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Figure 1: Left: a physical Unitree G1 tracks high-dynamic motions, including a cartwheel, an
aerial backflip, a tiger-jump-to-shoulder-roll, and a spinning kick. Upper right: whole-body tele-
operation produces walking, a single-knee-to-double-knee descent, and a hands-down-to-standing
recovery. Lower right: MimicLite-Huge, MimicLite-Base, and MimicLite-Small use approxi-
mately 1/200, 1/900, and 1/2000 of SONIC’s GPU-hours, respectively. Despite this much lower
compute cost, MimicLite improves global root tracking over SONIC while achieving comparable
local tracking accuracy.
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Abstract: General humanoid motion tracking provides a versatile low-

level control prior, but state-of-the-art methods are slow and expensive

m to train. This cost lengthens iteration cycles, delaying adaptation to new
= tasks and the training of updated trackers. MimicLite addresses this
bottleneck through system-level optimization of the training pipeline,

— enabling a policy to train in 3 hours on 8 RTX 4090 GPUs while retain-
ing competitive tracking quality. Under a matched MuJoCo evaluation,

- l® MimicLite outperforms SONIC in global root tracking and achieves com-
y parable local tracking accuracy. The system enables low-latency, Pico-
¢ t‘ driven real-time teleoperation of a physical G1 robot, enabling walking,

squatting, and single- or double-knee kneeling. The same trained policy
can also track highly dynamic motions, such as a tiger jump transition-

%/\4 L ing into a shoulder roll, spinning kicks, and cartwheels. We report the
\ , system design, main results, compute ablations, and remaining limita-
i tions.
N~—
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1 Introduction

Humanoid robots are attractive general-purpose embodiments because their bodies can, in prin-
ciple, use the same spaces, tools, and demonstrations as people. This morphology also gives
humanoids a direct path to learn from human data, including egocentric video, motion-capture
datasets, VR teleoperation streams, and human whole-body demonstrations. It also makes
control difficult: a humanoid must maintain balance while coordinating many joints, underactu-
ated contacts, and frequent changes in support. A practical low-level controller must therefore
combine stability, dynamic motion, and deployable sensing constraints rather than only replay
reference poses.

General motion tracking is a scalable abstraction for this problem. Instead of designing a
separate reward and controller for each behavior, a tracking policy receives a reference whole-
body motion and learns to follow it in simulation under physical constraints. The resulting
tracker can serve as a reusable control prior for offline replay, teleoperation, demonstration
collection, whole-body manipulation, locomotion, and expressive motion generation [12, 20, 6].
Recent systems such as GMT [2], Any2Track [22], KungfuBot2 [4], SONIC [13], Humanoid-
GPT [16], HEFT [11]|, Teleoplt [1], and TWIST2 [21] show that this abstraction can scale
across broad motion distributions, large human-motion corpora, and deployable teleoperation
interfaces.

Despite this progress, state-of-the-art general motion trackers remain slow and expensive to
train. For example, SONIC [13], a state-of-the-art general motion tracker, reports training
on 128 GPUs for seven days, totaling approximately 21,000 GPU-hours. Long training cycles
impede rapid iteration over data, observations, rewards, termination rules, action interfaces, and
deployment settings, making it costly to adapt a tracker to new tasks.

This report presents MimicLite, a system-level approach to efficient general humanoid motion
tracking. MimicLite trains a policy in 3 hours on 8 RTX 4090 GPUs. Under a matched MuJoCo
evaluation, the policy improves global root tracking relative to SONIC while maintaining com-
parable local tracking accuracy. On a physical G1 robot, the same policy supports low-latency,
Pico-driven real-time teleoperation for walking, squatting, and single- or double-knee kneeling.
It also tracks highly dynamic motions, including a tiger jump transitioning into a shoulder roll,
spinning kicks, and cartwheels.

1.1 Research Questions

The central question is: How can system-level optimization accelerate general humanotd motion-
tracker training while preserving tracking quality and deployability?

