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Figure 1: HANDOFF is a whole-body controller distilled from multiple teachers that accepts a
compact, explicit 10-D planner-facing command. We demonstrate its effectiveness using a VLM-
powered agentic planner that does not need extensive demonstration collection or model fine-tuning.

Abstract: For a humanoid robot to be deployed in the real world, the choice of
command space (i.e., the interface between task planning and whole-body control)
is crucial. Existing whole-body controllers typically demand dense kinematic or
spatial references that planners struggle to synthesize from task semantics. We
instead propose a compact, explicit interface that is intuitive, general, modular,
and expressive enough for diverse manipulation skills. To this end, we intro-
duce HANDOFF, a single humanoid whole-body controller that follows this inter-
face and is distilled via multi-teacher KL distillation under a context-conditioned
gating scheme into a mixture-of-experts student from three complementary spe-
cialists: whole-body motion tracking with safety-filtered data, locomotion, and
fall-recovery. On the Unitree G1, HANDOFF matches state-of-the-art velocity
tracking and offers one of the largest robust manipulation workspaces. We further
demonstrate hardware feasibility through multiple natural-language-driven task
roll-outs, powered by a VLM-driven agentic planner with no task-specific data or
controller fine-tuning.

Keywords: Reinforcement learning for physical robot control, Task and motion
planning, Humanoid whole-body control, Loco-manipulation



1 Introduction

A humanoid robot fetching a cup of coffee for someone looks effortless in a video. The planning
and control problem behind that loco-manipulation action is anything but: it has to coordinate object
localization, sensing, motion planning, and whole-body control [1]. We ask the question: what does
a planner actually want? As humans, we do not reason about exact joint positions; instead, we
formulate sparse sub-goals (“find the coffee, walk near it, reach for it, grab it”), let lower-level motor
reflexes handle each step of the walking gait, and recover from a stumble almost subconsciously.
State-of-the-art whole-body controllers (WBC), however, mostly operate under the motion-tracking
regime [2, 3, 4], requiring the planner to emit a dense, full-body kinematic stream at the controller
rate. Producing such references requires collecting human teleoperation or motion-capture data,
retargeting it to the specific humanoid embodiment, filtering for dynamic feasibility, and repeating
that pipeline for every new skill or task variant. The planner is reduced to a data-replay engine
tied to a particular library of demonstrations; a controller is only as useful as the commands a
planner can realistically produce. What a planner truly wants, then, is a command space with four
properties. It should be intuitive (a human, a geometric planner, or a VLM can each produce a valid
executable command), general (one interface serves different loco-manipulation tasks), modular
(planner, perception, and controller are decoupled and can be swapped independently), and whole-
body expressive (compact commands still elicit coordinated full-body behavior).

We introduce HANDOFF, a task-space whole-body humanoid controller and an accompanying agent
planner that targets a small, explicit command space:

ct =
[
vx, vy, ωz, z, p

P
L , p

P
R

]
,

where vx, vy, ωz are planar base velocity commands, z is the commanded root height, and pPL , p
P
R are

bilateral pelvis-frame wrist targets. Each component matches a planner family: locomotion stacks
emit (vx, vy, ωz); grasp planners emit a pelvis-frame end-effector target like pPL/R; any squat-or-
reach heuristic sets z. Higher-level layers also operate at this abstraction: language-grounded task
planners [5, 6] decompose long-horizon goals into atomic task-space subgoals; and VLAs [7, 8]
emit end-effector actions that map onto our wrist-target slots, without any per-method retargeting or
controller fine-tuning. At the same time, the same 10-D vector composes into whole-body actions: a
low z paired with forward wrist targets induces a coordinated squat-and-reach, while an asymmetric
wrist target during nonzero base velocity induces a one-handed reach-while-walking.

Such a controller must track task-space commands (base velocity, height, wrist-target reachability),
produce coordinated whole-body manipulation behavior, and remain robust to disturbances such as
recoverable falls; no single training regime delivers all three. We therefore pose this as a problem of
utilizing expert specialists, each trained in its own regime on existing datasets, then composed into
one deployable student. Concretely, we use a publicly available retargeted motion dataset to train a
whole-body motion-tracking teacher [4, 9], a locomotion teacher with task-based velocity-tracking
rewards [10], and a fall-recovery teacher trained with adversarial motion priors [11, 12]. Unlike
WBC pipelines that often collect or retarget fresh full-body demonstrations for each new skill, our
teachers are stand-alone modules that can be improved or replaced independently. We then distill
these complementary teachers into a single deployable student using PPO [13] together with multi-
teacher KL distillation [14] and mixture-of-experts training [15], under our context-conditioned
gating scheme that routes each teacher’s supervision by a runtime regime signal. At runtime, the
legs follow the locomotion teacher under nonzero commanded velocity, the arms follow the motion-
tracking teacher throughout (enabling reaching, bi-manual coordination, and squatting), and the
fall-recovery specialist assumes full supervision in niche situations. All three are distilled into one
coordinated policy under the single 10-D interface, with no runtime controller switching.

The context-based distillation hook is also extensible: a new specialist (contact- or task-specific)
plugs in as one new teacher head and one new context channel, with no changes to existing teachers
or the command interface. By contrast, the existing landscape (Table 1) sits on a recurring trade-off:
motion-tracking expressiveness has typically required dense, controller-specific interfaces; split-
architecture controllers achieve a compact locomotion command but demand per-joint arm refer-
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ences [16, 17]; and latent-action interfaces forfeit planner modularity [18]. HANDOFF targets all
four properties at once through the distilled specialist mixture. We evaluate the controller in simu-
lation on task-relevant physical metrics, deploy it through an agentic planner on a real Unitree G1
across multiple tasks, and will open source the full framework to facilitate future research.

2 Related Work

Whole-body motion-tracking with dense-reference interfaces. To enable diverse, expressive
behaviors, some controllers expect a full-body kinematic reference. Motion-imitation training of
physics-based characters [11, 19] now scales to humanoid robots via large-scale motion-tracking
WBCs [2, 3, 4, 20, 21, 22] and masked multi-mode policies [23], with recent improvements on the
residual [24], visual-hierarchical [25], data [26, 27], and real-time retargeting from human demon-
strations [28, 29]. Such kinematic streams are hard for a planner to synthesize (Table 1); we trade
some expressivity (like dancing) for an interface a simple planner can produce directly.

