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Figure 1: Sim-to-real transfer of efficient, precise, and dynamic humanoid behaviors. Contact-
UAN enables residual world model learning from hardware trajectories with contact by inferring
contact-consistent simulator reset states from onboard proprioception. The resulting residual world
model constrains policy learning to actuator-feasible behaviors.

Abstract: Humanoid policies trained in simulation can transfer qualitatively to
hardware while failing to transfer the force interactions learned during training,
compromising torque efficiency, load regulation, and robustness to impacts. This
failure can arise from actuator sim-to-real gaps because forces depend on actua-
tor torques. We introduce Contact-UAN, a residual world model that preserves a
simulator’s physics priors while correcting the actuator command channel to align
simulated rollouts with recorded hardware rollouts. For humanoid motion with
contact, this requires contact-consistent replay: if hardware playback in simula-
tion begins with misaligned contact wrenches, the residual model learns to correct
reset artifacts rather than actuator discrepancies. Using only onboard propriocep-
tion, Contact-UAN infers the simulator-side stance-foot pose needed to initialize
replay with consistent contact forces. We show that a UAN trained on 6.5 minutes
of real-world walking data generalizes to tasks that benefit from accurate force
and impulse regulation and produces policies that transfer seamlessly to the real
world, yielding 20% lower running torque, 43% lower force-tracking error, ex-
treme compliance, accurate impedance control, and dynamic, robust jumps.
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1 Introduction

Humanoid robots can perform diverse tasks by virtue of their general-purpose morphology, and
recent advances in learning-based control within physics simulators have enabled increasingly com-
plex behaviors [ 1—4]. For sim-to-real humanoid control, qualitative motion transfer is only a coarse
measure of success; the robot must also generate force profiles with the magnitude and timing
needed to move efficiently, regulate loads, and absorb impacts. Policy optimization can exploit
imperfect actuator dynamics, producing policies that may transfer qualitative motions but not force
interactions, leading to excessive torques, poor commanded-force tracking, or failures during high-
impulse phases (Section 4.2). Because these forces are mediated by joint torques, we study how
improving the actuator model used during policy training reduces force-level sim-to-real gaps.

The actuator model fidelity required for sim-to-real transfer is task-dependent: simple models may
suffice for quasi-static behaviors, while behaviors such as efficient running, force tracking, jumping,
and landing depend on accurate actuator response, force generation, and impact absorption. Analytic
simulators [5, 6] provide useful physical structure, yet they often approximate actuator effects such
as torque saturation and load-dependent nonlinear friction, precisely the effects that shape ground-
force generation, external-force regulation, and impact absorption [7, 8]. Domain randomization
improves robustness by training over parameter ranges, but it can produce conservative policies that
under-utilize hardware [9-12]. Online adaptation and SysID can recover performance by estimating
dynamics parameters, but require choosing which simulator parameters to randomize and identify [1,
2, 13—17]. Fully learned world models (WMs) take another approach: fit dynamics directly from
data and can, in principle, capture effects omitted by analytical simulators [18-21], but must model
the full robot-environment dynamics needed for policy optimization. We therefore follow prior
work in residual modeling and actuator learning [7, 22—27]: retain the physical priors of an existing
simulator and learn only the sim-to-real gap in the actuator command channel.

Learning such an actuator-channel residual to improve downstream transfer requires a training sig-
nal. Supervised actuator networks use measured motor torques as this signal [7], but reliable output
torque sensing is unavailable on many humanoid platforms. Without such labels, residual methods
can use trajectory replay-based training instead: reset the simulator to a recorded hardware state,
apply the recorded commands, and train residual commands so the simulated rollout matches the
recorded hardware trajectory [8, 28]. Critically, this objective isolates modeling error only if re-
play begins from a hardware-equivalent simulator state. Otherwise, the residual model may learn to
correct simulation reset artifacts rather than underlying actuator discrepancies.

Matching a given hardware state in simulation is a kinematics problem for suspended, free-space
motions [8, 15]. However, such motion lacks the contact information needed to capture load-
dependent actuator behavior during stance, force generation, impact, and landing. He et al. [28]
collect data with contacts and use a motion capture system to provide ground-truth body poses.
However, consider a humanoid robot standing still: on hardware, ground-reaction forces balance its
weight, but initializing a soft-contact simulator with the feet exactly at the ground surface may not
produce equivalent forces. Instead, matching the hardware force interaction requires introducing
slight ground penetration via adjustments to the simulated foot height and orientation, not a precise
height measurement. This is necessary because millimeter-scale foot-height and degree-scale orien-
tation errors can substantially change simulated contact wrenches (Fig. 3). These observations point
to a critical need to address contact-consistent state initialization for replay-based residual learning.

We introduce Contact-UAN, a residual world-modeling approach to training humanoid policies for
force- and impulse-sensitive behaviors. The core contribution is contact-consistent state initializa-
tion from proprioception, which enables replay-based residual learning from hardware trajectories
with contacts. From proprioception alone, Contact-UAN infers the simulator-side stance-foot pose,
including the small ground penetration and tilt needed to initialize replay with contact wrenches
consistent with the hardware trajectory, together with the base velocity needed to complete the reset
state. With replay initialized in this contact-consistent state, the UAN residual can learn to correct
true actuator modeling errors in simulation.
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Figure 2: Our proprioceptive state estimation framework. Figure 3: Contact-wrench sen-
Simulation supervision maps load-dependent proprioceptive cues sitivity. A mm-scale height er-
to the simulator-side stance-foot pose consistent with them under ror substantially changes force,
the soft-contact model. Equations (4)—(6) fuse confident contacts and a degree-scale pitch error
into the root pose used for hardware replay in simulation. substantially changes moment.

We evaluate Contact-UAN on a Unitree G1 using the state-of-the-art BeyondMimic sim-to-real
recipe as the nominal simulator [2, 29], and compare against the same pipeline without UAN (Sec-
tion 4). We choose downstream tasks that expose distinct actuator-sensitive force and impulse
regimes: running requires torque-efficient ground-force generation, force control and impedance
require accurate external-force regulation, and jumping requires takeoff impulse and landing ab-
sorption. A single UAN trained from 6.5 minutes of real-world walking data improves transfer
across all of these behaviors. On held-out running replay, the UAN-augmented simulator reduces
the aggregate torque-usage gap to hardware by 69.2%, showing that it gives policy learning a more
accurate torque signal. Training in this corrected simulator yields a running policy that preserves
velocity tracking while reducing measured hardware torque usage by 20% relative to the no-UAN
baseline. The same residual reduces force-tracking error by 43% and enables robust jumping poli-
cies that fail without UAN (Section 4.2). Ablation experiments further show that Contact-UAN can
close larger actuator gaps and is more data-efficient than fully learned WMs (Section 4.3).

