SAC based on [2], originally designed for
single-environment execution. To leverage the massive parallelization of mjlab, we modified the
algorithm to efficiently process and store high-throughput batched data in the replay buffer. In-
spired by TD3 [12], we implemented delayed actor updates, which significantly stabilized training
by preventing the actor from prematurely exploiting critic mispredictions. Furthermore, we inte-
grated a distributional critic in place of a scalar Q-function; this change notably improved training
stability and minimized the severe reward dips observed in earlier iterations. We also identified
the entropy temperature factor (α) as a critical tuning parameter for balancing exploration in this
high-dimensional space.

During the evaluation of our vanilla SAC baseline, we observed a characteristic failure mode: a
sharp decline in Q-values and mean rewards, even as the actor loss decreased monotonically. This
divergence confirmed that the actor was exploiting a poorly estimated critic by learning sub-optimal
actions. We hypothesized that this instability was driven by a distributional shift caused by the
adaptive sampling mechanism in the BeyondMimic framework. While adaptive sampling focuses
training on high-failure frames to create a curriculum, it corrupts the off-policy replay buffer with
stale transitions. By reverting to a uniform sampling mode, we eliminated this shift, which resulted
in significantly more stable training curves and better convergence.
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Algorithm 2 Soft Actor-Critic
1: Initialize actor πθ, critics Qϕ1

, Qϕ2
, target critics Qϕ−

1
, Qϕ−

2
, replay buffer D

2: Initialize temperature α0 = 0.001
3: for each environment step do
4: Sample action a ∼ πθ(·|s)
5: Observe s′, r, done
6: Store (s, a, r, s′, done) in D
7: for j = 1 to gradient steps do
8: Sample minibatch B from D
9: ã′ ∼ πθ(·|s′)

10: y = r + γ
(
mini Qϕ−

i
(s′, ã′)− α log πθ(ã

′|s′)
)
(1− done)

11: Update critics: minimize
∑

i(Qϕi
(s, a)− y)2

12: ã ∼ πθ(·|s)
13: Update actor: minimize α log πθ(ã|s)−mini Qϕi

(s, ã)
14: end for
15: Soft update: ϕ−

i ← τϕi + (1− τ)ϕ−
i

16: Update α: minimize −α(log πθ(ã|s) +Htarget)
17: end for

E TD-MPC2

E.1 Hyperparameters

Table 11: TD-MPC2 training and planning hyperparameters.

Hyperparameter Value

Training

Learning rate (General) 3× 10−4

Learning rate (Encoder) 1× 10−4

Batch size 256
Replay buffer size 1× 106

Updates per collect 16
Discount γ 0.99
Target network update rate τ 0.01
Temporal loss coefficient 0.5
Consistency loss coefficient c1 20.0
Reward loss coefficient c2 0.1
Value loss coefficient c3 0.1
Termination loss coefficient c4 1.0
Policy entropy coefficient β 1× 10−4

Max gradient norm 20.0
Number of environments 512

MPPI Planning

Planning horizon H 5
MPC iterations 6
Total sampled sequences 512
Policy prior samples 24
Elite samples 64
MPC temperature 0.5
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E.2 Network Architecture

Table 12: TD-MPC2 network architecture based on the 5M parameter configuration.

Component Input dim Output dim

Encoder (hθ) 160 (State) 512
Latent Dynamics (dθ) 512 (Latent) + 29 (Action) 512
Reward Predictor (Rθ) 512 + 29 101 (Bins)
Value Predictor (Qθ) x5 512 + 29 101 (Bins)
Policy Prior (πθ) 512 58 (2× 29)
Termination Predictor (Tθ) 512 + 29 1

All fully connected layers across the components use Mish activations and Layer Normalization.
The policy prior outputs both the mean and log standard deviation for the 29-dimensional action
space. To enforce representation sparsity, the encoder and latent dynamics networks apply a Sim-
Norm layer, which projects the 512-dimensional output into 64 partitions of 8-dimensional simplices
with a temperature of τ = 1.0. The value predictor utilizes an ensemble of 5 identical Q-networks
with 1% dropout applied to the first linear layer.

E.3 Implementation Details

Our implementation is based on the original TD-MPC2 framework [3]. While the core world model
design, SimNorm regularization, and discrete regression losses are preserved from the original paper,
several modifications were made to adapt the algorithm to high-dimensional humanoid reference
tracking.