Task-command controllers and architectural decompositions. Other controllers take a compact
mid-level command, differing in how the body is factored: HOMIE [16] drives the upper body from
a cockpit with a separate RL lower body, FALCON [17] co-trains lower-body locomotion with
a force-adaptive upper-body manipulator, and AMO [30] blends RL with dynamically optimized
whole-body motion references. OmniH2O [31] and HOVER [23] expose a 3-point head-and-hands
interface, but each point still needs a dense trajectory at controller rate; replacing the head with a
planar base velocity removes that streaming requirement. Others keep the body holistic but still
consume upper-body joint references [32], skill libraries [33], or per-task policies stacked on a
learned controller [34, 35, 36, 37]; among those that scale across manipulation tasks [34, 35], adding
a behavior requires fresh whole-body demonstrations and a new task policy. HANDOFF’s student
consumes a 10-D command, so the layer above can be a planner, a VLM, or a learned end-effector
policy whose action space is far smaller than a full-body trajectory.

Table 1: Recent whole-body humanoid controllers by reference interface. Each row shows what a method
requires from the planner. The motion-tracking family needs a dense kinematic stream; the split-architecture
velocity-command family takes a planar base command but still needs upper-body joint angles. No ext. kin. ref.
marks whether the controller can be driven without an external joint-kinematic reference (e.g., without an IK
solver or retargeter producing joint angles for any body part). In the frameworks listed here, HANDOFF is the
only one that exposes a compact, planner-friendly interface.

Method Locomotion ref. Height ref. Arm ref. No dense No ext. Single
streaming kin. ref. policy

Motion-tracking WBCs [2, 3, 4, 20, 21, 22] kin. ref. (29D) from kin. full upper kin. (14D) × × ✓
ResMimic [24] kin. ref. (29D) from kin. full upper kin. (14D) × × ×
VisualMimic [25] keypoint stream (18D) from kin. keypoint stream (18D) × ✓ ✓
HOVER [23] multi-mode kin. (∼80D + mask) from kin. from kin. × × ✓
HOMIE / FALCON [16, 17] velocity (2–6D) scalar h (1D) full upper kin. (14D) ✓ × ×
AMO [30] velocity (3D) torso pose (4D) full upper kin. (14D) ✓ × ×
HUMI [35] pelvis traj. (6D) from pelvis EE traj. (12D) × ✓ ✓
HERO [32] velocity (6D) scalar h (1D) upper kin. (17D) + IK residual (6D) ✓ × ×

HANDOFF (Ours) velocity (3D) scalar h (1D) wrist target (6D) ✓ ✓ ✓

VLA- and VLM-driven systems. Early planner–controller systems couple language models to
skill libraries [5], and vision-language-action models train a single transformer to emit low-level
actions [6, 7, 8]. Humanoid variants pre-train on egocentric video and post-train an action expert
above a low-level controller [38, 39]; Being-0 [40] stacks a VLM connector on a modular RL/ACT
skill library; LeVERB [18] rejects explicit interfaces and proposes a latent “verb” vocabulary. We
do not replace this layer; the 10-D base-and-hand interface is a reasonable target for such planners.

Specialist-to-generalist distillation and expert routing. Recent humanoid work combines
modes, locomotion behaviors, motion clusters, embodiment-specific specialists, parkour skills, and
motion-tracking teachers into a single student [23, 41, 42, 43, 44]; closest to ours, GMT [22] also
gates a Motion MoE, but over clusters of a single motion-tracking manifold driven by a dense kine-
matic reference, and TeleGate [45] keeps experts intact and trains a gating network at inference
rather than collapsing them into one student. Earlier, MaskedMimic [46] distilled a single dense-
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Figure 3: System overview. We train 3 teachers separately: a 29-DoF WBC motion-tracking teacher on CoP-
filtered retargeted clips, a 15-DoF body-slice locomotion teacher on flat terrain with curriculum-blended arm
perturbations, and a 29-DoF fall-recovery teacher on locomotion + paired fall-recovery clips. The MoE student
maps a 10-D command and 11-frame proprioception history to 29-DoF actions. Context-based action-sliced
KL pulls the body slice toward a velocity-gated blend of WBC and locomotion teachers, the arm slice toward
WBC, and the fall-recovery teacher onto the full action when recovery is active; routing is shaped with load-
balancing and recovery losses.

reference motion-tracking teacher into a partial-observation student via DAgger in simulated charac-
ter animation, addressing heterogeneity across input modalities rather than across teacher regimes.
We address a different source of heterogeneity: a regime conflict created by the compact inter-
face itself; under fixed [vx, vy, ωz, z, p

P
L , p

P
R], a whole-body human-data teacher is expressive but

coverage-limited, while locomotion and fall-recovery teachers are reliable but specialized.

3 Whole-Body Control

We train our whole-body controller as seen in Fig.3 with a context-based multi-teacher distilla-
tion pipeline. First, we train the teachers independently with PPO in their respective regimes:
a whole-body motion-tracking teacher on retargeted human motion clips, a locomotion teacher
on flat terrain with curriculum-blended motion data, and a fall-recovery teacher on a curated
mix of locomotion and paired fall-and-recovery sequences. We then distill them into a sin-
gle student under a context-based KL scheme. The “context” is a per-step regime signal
xt = (∥cvelt ∥, recovert) (the commanded base-velocity magnitude and a binary recovery flag)
that determines which teacher supervises which action slice (detailed in Section 3.4). Mixture-
of-experts routing supervision and a load-balancing loss keep one expert active per regime.

Figure 2: CoP filtering. The raw retar-
geted motion dataset contains dynamically
infeasible frames, which we correct with a
closed-form CBF projection on the static-
CoP margin before training. An example
is shown here where the corrected reference
(left) stays within the support polygon and
the unfiltered version (right) drifts.

We first describe the three teachers that supply comple-
mentary supervision, then the student that fuses them via
context-based, action-sliced KL distillation, and finally,
the agentic planner that emits the commands the con-
troller consumes.

