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Abstract: Hierarchical pipelines for humanoid loco-manipulation typically pair a1

task-agnostic whole-body controller (WBC) with a downstream task policy. Such2

WBCs are often trained through manual reward shaping, which yields visibly3

machine-like motions; more consequentially, they are trained without the manip-4

ulated object in the scene. Object dynamics are instead approximated through5

randomized end-effector force disturbances, a proxy that fails to reproduce the dis-6

tributed multi-contact wrench a real payload applies across the arms and torso, with7

the gap becoming critical near the platform’s payload limit. In this work, we train8

the low-level (LL) controller itself as an object-aware motion prior: a single policy9

trained via motion imitation on retargeted motion-capture (MoCap) references that10

span the core motion primitives of the downstream task, with the manipulated11

object physically present in the scene. This single stage inherits natural human-like12

coordination from the references and absorbs the realistic contact wrench at its13

source, while exposing the same compact task-space command interface used by14

command-tracking WBCs. A reference-free high-level (HL) policy is then trained15

on top, with its action channel anchored to the empirical envelope of the low-level16

training data so that it generalizes the priors to a long-horizon multi-stage task17

while structurally preventing queries that would push the low level off-distribution.18

We instantiate the framework on a Unitree G1 for bimanual box pick-and-place:19

the same deployed policy generalizes across object masses and dimensions, initial20

and goal poses, and reactively recovers from intentional drops mid-carry.21

Keywords: Humanoid Robots; Whole-Body Loco-Manipulation; Hierarchical RL22

1 Introduction23

General-purpose humanoid platforms are designed to operate in human-centric environments and24

physically interact with the objects in them. Realizing this promise requires whole-body loco-25

manipulation, in which a control policy must coordinate locomotion, balance, posture, and contact-26

rich object handling. When the robot manipulates a payload, especially in dynamic rather than27

quasi-static tasks where the object’s inertial effects matter, the payload alters the dynamics that28

govern balance. Locomotion and manipulation are therefore not separable subproblems that can be29

solved independently and combined afterward. These couplings make whole-body loco-manipulation30

a central testbed for embodied intelligence on humanoid platforms [1–13]. In this paper, we study one31

representative and challenging instance: bimanual box transport, in which the robot must approach32

a box, lift it with two hands, carry it, and place it at a desired location. This task requires the33

controller to regulate balance under varying inertial loads, sustain bilateral contact over long horizons,34

and transition smoothly between free locomotion and forceful interaction. Recent learning-based35

work approaches this problem along two complementary lines: One trains end-to-end whole-body36

policies to imitate time-indexed retargeted references [4, 7, 14, 15]: the imitation objective implicitly37

regularizes the policy toward natural-looking motion and removes the need for per-task reward38

shaping, but behaviors are limited to the reference distribution. The other factorizes the system39

into a task-agnostic command-tracking WBC [8, 11, 16] with a higher-level task policy stacked on40

top [10, 17, 18]. Such WBCs generalize across a wide command space and admit reuse across tasks,41
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but they are produced through extensive manual reward shaping that yields visibly machine-like42

motion, and are trained without the manipulated object in the scene. Object dynamics are instead43

approximated through randomized end-effector force surrogates [11], which cannot accurately capture44

the distributed multi-contact wrench a real payload applies across the arms and torso.45

In this work, we present a hierarchical reinforcement learning (RL) framework for humanoid loco-46

manipulation that addresses contact-rich complexity in a bottom-up manner, beginning at the low-level47

training stage. The LL policy is trained via motion imitation on retargeted MoCap with the object48

physically in the scene, absorbing the realistic multi-contact wrench at its source and inheriting49

natural human-like coordination without manual reward shaping. A reference-free HL policy then50

steers this frozen prior from only a sparse user-supplied goal. We formulate the HL policy’s51

Markov decision process (MDP) so that its action channel structurally constrains commands to those52

realizable by the LL policy, avoiding off-distribution inputs that could degrade the frozen prior. We53

instantiate the framework on a Unitree G1 for bimanual box pick-and-place. A single deployed policy54

executes the full task with natural-looking whole-body motion, generalizes across box geometries55

and payload masses up to 7 kg (approaching the platform’s actuation envelope), and reactively56

recovers from external disturbances such as intentional mid-carry drops. Complementary simulation57

studies characterize the performance and robustness of our method, compare against end-to-end and58

hierarchical baselines under similar training conditions, and ablate each core component. We rely on59

MoCap for object-state feedback and leave on-board perception to future work. The priority here is60

generality, naturalness, and reliability of the whole-body skill before integrating a perception stack.61

2 Related Work62

Learning-based whole-body control for humanoids. WBCs for humanoids admit several concrete63

realizations, differing along two axes: the supervision signal, and whether the controller is holistic or64

decoupled into upper- and lower-body pairs. A first group is built around imitation of large-scale65

offline motion datasets. For instance, ExBody [19] adopts a decoupled architecture (upper body tracks66

reference motion, lower body follows velocity commands), while OmniH2O [20], TWIST2 [21], and67

CLONE [22] train holistic whole-body trackers over full-body kinematic references through teacher–68

student distillation. A second group avoids motion data entirely and is trained through manual reward69

shaping: HOMIE [16] couples height tracking with an upper-body pose curriculum in a decoupled70

architecture, FALCON [11] factorizes control into a lower-body locomotion agent and an upper-body71

manipulation agent jointly trained with a force curriculum on randomized end-effector disturbances,72

and ULC [8] argues against hierarchical decompositions, training a single fine-grained policy that73

tracks root-level commands, and arm joint positions. Common to these systems, training either74

ignores the manipulated-object dynamics or uses randomized force disturbances as a surrogate [11].75

Reusable skill spaces and motion priors. A separate line, originating in physics-based character76

animation, learns compact latent representations of diverse whole-body behaviors from which77

downstream policies sample to accelerate task learning, ranging from distilled motor-primitive78

embeddings [23–25] to adversarially learned skill spaces [26]; the recipe has been carried to real79

legged platforms as well [27, 28]. As with the WBCs above, the resulting priors do not encode80

manipulation-induced dynamics, and they additionally introduce a non-trivial and hard-to-interpret81

latent-to-task conditioning interface that object-aware high-level modules must operate through.82