This breaks into three concrete questions:

e Which system and training-design choices reduce GPU-hours and wall-clock time?

e How do environment scale, policy capacity, and root-drift handling affect global and local
tracking quality?

e Can an efficiently trained policy retain both highly dynamic motion tracking and low-latency
real-robot teleoperation?
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1.2 Contributions

The main contributions are:

e An efficient training infrastructure that produces a general humanoid motion tracker in 3
hours on 8 RTX 4090 GPUs while achieving strong tracking performance.

e To our knowledge, the first humanoid motion-tracking policy to combine agility and generaliz-
ability on a physical robot. A single policy supports low-latency, Pico-driven teleoperation for
walking, squatting, and single- or double-knee kneeling. It also tracks highly dynamic motions,
including a tiger jump transitioning into a shoulder roll, spinning kicks, and cartwheels.

e Systematic ablations that show how scaling parallel environments and policy capacity improves
final tracking quality, and how root-drift truncation preserves local tracking and dynamic-
motion completion better than failure termination.

2 Related Work

Humanoid learning. Humanoid reinforcement and imitation learning have progressed from
isolated locomotion skills toward unified whole-body behavior. Reinforcement learning optimizes
stability and dynamic skills in simulation, while motion capture supplies natural full-body super-
vision [14, 15]. Recent work combines locomotion, manipulation, and whole-body control under
shared policies or pretraining frameworks |3, 8, 18], motivating reusable low-level controllers for
downstream interaction rather than isolated task policies.

Universal motion trackers. DeepMimic showed that reference motions can replace hand-
designed rewards for physics-based characters [15]. Later systems make tracking a whole-
body robot interface: H20 [12], TWIST [20], and TWIST2 [21]| support real-time teleopera-
tion and data collection; ASAP [5] adds real residual adaptation; and BeyondMimic [10] and
OmniClone [9] connect tracking to generative or engineering-oriented teleoperation. GMT [2],
Any2Track [22], KungfuBot2 [4], and SONIC [13] expand universal tracking in data and compute
scale. MimicLite complements this work by improving tracking quality while reducing training
GPU-hours through a high-throughput, reproducible data-to-deployment stack.

Tracking as a downstream prior. Tracking policies increasingly serve as execution priors
for teleoperation, demonstration collection, visual interaction, loco-manipulation, and multi-
modal control. HDMI [19] and HumanX [17| connect human videos with humanoid interaction
skills, while WholeBodyVLA [6] and UniAct 7] connect whole-body motion representations to
higher-level action or multimodal policies. Efficient tracker training benefits these directions
because low-level interfaces, observations, and deployment assumptions often change with the
downstream task.

LAB
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3 System and Method

3.1 Motion Data Layer

MimicLite uses robot generalized coordinates, paired with a robot-model reference, as the canon-
ical on-disk motion representation. This serves as a minimal exchange representation: Cartesian
body positions and orientations are derived from the same configuration and therefore need not
be duplicated in every motion file. The compact format reduces storage and network-transfer
overhead, making motion datasets faster to download and distribute. Motions from LAFAN,
100STYLE, SONIC, and Pico-collected Real data are normalized into this representation; Fig-
ure 2 summarizes the current motion libraries.

Unified Motion Dataset Statistics
Total Duration 1/ h Motion Length Distribution

LAFAN 1 “

mOSTYLE‘/\//\/V/\/\JM/’/\/\/\/\/
SONIC /\
Real ’ \ M /\

0.1 g 10 100 0 1000 2000 3000 4000 5000 6000 7000 8000
Log scale Motion Length (frames)

LAFAN

100STYLE

SONIC

Real

Figure 2: Unified motion datasets used by the tracking pipeline. LAFAN provides high-dynamic
reference motions, 100STYLE adds stylized gait diversity, SONIC provides larger-scale motion
coverage, and Real contains Pico-collected deployment-like inputs.