3.1 Whole-Body Control Teacher

The whole-body teacher is a 29-DoF motion-tracking
specialist trained with asymmetric actor-critic PPO [47]
on retargeted human motion clips [9], following the data-
driven tracking philosophy of recent motion-imitation
works [3, 4, 20, 21]. The actor sees an 11-frame
deployment-ready proprioceptive history together with
the full 29-D reference joint angles from the current clip frame; the critic additionally consumes priv-
ileged signals unavailable at deployment (measured base linear velocity, reference root pose, key-
body positions, and domain-randomization parameters). Full observation tables, reward weights,
network sizes, and PPO hyperparameters are in Appendices A, B, and C.4. The trained teacher is
a strong prior on posture, reach, squat, and bilateral coordination, but its locomotion behavior is
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anchored to the motion data, which makes it unreliable as a pure velocity tracker, as demonstrated
in a velocity-tracking ablation shown in Table 2a. Furthermore, the motion data contains some dy-
namically infeasible squat frames that would be unsafe to track on the real robot, so we correct them
with a closed-form CBF projection on the static-center-of-pressure (CoP) margin (Appendix C.1)
before training the teacher. Fig. 2 illustrates the correction on a squat clip; the same filter is also
applied at inference time to improve squat behavior.

3.2 Locomotion Teacher

The locomotion teacher is a 15-DoF body-slice (legs and waist) policy trained on flat terrain, with
arms driven by curriculum-blended motion-data samples so that the policy is robust to the arm-
induced CoM shifts during downstream distillation. The actor sees commanded velocity, projected
gravity, base angular velocity, joint state, last action, and a 4-D gait-phase block; the critic addi-
tionally consumes privileged measured base linear velocity. The reward stack combines linear and
angular velocity tracking with gait/stance shaping; full observation tables, the curricula for the arm
motion and velocity, and PPO hyperparameters are in Appendices A, B, and C.4.

3.3 Fall-recovery Teacher

The mid-fall and just-recovered regime is supplied by an Adversarial Motion Prior (AMP) [11]
teacher trained on a curated mix of locomotion and paired fall-and-recovery sequences, full-body
29-DoF, with the standard AMP discriminator + small torso-anchor task reward [12]. A fraction
of environments are spawned at reset in a delayed fallen state to keep the recovery distribution
well-represented. The discriminator architecture, dataset composition, recovery-reset curriculum,
observation tables, and full reward weights and hyperparameters are in Appendices A, B, and C.4.

3.4 Planner-Friendly Whole-Body Controller

The student observes a planner-emitted 10-D command ct = [vx, vy, ωz, z, p
P
L , p

P
R] (planar base

velocity, yaw rate, root height, and bilateral pelvis-frame wrist targets) and an 11-frame proprio-
ception history, and emits 29-D actions through a soft Mixture-of-Experts head with one expert
per teacher (N = 3), gated by a routing network over a shared encoder latent (Appendix C.3);
soft routing keeps the policy differentiable and avoids the bimodal artifacts of hard top-k rout-
ing. The KL supervision is context-conditioned: a regime signal xt = (∥cvelt ∥, recovert) drives
both a continuous gate α that blends body-slice supervision between WBC and locomotion teach-
ers and a binary mask 1[recovert] that routes the fall-recovery teacher in — soft blend and hard
mask are two instances of the same context-driven gating. We split the action into a body slice
aB = a0:15 (legs+waist) and arm slice aA = a15:29 (arms): the WBC teacher πwbc and fall-
recovery teacher πamp define targets over both slices, while the locomotion teacher πloco covers
aB only. Concretely, the body slice is supervised by a continuous-context convex blend of WBC
and locomotion KL with sigmoid weight α = σ((∥cvelt ∥ − 0.1)/0.02), pulling toward the WBC
teacher below 0.1 m/s commanded velocity and toward the locomotion teacher above it. The arm
slice is supervised by the WBC teacher, except in recovery-active environments where the fall-
recovery teacher assumes full supervision over the whole action space. The student is trained on
L = LPPO + λBLB

KL + λALA
KL + λAMPLAMP

KL + βLBLLB + βRLR, where LLB is a standard MoE
load-balancing loss [15] and LR pulls gate mass to a designated recovery expert; the framework
extends to additional teachers by adding one expert head and gated-KL term per specialist. LPPO

optionally absorbs a whole-body stability reward stack [48] (CoM- and LIPM capture-point-in-
support-polygon, ankle/hip/step hierarchy, and linear/angular momentum-change penalties), shared
across the WBC and locomotion teachers and the student; the AMP teacher is left untouched, and
the stack composes with the recovery branch since it shapes the non-recovery distribution. Per-
teacher inheritance and weights are in Appendix B. Full per-term observation tables for the student
actor and critic are in Appendix A; reward and KL details are in Appendix B and Appendix C.2;
velocity-tracking ablation is in Table 2a.
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Figure 4: Agentic deployment pipeline. A natural-language instruction (0.001 Hz) is decomposed into
atomic tasks by a high-level reasoner (regex + LLM fallback). A VLM (0.1 Hz) projects 2D detections onto
the RGB-D point cloud to emit pelvis-frame waypoints; a waypoint tracker produces (vx, vy, ωz), and near the
target a skill selector emits root height z and bilateral wrist targets pPR/L (1–50 Hz) with a kinematics-based
wrist correction. The resulting 10-D stream feeds the distilled controller (50 Hz), whose 29-DoF actions are
tracked on hardware at 500 Hz.

3.5 Agentic planner

While everything above the controller is swappable as long as the planner emits the required 10-
D command, we implement one concrete loco-manipulation stack (Fig.4). A high-level reasoner
decomposes natural-language instructions into atomic tasks (regex parsing with an LLM fallback
for novel instructions); a VLM then projects predicted 2D points and bounding boxes onto the RGB-
D point cloud to emit pelvis-frame waypoints, from which a waypoint tracker derives (vx, vy, ωz).
Once near the target, a skill selector emits root height z and bilateral wrist targets pPL , p

P
R from the

target waypoint, with a simple kinematics-based wrist correction that aligns the gripper horizontally
with the grasping surface.

4 Experiments

We conduct all experiments using a Unitree G1 (29 DoF) humanoid with an external payload (Jet-
son Thor + Dex1-1 grippers) on mjlab/MuJoCo [49], and train all policies with the Rsl-rl frame-
work [50]. We first ablate the design choices that drive velocity tracking and the manipulation
workspace (Section 4.1), then compare against state-of-the-art whole-body controllers (Section 4.2),
and finally demonstrate that the 10-D command space can be driven end-to-end by a modular agen-
tic planner, showing the same controller driving multiple tasks in simulation and on hardware (Sec-
tion 4.3) with zero data collection or model fine-tuning in the loop.