Learning-based legged loco-manipulation. Legged loco-manipulation has recently been dominated83

by learning-based approaches, varying along two axes: how the long-horizon objective is shaped,84

and whether a reusable LL controller is exploited. A first cluster relies on reward shaping: Dao et85

al. [1] train one policy per stage and stitch them through a behavior graph, while WoCoCo [9] avoids86

per-stage switching by decomposing long-horizon tasks into sequential contact stages within a single87

policy. These methods avoid reliance on motion data, but at the cost of meticulous reward engineering,88

and rarely constrain stylistic quality. A second cluster eliminates much of the reward-engineering89

burden by tracking pre-computed references from retargeted human MoCap [7, 14], video-captured90

human motion [4], or trajectory optimization [15, 29], at the cost of being limited to the reference91

distribution. A third cluster generalizes beyond reference distributions by stacking a higher-level92
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Figure 1: System Overview. Retargeted MoCap data is used to build a compact motion library (locomotion,
walking-with-box, pickup, placement). A low-level motion-imitation policy πLL is then trained as an object-in-
scene prior, conditioned on a noisy task-space command. The frozen πLL is reused by a reference-free high-level
policy πHL observing proprioception, box face centers, and a sparse goal, producing commands within the LL
dataset envelope and stitching the learned priors into the full behavior for zero-shot deployment.

module on a frozen RL whole-body controller. On humanoids, VIRAL [10] and DoorMan [17] train93

high-level policies on pretrained WBCs through teacher–student distillation, while DemoHLM [18]94

relies on demonstration-conditioned behavior cloning; on quadrupedal mobile manipulators, a frozen95

WBC is reused for large-object non-prehensile manipulation through a sampling-based model-96

predictive-control (MPC) planner [30] or a constrained-RL high-level policy on top [31]. These97

hierarchical pipelines can be used broadly but inherit the LL limitations identified above. Bridging98

work [3, 5, 6] retains motion-prior data while aiming to generalize beyond the reference distribution.99

PhysHSI [5] relies on adversarial motion priors [32] to encourage stylized motion without strict100

tracking; VisualMimic [6] employs teacher–student distillation to train a data-driven RL motion101

tracker with a task-specific downstream motion generator stacked on top; and Pro-HOI [3] adopts102

an imitation-based low-level policy that uses only the root pose and contact states as reference and103

relies on a kinematic motion planner to supply the root trajectory required by the task. However, to104

our knowledge, no published framework has demonstrated humanoid loco-manipulation behaviors105

that jointly exhibit natural motion, generalize across object masses and dimensions, reliably handle106

interactions near the platform’s torque envelope, and reactively recover from large disturbances.107

3 Methodology108

3.1 Problem Formulation109

As depicted in Figure 1, we cast humanoid loco-manipulation as a hierarchical RL problem decom-110

posed into a low-level whole-body tracking policy πLL and a high-level loco-manipulation policy111

πHL, both trained in a simulation environment containing the manipulated object in the scene. The112

LL policy πLL(aLLt | oLL
t , cLLt ) maps a proprioceptive observation oLL

t and a compact task-space113

command cLLt to a joint-level target aLLt . The HL policy πHL(aHL
t | oHL

t ,g) extends proprioception114

with object-localizing measurements and a sparse user-supplied goal g specifying the target object115

configuration in the robot frame. Its action aHL
t is mapped to the LL command through a trans-116

formation cLLt = ϕ(aHL
t ) designed to keep inputs to πLL within its training distribution. The two117

policies are trained sequentially: πLL is first trained as a motion-imitation controller on retargeted118

human-motion references, then frozen and reused as the motion prior over which πHL is trained.119

3.2 Data Collection and Retargeting120

Reference clips are recorded via MoCap of a single human subject manipulating a box, with the box121

trajectory captured alongside the human motion. The seed library is organized into four primitive122
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families (free locomotion, walking-with-box, box pickup, and box placement). We retarget the clips123

onto the Unitree G1 via the interaction-mesh formulation [14, 33], which preserves the relative124

geometry of the agent–object–terrain system rather than matching joints one-to-one. To bridge125

the human/G1 anthropometry gap, we apply per-segment scaling, chain-rebuild, regrounding, and126

grasp-contact-preservation corrections. For each manipulation primitive, we augment the dataset to 10127

box variants, comprising three base sizes (small, medium, large) and seven rotational variations, each128

re-computed via the same interaction-preserving optimization to obtain contact-consistent references.129

Further details can be found in Appendix A.130

3.3 Low-Level Whole-Body Tracking MDP131

Our LL training follows ZEST [34], a proprioception-only motion-imitation recipe that transfers132

zero-shot to hardware across diverse motion corpora on multiple legged platforms. We adapt it to133

serve as a frozen LL motion prior for downstream loco-manipulation. Each training episode contains134

a single primitive from the motion library above, and stitching them into the long-horizon task is135

deferred entirely to πHL. The adaptations specific to our setting are described below.136

Object-in-scene training. We train πLL to jointly track robot and object references under the137

resulting interaction forces. Despite the box being in the scene, it is not observed by πLL: the box138

pose is randomized during training of πHL and at deployment, so feeding it to πLL would push its139

observation off-distribution. We retain ZEST’s standard tracking and regularizer terms and add a140

tracking term and an early-termination predicate on the box state, tying the imitation objective to141

the manipulated object without requiring it to be observed by the actor. We also adopt the same142

adaptive-RSI scheme, which biases reset selection toward time bins with higher failure rates; however,143

the randomization offset around the sampled state is kept small here, both to avoid spawning the144

robot inside the box and because resets far from the reference would lead to failed episodes.145

Compact WBC-style command interface. Instead of conditioning the actor on the full next-146

step state reference used by ZEST, πLL is conditioned on a compact task-space command cLL
t =147