Compact storage creates a computation tradeoff because training consumes dense kinematic
quantities, including body positions and orientations, that are not stored in the exchange rep-
resentation. Recomputing forward kinematics whenever a dataset is loaded would reduce the
benefit of the compact format. MimicLite resolves this tradeoff with a persistent dataset-level
FK cache. On the first load, the loader computes forward kinematics once over the dataset and
materializes the derived states required by training. Subsequent loads read these compute-ready
states directly from the cache. The source dataset therefore remains compact for exchange and
storage, while repeated training runs avoid redundant FK computation.

3.2 Task, Observation, and Action Interface

The task is full-body humanoid motion tracking. At each control step, the policy receives robot
proprioception and a reference-motion command, then predicts target joint positions. Before
execution, these targets are scaled by joint-specific action ranges, passed through randomized
delays, and interpolated over time to mimic the latency of the real robot. A low-level PD
controller then converts the processed targets into torques. This design keeps the action interface
used during training consistent with deployment.
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Observations are organized into three groups:

e policy: deployable proprioception, including root angular velocity, projected gravity, joint
positions, joint velocities, and recent actions.

e command: a short four-frame window of future reference motion.

e priv: training-only information for the critic, such as applied torques, body height, and direct
tracking-error signals.

The actor receives policy and command, while the critic also receives priv. The four-frame
window anticipates upcoming motion without compromising interactive latency.

3.3 Rewards and Termination

Rewards combine tracking objectives for root and local-body pose and velocity, joint positions,
and joint velocities with regularization terms for action-rate jitter, excessive joint velocity, joint-
limit violations, self-collision, and foot sliding. Each tracking reward uses an exponential error
form:

T = wi exp(—ex/ok), (1)

where ey, is the corresponding pose, velocity, or joint-space error.

Termination captures sustained tracking failure: an episode terminates when root-orientation or
local body-position error exceeds its threshold for the configured number of consecutive steps.
Because global root drift is only partially observable from deployable policy inputs, exceeding
its bound truncates the rollout rather than constituting failure termination.

3.4 Training Stack

The training stack is built on Roboparty/MimicLite. The environment owns simulation step-
ping, motion sampling, observation construction, reward computation, and termination logic,
while the algorithm owns PPO optimization. This separation keeps task and simulation logic
independent of the optimizer implementation.

PPO training uses fixed-length rollouts, GAE, clipped policy updates, and entropy regulariza-
tion:

L£PPO — _E, [min (ptflt,clip(pt, 1—€1+ G)At> — BaH(r(- | Ot))} : (2)

To examine whether system-level efficiency gains are specific to one optimization paradigm,
MimicLite supports both on-policy and off-policy training. PPO provides the primary on-policy
path described above, while the same environment and task interfaces also support an off-policy
SAC path, keeping the tracking system fixed while changing the optimization and data-reuse
strategy.

For the off-policy comparison, we train SAC with replay, double Q networks, automatic entropy
tuning, and an unsquashed Gaussian policy to test whether sample reuse reduces fresh interaction
and accelerates early learning. Under the matched protocol, PPO yields stronger long-horizon
completion, while SAC serves as a sample-reuse baseline.
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3.5 Deployment Interface

MimicLite’s deployment interface connects trained trackers to both MuJoCo validation and phys-
ical G1 execution. Its design addresses three practical requirements: accommodating codebase-
specific observation conventions, isolating hardware-specific communication, and maintaining a
temporally continuous motion reference.

The modular observation interface separates policy-specific input construction from the shared
deployment runtime. Importing a policy trained in another codebase requires an observation
class that reconstructs its expected inputs and a YAML specification that defines their ordering
and parameters; the inference, simulator, and robot interfaces remain unchanged. We have used
this interface to integrate policies from HEFT, TeleopIT, Humanoid-GPT, BFM-Zero, SONIC,
and TWIST2. The same adapter is used for integrated MuJoCo evaluation and real-robot
execution, allowing each imported policy to follow a common path from matched evaluation to
deployment.