We evaluate the controller on two quantitative axes. For velocity tracking, we sweep per-axis veloc-
ity commands along [−1, 1] and report the mean absolute error |∆v·| = Et

[
|vcmd

· (t) − vbase· (t)|
]

between the commanded and the realized base-twist component. For the manipulation workspace,
we sample bilateral wrist targets uniformly inside [−0.6, 0.6]3 m in the pelvis frame, with a 1s
default-command warm-up, a 2s settle, and a 4s measurement window per target. We deem a trial
feasible when both wrists stay within 15 cm of the target during measurement, the policy does not
fall, and pelvis horizontal drift stays under 25 cm; we then report the robust workspace volume,
defined as hull vol × feasible frac, which is the effective volume the policy can both reach and
stay feasible in, and restrict it to the forward half-space targetx ≥ 0. The forward-half restriction
is deliberate: every loco-manipulation task we care about, e.g., picking from a table, handing off,
or placing onto a shelf, happens in front of the robot. Table 2b reports the quantitative results; full
velocity sweeps (Fig.6 and Fig.7) and per-axis hull-volume comparisons (Fig.8) are in Appendix D.
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Figure 5: Agentic deployment snapshots with VLM text prompt. The same 10-D controller, driven by
the agentic planner, executing a range of loco-manipulation tasks on the Unitree G1 hardware and in simu-
lation: pick-and-place, pick-transport-place, squat-pick, bimanual-pick-and-hand-off, bilateral pick-and-place,
and task continuation after fall recovery. No controller-side change, data collection or model fine-tuning is
required between tasks.

Table 2: Velocity tracking and robust bilateral workspace. Velocity errors are mean |cmd− realized| over
20 commands per axis spanning the [−1, 1] sweep. Feas. is the fraction of bilateral wrist-target trials with wrist
error under 15 cm, no fall, and pelvis drift under 25 cm (Appendix D); Robust WS is the wrist-workspace hull
volume scaled by feasibility in the forward half-space x ≥ 0 (pelvis frame). Feasibility and robust workspace
are computed over 2000 discovery and 400 accuracy bilateral wrist targets per controller (seed 42).

(a) Ablation progression.

Ablation |∆vx| |∆vy| |∆ωz| Robust WS
(m/s, rad/s) ↓ (m3) ↑

Direct 0.29 0.43 0.08 0.20
+ Dual teacher 0.14 0.25 0.09 0.31
+ RandCmd 0.14 0.13 0.05 0.29
+ Split KL + MoE (Ours) 0.07 0.14 0.04 0.27
+ AMP recovery (Ours + Rec.) 0.07 0.15 0.05 0.26
+ Stability (Ours + Stab.) 0.07 0.18 0.04 0.31
+ Stab. + Rec. (Ours + Stab. + Rec.) 0.06 0.18 0.06 0.31

(b) SOTA comparison.

Method |∆vx| |∆vy| |∆ωz| Feas. Robust WS
(m/s, rad/s) ↓ (%) ↑ (m3) ↑

FALCON [17] 0.07 0.10 0.07 35.5 0.06
OpenHomie [16] 0.06 0.12 0.10 62.9 0.15
AMO [30] 0.06 0.19 0.01 80.9 0.22
SONIC [2] 0.03 0.15 0.02 89.8 0.26
Ours 0.07 0.14 0.04 87.1 0.27
Ours + Rec. 0.07 0.15 0.05 92.0 0.26
Ours + Stab. 0.07 0.18 0.04 97.7 0.31
Ours + Stab. + Rec. 0.06 0.18 0.06 90.8 0.31

4.1 Ablation studies

The progression also shows why each specialist is necessary, since “Direct” (the motion-tracking
teacher alone) is weakest on every axis: adding the standalone locomotion teacher (Direct →
+ Dual teacher) drives the largest velocity-tracking jump; randomized commands (+ Dual teacher →
+ RandCmd) close the lateral-velocity gap; context-based split-KL + MoE (Ours) closes the remain-
ing vx gap; the fall-recovery teacher (Ours+Rec.) adds survival, a binary capability absent unless
distilled in; stability rewards (Ours+Stab.) push the robust workspace to 0.31 m3; and stacking both
(Ours+Stab.+Rec.) matches that workspace while regaining the best |∆vx|. The + Dual teacher
attains a large workspace but lags Ours on vx and ωz , whereas Ours retains both.
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4.2 Comparison with state-of-the-art whole-body controllers

Prior controllers do not natively expose pelvis-frame wrist targets, so this is an adapted-interface
comparison: we equip each baseline with a differential-IK head [51] that maps (pPL , p

P
R) to arm

joint targets while freezing non-arm DoFs, leaving the policy in full control of walking and balance
(details in Appendix D). Differential IK is a favorable adapter — precise for instantaneous Cartesian
targeting whenever a solution exists — yet it still adds an external reference-generation layer and
does not guarantee dynamic whole-body feasibility. Even under this strong adapter, our velocity
tracking sits within the SOTA cluster on every axis while delivering the largest robust workspace
(0.31 m3); Ours+Stab. takes the best feasibility (97.7%), and Ours+Stab.+Rec. regains the best
|∆vx| among our variants. HANDOFF stays competitive because it learns wrist-target, locomotion,
and balance coupling natively rather than through an external translation layer.

4.3 Agentic deployment in sim and real

The controller is planner-agnostic as long as the planner follows the 10-D command interface, be it
traditional task planning, agentic planning, or even vision-language-action models. We demonstrate
this end-to-end in two settings. (1) Sim: Loco-manipulation task continuation after fall recovery,
under the same 10-D stream with no controller-side change, possible only because the recovery
specialist was distilled in. (2) Real: on a 29-DoF Unitree G1 with onboard sensing (ZED-M RGB-
D camera) and compute (Nvidia Jetson Thor with both local VLM and ChatGPT APIs) where the
controller consumes the command stream produced by the planner. We test the robot in multiple
tasks, including pick-and-place, pick-transport-place, squat-pick, bimanual-pick-and-hand-off, and
bilateral pick-and-place. Fig. 5 and the video show representative rollouts.

Our quantitative claims concern the controller and its interface. The agentic planner is one repre-
sentative implementation of this interface, and the hardware rollouts show it can be instantiated in
an untethered real-robot stack without task-specific controller retraining.