[hb, rb, vb, p
L
ee, p

R
ee ] ∈ R

12, where hb is the base height, rb the base orientation (roll, pitch), vb the148

planar base twist, and pL,R
ee the end-effector positions in the torso frame. We expose only end-effector149

positions and find this sufficient for the four primitive families considered; an orientation channel can150

be appended without changing the rest of the pipeline. Because cLL
t will ultimately be produced by151

the stochastic HL policy rather than by clean retargeted references, we inject bounded noise on cLL
t152

during training (Appendix B); without it, πHL fails to reliably steer πLL once the two are composed.153

Action parameterization and residual-removal curriculum. The LL output aLL
t is a per-DoF154

scaled residual added to a feedforward joint baseline. The natural baseline would be the reference155

joint positions q̂t, but these are unavailable at deployment since πHL produces cLL
t rather than full156

joint references. We therefore apply a curriculum157

qcmd
t = (1− βt) q̂t + βt qt + ΣaLL

t , βt : 0 → 1, (1)

that slides the baseline from q̂t to the robot’s own measured configuration qt by the end of training; βt158

is scheduled via ZEST’s per-bin failure-driven mechanism, repurposed from its assistive-wrench cur-159

riculum. This yields higher tracking fidelity and fewer early terminations than fixing the feedforward160

term to either the default standing pose or the measured configuration from the start (Tab. 7).161

3.4 High-Level Loco-Manipulation MDP162

We freeze πLL and train πHL on top to solve our downstream loco-manipulation task in settings that163

go beyond the LL’s motion dataset. The details of the MDP formulation are described below.164

Action space. The HL policy network output is mapped to the LL command through165

cLL
t = ϕ(aHL

t ) = clip
(

cnom + σ · aHL
t , cds

min
, cds

max

)

, (2)

where cnom is a nominal command corresponding to the robot’s stance configuration extracted166

from the LL motion dataset, σ is a manually-tuned scalar parameter that controls the exploration167

range around it, and [cds
min

, cds
max

] is the per-dimension empirical envelope of the dataset. The per-168

dimension clip ensures that the HL policy starts in-distribution for the LL policy and remains there169
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throughout training and deployment. To avoid task-specific tuning of cnom and σ, both can be170

extracted directly from the LL reference dataset as the empirical mean and standard deviation of the171

command distribution; in our case, both options resulted in similar performance.172

Observations. The HL policy is reference-free at deployment. Its observation contains the same173

proprioceptive signals as the LL policy augmented with the previous HL action aHL
t−1

, the box pose,174

and the user-supplied goal. The box pose representation is given by the relative 3D positions of its175

six face centers in the torso frame: this avoids orientation singularities, gives the HL policy direct176

access to contact-relevant geometry, and lets it learn its own low-dimensional representation of object177

geometry, orientation, proximity, and grasp affordance. The goal g = (x⋆, y⋆, z⋆) is the target box178

position, expressed in the same torso frame. Both the box face-center positions and the goal vector179

are hard-clipped per axis at every observation step; distances beyond the clip saturate to the same180

value, forcing the HL policy to depend on direction and on local geometry once the target enters the181

reachable regime. As a consequence, the deployed system tolerates arbitrarily large initial robot–box182

and box–goal offsets despite training under a much narrower randomization range. Because the183

MoCap system assigns box axes arbitrarily, the six face-center entries are randomly permuted once per184

episode at reset to decouple input-slot labeling from the physical box pose; orientation randomization185

would achieve the same invariance but conflicts with the contact-rich RSI states introduced below.186

Phase-conditioned reward. To shape exploration over our long-horizon task, we drive training with187

a deterministic scheduler over five phases: (0) WALK-TO-BOX, (1) LIFT-BOX, (2) CARRY-TO-GOAL,188

(3) PLACE-BOX at g, and an absorbing (4) IDLE. Forward transitions are gated by predicates over189

physically meaningful quantities (position and heading tolerances, bilateral arm–box contact, and190

box height). Phase 2 additionally admits a dropped-box fallback that returns the scheduler to phase 0,191

while the placement predicate sends it to IDLE. The full transition function and thresholds are192

given in Appendix D. The total per-step reward rt = rtask
t + rreg

t + ralive
t combines a task reward, a193

regularization-and-limit penalty, and a constant alive bonus. The task reward is phase-based: the194

scheduler state st selects which per-phase reward Rs is active at each step,195

rtask
t = wtask ·

∑

s∈S

1{st=s} Rs(xt, ẋt, ft). (3)

Each Rs is normalized to a maximum of 1, preventing any single phase from dominating, and196

scores progress through a velocity projection r̂ = tanh(αv · ê), which avoids length-scale-sensitive197

position-error terms (explicit per-phase forms R0–R4 in Appendix E). The velocity-projected signal198

is available from the first step the robot moves toward the target and does not vanish near the199

goal. The tanh also saturates the per-step reward, discouraging rush-to-goal behavior and keeping200

velocities within the natural range that the LL prior can track. The regularization term rreg
t retains201

the LL penalties and adds three HL-specific terms: a pre-clipped dataset-envelope penalty, an action-202

rate penalty, and a command-tracking penalty (Appendix F). Crucially, the actor does not observe203

the scheduler state st. This lets it deviate from the scheduler’s strict ordering when a transition204

threshold is imperfect. It also removes any deployment-time dependence on contact-gated transitions,205

which would otherwise require a privileged contact stream. The scheduler is thus a training-time206

reward-shaping device only, and is not part of the deployed system.207

Initialization & termination. We apply RSI on the HL side restricted to frames from the box-208

pickup demonstrations: with some probability the robot and box are jointly reset to a mid-pickup209

configuration, otherwise the robot is initialized far from the box and must discover the contact210

configuration through phase 0. This targeted RSI directly exposes the HL to the contact-rich phase-1211

states that the staged reward alone is slow to discover; once the value function is well-shaped around212

these states, the learning signal propagates backward to the approach phase. We retain the LL’s213

reference-independent early-terminations [34] and add a stage-specific time-out: if the pickup phase214

is not completed within a fixed time budget, the episode is terminated. This prevents the policy from215

spending excessive time in uninformative configurations.216

3.5 Training Setup217

Both the LL and HL policies are trained in IsaacLab [35] with 8192 parallel environments at a shared218

control rate of 50 Hz, and optimized with Proximal Policy Optimization (PPO) [36]. Network archi-219
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Figure 2: Per-joint torque during the 7 kg experiment, normalized by each joint’s effort limit (only discussed
joints labeled; over-limit in bold red, dashed line marks 100 %). Snapshots: lift (t≈9 s) and carry (t≈11 s).