Policy inference is decoupled from robot I/O through a common robot-state and joint-command
interface shared by interchangeable MuJoCo and physical-G1 backends.

For live teleoperation, a timestamped reference buffer aligns and interpolates the policy’s future-
motion window. At segment boundaries or after source reconnection, a planar translation and
yaw transform preserves root continuity. During stream stalls, the buffer holds the last valid
transformed frame and sets reference velocities to zero rather than blocking or resetting the
policy. These mechanisms prevent input discontinuities during resets and transient stream fail-
ures.
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4 Results

4.1 MimicLite System Capabilities

We train three MimicLite policy variants that scale actor capacity and distributed rollout size
while keeping 8192 environments per GPU. MimicLite-Small uses a three-layer, 128-unit actor,
MimicLite-Base increases the actor width to 256 units, and MimicLite-Huge increases it to
1024 units. All three policies use a 4000-update training budget. Table 1 summarizes their
configurations and wall-clock times.

Policy Actor hidden dimensions Parallel environments Iterations Wall-clock time
MimicLite-Small [128,128,128] 4 x 8192 4000 3 h 00 min
MimicLite-Base [256, 256, 256] 8 x 8192 4000 2 h 57 min
MimicLite-Huge [1024, 1024, 1024] 32 x 8192 4000 3 h 30 min

Table 1: Training configurations and total wall-clock times for the three MimicLite policy vari-
ants on NVIDIA RTX 4090 GPUs.

The modular observation interface introduced above enables all baselines to use the same eval-
uation path. Figure 3 compares the three MimicLite variants with SONIC [13], HEFT [11],
Teleoplt [1], Humanoid-GPT [16], BFM-Zero [8], and TWIST2 [21] through common MuJoCo
rollouts with aligned termination rules and metric definitions. LAFAN-40 evaluates the ability to
follow dynamic motions using full-motion completion. PHUMA-30 evaluates out-of-distribution
motion tracking. Root-8 consists of Pico-recorded walking commands in forward, backward,
and lateral directions and evaluates global root tracking using final XY displacement error. The
larger MimicLite policies retain more progress on dynamic LAFAN motions, while SONIC and
HEFT remain strongest on selected PHUMA-30 metrics. MimicLite-Huge also reduces final XY
root displacement error relative to SONIC and TWIST2 in all three directions.

Unified Cross-Codebase Evaluation
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Figure 3: Unified MuJoCo evaluation of nine imported policies. Progress is reported on LAFAN-
40 using complete motion lengths and on PHUMA-30 using a 2000-step horizon. Root-8 reports
final XY displacement by direction. PHUMA-30 local body-position error uses each frame’s
pelvis XY and projected-yaw frame while retaining world-frame height. Bars report means over
the selected motion sets.
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4.2 Simulation and Real-Robot Deployment Results

The shared policy interface also supports real-time teleoperation. In MuJoCo, Pico motion input
is converted online into reference-motion commands; the policy then reads the robot state and
reference windows and outputs low-level joint targets. Figure 4 shows representative frames
from this loop, demonstrating that the policy handles streaming human input in addition to
fixed ofHline motion files.

Figure 4: Eight representative frames from real-time MuJoCo teleoperation. The policy tracks
streaming reference-motion input with the same interface used for offline replay and real-robot
deployment.
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The final policy transfers from MuJoCo validation to a real G1 execution loop without changes
to its logic. Pico input is converted into reference motions, the policy produces low-level control
targets, and the robot bridge sends those targets to the hardware. The resulting interface
supports low-latency real-time control. Figure 5 shows representative real-robot frames for
turning, side stepping, shuttle running, kneeling down, and standing up.

Figure 5: Representative frames from real-robot teleoperation. Rows show turning, side step-
ping, shuttle running, kneeling down, and standing up; columns show four moments within each
motion.
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4.3 Why MimicLite Is More Efficient

MimicLite’s efficiency has two components: system throughput and learning efficiency. We re-
port system throughput as environment frames simulated per GPU per second and aggregate
GPU-hours for a fixed 4000-update training budget. Learning efficiency is the tracking perfor-
mance achieved by the resulting checkpoint under that budget.