5 Conclusion

We propose HANDOFF, a planner-friendly humanoid loco-manipulation controller built around a
compact 10-D task-space interface that is expressive enough to encode loco-manipulation, yet small
enough for diverse planners to drive without emitting full-body joint references. Single teacher-
student distillation does not produce this cleanly: a motion-tracking teacher gives expressive posture
priors but degenerate velocity tracking, while a locomotion teacher tracks velocity but loses whole-
body coordination. We reconcile them via context-based distillation inside a mixture-of-experts
student: the body slice follows a velocity-gated convex blend of the WBC and locomotion teachers,
the arm slice anchors to the WBC teacher, and a recovery-masked KL term routes a third expert to a
fall-recovery teacher. The resulting controller matches state-of-the-art velocity tracking and can be
instantiated in a modular agentic planner for diverse simulation and real-robot task rollouts.

6 Limitations
Wrist-position targets. The interface exposes 3-D pelvis-frame wrist positions, not full 6-D grip-
per poses; a runtime kinematic correction (Section 3.5) handles tool-frame residuals, and direct 6-D
tracking is future work.

Limited perception. The hardware uses a single fixed-pose head-mounted RGB-D camera, re-
stricting perception to the forward field of view; gimbaled head and wrist cameras are future work.

Specialist coverage. The teacher set is broad but not exhaustive; further specialists (terrain, con-
tact, heavy load, etc.) will plug in as future work.
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A Observations

This section enumerates the actor and critic observation groups used by each policy. Asymmetric
actor-critic is in force throughout: anything in a critic-only group is privileged information used to
fit the value function and is unavailable to the deployed actor.

A.1 Whole-Body Motion-Tracking Teacher

Group Term Dim Description

actor (current) joint position (relative) 29 per-joint angle relative to default
joint velocity 29 per-joint angular velocity
IMU roll/pitch 2 roll and pitch from IMU
base angular velocity 3 IMU body-frame ω
last action 29 previous policy action
ref. root xy-velocity (body) 2 reference root linear velocity in

body frame
ref. root height 1 reference root z from motion clip
ref. root roll/pitch 2 reference root orientation (roll,

pitch)
ref. root yaw ang. vel. 1 reference root yaw angular velocity

(body frame)
ref. joint angles 29 full 29-D reference joint angles

from current clip frame

actor (history) 11-frame stack of actor (current) 64 encoded by 1-D temporal-conv into
a 64-D latent

critic (extras) measured base linear velocity 3 not available to actor
reference root pose 7 reference root position (3) +

quaternion (4) from motion clip
reference key-body positions 27 9 key bodies (wrists, knees, ankles,

elbows, torso) ×3 in body frame
foot friction, motor strength
scales, base mass perturbation,
encoder bias, applied hand forces

95 domain-randomization parameters

A.2 Locomotion Teacher

Group Term Dim Description

actor (current) projected gravity 3 gravity in IMU frame
base angular velocity 3 IMU body-frame ω
twist command 3 [vcmd

x , vcmd
y , ωcmd

z ]
joint position (relative) 29 all 29 joints
joint velocity 29
last action 15 body-slice action only
gait-phase features 4 [sinϕL, cosϕL, sinϕR, cosϕR]

critic (extras) measured base linear velocity 3 not available to actor
foot friction, motor strength
scales, base mass perturbation,
encoder bias, applied hand forces

95 domain-randomization parameters

A.3 Fall-recovery Teacher

Group Term Dim Description

actor base angular velocity 3 IMU body-frame ω
projected gravity 3 gravity in IMU frame
twist command 3 [vcmd

x , vcmd
y , ωcmd

z ]
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Group Term Dim Description

joint position (relative) 29
joint velocity 29
last action 29 full body
(per-frame total 96; history
length 4, flattened)

×4 no temporal encoder; MLP input
grows 4× (total 384)

critic all actor terms 96 same per-frame terms as actor;
flattened over the 4-frame history

measured base linear velocity 3 privileged
body positions in body frame 39 13 reference bodies ×3
body orientations in body frame 78 13 bodies ×6 (6-D rotation, two

rows of rotation matrix)

discriminator body positions, orientations, lin-
ear and angular velocities in body
frame, single frame

195 13 bodies ×(3 + 6 + 3 + 3); input
to the AMP discriminator on
(st, st+1) pairs (total 390)

A.4 Student Policy

Group Term Dim Description

actor (current) joint position (relative) 29
joint velocity 29
projected gravity 3
base angular velocity 3
last action 29
planner command 10 10-D command

[vx, vy, ωz, z, p
P
L , p

P
R]

gait-phase features 4 [sinϕL, cosϕL, sinϕR, cosϕR]
(internal block, not part of the
planner interface)

actor (history) 11-frame stack of actor (current) 64 encoded by 1-D temporal-conv into
a 64-D latent

critic (extras) measured base linear velocity 3 privileged information
foot friction, motor strength
scales, base mass perturbation,
encoder bias, applied hand forces

95 domain-randomization parameters

recovery flag per-env binary recovery indicator 1 used to gate the AMP-recovery KL
term and the recovery-routing loss

blend weight α = σ
(
(∥cvel∥ − 0.1)/0.02

)
1 used to interpolate body-slice KL

between WBC and locomotion
teachers

B Rewards

This section lists every reward term and its weight, exactly as instantiated in the canonical training
configuration. Where possible, the reward kernel is given in compact form.

B.1 Whole-Body Motion-Tracking Teacher

Term Kernel Weight

Tracking (TWIST2)

tracking joint dof exp
(
−0.15

∑
i w

2
i (q

ref
i − qi)

2
)

+2.0
tracking joint vel exp

(
−0.01

∑
i w

2
i (q̇

ref
i − q̇i)

2
)

+0.2
tracking root translation z exp

(
−5 (zref − z)2

)
+1.0
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Term Kernel Weight

tracking root rotation exp
(
−5 ∥qerr∥2

)
on roll/pitch/yaw

quaternion error
+1.0

tracking root linear vel exp
(
−∥vref − v∥2/σ2

)
, σ = 1.0 +1.0

tracking root angular vel exp
(
−∥ωref − ω∥2/σ2

)
, σ ≈ π +1.0

tracking keybody pos exp
(
−10

∑
b ∥p

ref
b − pb∥2

)
in body-local

frame
+2.0

tracking keybody pos global same kernel, world-frame body positions +2.0

Regularization

alive 1[not terminated] +0.5
feet slip exp-cost on tangential foot velocity during

contact
−0.1

feet contact forces penalty on contact force magnitude, clipped at
500 N

−5×10−4

feet stumble contact transitions outside expected stance −1.25
dof pos limits Gaussian-kernel penalty near joint limits −5.0
dof torque limits penalty for torque above 0.95τmax −1.0
dof vel