2 Method

Contact-UAN has three stages (Fig. 4): relabel hardware data for contact-consistent replay initial-
ization (Section 2.1); train the UAN residual (Section 2.2); and train downstream policies in the
augmented simulator (Section 2.3). Only the task policy runs on hardware.

2.1 Contact-Consistent Replay Initialization

Accurate replay requires each window to begin with simulated contacts that reproduce hardware
contact wrenches. Onboard sensing provides neither the contact wrench nor absolute base height,
and reconstructing global pose is inadequate because soft-contact wrenches depend on simulator-
specific, millimeter-scale foot penetration and tilt (Fig. 3). We therefore infer the simulator-side
contact-consistent reset state from proprioception.

Contact affects joint motion and IMU response, making contact wrenches inferable from a short
proprioceptive history [4, 30]. The state estimators assume flat terrain, enabling use of a root-zy and
-yaw invariant frame. They predict contact probabilities, stance-foot pose, and base linear velocity
from a K -step history of IMU measurements, joint states, and previous joint targets.

Although proprioception could be used to estimate contact force directly, a force estimate alone
does not specify the simulator state used at reset. We therefore regress simulator-side stance-foot
pose, learning in one step the map from load-dependent proprioception to the penetrating height
and orientation that reproduce the contact wrenches. Initialization from this pose avoids separately
inverting the simulator’s contact model. It is critical that absolute base height is omitted from the



a) UAN Training b) Policy Training c) Deployment
hw _cmd| Simulator

Proprioceptive Replay
9 4

"QF 2 ~®—
Recorded proprioception m .
Weight | M
| update i (o Rolloull
#State
Estimation

- Balse ty ::omact
\ velocif rame )
Figure 4: Contact-UAN. a) Train a UAN to add joint-position target corrections to reduce simulation
transition error relative to recorded hardware data, with base velocities and contact poses labeled via
proprioceptive state estimators. b) Train a task policy in the UAN-augmented simulator with no
robot-specific domain randomization. ¢) Deploy only the learned policy on hardware.

base _cmd| Simulator

9t 4t

'y

Weight 3
3 ) H updgle Oy Rollout
Reinforcement Learning|
== Al = ™|l Reinforcement Learning
||||| y! 2

= A 8. — Sqi-1 13

us
Oy

observations: otherwise, the estimator can minimize its simulation loss by copying height rather
than using load-dependent cues. This shortcut need not transfer because hardware height may differ
from the simulator height that reproduces the same contact force.

We first estimate contact status and train the pose regressors only on stance samples. Swing poses
largely map to zero contact wrench, so their variation dominates the objective without informing
the contact model. In stance, however, small pose differences strongly affect the wrench: in our
MuJoCo model (Table 4) [6], a +2 mm root-height offset reduces normal force by roughly 50%,
while a —2° pitch offset changes the support moment by roughly 45% (Fig. 3). Stance conditioning
therefore focuses the regression on the contact-sensitive variation needed at reset (Figs. 5 and 6).

Each confident stance-foot estimate yields a candidate root height and orientation through forward
kinematics. We fuse candidates using contact-probability weights and discard windows with no
confident contact; full equations are in Appendix A.4. Because the estimators are trained in simu-
lation, their key transfer assumption is that load-dependent proprioceptive cues remain informative
across domains. Figure 5A probes this assumption in controlled sim-to-sim: the stance estimator,
trained in the base simulator, achieves low contact-height error in the hard target simulator despite
actuator perturbations. Figure 5SB—C provide complementary end-to-end evidence through improved
hardware replay. The estimators are used only for offline relabeling and are absent from downstream
policy training and deployment. Together with estimated base velocity, the fused root pose initializes
contact-consistent UAN replay, enabling the UAN to learn to correct actuator discrepancies rather
than simulator reset artifacts.

2.2 UAN as a Residual World Model

Let s; denote the robot state and let a; denote the action. The real robot transition is f(s;, at),
while the baseline simulator transition is fsim (s, a+). We learn a residual model p that corrects the
simulator input rather than the simulator state:

min B, a,) £ (st ae) = fuom (52, e+ p(of)) 5] - ey

In implementation, 4 outputs a residual correction dg; that is added to a base target ¢P2*:
;™ = ¢ + 0, g = p(of). ©)

During UAN training, ¢P®° = ¢I'V is the recorded replay target, and during downstream policy
training, g2 is the policy output. The UAN therefore preserves the simulator’s rigid-body dy-
namics, actuator implementation, contact solver, and numerical integration; it only modulates the
command that those existing simulation components integrate forward.

UAN observations and architecture. The UAN observes joint-local tracking signals over a short
history. For each joint, the observation history contains the target-position error and joint velocity,

of = [(¢"° = Q)e—m,+1:0, G—p, +1:1 - ©)
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Figure 5: State estimation ablation and UAN fit. (A) compares contact-height estimates in simu-
lation of an estimator trained on both stance and swing data (direct) versus only stance data (stance,
ours). Both estimators were trained on base simulation data and evaluated in the hard target envi-
ronment (Sec. 3). Panel (B) reports 24-step hardware replay joint-position MSE on WTW training
data, and (C) shows hardware replay knee trajectories on running validation data.

This compact observation limits the residual model to local actuator-tracking information to avoid
overfitting [7, 8]. In our experiments we set I, = 3 (60 ms).

To improve data efficiency, we share network parameters across joints with identical actuator hard-
ware [7, 8]. Each actuator type has its own two-layer MLP with hidden dimensions (128, 128) and
ELU activations. This enforces a hardware-structured residual model while having enough capacity
to model actuator-specific nonlinearities.

Data collection. We collect data by executing a Walk-These-Ways-style policy [31] on the robot
(details in Appendices), enabling changes in gait frequency and swing height to produce trajecto-
ries with diverse stance durations, swing speeds, impacts, and load-dependent tracking errors. We
record onboard proprioception: measured base angular velocity, projected gravity, joint positions
and velocities, and commanded joint targets.

UAN task design. The UAN is trained in a replay environment built from labeled hardware win-
dows via the PPO algorithm [32]. At reset, each simulated robot is initialized from a randomly sam-
pled valid replay window. We use a plane terrain, 4096 parallel environments, a 24-step (480 ms)
replay horizon, and PPO rollouts of the same length. The reward penalizes joint-position MSE,
joint-velocity MSE, and residual-rate magnitude. This replay task encourages the UAN to learn
corrections that make simulated joint transitions match hardware while discouraging unnecessarily
high-frequency residual commands to aid with exploration.