Three implementation choices account for the high system throughput. First, MimicLite uses
the mjlab backend for its main training runs. Its batched, GPU-native MuJoCo execution
keeps the headless simulation loop compact and scales to thousands of environments per GPU;
Figure 6 separately measures the backend contribution by running the same Huge-aligned task
through mjlab and IsaacLab. Second, the tracking workload repeatedly converts reference and
robot body states between world, root-yaw, and local frames. MimicLite compiles these body-
transform, quaternion, future-reference, and tracking-error computations with torch.compile.
Compilation fuses tensor operations across the environment and body dimensions, reducing
Python dispatch and intermediate-kernel overhead in the per-step path.

Third, large motion libraries cannot be replicated in full on every GPU. The loader therefore
partitions motions into disjoint, motion-aligned rank shards before selecting the runtime storage
strategy. Each rank places only its local FP16 shard on the GPU, while the shards collectively
cover the complete filtered dataset. This reduces per-rank dataset memory and avoids redundant
host-to-device traffic without changing the simulator or PPO code. When even a shard cannot
remain resident, the same partition stage feeds a windowed runtime with persistent GPU pools
and asynchronous prefetching. Together, these choices reduce the three main sources of per-step
overhead: simulation, tracking-state computation, and motion-data movement.

Per-GPU Training Throughput 1 / kFPS GPU-hours / GPU h
21,000
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4 4
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Figure 6: Training efficiency. Throughput is averaged over the final 32 of 100 updates using
eight GPUs, 4096 environments per GPU, 32 steps per update, plane-terrain LAFAN motion,
and Huge-aligned networks. GPU-hours use the 4000-update RTX 4090 results for Huge, Base,
and Small, together with SONIC’s reported total.

A major factor affecting learning efficiency is root-drift handling. The deployable policy does not
observe absolute world-frame root position, yet horizontal drift accumulates over long sequences.
If drift is unconstrained, the global root reward depends on an absolute target that the policy
cannot infer: similar observable states can receive different rewards as their hidden displacement
changes. The bounded reward also decays toward zero at large errors, leaving too little signal
to recover. This weak and ambiguous objective can interfere with otherwise valid local pose and
velocity tracking.

Treating drift as failure creates the opposite problem. Horizontal displacement does not neces-
sarily mean that the local motion has failed, but failure termination labels the trajectory as a

10
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negative example, removes value bootstrapping, and stops exploration of highly dynamic motion.
MimicLite instead truncates the sampled segment beyond 0.4 m while retaining value-function
bootstrapping. Truncation keeps the global target in a meaningful range without turning a
partially observable displacement into motion failure.

We compare SONIC, MimicLite, and MimicLite* on the same LAFAN-+100STYLE+Real mix-
ture. The SONIC policies here are our 4,000-update, 8 x 8192-environment ablation runs, not
the released policy in Figure 3. MimicLite* keeps MimicLite’s codebase, data, algorithm, and
network but adopts SONIC-aligned strict local-body termination, isolating the effect of the
non-root termination set. For each configuration we compare root-drift truncation, failure ter-
mination, and no constraint. Global root error measures long-horizon drift, SONIC-subset local
body-position error measures pose tracking, and LAFAN progress exposes settings that obtain
low error only by ending difficult trajectories early.

Effect of Root-Drift Handling on Tracking Performance

Global Root Error | / m

25 SONIC MimicLite MimicLite*
20
1.5
1.0
0.5
0.0
Forward Backward Sideward Forward Backward Sideward
Progress 1/ % Local Body Position Error | / mm

MimicLite* SONIC MimicLite MimicLite*

ih.L

LAFAN SONIC subset SONIC subset

MimicLite

Root-drift truncation Root-drift termination 3 No root-drift constraint

Figure 7: Root-drift handling under default and strict local-body termination. MimicLite*
applies SONIC-aligned strict local-body termination to MimicLite. Each configuration varies
root handling among truncation, failure termination, and no constraint; errors are lower when
better, while progress is higher when better.