tectures and PPO hyperparameters are detailed in Appendix G. Training spans three representative220

box geometries (small, medium, and large) with masses between 0.5–8.0 kg. Both stages randomize221

the same set of factors to support sim-to-real transfer (e.g., robot and object mass, friction, PD gains).222

The HL additionally varies the box’s source and target locations, and the robot’s initial pose relative223

to the box. Source- and target-side support tables are spawned with asymmetric height and probability224

ranges; the exact ranges and rationale, together with all domain-randomization details, are given in225

Appendix H. We adopt an asymmetric actor–critic scheme [37] in both stages: the actor receives only226

the deployment-time observations described in Sec. 3.3 and Sec. 3.4, while the critic additionally227

consumes privileged simulator states. Detailed observation lists are provided in Appendix B.228

4 Experimental Results229

We evaluate the framework on hardware to demonstrate zero-shot sim-to-real transfer, generalization230

across box geometries and masses, recovery from external disturbances, generalization to out-of-231

distribution (OOD) conditions, and the natural-looking motion quality inherited from LL training.232

We then characterize each design choice through baseline comparisons and targeted ablations in233

simulation, with a full robustness sweep deferred to Appendix K.234

4.1 Hardware Results235

All hardware experiments run on a Unitree G1 with a single policy and no per-trial tuning. The actor236

receives onboard proprioception and the 6-DoF box pose from an external motion-capture system.237

The supplementary video shows all hardware runs.238

Stress-test pick-and-place. We probe the deployed policy along four dimensions of single-box239

pick-and-place: Baseline Operation. With a ≈ 0.5 kg box and a single ground goal, the policy240

completes the full approach–grasp–lift–carry–place sequence; the same transfers to a ≈ 2 kg box.241

Disturbance recovery. We then introduce two disturbances on each box: pushing it mid-carry until242

it drops from the robot’s grasp, and displacing it from the goal after placement. In both cases,243

the controller successfully retries and recovers—re-grasping the dropped box in the first case and244

re-approaching and re-placing it in the second. Heavy payload. Trials with ≈ 5 and ≈ 7 kg boxes245

succeed despite the policy having no access to box mass (domain randomization over object inertia246

covers this range), with the 7 kg trial requiring several lifting retries before the box is secured and247

inducing a few mid-sequence drops that the policy recovers from. The payload nonetheless drives248

the robot to the edge of its actuation envelope: the 7 kg torque heat-map (Fig. 2) shows three joints249

exceeding their effort limit during a sustained high-load epoch (t ≈ 4–15 s), with several more250

operating in the 80–99 % band (full breakdown in Appendix I). An 8 kg box was also tested but did251

not complete reliably. OOD geometry. A pick-and-place with a light ≈ 60 cm cube—exceeding the252

largest training box (54× 42× 39 cm) along every axis—completes successfully. The face-center253

observation enables the HL to adapt its approach and grasp configurations to the larger geometry,254

indicating that the learned representation extrapolates reasonably beyond the training envelope.255
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Table 1: Task success (%) vs. episode length; last
row doubles init/goal ranges relative to training.

Setting
Succ.
(all)

Succ.
(light)

Succ.
(heavy)

Dropped
rate (%)

Ours, 20 s 80.7 85.8 70.5 26.8
Ours, 30 s 87.5 91.5 79.4 28.0
Ours, 40 s 87.9 91.9 80.2 28.4

Ours, 40 s, 2× range 82.1 87.5 71.5 33.2

Table 2: Comparison to different baselines (20 s). N&S
idx defined in the text: 1.00 = Ours, higher is worse.

Method
Succ.
(all)

Succ.
(light)

Succ.
(heavy)

Dropped
rate (%)

N&S
idx

Monolithic E2E 3.6 3.6 3.5 0.0 −
WBC (no object) 50.3 65.7 19.7 42.9 1.29
WBC (force surrogate) 77.1 88.4 55.1 78.0 1.16
Ours 80.7 85.8 70.5 26.8 1.00

Sequencing experiments. In all subsequent experiments involving multiple boxes, we briefly switch256

to an idle policy before registering the next target box (the policy tracks one object at a time). Multiple257

goals. With a medium ≈ 1 kg box, four target locations are issued one at a time, with each new goal258

sent only after the box reaches the previous one. The policy completes all four segments, with every259

placement landing within 30 cm of its target. Multiple boxes. We then run the policy continuously260

across four boxes of different dimensions and masses, delivered back-to-back to the same goal. Mixed261

start and target heights. Finally, we run two sequences, each starting from a small box stacked on262

top of a larger ≈ 2 kg box (effective initial height ≈ 40 cm); the target table stands at 75 cm, the263

upper end of the training distribution. Since the policy observes only a single target box at a time, the264

supporting box underneath and the target table are both unobserved obstacles, and collisions during265

the lift or placement are handled as unstructured disturbances. In the first sequence, both box targets266

are on the table; while placing the larger box, a collision with the table edge occurs and the policy267

recovers, retrying at a higher carry height to complete the task. In the second sequence, the small box268

is placed on the table first and the larger box on the ground in front of it.269

Discussion. A single deployed policy handles every condition above. This is enabled by three270

components of our framework: object-in-scene LL training absorbs the contact-rich load coupling271

that a held box imposes on the arms and torso; the HL observation interface reduces unseen layouts272

to in-distribution inputs; and the phase-blind actor combined with the scheduler’s drop fallback gives273

an endogenous recovery loop with no external trigger. The motion-imitation objective additionally274

endows the deployed behavior with natural-looking whole-body coordination, with smooth, quiet275

heel-toe foot transitions and a near-straight knee configuration. This contrasts with the flat-footed276

stomping and bent-knee crouch that reward-shaped humanoid controllers commonly converge to.277