∑
i q̇

2
i −10−4

dof acc
∑

i q̈
2
i −5×10−8

action rate l2 ∥at − at−1∥2 −0.1
joint limit duplicate joint-limit term, stronger weight −10.0
self collisions contact-force exceedance (> 10 N) on

collision sensor
−10.0

feet air time target-swing-time bonus (target 0.5 s,
gait-gated)

+5.0

ang vel xy ω2
x + ω2

y −0.01
ankle dof acc ankle-only acceleration penalty −10−7

ankle dof vel ankle-only velocity penalty −2×10−4

B.2 Locomotion Teacher

Term Kernel Weight

Tracking

lin vel tracking exp
(
−((vx − vcmd

x )2 + (vy −
vcmd
y )2)/σ2

)
, σ = 1

+1.0

ang vel tracking exp
(
−(ωz − ωcmd

z )2/σ2
)
, σ ≈ π +1.0

Gait and stance shaping

pose body-joint deviation from default,
gait-conditioned σ

−0.15 → −0.5

foot clearance swing-foot height penalty below 0.05 m −6.0
foot swing height swing-foot height penalty below 0.08 m −0.75
stand pose default-pose penalty when ∥cvel∥ < 0.1 −5.0
flat foot foot-tilt penalty on contact: tangential gravity

component squared
−0.5

gait phase contact contact-vs-phase mismatch reward (stance
ratio 0.6)

+0.5

feet distance lateral penalty if lateral foot distance leaves
[0.2, 0.35] m

+0.5

knee distance lateral penalty if lateral knee distance leaves
[0.2, 0.35] m

+1.0

Regularization

foot slip tangential foot velocity during contact −0.25
action rate l2 ∥at − at−1∥2 −0.01
joint acc l2

∑
i q̈

2
i −2.5×10−7

joint pos limits Gaussian-kernel penalty near joint limits −10.0
self collisions contact-force exceedance on collision sensor −10.0
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Term Kernel Weight

termination penalty 1[terminated] −200

B.3 fall-recovery teacher

The fall-recovery teacher mixes a discriminator-based motion-prior reward with a small anchor-
tracking task reward.

Term Kernel Weight

Anchor-tracking task

track anchor linear velocity exp
(
−∥vanch − vcmd∥2/1.02

)
on torso

anchor
+1.0

track anchor angular velocity exp
(
−(ωanch

z − ωcmd
z )2/3.142

)
+1.0

track root height exp
(
−(z − zcmd)2/0.32

)
with delay

masking
+1.0

body ang vel xy l2 (ω2
x + ω2

y)/3.14
2 on root body +0.5

Regularization

is terminated 1[terminated] −200
joint acc l2

∑
i q̈

2
i −2.5×10−7

joint pos limits Gaussian-kernel penalty near joint limits −10.0
action rate l2 ∥at − at−1∥2 −0.01
foot slip tangential foot velocity on contact −0.25
self collisions contact-force exceedance on collision

sensor
−0.1

The discriminator is trained on (state, next-state) pairs drawn from the AMP motion buffer. The
total reward delivered to PPO is

rAMP = (1− α) rdisc + α rtask, α = 0.75,

with discriminator loss coefficient 1.0 and gradient-penalty coefficient λgp = 10. Up to 40% of envs
are spawned in delayed (fallen) reset states with a maximum delay of 250 steps to keep the recovery
distribution well-represented.

B.4 Student

The student keeps a small task-reward stack on top of the distillation losses described in Section 3.4.

Term Kernel Weight

Task

tracking hand pos exp-kernel on bilateral pelvis-frame
wrist-position error

+6.0

tracking root translation z root-height tracking +1.0
tracking root rotation root-orientation tracking +1.0
tracking root linear vel exp-kernel on commanded base-velocity

error
+1.0

tracking root angular vel exp-kernel on commanded yaw-rate error +1.0
gait phase contact (when on) motion-conditioned gait-phase contact

reward
+0.5

Inherited TWIST2 regularization

All regularization terms from the WBC motion-tracking teacher above —
except joint limit and self collisions, which are dropped —
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Distillation losses. On top of the task rewards, the actor receives the three context-conditioned
KL terms detailed in Section 3.4: a body-slice KL convex-blended between WBC and locomotion
teachers under continuous velocity context, an arm-slice KL anchored to the WBC teacher, and
a discrete-context AMP KL masked to recovery-active samples on the full action vector. In the
canonical run, the cosine-annealed coefficients are

λB : 0.4 → 0.2, λA : 0.1 → 0.05, λAMP : 0.4 → 0.2,

over the first 60,000 update steps. The two MoE routing-shaping terms add a load-balance loss with
coefficient 0.01 and a recovery-routing loss with coefficient 0.5. Full PPO hyperparameters and the
AMP-teacher discriminator settings are in Appendix C.4.

Stability reward stack (Ours+Stab., Ours+Stab. +Rec.). Both the Ours+Stab. and Ours+Stab.
+Rec. variants add a shared whole-body stability stack to the regularization rewards used by the
WBC motion-tracking teacher, the locomotion teacher, and the student — i.e., all three policies
are retrained with the stack enabled, since the terms shape balance behavior at the source. The
Ours+Stab. +Rec. variant additionally pulls in the AMP fall-recovery teacher and the full 3-teacher
MoE / recovery-routing loss machinery exactly as in Ours+Rec.; the stability stack composes cleanly
with the recovery branch because it shapes the non-recovery distribution, while the AMP teacher
continues to dominate the recovery-flagged samples through the discrete-context KL of Section 3.4.
The AMP teacher itself is left untouched (it has its own anchor-tracking and discriminator reward).
The stack is omitted from the main-text per-teacher reward subsections to keep them aligned with
the canonical (Ours / Ours+Rec.) runs; the methods section (Section 3) refers to it only as a PPO
add-on, and the full per-teacher mapping is given here. All terms are computed from the entity-
level mass-weighted whole-body CoM and key kinematic / contact signals, ported from a public
IsaacLab-IHMC stability suite [48] and tuned against the G1’s 29-DoF biped morphology.