Figure 7 shows three consistent effects. First, removing the root constraint greatly increases
global error for SONIC, MimicLite, and MimicLite* across walking directions, confirming that
the saturated root reward cannot correct long-horizon drift by itself. Second, both truncation
and failure termination reduce global error, but failure termination gives the default MimicLite
policy a worse overall tradeoff: local error rises and LAFAN progress falls relative to truncation.
This is consistent with the hard failure signal disrupting local-pose learning and dynamic-motion
exploration.

Third, the MimicLite-MimicLite* control shows why local termination must be matched. The
strict SONIC-aligned set removes difficult trajectories early, making local errors appear closer
while reducing progress; failure termination gives the lowest MimicLite* progress. Strict local
termination therefore masks part of root handling’s effect instead of improving the overall trade-
off. Root-drift truncation provides the best balance of global tracking, local pose accuracy, and
dynamic-motion completion.

11
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5 Compute Ablations

The compute ablations use PPO and distinguish training dynamics from final matched eval-
uation. LAFAN progress is measured with a 512-environment mjlab rollout and horizon nor-
malization by min(motion length, 2000). SONIC-subset local body-position error follows the
same mjlab protocol. Global root error is measured by integrated sim2sim evaluation on the
eight-motion root-tracking set, using final XY displacement for forward, backward, and sideward
motions. Final-evaluation bars report mean metrics over the selected motion sets.

5.1 Environment Scale

The fixed-total-environment group compares 1 x 4096, 2 x 2048, 4 x 1024, and 8 x 512. Figure 8
shows consistent training dynamics across distributed configurations with 4096 total environ-
ments, indicating that distribution preserves the effective PPO recipe.

PPO Training Curves with 4096 Total Environments
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Figure 8: PPO training curves at fixed total environment count. Different parallelisms with the
same 4096 total environments show consistent dynamics.

12
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PPO Training Curves with 8 GPUs
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Figure 9: PPO training curves at fixed 8-GPU hardware scale. Larger per-GPU environment
counts change training dynamics.

Final PPO Evaluation at Fixed 8-GPU Scale
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Figure 10: Final evaluation at fixed 8-GPU hardware scale. Increasing parallel environments
improves LAFAN progress and direction-split global root tracking.

The fixed-8-GPU group compares 8 x 1024, 8 x 2048, 8 x 4096, and 8 x 8192. Figures 9 and 10
show that increasing the per-GPU environment count improves final tracking quality, particularly
LAFAN progress. The 8 x 8192 setting therefore remains the practical default when final policy
quality is the priority.

5.2 Architecture and Parameter Scale

The module ablation fixes training at 8 x 8192. Width scaling compares small, base, large, and
huge actors; it tests capacity at fixed depth, where final-quality gains are clearer than monotonic
training-speed gains. Depth scaling adds base-deep and large-deep variants.

13
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Configuration  Actor hidden dimensions  Configuration  Actor hidden dimensions
small (128,128, 128] huge (1024, 1024, 1024]

base (256, 256, 256] base-deep (256, 256, 256, 256, 256]
large [512,512,512] large-deep [512,512,512,512,512]

Table 2: Policy-network configurations in the PPO module-scale ablation.

PPO Width Scaling at Fixed 8 x 8192 Training Scale
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Figure 11: Training curves for width scaling. Wider actors increase model capacity but do not
exhibit uniformly better optimization behavior.

Final PPO Evaluation for Width Scaling
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Figure 12: Final tracking quality for width scaling. Increasing actor width generally improves
matched-evaluation performance.