2.3 Policy Training and Deployment

After UAN training, we freeze its weights and insert it into downstream task training as a deter-
ministic residual correction. We remove all robot-specific DR, but still randomize the terrain mesh,
ground friction, and external pushes to encourage robust, deployable behaviors. The task policy out-
puts joint-position targets, but the simulator receives the UAN-corrected target from Eq. (2). This
exposes the downstream policy to actuation behavior closer to the hardware, so high-reward behav-
iors must remain feasible under the corrected actuator response. At deployment, only the learned
task policy is run on the robot.

3 Experimental Setup

We evaluate Contact-UAN on a 29-DoF Unitree G1 humanoid, which has a small sim-to-real gap
relative to larger commercially available humanoids such as the Unitree HI/H1-2, due to its quasi-
direct-drive actuators and low-inertia limbs. The nominal simulator follows the BeyondMimic/mjlab
G1 sim-to-real recipe [2, 29], including its PD gains and identified armature values, and serves as
our strong baseline when trained without the UAN.

To train the UAN, we deploy a Walk-These-Ways-style policy [31] on hardware for 6.5 minutes
while varying commanded speed, gait frequency, and swing height. We record onboard propriocep-
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Figure 6: Open-loop rollouts. We set the initial simulator state Figure 7: Torque replay gap.
to the estimated state and rollout recorded hardware actions. Our Contact-UAN better matches
estimated simulator reset state is in blue. (A) uses a foot height held-out left (A) and right (B)
estimator trained on both stance and swing data; (B) uses our esti- knee torques and reduces ag-
mator trained on only stance data to align initial contacts; (C) uses gregate all-joint net torque-
our estimator and the UAN to close the actuation gap. usage mismatch by 69.2% (C).

tion: base angular velocity, projected gravity, joint positions and velocities, and commanded joint
targets; then relabel each hardware window with base velocity and pose following Section 2.1.

For downstream evaluation, we train running, force-control, and jumping policies in the frozen
UAN-augmented simulator with no robot-specific DR, and compare against the same tasks trained
in the nominal simulator. These tasks are chosen because their performance benefits from accurate
actuation while the robot exchanges forces with the environment: running benefits from efficient
ground-force generation, force control and impedance from precise external force regulation, and
jumping from impulse generation and impact absorption. Running follows the mjlab G1 velocity-
tracking task [29]; force control adapts legged force-control objectives [30]; and jumping follows a
BeyondMimic-style motion-tracking setup [2], followed by fine-tuning for higher jumps and softer
landings. Details for all tasks are in the Appendix.

For controlled sim-to-sim evaluation, we construct easy, medium, and hard target simulators by
scaling deterministic actuator perturbations to damping, friction loss, action delay, encoder bias,
and armature; exact values are in Appendix E. We also compare against RWM-U-style fully learned
offline WMs [33], trained from scratch or fine-tuned from the base policy using 33 hours of target
transitions, 400x more than the UAN training data; details are in Appendix F.

4 Results

4.1 Residual World Model Accuracy

Does our estimation pipeline accurately recover foot penetration? We evaluate the contact-pose
estimator in the hard sim-to-sim setting, where ground-truth contact pose is available. Fig. 5A
shows that directly regressing foot height over all gait phases yields large errors, because swing-foot
variation dominates the supervised objective. In contrast, our contact-conditioned estimator, which
first identifies contact status and then estimates pose only for confident contacts (at stance), reduces
contact-height RMSE by an order of magnitude. This shows that the proposed estimation pipeline
provides sufficiently accurate contact initialization for replay-based residual learning.

Does Contact-UAN reduce the sim-to-real gap? Relabeling alone improves over direct initializa-
tion, but the remaining error reflects actuator mismatch between the nominal simulator and the robot.
Adding the UAN trained from WTW data further reduces 24-step joint-position MSE (Fig. 5B) and
produces knee trajectories that closely match hardware on held-out running data (Fig. 5C). We visu-
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Figure 8: Improved running and force control sim-to-real transfer. UAN running policy re-
tains tracking ability (A) while improving efficiency (B). The baseline marker at 3.0 m s~ denotes
protection-triggered safe damping rather. UAN force policy reduced average force tracking error by
42.8 + 12.1% (C). Both baselines were trained with BeyondMimic-style Sysld [2].

alize the effects of ablating the UAN and our estimation approach when doing open-loop playback
of hardware data in Fig. 6. To directly measure the actuator sim-to-real gap, we replay the same
held-out running hardware commands in the nominal simulator and the UAN-augmented simulator,
using the same relabeled initial states. We define aggregate torque usage as U(7) =}, . |7 ;| over

the replay horizon, and report the relative error |U (757™) —U (7"*)| /U (7"*"). The UAN-augmented
simulator better matches hardware left- and right-knee torques and reduces aggregate all-joint net
torque-usage mismatch by 69.2% relative to the nominal simulator (Fig. 7). Because both simulators
use identical commands and initial states, the reduced torque mismatch reflects improved actuator
modeling on motions with contacts.

4.2 Sim-to-Real Task Transfer

Does Contact-UAN improve torque efficiency? We compare the baseline and UAN policy at
commanded forward speeds of 1.0, 2.0, and 2.5 ms~!. For each policy and command, we run five
hardware trials over a fixed 30 ft course. We compute achieved speed from the traversal time and
log joint torques over the same interval to measure torque usage. The UAN policy preserves velocity
tracking while reducing torque usage relative to the baseline policy (Fig. 8A,B). Since both policies
achieve similar speeds, the torque reduction reflects improved efficiency rather than reduced task
execution. The UAN policy also transfers to a 3.0 m s~ command, achieving 3.134+0.06 ms~! on
hardware (Fig. 1A). In contrast, the baseline policy triggers motor-overheating protection and enters
safe-damping mode after a few seconds of tracking this command.

Does Contact-UAN improve force control precision? We evaluate end-effector force tracking
using a dynamometer. For each policy and commanded force, we perform four hardware trials,
increasing the commanded downward force in increments of 5 N. The robot is connected to the
dynamometer through an exercise band, requiring whole-body coordination rather than solely arm
motion to realize the commanded force (Fig. 1B). The UAN force policy reduces overall force-
tracking error by 42.8 + 12.1% relative to the baseline (Fig. 8C). The improvement is largest at
higher commanded forces, where the robot must bend its legs and coordinate lower-body posture to
generate the desired force, increasing sensitivity to actuator-modeling errors. At zero commanded
force, the UAN policy is qualitatively compliant: the end-effector can be pulled in different direc-
tions while the body flexibly yields rather than resisting (Fig. 1C). We also compose the force-control
policy with a proprioceptive end-effector estimator and PD outer loop to perform impedance position
control. The resulting controller tracks a circular trajectory using onboard sensing alone (Fig. 1D
and Fig. 12), suggesting that Contact-UAN’s force-control gains transfer to higher-level compliant
interaction behaviors; details are in Appendix D.2.