Term Kernel Weight

com in support polygon exp(−d2/σ2), d = horizontal distance from
whole-body CoM to the active feet-contact
AABB (tol. 5 cm, σ=0.1); polygon
extended to active hand contacts when
present (fall-recovery)

+0.2

capture point in support polygon exp(−d2/σ2) with d = LIPM capture-point
distance to feet polygon,
CP = CoMxy + ˙CoMxy/

√
g/hCoM; full

reward when leaning against a wall/table
sensor

+0.3

ankle hip step Ankle→Hip→Step strategy hierarchy:
ankle torque opposes CoM drift (gated by
friction-cone CoP saturation), hip activates
when ankle saturates, swing-foot velocity
toward capture point activates when both
saturate

+0.2

linear momentum change −∥ṗ∥2, p =
∑

i mivi whole-body linear
momentum

−1×10−6

angular momentum change −∥L̇∥2, L =
∑

i(ri − rCoM)×mivi
orbital angular momentum (spin term
omitted)

−1×10−5

The CoM / capture-point terms use an axis-aligned bounding box of active foot contacts (force
threshold 20 N for the CoM term, 50 N for the capture-point term) as a fast, GPU-friendly proxy
for the convex-hull support polygon; the approximation is exact in double stance and incurs negli-
gible error in single-stance walking. The ankle/hip/step strategy reads ankle and hip torques from
qfrc actuator, normalizes them by the per-joint torque limit, and additionally penalizes CoP sat-
uration against a µ = 0.7 friction cone, so that ankle/hip torque rewards saturate exactly when the
foot is about to slip and the step term takes over.
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C Implementation Details

C.1 Motion-Data Curation

This appendix gives the full per-frame projection used by the CoP-feasibility filter described in
Section 3.1.

Static capture-point definition. In the quasi-static regime (ċxy ≈ 0) the LIP capture point reduces
to the planar projection of the CoM, ξstat = cxy . For each frame, forward kinematics through
Pinocchio gives the 29-DoF body pose; the support polygon is the axis-aligned bounding box of the
eight foot-contact corners (four per ankle-roll link), shrunk inward by a safety margin δ = 0.10 m
to give Sδ . The signed distance from the static CoP to Sδ is

h(r, rq, q; δ) = min
{
cx − xmin, xmax − cx, cy − ymin, ymax − cy

}
,

positive when the projected CoM is strictly inside the polygon, zero on its boundary, and negative
when the frame is unbalanced.

Squat detection. The filter triggers only on frames flagged as quasi-static squats: root height
below 0.65 m, root XY-speed below 0.2 m/s. A 7-frame morphological erosion removes isolated
detections, and clips with fewer than 15 consecutive squat frames are skipped entirely. Frames
already satisfying h ≥ htgt with htgt = 0.04 m pass through unchanged.

Joint-correction subspace. Unsafe frames are projected onto the safe set in a 7-D joint-correction
subspace spanned by bilateral hip pitch, ankle pitch, ankle roll, and waist pitch — the joints with the
most kinematic authority over CoM displacement. Treating the discrete CBF condition h(q+Eu) ≥
htgt as an affine inequality after a first-order expansion, the minimum-effort correction admits a
closed-form half-space projection,

u⋆(q) =
max

(
0, htgt − h(q)

)
∥a(q)∥2

a(q), a(q) = E⊤[Jcc
c,xy

]⊤∇ξh,

where Jcc
c,xy is the contact-consistent CoM Jacobian under the rigid double-support constraint

J feetq̇ = 0. We iterate this Newton step inside an Armijo backtracking line search to handle the
polygon’s piecewise-linear geometry, then re-anchor the floating base so that the mid-feet pose is
invariant under the correction. A 10-frame linear ramp blends corrected and raw trajectories at the
boundaries of each squat segment.

Deployment-time velocity-space filter. The same barrier h, gradient ∇h, and contact-consistent
CoM Jacobian power a deployment-time filter applied on top of the student’s commands at inference,
so that the squat behavior learned from filtered data is preserved on the real platform. It shares the
analytic geometry of the offline filter described above and acts on the same 7-DoF subspace (bilateral
hip pitch, ankle pitch, ankle roll, and waist pitch), differing only in that it projects on the velocity
command q̇ scaled by the LIP lookahead ∆t+ 1/ω0, with ω0 =

√
g/hCoM.

C.2 Distillation Internals

The student loss is context-conditioned on xt = (∥cvelt ∥, recovert): a continuous component (veloc-
ity magnitude) drives the body-slice blend, and a binary component (recovery flag) drives the AMP
mask. The first two paragraphs below are the soft and hard instances of the context-dependent KL;
the third gives the per-dimension reduction shared by all KL terms.

Continuous-context body-slice KL. The body-slice supervision is a per-step convex blend of
WBC and locomotion KL,

LB
KL = (1− α)DKL

(
πB
θ ∥πB

wbc

)
+ αDKL

(
πB
θ ∥πB

loco

)
, α = σ

(
∥cvelt ∥ − 0.1

0.02

)
,
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with ∥cvelt ∥ =
√

v2x + v2y + ω2
z . Below the 0.1 m/s threshold the body slice is supervised almost

entirely by the WBC teacher; above it the student inherits from the locomotion teacher; the 0.02
width gives a sharp but differentiable transition.

Discrete-context AMP KL. The AMP KL is masked to recovery-active samples,

LAMP
KL =

∑
t 1[recovert]DKL

(
πθ ∥πamp

)
t∑

t 1[recovert] d
,

where d is the number of action dimensions. The recovery flag is set on a fixed fraction of envs
(20%) at reset to put the agent in fallen poses with delay-masked rewards.

Per-dimension KL. On diagonal Gaussians, every KL above is computed per-dimension and re-
duced by an active-subset mean,

D
(i)
KL = log

σ
(i)
t

σ
(i)
s

+
(σ

(i)
s )2 + (µ

(i)
s − µ

(i)
t )2

2 (σ
(i)
t )2

− 1
2 .

For the body and arm slices, dimensions corresponding to other slices and envs flagged “in recovery”
are excluded from the mean so that the documented coefficients describe the per-non-recovery-
sample weight.

Coefficient schedule. The KL coefficients are cosine-annealed over the first 60,000 update steps
with the values listed in Appendix C.4 under Student DAgger losses.

C.3 Mixture-of-Experts Architecture

The MoE student uses three experts that share a 64-D latent produced by the proprio-history
temporal-conv encoder. The gating network is a small MLP with hidden sizes (128, 64) that maps
the latent to a 3-way softmax. Each expert is a (256, 128) MLP producing the action mean; the
log-std is shared across experts. All three experts are evaluated at every step and their action-mean
outputs are blended by the gate; soft routing keeps the policy fully differentiable and avoids the
bimodal artifacts that hard top-k routing introduces when the gate is uncertain.