4.2 Simulation-based Evaluation278

We complement the hardware trials with large-scale evaluation in simulation across 10,000 parallel279

environments, under the same domain randomization applied during training; episodes are 20 s long280

unless stated, and an episode succeeds if the box is placed within tolerance of the goal (Sec. 4.1).281

We split success by payload into light (< 4 kg) and heavy (≥ 4 kg), and report the dropped-box rate282

(fraction of episodes in which bilateral contact is lost at least once) and a naturalness-and-smoothness283

(N&S) index averaging six lower-is-better motion-quality ratios relative to Ours (Appendix J).284

Performance, recovery, and OOD robustness. Table 1 reports task success as a function of episode285

budget. The policy completes 80.7 % of episodes at 20 s, with success rising and plateauing past286

30 s and heavy boxes consistently trailing light. The dropped-box rate consistently exceeds the287

failure rate, so most 20 s failures are episodes that would have completed given a longer recovery288

window. Doubling the initial-pose and goal-placement ranges (last row) costs only completion289

time, not task success: with a 40 s budget the policy still reaches 82.1 %, within 6 percentage290

points of the in-distribution result. This follows from the HL observation design, under which OOD291

box and goal positions saturate onto in-distribution inputs. A complementary three-axis stress test292

(Appendix K) further characterizes task-success degradation when box mass, external pushes, and293

box dimensions are each scaled well beyond the training distribution: the policy is least sensitive294

to external pushes, where stronger pushes mainly increase the dropped-box rate rather than the295

failure rate; moderately sensitive to payload mass, with the bottleneck being raw payload against the296

platform’s actuation limits; and most sensitive to box dimensions, since geometry changes the grasp297

and contact configuration that the face-center observation can only partially absorb.298

Comparison to baselines. We compare against three alternatives (Table 2). Monolithic E2E is299

a single end-to-end policy without the HL/LL decomposition or motion prior, sharing our HL’s300
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Table 3: Ablation study (20 s). Phase 1→2: lift-phase pass rate, conditional on reaching it.
OOD freq.: fraction of commands outside the LL’s training envelope. N&S idx as in Sec. 4.2.

Variant
Succ.
(all)

Succ.
(light)

Succ.
(heavy)

Phase
1→2

OOD
freq.

N&S
idx

Ours (full) 80.7 85.8 70.5 91.7 0.15 1.00

w/o observation noise 3.0 2.7 3.6 38.6 0.45 2.05
w/o object (no EE surrogate) 2.9 3.1 2.5 3.1 0.25 1.23
w/o object (EE force surrogate) 6.7 8.3 3.6 27.0 0.24 1.27
w/o targeted HL RSI 6.5 6.6 6.4 17.5 0.19 1.05
w/o dataset-envelope clipping 15.5 15.6 15.2 17.1 1.00 2.65

observations and task reward plus upright-torso terms during walking and carrying. The two WBC301

baselines replace our LL with a command-tracking controller trained on a large human-mocap dataset302

of walking and reaching with both end-effectors (including the box loco-manipulation trajectories);303

neither sees the box during training, and the second adds an end-effector force surrogate that304

randomizes end-effector inertia and applies bounded force/torque disturbances [11]. The monolithic305

policy effectively fails (3.6 %): it walks to the box (91.6 % reach the lift phase) but never discovers306

bimanual grasping, and its few “successful” trajectories kick the box along the ground until it reaches307

the goal. The object-free WBC reaches a moderate overall success, with a striking light/heavy split308

exposing the cause: a controller that never feels the payload wrench during training destabilizes309

under load. The force-surrogate variant recovers most of the overall success (77.1 %) but at a 78.0 %310

dropped-box rate. Ours achieves the highest overall success, the lowest dropped-box rate among the311

methods that actually transport the box, and the lowest N&S index.312

Component ablations. Table 3 removes one component at a time. Every ablation collapses success313

from 80.7 % to 3–16 %, confirming no component is redundant. Removing observation noise or the314

dataset-envelope action clipping breaks the HL→LL interface: the HL emits commands the LL was315

never trained to track, resulting in the highest OOD-command frequency and N&S index. Removing316

the object from LL training (even with an EE-force surrogate) or removing the targeted HL RSI317

leaves locomotion intact but the policy cannot get past the lift phase. Object-in-scene LL training318

is the single most critical ingredient: the surrogate recovers only to 6.7 %, in stark contrast to the319

77.1 % the same surrogate achieves in the comparison above. The reason is that our LL is a compact320

motion-imitation policy that, without the box, ends up imitating pickup motions with nothing to321

pick up, whereas the comparison WBC is a broad command-tracking controller that can be driven322

into a box-holding configuration regardless. Unlike the baselines, the ablation collapses are roughly323

uniform across light and heavy boxes: these failures are structural rather than load-dependent.324

5 Limitations and Future Work325

Two limitations frame the scope of this work and the natural next steps. (i) Perception. The deployed326

system reads the 6-DoF box pose from an external motion-capture stream, so we have not validated327

the controller against fully on-board perception. The natural next step is to close the perception328

loop with on-board RGB-D or learned object-tracking modules feeding the same six-face-center329

interface used here. (ii) Motion-library coverage. The four primitive families on which the LL motion330

prior is built limit downstream behaviors: table-to-table transfers beyond the demonstrated lift range,331

diverse initial grasps, or non-prehensile interactions such as pushing or tumbling, require additional332

retargeted demonstrations; the HL policy itself cannot extrapolate to them. The framework extends333

to other contact-rich loco-manipulation tasks (door opening, non-prehensile object transport) by334

replacing the motion library and the staged reward while keeping the same HL-LL decomposition.335

6 Conclusion336

We presented a hierarchical RL framework for humanoid loco-manipulation in which a single-stage,337

object-in-scene LL motion prior is trained and then steered by a reference-free HL policy that requires338

only a sparse user-supplied goal. This setup absorbs the real distributed multi-contact wrench at its339

source and inherits natural human-like coordination from retargeted MoCap; the HL MDP is designed340

to drive the long-horizon task while structurally preserving the LL motion prior. On a Unitree G1, a341

single deployed policy executes bimanual box transport across box geometries, payloads up to the342

platform’s actuation envelope, multi-goal and multi-box sequences, and ground-to-table transfers,343

and reactively recovers from mid-carry pushes and table-edge collisions.344
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A Motion Retargeting and Object Augmentation447