Importantly, the original TD-MPC2 framework was designed primarily for single-threaded or small-
scale vectorized environments (e.g., DMControl, Meta-World). To overcome the sample complexity
required for humanoid motion tracking, we integrated the algorithm with mjlab[6], enabling syn-
chronized data collection across 512 parallel GPU environments. To support this massive through-
put, the replay buffer and data loaders were modified to ingest and sample contiguous trajectory
sequences from batched tensors rather than individual environment transitions.

Because our problem is formulated as a single-task tracking environment, we omit the learnable
task embeddings utilized in the multi-task generalist TD-MPC2 architecture. We also introduce an
explicit binary cross-entropy termination head (Lterm) into the world model to handle early episode
cutoffs caused by the robot falling, an aspect less emphasized in the original TD-MPC2 benchmarks.

Finally, several hyperparameters were tuned to stabilize learning in this domain. To encourage robust
representation learning across the 512 parallel environments, we use a hybrid acting scheme where a
subset of environments (128) inject uniformly sampled noise into the planned MPPI actions to drive
exploration. Furthermore, to stabilize the world model against the complex, dense tracking rewards
defined in Section 1, we heavily weight the latent consistency loss (c1 = 20.0) relative to the reward
and value losses (c2 = 0.1, c3 = 0.1) and hypothesize that this will force the encoder to prioritize
accurate physical dynamics over chasing raw rewards.
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Algorithm 3 TD-MPC2: Model-Based RL with Latent Trajectory Optimization
1: Initialize world model θ ← {h, d,R,Q, π, T} and target networks Q−

2: Initialize replay buffer D and action sequence parameters µ, σ
3: for iteration = 1, 2, . . . , N do
4: Phase 1: MPPI Planning & Environment Interaction
5: Encode current state: zt = hθ(st)
6: for MPPI iteration = 1, . . . , 6 do
7: Sample 24 action sequences at:t+H ∼ πθ(·|z)
8: Sample 488 action sequences at:t+H ∼ N (µ, σ2)
9: Rollout latent states zt+1:t+H using dynamics dθ(z, a)

10: Estimate returns J =
∑t+H−1

h=t γh−tRθ(zh, ah) + γHQθ(zt+H , at+H)
11: Select top 64 elite action sequences based on returns J
12: Update µ, σ using the elite sequences
13: end for
14: Sample and execute first action at ∼ N (µ0, σ

2
0)

15: Observe next state st+1, reward rt, and termination flag
16: Store sequence transition in replay buffer D
17: Phase 2: World Model & Policy Updates
18: for update step = 1, . . . , 16 do
19: Sample sequence minibatch B from D
20: Encode states to compute targets: ztarget

t:t+H = hθ−(st:t+H)

21: Compute TD-targets yt using reward and target value Q−

22: Rollout latents ẑt:t+H using dθ
23: Compute Joint Loss:
24: L(θ) = c1Lconsist(ẑ, z

target) + c2Lreward + c3Lvalue + c4Lterm
25: Update world model θ \ {πθ} to minimize L(θ)
26: Compute Policy Loss:
27: Lp(ϕ) = −E [αQθ(ẑ, πϕ(ẑ))− βH(πϕ(·|ẑ))]
28: Update policy prior πϕ to minimize Lp(ϕ)
29: end for
30: Soft update target value networks Q− ← τQθ + (1− τ)Q−

31: end for

F Musculoskeletal Humanoid

Table 13: PPO training hyperparameters for the musculoskeletal humanoid.

Hyperparameter Value
Actor hidden layers [1024, 1024, 1024, 1024, 1024] (5 layers)
Critic hidden layers [1024, 1024, 1024, 1024, 1024] (5 layers)
Activation function SiLU
LayerNorm Enabled (ϵ = 10−5)
Number of parallel environments 8,192
Rollout length (nsteps) 80
Total batch size 655,360
Number of minibatches 128
Minibatch size 5,120
Update epochs 1
Discount factor γ 0.99
GAE parameter λ 0.95
PPO clip range (ϵclip) 0.2
Value function clip 0.2
Entropy coefficient 0.0
Initial action std 3.0
Observation normalization Running mean/std
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