Does Contact-UAN enable robust, dynamic motions? We further evaluate whether the same
residual world model supports highly dynamic motions with flight and impact. We train a jumping
policy in two stages: first tracking a reference jumping motion [2], then fine-tuning to increase
jump height while reducing landing impact. A baseline policy trained without the UAN residual
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Figure 9: Sim-to-sim velocity policy transfer. Poli- Figure 10: Data efficiency of UAN.
cies trained with UAN reach expert-level performance. UAN avoids falling with only 5 minutes
Adding task-specific data makes a negligible difference, of target data, while fully-learned WMs
showing WTW data is sufficient. struggle even with 400X more data.

correction fails to land safely on hardware, indicating that jumping is sensitive to actuator-modeling
errors during takeoff and touchdown. In contrast, the UAN-trained policy transfers successfully
to the real robot (Fig. 1E and Fig. 11): after fine-tuning, it jumps higher by squatting deeper and
generating larger ground-reaction forces, while landing softly and returning to a stable stance. The
policy can also execute consecutive jumps and recover from external disturbances; additional video-
frame sequences and implementation details are provided in Appendix D.3.

4.3 Sim-to-Sim Ablation

Can Contact-UAN overcome larger sim-to-real gaps? To test whether the UAN is effective when
the nominal simulator is substantially inaccurate, we evaluate transfer in sim-to-sim experiments
with progressively larger deterministic actuator perturbations. The WTW UANs were trained on 5
minutes of WTW data, while the WTW+Vel UAN was trained on 5 minutes of WTW data and 5
minutes of running data. Across the easy, medium, and hard target simulators, the baseline policy
degrades sharply as the gap increases, while policies trained with the UAN achieve expert-level
tracking error and torque usage (Fig. 9). Adding task-specific running data to the UAN training set
provides little additional benefit over the WTW data alone, suggesting that this walking dataset is
sufficient to learn a residual model that generalizes to running. These results indicate that the UAN
can compensate for larger actuator-modeling errors than those observed on hardware.

Is Contact-UAN more data-efficient than a fully learned world model? To evaluate data effi-
ciency, we study sim-to-sim transfer of locomotion policies trained with different WMs. A policy
trained in the base physics simulator (analytic WM) collects data in the hard target environment for
training each WM. As shown in Fig. 10, just 5 minutes of the hard target transitions suffices for the
UAN to bridge the dynamics gap and match the expert policy’s survival length in the target environ-
ment. In contrast, fully learned offline WMs, from scratch (WM 33hour) or fine-tuned from the base
policy (WM FT 33hour), yield poor performance even with 400x more data. This data-efficiency
gap highlights the advantage of the UAN’s physics priors: by correcting only the residual actuation
gap rather than learning dynamics from scratch, it generalizes reliably, whereas fully learned WMs
struggle even though all policies achieve high performance in their own training environments.

5 Limitations

Our current Contact-UAN does not capture coupled actuator effects or motor-temperature-dependent
effects [34]. Both are small in practice and often neglected. Coupled actuator effects could be intro-
duced by using a single model that observes the whole body or through cross-attention. Temperature
effects are harder to identify from short datasets because motor temperature evolves slowly relative
to the control loop. Capturing them may also require heat modeling or additional sensors.



6 Related Work

System Identification and Domain Randomization. System identification estimates inertial and
dynamic parameters from robot data, traditionally via least-squares regression on rigid-body dy-
namics [35, 36], with recent geometric, convex, differentiable, and exploration-based variants im-
proving robustness and excitation [37—41]. Other approaches identify simulators as black boxes
using trajectory-matching [15] or distribution-matching objectives [42]. These methods remain lim-
ited by the structure of the chosen parametric model. Domain randomization instead trains over
parameter distributions [9, 10, 43—46], but wide randomization can yield conservative or ineffi-
cient policies [11, 12]. Online adaptation mitigates this by inferring latent dynamics at deploy-
ment [13, 14, 47-49]. Recent humanoid systems have therefore moved toward less randomization
and more accurate models [1, 2, 15]. Our work follows this direction by replacing actuator random-
ization with a residual actuator correction learned from proprioceptive hardware data.

Robotic World Models. Fully learned world models replace hand-designed simulators with dynam-
ics models trained from robot data. Dyna-style approaches alternate data collection, model learning,
and policy optimization through imagined rollouts [20, 21, 50], while RWM and RWM-U extend
this paradigm to legged robots in online [19] and fully offline settings [33]. Such models reduce
the structural bias of parametric simulators but require large datasets and mechanisms to prevent
exploitation outside the data distribution [18]. We instead learn a residual world model: the simula-
tor retains rigid-body dynamics, contact, and integration, while learning is restricted to the actuator
channel. This physics prior reduces required model capacity and mitigates reward hacking.

Residual Models and Actuator Networks. Residual learning combines analytical physics with
learned corrections across object, system, simulator, and calibration levels [22-27, 51]. At the actu-
ator level, supervised actuator networks predict output torques from tracking histories and have en-
abled effective sim-to-real transfer [7], but require torque sensing; current-based alternatives reduce
sensing requirements but cannot capture all gearbox effects [39]. UAN removes torque supervision
by learning residual actions that match real-to-sim joint transitions [8], but was previously demon-
strated only on a quadruped’s arm. Closely related humanoid methods such as ASAP and MOSAIC
also learn residual corrections, but rely on motion capture or target interface-specific gaps rather
than reusable actuator dynamics [28, 52]. We extend UAN to a floating-base 29-DoF humanoid by
using proprioceptive state estimators for base velocity and contact pose, enabling contact-aligned
residual model learning without external sensing.