To generate a dataset that generalizes across object sizes, we retarget human MoCap data onto the448

Unitree G1 humanoid using a custom implementation of the interaction-mesh formulation [14, 33].449

The first primitive family of Sec. 3.2 (free locomotion) does not involve the box, so its reference is450

reused directly from a ZEST [34] retargeted random-walk clip and does not enter the interaction-mesh451

pipeline. The remaining three primitive families are seeded by three MoCap demonstrations of a452

subject interacting with a box:453

• carry: random walk while holding the box at chest height.454

• pick: bend over and pick up the box from the floor.455

• place: while carrying the box, bend over and place it on the ground.456

From these three primitives we produce 30 training clips through a three-stage pipeline: preprocessing457

the MoCap data to match G1’s anthropometry (Section A.1), running the interaction-mesh solver,458

and re-solving against varying box geometries to augment the seed set (Section A.2).459

A.1 Mocap Data Scaling460

Since the interaction-mesh formulation preserves relative spatial distances, it is sensitive to several461

mismatches between source and target. It is sensitive to differences in limb proportions: G1’s limb462

ratios are not those of the human subject, so no single global scalar can match every segment length463

at once. It is also sensitive to the coupling between root displacement and leg-swing length: if the464

pelvis traverses more or less ground than the feet can cover, foot-sliding appears as a pre-retargeting465

artifact. The last issue is contact preservation at the grasp, where the wrist-to-wrist span shrinks466

with scaling and pushes the palms inside the object. We account for these by (i) splitting the root467

scale into a horizontal stature ratio sheight = hr/hh and a vertical leg-chain ratio sleg = ℓr/ℓh, so the468

pelvis lands at G1’s natural standing height while horizontal stride remains proportional to overall469

body size; (ii) rebuilding every kinematic chain as pchild(t) = pparent(t)+Lrobot d̂human(t), with Lrobot470

taken from neutral-pose forward kinematics and d̂human(t) taken from the unscaled mocap so bone471

directions are not distorted by the per-axis scaling; (iii) regrounding per-frame against the stance472

toe rather than a global z-min, which pins the supporting foot to the floor through flight phases;473

and (iv) freezing the hand-box contact points and solving for wrist orientations that minimize the474

deviation between palm normals and their original grasp axes.475

A.2 Object-Geometry Augmentation476

To avoid over-fitting to a single object, we re-instantiate each retargeted trajectory with boxes of477

varying dimensions and re-solve the mesh, in the spirit of the spatial augmentations of [14]. The source478

cube is expanded into nine variants per behaviour (Table 4), yielding 30 executable demonstrations479

from a single MoCap recording.480

Table 4: Object-geometry augmentation. Dimensions in meters; each box is instantiated for all three behaviours
(carry, pick, place).

Variant Dimensions (L×W×H) #

Source 0.32× 0.32× 0.32 1

Large box permutations of (0.39, 0.42, 0.54) 6

Medium box permutations of (0.32, 0.32, 0.46) 3

Variants per behaviour 10

Total demonstrations 30
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B Actor-Critic Observations481

All actor terms have additive Gaussian noise with the per-dimension standard deviations of Table 5;482

all critic terms are noise-free.483

Table 5: HL actor (deployment) observations. Every term is available from on-board sensing or the mocap
stream. “Permute” denotes that the six face-center entries are randomly permuted at every environment reset
(see Sec. 3.4).

Term Dim Source Noise (Gaussian std)

Box face centers (torso frame, permute) 18 Mocap 0.10 m (clipped to [−3, 3])
IMU base angular velocity 3 IMU @ torso 0.10 rad/s
Projected gravity ĝb (torso frame) 3 IMU @ torso 0.015
Joint positions nq Encoders 0.005 rad
Joint velocities nq Encoders 0.25 rad/s

Last HL action a
HL
t−1 12 Internal —

Last LL action a
LL
t−1 nq Internal —

Goal in torso frame g 3 User input 0.10m (clipped to [−3, 3])

Table 6: HL critic (training-only, privileged) observations added on top of the actor observations of Table 5.
All terms are read directly from the simulator, are noise-free, and are never accessed at deployment.

Category Term

Ground-truth kinematics Robot/object root position
Robot/object linear & angular velocity
Robot/object projected gravity
Robot key-point body positions/velocities
Closest box point (torso frame)

Randomized parameters Robot/object per-body mass
Robot/object material properties (friction, restitution, . . . )

Contact Wrist contact forces
Box contact forces

Scheduler Task-phase one-hot st

LL observations. The LL policy observes proprioception only (IMU angular velocity, projected484

gravity, joint positions, joint velocities, and its own previous action) plus the 12-D command cLL
t . The485

same Gaussian noise as in Table 5 is applied during LL training to its proprioceptive terms; in addition,486

bounded uniform noise is injected on each component of cLL
t , with per-dimension bounds chosen487

to reflect reasonable tracking tolerances: ±0.10m on base height, ±0.15 rad on base orientation,488

±0.25m/s on the planar base twist, and ±0.05m on each end-effector position. We use uniform489

rather than Gaussian noise to keep the perturbed command inside a bounded box around the reference;490

empirically, replacing it with matched-scale Gaussian noise yields comparable performance, and both491

substantially outperform no command noise.492

C Residual-removal curriculum ablations493

Table 7: Residual-removal curriculum on LL training. Survival: fraction of environments not terminated at
episode end. Tracking similarity: motion-imitation similarity score between the policy rollout and the retargeted
reference. All variants trained for the same number of iterations.