Increasing actor width generally improves final tracking quality, although wider models do not
show uniformly better optimization behavior during training. Figures 11 and 12 show that width
scaling improves several matched-evaluation metrics, but the corresponding training curves do
not improve monotonically with model size.
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Figure 13: Training curves for depth scaling. Deeper actors can show worse reward-side tracking

curves.
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Final PPO Evaluation for Depth Scaling
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Figure 14: Final tracking quality for depth scaling. Deeper actors can still improve matched
final evaluation.

Depth scaling shows that better final tracking need not coincide with better training curves.
Figures 13 and 14 show worse reward-side tracking curves for deeper actors, especially local
body tracking, while selected final metrics can still improve. Network depth therefore changes
optimization behavior, so architecture choices should be judged by matched final evaluation

rather than intermediate reward curves alone.
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PPO Exploration Scale During Depth Scaling

Actor Mean Std
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Figure 15: Actor standard deviation during depth scaling. Deeper actors maintain a larger
exploration scale during PPO updates.

Figure 15 helps explain the mismatch with the reward curves: deeper actors maintain higher
action standard deviation during much of training, increasing exploration noise and altering
the optimization trajectory. The depth comparison must therefore be interpreted using both
training dynamics and final evaluation.

5.3 Ablation Summary

Taken together, the ablations reveal four consistent trends:
e At a fixed total environment count, redistributing environments across GPUs leaves the train-
ing dynamics largely unchanged, indicating stable distributed scaling.

e On fixed eight-GPU hardware, increasing the number of environments per GPU improves final
tracking quality; we therefore adopt 8 x 8192 as the default setting.

e Increasing actor width generally improves matched-evaluation performance, while the large
three-layer actor provides the strongest balance between tracking quality and computational
efficiency.

e Additional depth improves some final metrics but also increases exploration noise and makes
optimization less consistent, producing no uniform benefit.
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6 Discussion

System-level sources of efficiency. MimicLite’s efficiency comes from the joint design of
simulation throughput, parallel rollout scale, policy capacity, and termination semantics. The
mjlab backend increases headless simulation throughput, large parallel rollouts improve final
tracking, and root-drift truncation preserves a consistent learning target. Together, these choices
reduce training GPU-hours and shorten the iteration cycle for changes to data, observations,
rewards, and termination settings while preserving strong matched-evaluation performance.

Limits of the current evidence. The evidence is strongest for simulation tracking, training
efficiency, and the real-time teleoperation pipeline, but remains limited for broad quantita-
tive real-robot evaluation. The physical-robot results demonstrate live operation and motion
coverage; broader claims of hardware robustness will require standardized real-world trials, dis-
turbance tests, and systematic failure analysis.

Architectural scope. The policy study is restricted to feed-forward MLP actors. We do
not evaluate transformer-based or flow-matching architectures, so the architecture ablations
characterize scaling within the MLP family rather than establishing an architecture-independent
optimum.

Use as a downstream prior. MimicLite’s value extends beyond the retained policy to the
ability to retrain and modify the low-level tracker efficiently as downstream projects change
cameras, action interfaces, teleoperation latency, reward terms, or data distributions. It therefore
provides a reusable base layer for subsequent teleoperation, data collection, and whole-body
manipulation work.

7 Conclusion

MimicLite demonstrates efficient general humanoid motion tracking through system co-design.
Its Small, Base, and Huge PPO policies train in a few hours; increased scale improves dynamic-
motion following, and MimicLite-Huge reduces Root-8 global root error relative to SONIC and
TWIST2 while remaining competitive on PHUMA-30. The modular observation interface uni-
fies external-policy evaluation and deployment, while one G1 policy supports low-latency Pico
teleoperation and highly dynamic motions.

The ablations show stable distributed scaling, gains from parallel environments and actor width,
no consistent benefit from added depth, and a better learning target from root-drift truncation.
These findings motivate joint design of throughput, rollout scale, capacity, and termination. The
study remains limited to MLP actors and primarily qualitative hardware results; future work
should evaluate transformer and flow-matching policies and standardize real-robot benchmarks.
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