7 Conclusion

We present Contact-UAN, a residual world-modeling approach for humanoid control that preserves
the structure of an analytical simulator while learning an actuator-level correction from offline pro-
prioceptive data with state estimation. To make replay-based residual learning possible for humanoid
motion with contacts with minimal sensing, we estimate base velocity, contact status, and contact
pose from onboard observations, allowing hardware trajectories to be initialized in simulation with
consistent contact forces. On a humanoid platform, our UAN-augmented simulator enables sim-
to-real transfer of whole-body control policies. Using only 6.5 minutes of real-world walking data
for training, the UAN generalizes across diverse tasks to deliver 20% more torque-efficient running,
40% more precise force control, extreme compliance, accurate impedance control, and dynamic, ro-
bust jumps. Sim-to-sim experiments further show that the same residual world model remains effec-
tive under larger controlled actuator gaps. These results suggest that residual world models provide
a data-efficient alternative to fully learned dynamics models, retaining the generalization benefits of
physics simulation while improving fidelity where the sim-to-real gap is most consequential.
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A Tracking a jumping reference motion

Figure 11: Dynamic and robust jumping policies. With the sim-to-real gap bridged by UAN, we
demonstrate more challenging behaviors. The policy is first trained to track a jumping reference
motion (A), then fine-tuned to maximize jump height while reducing landing impact (B). It also
remains robust to external disturbances (C).

A State Estimation

A.1 Data Collection

We collect data with the WTW-style data collection policy in its training environment (Appendix C),
but on flat terrain with contact model parameters identical to those used in UAN training (Table 4),
for 20 simulation seconds with 4096 environments. The dataset is split 90%/10% into training and
validation samples by holding out a random 10% of the environments.

A.2 Architectures

Table 1 summarizes the estimator architectures and shared optimization settings. Foot-height and
foot-projected-gravity estimators are trained separately for left-stance and right-stance samples.
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Figure 12: Impedance position control. Combining a precise force control policy with a propri-
oceptive state estimator, we develop an impedance controller for closed-loop end-effector position
tracking. The controller tracks a circular trajectory reasonably well without any external sensing.

Table 1: State-estimator architectures. All estimators use ELU activations, Adam, learning rate
3 x 1074, batch size 4096, history length 3, and 200 epochs.

Setting Base velocity Contact status Foot height Foot proj. gravity
Output dimension 3 2 1 per foot 3 per foot
Hidden layers (256, 256, 256) (128,128) (256, 256, 256) (256, 256, 256)
Loss MSE BCE-logits MSE MSE

A.3 Observation Noise

The simulated observation-noise model used for estimator-data collection is listed in Table 2. The
same noise model is used when training the data-collection policy and the downstream policies
except the jumping task, which uses a smaller joint-velocity noise (Table 9).

Table 2: Observation noise used when collecting simulated data (uniform additive).

Observation Noise range
Base angular velocity ~£0.2 rad/s
Projected gravity +0.05
Joint position +0.01 rad
Joint velocity +1.5rad/s
Previous target none

A.4 Contact-Weighted Root-Pose Fusion

We initialize replay from a root pose whose simulated contacts reproduce the support wrench im-
plied by the hardware trajectory. Since contact predictions are uncertain on hardware, we fuse pose
estimates from all confident contacts rather than selecting a single stance foot.

Let p;+ € [0, 1] be the estimated contact probability for foot ¢ € {L, R}, and let py), be the contact-
confidence threshold. We define contact weights
- Wit

Ej Wi+ € '

States with no confident contact are excluded from the UAN initial-state buffer, since the stance-foot
pose estimates cannot define a contact-consistent root pose.

Wit = Pit L[Dit > penl, Qi 4)

Each confident contact provides an independent estimate of root height. Let ﬁi,t be the estimated
height of foot 7 relative to the terrain, and let hlﬂft (z = 0) be the foot height from forward kinematics
when the root height is set to zero. The root height implied by foot i is

g b - =0, m =) . )
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We recover root orientation using the same contact-weighted fusion. The orientation estimator pre-
dicts projected gravity in each stance-foot frame, g}iF ;. Forward kinematics maps each prediction to
a root-frame candidate,

g,ﬁ“ = normalize (RR<_F1. (q¢) gft) , g: = normalize (ZZ Qi ¢ g,ﬁ“) . (6)
On flat terrain, this projected-gravity estimate determines the roll and pitch used for replay initializa-
tion in the yaw-invariant local frame. Together with the fused root height 2, and the separately esti-
mated base velocity, the resulting relabeled hardware state initializes replay with contact-consistent
support forces.

B UAN Training Details

Table 3 lists the five G1 actuator groups over which the UAN shares its per-group actor MLPs
(Sec. 2.2). Table 4 lists relevant contact model parameters used in our mjlab simulation [29].

Table 3: Unitree G1 actuator groups used by the shared UAN architecture.

Actuator group  Joints

7520_14 Hip pitch, hip yaw, waist yaw

7520_22 Hip roll, knee

5020_2x Waist roll, waist pitch, ankle pitch, ankle roll

5020 Shoulder pitch, shoulder roll, shoulder yaw, elbow, wrist roll
4010 Wrist pitch, wrist yaw

Table 4: MuJoCo contact parameters used in the contact-pose sensitivity diagnostic.

Element condim friction solref solimp
Foot collision geoms 3 [0.6, 0.005, 0.0001] [0.02, 1] [0.9, 0.95, 0.001, 0.5, 2]
Terrain/ground geom 3 1, 0.005, 0.0001]  [0.02,1] [0.9, 0.95, 0.001, 0.5, 2]

Each replay episode corresponds to one labeled hardware window: 3 recorded steps prime the UAN
observation history, after which the simulator rolls the window’s 24 recorded joint-position targets
forward with the UAN residual applied. Windows are sampled only where the relabeled initial state
has at least one confident foot contact (contact probability > 0.8), and the residual correction is
clipped to +1.0rad. The UAN replay reward terms are listed in Table 6; PPO settings for the UAN,
the data-collection policy, and all downstream task policies are consolidated in Table 5. We use the
RSL-RL library [53].

C Data Collection Policy Training Details

The data-collection policy is a Walk-These-Ways-style velocity-tracking policy with behavior-
shaping commands [31]. In addition to the base velocity command (vS™¢ € (—1.0,1.0) m/s,
wemd ¢ (—1.0,1.0) rad/s, no lateral command), the policy receives a gait-frequency command in
(1.0,2.5) Hz and a swing-height command in (0.05,0.1) m; all commands are resampled every
5-10s. Varying these commands is what produces the diverse stance durations, swing speeds, and
impacts of the UAN training data (Sec. 2.2). In addition to standard velocity-tracking and regulariza-
tion terms, training adds gait-shaping penalties: a gait-phase contact schedule (—0.5), a swing-height
tracking term (—20.0), and a Raibert-heuristic foot-placement term (—5.0, stance width 0.237 m).
The policy uses a 3-step observation history and is trained on procedurally generated bumpy terrain;
PPO settings are in Table 5.
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Table 5: PPO hyperparameters for the UAN, the WTW data-collection policy, and the downstream
task policies. Bold rows highlight per-task differences; all other optimization settings are shared.