Feedforward baseline Survival (%) Tracking similarity (%)

Curriculum βt : 0 → 1 (ours) 82 89
Fixed default joint positions 72 83
Fixed measured joint positions 73 85

D Task Phase Scheduler494

Formally, the scheduler is a deterministic finite-state machine M = (S, s0, δ) with state set S =495

{0, 1, 2, 3, 4}, comprising four active phases (st ∈ {0, 1, 2, 3}) and a single absorbing idle index496

(st = 4), and a transition function δ : S × Ω → S , where Ω is the physical state of the environment.497

Each forward transition is gated by a Boolean predicate gs : Ω → {0, 1} over physically meaningful498

quantities (position and heading tolerances, bilateral arm–box contact c, and box height); phase 2499
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additionally admits a drop-fallback predicate gdrop, and gdone denotes the placement predicate. The500

transition function is501

δ(s, ω) =















4 if gdone(ω),

0 if s = 2 ∧ gdrop(ω),

s+ 1 if s ∈ {0, 1, 2, 3} ∧ gs(ω),

s otherwise,

(4)

with initial state s0(ω) = 4 if gdone(ω) at reset and s0(ω) = 0 otherwise. Active-phase transitions are502

summarized in Table 8. An episode normally proceeds 0→1→2→3; the carry phase additionally503

admits a drop fallback to phase 0 when the lowest box-contact height falls below a release threshold504

zdrop or bilateral contact c is lost. When the placement predicate fires (box xy and lowest-contact505

height both within tolerance of g), the scheduler enters the absorbing idle index in which the policy is506

rewarded for stopping locomotion and releasing the box (reward R4, Eq. 9); the same predicate is also507

evaluated at reset, so an episode whose initial box pose is already within tolerance starts directly in508

idle. Recall that the scheduler is used only at training time, to (a) supply the per-phase reward index509

st and (b) provide the critic with privileged phase information; the deployed actor never observes st.510

Table 8: Four-phase task scheduler (active phases). pface
o denotes the closest of the six box face centers to the

robot torso, and po denotes the box center; θe denotes the heading error from the robot torso to the box (phase 0)
or to the goal (phase 2); c denotes the binary event “both wrists in contact with the box.” Phase 2 additionally
has a drop edge back to phase 0 (carry-to-goal → walk-to-box) when the lowest box-contact height falls below
zdrop or c is lost. When the placement predicate fires the scheduler enters an absorbing idle index (omitted from
the table). Numerical values are the defaults used in our experiments.

st Phase Goal Transition trigger

0 WALK-TO-BOX approach the box ∥pb − p
face
o ∥xy < 0.50m and |θe| < 0.40

1 LIFT-BOX bilateral grasp & lift c and lowest box-contact height ≥ 0.65m
2 CARRY-TO-GOAL carry box to g ∥po − g∥xy < 0.50m and |θe| < 0.40
3 PLACE-BOX lower the box onto g box xy within 0.50m and lowest-contact height within

0.15m of z⋆

E Per-phase reward terms511

With512

fv(x) = tanh(αvx), fσ(ξ) = exp
(

−∥ξ∥2/(2σ2)
)

,

where αv denotes one of two gains depending on whether its argument is a robot- or box-velocity513

quantity, the per-phase rewards Rs entering Eq. 3 are514

R0 = 1

2

[

fv(v
xy
b · êxybo ) + fσ(θe)

]

, (5)

R1 = 1

2
1{¬c}

[

fv(vr · êr) + fv(vl · êl)
]

+ 1

2
1{c}

[

fv(v
z
o · ê

z
o) + 1{c}

]

, (6)

R2 = 1

3

[

fv(v
xy
o · êxybg ) + fσ(θe) + 1{c}

]

, (7)

R3 = 1

2

[

fv(vo · êbg) + 1{c}

]

, (8)

R4 = 1

3

[

fσ(vb) + fσ(ωb) + 1{¬c}

]

, (9)

where all vector quantities are expressed in the world frame, and the superscript xy denotes projection515

onto the horizontal plane. vb and ωb are the robot base linear and angular velocities, vo is the box516

velocity. The unit vectors êbo and êbg point from the robot’s base to the closest box face center and517

to the goal respectively, while êo points from the box center toward the target carry height. For the518

end-effectors, vr and vl are the right and left velocities, and êr, êl point toward the nearest pair of519

opposing side faces on the box. The heading error θe is measured against êhead = −n̂approach, orienting520

the robot to face the approach side, and 1{c} is the indicator function for bilateral end-effector contact521

with the box.522
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F Reward Weights523

The HL training objective is a weighted sum of the bounded staged reward of Sec. 3.4 and standard524

regularizers. The complete weight table is given in Table 9.525

Table 9: HL reward weights used during training. Positive weights reward desired behavior; negative weights
penalize deviations.

Term Weight Description

Bounded staged reward Rst +10.0 Phase-conditional task reward, Eqs. (5)–(9)
Alive bonus +5.0 Constant per-step bonus discouraging early termination
Action clip penalty −10.0 Penalty on pre-clipped HL actions that violate command limits

HL action smoothness −0.10 Penalty on ∥aHL
t − a

HL
t−1∥

2

LL action smoothness −0.25 Penalty on the realized LL action rate

Joint torques −5×10−4 Penalty on squared joint-torque magnitudes
DoF position-limit violation −10.0 Penalty for proximity to joint position limits
Applied torque limit −1.0 Penalty on saturated joint torques
Illegal contact (large force) −10.0 Penalty on contact forces above 6000N on any link
Foot slip −0.5 Penalty on tangential foot velocity at contact

HL/LL state mismatch −1.0 Penalty on tracking residual of cLL
t

G PPO Hyperparameters526

Table 10: PPO hyperparameters for the LL and HL policies.