Parameter UAN WTW Running Force-control Jumping
Optimization

Parallel environments 4096 4096 4096 4096 4096
Steps per environment 24 24 24 24 24
Learning epochs 5 5 5 5 5
Mini-batches 4 4 4 4 4
Learning rate 1073, adaptive (target KL 0.01) for all

Max gradient norm 1.0 1.0 1.0 1.0 1.0

PPO objective

Clip parameter 0.2 0.2 0.2 0.2 0.2
Entropy coefficient 0 0.002 0.01 0.002 0.005
Value-loss coefficient 1.0 1.0 1.0 1.0 1.0

Use clipped value loss yes yes yes yes yes
Discount ~ 0.95 0.99 0.99 0.99 0.99
GAE \ 0.95 0.95 0.95 0.95 0.95
Networks (ELU activations)

Actor MLP per-group (128,128)  (512,512,256,128)  (512,256,128) (512,512,256,128) (512,256,128)
Critic MLP (512,512,512,512)  (512,512,512,512) (512,256,128) (512,512,512,512) (512,256,128)
Initial action std. 0.3 1.0 1.0 1.0 1.0

Table 6: UAN replay reward weights.

Term Math Weight
joint_position mse n—lq > (g™ — qry)? —1000
joint_velocity.mse n—lq > (g — gry)? —0.1
residual rate 12 n—lq >, (0ge; — 8qi—1,;)>  —0.01

D Downstream Policy Training Details

Common setup. All downstream tasks share the same simulation and training setup. Simulation
runs at 200 Hz (MuJoCo, At = 5ms) with a control decimation of 4, so policies act at 50 Hz;
episodes last 20s. Actions are joint-position offsets around the default standing configuration, ap-
plied to per-joint PD controllers. During training, the frozen UAN deterministically adds its residual
correction to the commanded target before the simulator applies its actuator and contact models; at
deployment, only the downstream task policy is exported. The observation-noise model is identical
to that used during state-estimation data collection (Table 2), except that the jumping task uses a
smaller joint-velocity noise of 0.5 rad/s (Table 9).

All tasks randomize foot—ground friction (uniform in [0.3, 1.2], shared across all foot geoms) and
push the robot by perturbing its root velocity at random intervals of 1-3 s, with task-specific push
ranges. Policies trained without the UAN additionally randomize per-joint encoder bias (uniform
in £0.015 rad, applied to joint position observations) and the torso center of mass (additive offset,
uniform in £2.5 cmin x and y, £3 cm in 2); in the UAN-augmented simulator all such robot-specific
randomization is removed (Sec. 2.3). PPO hyperparameters for all tasks are listed in Table 5.

The running and jumping policies are additionally trained with a torque-speed actuator enve-
lope [54]. For joint j, let 7; be the simulated stall torque (the torque available at zero speed) and ¢;
the simulated no-load speed. The achievable PD torque is bounded symmetrically by

} . (7
+

where [z]+ = max(x,0). Rather than clipping a computed torque, each control step the commanded
joint-position target is clipped to the range whose PD torque satisfies this bound, matching the
clipping applied at deployment.

g

<7 -

4q;
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Table 7: Running policy reward weights.

Term Math Weight

Task rewards

track linear velocity  exp(—([lvgy? — o2, [|° + (v2)?)/0.25) 2.0

track_angular_velocity exp(—(wS™? — w?)?/0.25) 2.0

Regularization

upright exp(_||g€orso,zy”2/0'2) L0
1 (¢;—a)?

pose eXP\ —7, Z.i o (loemd])2 L0

Penalties )

dof_pos_limits Zj ([q}"m - Qj]+ + [Qj - Q;nax]+) —10.0

foot_clearance Icma D=, [hi — 0.1] [0, || —2.0

self_collisions > 1[maxy | 5G| > 10] -1.0

2

foot_swing height Iema ), ]ifc (hfeak/o.l - 1) —-0.25

foot_slip Iema ), If””zwxyHQ —0.1

action rate 12 >oi(ae; —ai-1;) —0.1

angular _momentum IR —0.02

soft_landing Tema ZZ IZfCHFzH _1075

For the task-policy reward tables, I..,q denotes the command-active mask, I{ denotes contact for
foot 1, Iif ¢ denotes first contact, ¢ denotes the default pose, and O'j(') denotes the command-
dependent posture tolerance.

D.1 Running Policy

To train a running policy, we adapt the default mjlab G1 velocity tracking task [29] with several
modifications. We remove the base linear velocity observation to encourage the policy to rely on
proprioception rather than privileged state, and extend the observation history to 5 steps. We add
rough-terrain randomization and the torque-speed clipping of Eq. (7) to improve robustness. To
improve motion quality, we lower the standing-command threshold for slow walking, add a low-
height termination at 0.5 m to prevent kneeling local optima, and increase the penalty weight on
joint position limits to —10. Table 7 gives the reward terms.

On the command side, we remove heading-tracking environments and instead dedicate 20% of
environments to pure turning. Commands follow a curriculum over training iterations: v<™¢ €
(—1.0,1.0) m/s and w<™4 € (—0.5,0.5) rad/s from iteration 0, widening to (—1.5,2.0) m/s and
(—0.7,0.7) rad/s at 5,000 iterations and to (—2.0, 3.0) m/s at 10,000 iterations.

D.2 Force Control Policy

The commanded force is realized by a virtual force field: an impedance spring—damper attached to
the right wrist and anchored at the end-effector position of the default standing pose. Every 10s, a
target force is sampled per axis from +30 N (zero force with probability 0.2) together with a band
stiffness k& € (25,400) N/m and damping 0.1 k; horizontal force commands are clipped so that the
implied per-axis displacement |F'|/k stays within a 0.3 m reach. The virtual force is recomputed
from the current end-effector position and velocity and applied at every physics substep (200 Hz),
ramped up over 2—4 s, held for 2s, and ramped back down, with 2s of zero force at the start of
each episode; the applied force is clamped to 50 N. The policy observes the commanded force and
uses a 20-step observation history. The reward combines standing stabilization and force tracking
(Table 8), inspired by [30].

Impedance Control. As an additional experiment, we use the force-control policy for compliant
end-effector position control. We train a proprioceptive end-effector state estimator with the setup
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Table 8: Force-control policy reward weights.

Term Math Weight

Task rewards .

track_force_ee exp(— || Femd — papplied)|2 /50) 3.0

track_lin vel xy_exp exp(—|[v*|?/0.25) 2.0

track_ang vel z_exp  exp(—||w’|?/0.5) 2.0

Regularization

upright exp(~||gforso,zyl|*/0.2) 1.0
_0)2

pose exp <—ni > % 1.0

q J o5

Penalties '

dof pos limits > (g™ —als + g —a"™]+) 1.0

self_collisions > 1[maxg || FRS'|| > 10] -1.0

action_rate 12 >, (a; — ai—1,5)* —0.1

body_ang_vel Nt esoay |1 —0.05

angular momentum 2|17 —0.02

of Sec. ??: it maps a history of onboard observations (base angular velocity, projected gravity, joint
positions and velocities, and previous joint targets) to the right end-effector position and velocity
in the yaw-aligned base frame. At deployment, an outer impedance loop converts the end-effector
position error into a force command, F™4 = K,(p — p*) + K,V with K, = 50N/m and
K4 = 0.2 K, which is fed to the frozen force-control policy as its commanded force. The sign
follows the training convention: the policy realizes a commanded band force by displacing the end-
effector against it, so commanding a force pointing away from pd°® drives the end-effector toward
it. This realizes compliant end-effector position control (e.g., tracking circular trajectories of radius
up to 0.3 m) without any arm-specific controller.

D.3 Jumping Policy

Overview. The jumping task requires the G1 to perform repeated standing vertical jumps: starting
from rest, the robot must leave the ground with both feet, gain height, and land softly back into a
stable stance. The task is built on a BeyondMimic-style motion tracking formulation [2]: a single
retargeted reference clip provides the jumping “style,” while a training curriculum gradually hands
the objective over from imitating the clip to explicitly maximizing flight height and minimizing
landing impact. After the hand-off, the reference acts only as a low-weight style prior, and the final
behavior (jump apex, landing strategy) is shaped by the task-specific reward terms rather than the
clip. The reference motion is the jump from CMU MoCap clip 02_04 (“jump and balance”) [55],
retargeted to the G1 and resampled at 50 Hz (200 frames, 4 s). The clip is padded with 1 s of standing
at the beginning and end (300 frames, 6 s total), so the policy must initiate the jump from rest and
hold a stable stance after landing.

Episode structure and reference-state initialization. At every reset, and whenever the reference
clip reaches its final frame mid-episode, the robot is re-initialized to a reference frame of the clip:
the start frame is sampled adaptively in proportion to an exponential moving average of per-frame
failure rates, and the corresponding reference state is perturbed with uniform noise on the root pose
(£5cm in zy, £1cm in 2z, £0.1rad roll/pitch, +0.2rad yaw), root velocity (0.5 m/s linear xy,
+0.2 m/s vertical, £0.52 rad/s roll/pitch, £0.78 rad/s yaw), and joint positions (40.1 rad). Since the
padded clip lasts 65, each 20 s episode contains roughly three full jump cycles.

Observations and actions. The actor receives only quantities available on hardware: no global
position and no root linear velocity. Table 9 lists the observation terms; concatenated, they form a
157-dimensional policy input. The reference joint targets in the command term provide the policy
with an implicit phase signal for the clip. The critic additionally observes privileged, noise-free
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Table 9: Actor observation space for the jumping task. Noise is additive, sampled uniformly from
[—n, n] per component. The anchor body is the torso link.

Term Dim. Noisen
Reference joint positions and velocities (current frame) 58 -
Reference anchor orientation in base frame (6D rotation) 6 0.05
Projected gravity (IMU) 3 0.05
Base angular velocity (IMU) 3 0.2
Joint positions (relative to default) 29 0.01
Joint velocities 29 0.5
Previous action 29 -
Total 157

state: the root linear velocity, the reference anchor position expressed in the base frame, and the
positions and orientations of all 14 tracked bodies relative to the reference. Actions follow the
common setup with a per-joint action scale of 0.25 7% /k,, ;, where 7/"** and k), ; are the effort
limit and proportional gain of joint j, and the torque—speed envelope of Eq. (7).

Rewards and curriculum. Table 10 lists all reward terms. Let (A) denote reference quantities, p,
and q, the position and orientation of the anchor body (torso), B the set of 14 tracked bodies, and
d:1 © gz the geodesic angle between two orientations. Before computing body position and orien-
tation errors, the reference bodies are rigidly re-anchored to the robot’s current anchor zy-position
and yaw heading, making these terms invariant to global horizontal drift. The flight indicator 1,; is
1 only when both feet are out of contact, so the jump-height reward cannot be exploited by standing
tall or lifting a single foot; 2o 1S the pelvis height with zg = 0.79 m the nominal standing height.
The landing-impact penalty sums the contact-force magnitudes ||f; || of each foot ¢ on the step it first
regains contact, normalized by the robot’s weight W = 327 N. S denotes the 10 left/right symmetric
joint pairs (legs, shoulders, elbows).

Reward weights follow a piecewise-constant curriculum: tracking weights step down and jump-
objective weights step up at 8,000 and again at 12,000 iterations (0.79 x 10° and 1.18 x 10 envi-
ronment steps). Before 8k iterations training is pure motion tracking; after the ramp, the jump and
landing terms dominate while the tracking terms persist only as a style prior. The final policy is
taken from a checkpoint after the jump behavior has converged.

Terminations. Episodes terminate on timeout (20 s) or when the robot deviates too far from the ref-
erence. The same curriculum that ramps the reward weights also loosens the termination thresholds
(Table 11), since a policy optimizing jump height must be allowed to deviate substantially from the
clip during flight. The anchor tilt term compares the z-component of the gravity direction expressed
in the anchor frame between robot and reference, i.e. it triggers on excessive relative tilt.

Domain randomization. Domain randomization follows the common setup. Pushes perturb the
root velocity uniformly in 0.3 m/s horizontally, £0.1 m/s vertically, and £0.3 rad/s angularly, and
are gated to the padded standing frames of the reference clip: they train push recovery in stance
without ever disturbing the robot mid-jump, which would make jump timing unlearnable.

E Sim-to-Sim Experiment Details

Target simulator construction. For sim-to-sim evaluation, we construct easy, medium, and hard
target simulators by applying deterministic actuator perturbations to the nominal G1 model. The
perturbations modify joint damping, frictionloss, action delay, encoder bias, and armature. The
easy target is chosen to produce a measurable but recoverable tracking gap for the nominal baseline;
medium and hard scale the same perturbation vector to test increasingly severe actuator mismatch.
The values are listed in Table 12.
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Table 10: Reward terms for the jumping task. The three weight columns give the piecewise-constant
curriculum values applied from iteration 0, 8,000, and 12,000 onward, respectively. Terms with a
single value are constant throughout training.