Hyperparameter Value

Actor network MLP[512, 256, 128] with ELU activation
Critic network MLP[512, 512, 256] with ELU activation
Parallel environments Nenv 8192
Steps per env per update T 24
Max iterations 30,000
Discount γ 0.99
GAE λ 0.95
Clip range 0.2
Value-loss coefficient 0.5
Entropy coefficient 0.001
Learning epochs per update 5
Mini-batches per epoch 4
Learning rate 1×10−3 (adaptive)
Target KL 0.01
Max gradient norm 1.0
Empirical observation normalization on
Clipped value loss on

H Domain Randomization527

Table 11 lists the randomization ranges applied when spawning our environments or at the start of528

each episode (startup/reset), together with the impulsive disturbances applied periodically during the529

episode (interval). Across all episodes, the box is sampled from three fixed geometries used during530

training—small (0.32, 0.32, 0.32)m, medium (0.46, 0.32, 0.32)m, and large (0.54, 0.39, 0.42)m531

edge lengths (Lx, Ly, Lz).532

Source- and target-side support tables. Although the LL motion library contains only ground-level533

pickup and placement primitives, the HL training environment additionally spawns a support table at534

the target location with probability 0.5, at heights up to 75 cm—the upper end of the carry-height535

range covered by the LL pickup and placement references. Source-side variation is more conservative,536

with initial heights up to 50 cm and a lower probability of 0.15: since the HL does not observe the537

table, a collision with a source-side table edge during the approach or grasp would compromise the538

rest of the episode, whereas a comparable collision at placement occurs once the box is already near539

its goal and is therefore far less costly. Such collisions are treated as external disturbances the policy540

learns to handle. This extension tests whether the HL policy can adapt ground-trained LL primitives541

to elevated targets without retraining the LL on additional references.542
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Table 11: Domain randomization used during HL training. The LL stage uses the same ranges except that
(i) no source/target table is present, (ii) no goal is sampled, and (iii) the LL always uses RSI for initialization.
Distributions are uniform over the indicated intervals unless stated otherwise. Rows marked (†) apply only on
resets where RSI is not active.

Quantity Range Mode

Robot static friction [0.6, 1.2] startup
Robot dynamic friction [0.5, 1.1] startup
Robot restitution [0.0, 0.4] startup
Robot per-body mass scale [0.9, 1.1] startup
Robot torso mass scale [0.8, 1.2] startup
Actuator stiffness scale [0.8, 1.2] startup
Actuator damping scale [0.8, 1.2] startup
Object static friction [0.4, 1.2] startup
Object dynamic friction [0.3, 1.1] startup
Object restitution [0.0, 0.4] startup
Object mass scale [0.5, 5.0] startup
Source-table top height [0.3, 0.5]m reset
Source-table absent (no source table) with prob. 0.85 reset
Target-table top height [0.3, 0.75]m reset
Target-table absent (place on ground) with prob. 0.50 reset

Robot reset x (planar offset)† [−6.0, 0.0]m reset

Robot reset yaw† [−π, π] rad reset
Robot reset joint perturbation ±0.2 rad, ±0.5 rad/s reset
Object reset x, y offset [−0.20, 0.20]m reset

Object reset yaw† [−π, π] rad reset
HL RSI probability 0.75 reset
Robot impulsive push (linear) ±0.5m/s (x, y), ±0.2 (z) every 0–5 s
Object impulsive push (linear) ±0.3m/s (x, y) every 0–5 s

I Joint-torque trace on heavy payload543

Figure 2 shows the per-joint torque trace for the 7 kg hardware pick-and-place, normalized by each544

joint’s effort limit, alongside snapshots of the lift and carry phases. Three joints exceed their rating545

during the sustained high-load epoch (t≈4–15 s): the waist-pitch joint peaks at 116.2 % of its limit546

(58.1 Nm / 50 Nm) at t≈ 4.6 s under the lifting load; the right ankle-pitch joint reaches 114.2 %547

(57.1 Nm / 50 Nm) at t ≈ 14.3 s while stabilizing the shifted center of mass; and the left elbow548

touches 107.3 % (26.8 Nm / 25 Nm) at t≈9.1 s during the lift. Several more joints operate in the549

80–99 % band: left ankle-pitch (98.8 %), right elbow (97.5 %), right shoulder-pitch (92.6 %), left550

shoulder-pitch (87.1 %), and left hip-pitch (82.5 %). The pattern matches the task: the elbows and551

shoulders bear the lifted payload while the ankles, waist, and hips absorb the shifted center of mass552

through the carry phase.553

J Naturalness-and-Smoothness Index554

The N&S index used in Sections 4.2 is the unweighted average of six lower-is-better motion-quality555

ratios, each computed as the method’s value divided by the value of Ours on the same metric:556

• OOD-command frequency: the fraction of control steps on which the HL emits a command outside557

the envelope the LL was trained on.558

• Posture deviation: deviation of the base height, roll, and pitch from the mean reference during559

walking and carrying.560

• Arm-pose deviation: deviation of left and right end-effector positions (torso frame) from the mean561

reference during walking and carrying.562

• HL action smoothness: ∥aHL
t − aHL

t−1
∥2 averaged over the rollout.563

• LL action smoothness: ∥aLL
t − aLL

t−1
∥2 averaged over the rollout.564

• Joint effort: ∥τt∥
2 averaged over the rollout.565

By construction, Ours has N&S= 1.00; a value above 1.00 for a baseline indicates motion that is, on566

average, that many times less natural and less smooth than Ours.567
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K Robustness Analysis568
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Figure 3: Robustness Study (20 s). Task-success ratio (Ours nominal = 1) under 3 perturbation axes (box mass,
external pushes, box dimensions) scaled relative to the training distribution.

Figure 3 stress-tests the deployed policy along three axes, each scaled well beyond its training range;569

the y-axis is task success normalized so that the nominal Ours-20 s policy sits at 1. The policy is least570

sensitive to external box pushes: even at 3× the training disturbance magnitude, success holds at571

0.98 of nominal. Stronger pushes mainly translate into more frequent box drops rather than outright572

failures: the dropped-box rate rises only modestly, from 26.8 % at nominal to 29.1 % at 3×, and573

the policy could still re-acquire the dropped box and complete the task within the episode budget.574

It is moderately sensitive to payload mass, degrading smoothly to 0.50 of nominal when the mass575

range is tripled (mean payload 10.3 kg); the bottleneck here is raw payload against the platform’s576

actuation limits. The policy is most sensitive to box dimensions: ±15% is graceful (0.87–0.99577

of nominal), but ±30% drops success to 0.65–0.75, since box geometry changes the grasp and578

contact configuration that the face-center observation can only partially absorb. The overall sensitivity579

ordering is dimensions > mass ≫ pushes.580
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