Term Math Wo  Wsk Wik
Motion tracking (style prior after ramp)

motion_global_root_pos exp( — ||Pa — Pal|?/0.3%) 0.5 025 0.1
motion_global root_ori exp( — (4o © qa)?/0.4%) 0.5 025 0.1
motion_body_pos exp( — % > 1Py — po|?/0.3%) 1.0 0.5 0.2
motion_body_ori exp( — % (@ © qb)?/0.4%) 1.0 0.5 0.2
motion_body_lin_vel exp( — % > 196 — va|[?/1.07) 1.0 0.5 0.1
motion body_ang vel exp( — % > ll@s — wp|?/7?) 1.0 0.5 0.1
Jump objective (curriculum ramps up)

jump_height_root Lair - max(0, Zroot — 20) 0 3.0 6.0
landing impact T D sereet |IFill - L[first contact;] 0 -—-20 -—4.0
Regularization (constant)

action rate_12 lla: — ac—1]? —0.1
joint_limit > max(0, |g;| — ) —10
self_collisions # substeps with self-contact force > 10N —10
joint_torques normalized > . (7; JTe)? —1073
joint_symmetry Z(l mes(am — a)? —0.2
waist_deviation i yaw T Qwaist-roll —0.5

Table 11: Termination conditions and their curriculum schedule.

Condition Trigger B0 Osk 012k
Anchor height |20 — 24| > 0 05m 075m 1.0m
Anchor tilt |G- — g-| >0 0.8 1.0 1.2

End-effector height maxXpefeer, wrists |26 — 26| > 6  0.25m  05m  1.0m

Sim-to-sim policy training. For each target simulator, we train downstream velocity-tracking poli-
cies either in the nominal simulator or in the UAN-augmented simulator. The WTW UAN is trained
from 5 minutes of WTW target data. The WTW+Vel UAN is trained from the same 5 minutes of
WTW data plus 5 minutes of running data, allowing us to test whether task-specific running data
improves over the walking-only residual model.

F World Model Details

Overview. Every method is evaluated on a single hard target environment: omnidirectional base
velocity tracking on flat ground from [33].

Observation, action, reward. The policy receives the same 99-dimensional observation as the
on-policy baseline: base linear and angular velocity read from the IMU site imu_in_pelvis (6),
projected gravity (3), a 3-D commanded base velocity, joint position residuals ¢ — ggefaurt (29), joint
velocities (29), and the previous action (29).

Data collection. We collect 6 million transitions (around 33 hours of data) on the hard target
environment using a baseline policy. For data collection we record the IMU sensor readings rather
than the body-state 1in_vel_w/ang _vel_w pair, so the world model is trained on exactly the inputs
the policy sees at evaluation time.

Robotic world model. The world model is a GRU ensemble (5 members, hidden size 256, 2 stacked
layers) with a 32-step history horizon, an 8-step forecast horizon, and a contact channel of dimen-
sion 30 (Table 13). At policy-training time, a per-step epistemic-uncertainty signal formed from
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Table 12: Sim-to-sim target perturbations. Each target simulator applies deterministic actuator
perturbations to the nominal G1 model. The medium and hard targets scale the same perturbation
vector used for easy.

Perturbation easy medium hard
Damping offset +2.0 +4.0 +6.0
Frictionloss offset +0.5 +1.0 +1.5
Action delay 1 step 2 steps 3 steps
Encoder bias +0.003rad +0.006 rad  4-0.009 rad
Armature multiplier 1.5x 2.0x 2.5x%

ensemble disagreement on next-state predictions is subtracted from the reward with MOPO penalty
A = 1.0 [33]. Imagined rollouts terminate when the learned termination head exceeds 0.9; lower
thresholds collapsed training because the policy learned to exploit short, high-reward fragments
inside the model.

Policy training. Given a trained world model, we run PPO on imagined rollouts using the same
rsl_rl algorithm and hyperparameters as the baseline (Table 14). The outer loop runs for 5,000
iterations, following [33]; training longer overfits the policy to the inaccurate WM and degrades
target performance. UAN is trained using only 5 minutes of data.

Paradigms compared. The offline world model is trained once on the 6 M expert dataset. Variant
WM combines it with a randomly initialized actor and is the purest from-scratch instantiation of the
recipe. Variant WM FT reuses the same world model but starts the actor from a baseline checkpoint
and adds a behavior anchor 3 KL(7||aseline) With 5 =1.0 to the PPO loss.

Evaluation protocol. Every policy is evaluated on the hard target with 32 parallel environments,
2,000 simulator steps (up to two 1,000-step episodes per environment), and a 20 s episode cap. We
report mean and standard deviation of survival length (%), defined as episode length divided by the
1,000-step cap, across all completed episodes. The evaluation environment and seed distribution are
identical across Expert, Baseline, UAN, and all RWM-U variants.
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Table 13: World-model architecture and training hyperparameters used for RWM-U on G1.

Data
Dataset size
File shard size

Optimization

Batch size

Epochs

Optimizer

Learning rate

Weight decay

Gradient steps (approx.)

Parameter Value
Architecture

Backbone GRU ensemble
Ensemble size 5
RNN hidden size 256
RNN layers 2
Head MLP (state / ext. / contact / term.) [128]
Dimensions

History horizon H 32
Forecast horizon F' 8
Observation dim 99
Action dim 29
Contact channel dim 30

6M transitions = 33 hours

10,000 rows

1024
4
Adam

1x107*—=1x1075 (cosine)

1x107°
1.8x10%

Table 14: PPO hyperparameters used for MOPO-PPO policy training inside the RWM-U world
model. The baseline PPO column is shown for reference; only the bold rows differ.

Parameter Baseline PPO  MOPO-PPO (RWM-U)
Rollout collection

Parallel envs 4096 4096
Steps per environment 24 24
Rollout source simulator learned WM
Outer iterations 20,000 5,000
Optimization

Learning epochs 5 5
Mini-batches 4 4
Learning rate 1073 1073
Schedule adaptive adaptive
Max gradient norm 1.0 1.0
PPO objective

Clip parameter 0.2 0.2
Entropy coefficient 0.01 0.008
Value-loss coefficient 1.0 1.0

Use clipped value loss yes yes
Discount y 0.99 0.99
GAE )\ 0.95 0.95
Target KL 0.01 0.01
Actor / critic MLP [256, 128, 128] [256, 128, 128]
RWM-U specific

Uncertainty penalty \ - 1.0
Termination threshold - 0.9
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