Two routing-shaping terms are added to the PPO objective (coefficients in Appendix B). A subset-
aware load-balancing loss penalizes deviation of the renormalized non-recovery gate weights from a
uniform target over the WBC and locomotion experts; concretely, on non-recovery samples the gate
is restricted to the WBC and locomotion experts and renormalized to sum to one, and the standard
load-balancing penalty is applied to that two-way distribution. The recovery expert is excluded
from this term and supervised separately by a recovery-routing loss that pushes gate mass onto it
on recovery-active samples and leaves it alone otherwise. The remaining two experts thus divide
locomotion and manipulation between themselves without an explicit regime label.

C.4 Training Setup

PPO + DAgger. All policies are trained with the Rsl-rl framework inside mjlab using an asymmet-
ric actor-critic, obs normalization on both heads, and a scalar (shared) Gaussian action distribution
initialized at σ = 1.0. Each iteration collects 24 steps from 4,096 parallel envs on a single GPU
(≈ 98K transitions/iter), then runs 5 epochs of Adam SGD with 4 mini-batches at learning rate
1×10−3 under an adaptive KL schedule (target DKL = 0.01). PPO clip 0.2 with clipped value
loss, value-loss coefficient 1.0, entropy coefficient 0.005, γ = 0.99, GAE λ = 0.95, and global
gradient-norm clip 1.0. The WBC teacher and the student each train for up to 30,000 updates; the
locomotion teacher for 20,000; the fall-recovery teacher for 100,000.

Network sizes. The WBC, locomotion, and fall-recovery teacher actors and critics are
(512, 256, 128) MLPs with ELU activation. The student backbone is a wider (512, 512, 256, 128)
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MLP with Swish activation and LayerNorm; the 11-frame proprio history is encoded by a 1-
D temporal-conv into a 64-D latent, and the planner-interface and reference-motion blocks enter
through a 128-D motion latent. The MoE expert and gate sizes are listed in Appendix C.3.

Student DAgger losses. The student extends the same PPO core with the context-conditioned KL
terms of Section 3.4 plus two MoE routing-shaping terms. In the canonical 3-teacher recovery run,
the cosine-annealed KL coefficients are

λB : 0.4 → 0.2, λA : 0.1 → 0.05, λAMP : 0.4 → 0.2,

over the first 60,000 update steps; the asymmetric arm coefficient (λA < λB) deliberately loosens
the WBC pull on the arms so the body teachers stay in charge of locomotion stability. The MoE
routing-shaping terms (load-balance, 0.01; recovery-routing, 0.5) are defined in Appendix C.3.

Fall-recovery teacher AMP losses. The discriminator MLP is (1024, 512, 256) trained with
discriminator-loss coefficient 1.0, WGAN-style gradient-penalty coefficient λgp = 10, and weight
decay 1×10−3 on the trunk and 1×10−2 on the head; expert transitions are buffered in a 100,000-
entry on-policy AMP replay. The PPO reward delivered to the teacher is r = (1− ℓ) rdisc + ℓ rtask
with ℓ = 0.75 and a global 0.1 scale on rdisc.

Domain randomization. Randomization spans base mass, foot friction, PD gains, motor strength
scales, encoder bias, applied hand forces, and per-env actuation delay. Randomized values are
exposed to the critic but not to the actor.

Checkpoint selection. Every reported run is exported from the final checkpoint.

D Extended Experimental Results

Figures 6–8 report the per-axis breakdowns underlying the aggregate |∆v·| and workspace convex
hulls; the evaluation protocol is described in Section 4.

Velocity-tracking sweep curves. The ablation panel (Fig. 6) traces how each ingredient — adding
the locomotion teacher, randomized commands, asymmetric split-KL with MoE, and the AMP re-
covery teacher — tightens the realized-versus-commanded curve toward the unit-slope ideal on all
three axes. The SOTA panel (Fig. 7) overlays our final controller against AMO, OpenHomie, FAL-
CON, and SONIC on the same [−1, 1] sweep; our curves sit within the SOTA cluster on every
axis, with the largest gap to perfect tracking occurring near the saturation regions where the legged
platform’s velocity budget is binding.

Bimanual wrist-workspace details. The workspace panel (Fig. 8) shows the bimanual wrist-
reach hulls in the pelvis frame from three orthogonal views (XY top-down, YZ front, XZ side),
restricted to the forward half-space x ≥ 0 that drives the Robust WS column. Our controller, with
and without the fall-recovery teacher, covers the largest forward-half workspace at feasibility com-
parable to SONIC, while FALCON’s hull stops well short of the side and top reaches. The reported
feasibility and robust-workspace numbers are aggregated over 2000 discovery targets and 400 ac-
curacy targets per controller, all sampled with a fixed seed (42) so every method sees the same
target set; a trial counts as feasible when both wrists stay within 15 cm of the target throughout the
measurement window, the policy does not fall, and pelvis horizontal drift stays under 25 cm.

Differential-IK baseline adapter. For the comparison in Section 4.2, every baseline that does
not natively expose pelvis-frame wrist targets is driven through a shared differential-IK head built
on mink [51]. The two wrist targets enter as RelativeFrameTasks rooted at the pelvis body, so
the Cartesian targets are interpreted directly in the pelvis frame (the same frame the controllers
consume); only position is tracked (orientation cost 0). All non-arm DoFs are hard-frozen via an
equality constraint (DofFreezingTask) rather than a soft penalty, so the IK only moves the arms
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and the policy retains full authority over the lower body. The QP uses a wrist position cost of 10,
a posture regularizer of 10−4, Levenberg–Marquardt damping 10−3, and solver damping 10−1, run
for up to 30 iterations per call at the 50 Hz control rate (daqp solver, with a quadprog fallback and a
hold-last-target fallback on the rare infeasible QP). The solver warm-starts from a fixed bent-elbow
ready pose to avoid the straight-down elbow singularity and persists the arm configuration across
calls; on FALCON the resulting reference is additionally low-pass filtered with a ∼200 ms time
constant to match its teleop pipeline and suppress reference jitter. Joint limits are enforced by the
underlying MJCF, and all methods receive the identical wrist-target distribution used for our own
controller.

Figure 6: Ablation progression: per-axis realized-versus-commanded velocity sweep across [−1, 1].

Figure 7: SOTA comparison: per-axis realized-versus-commanded velocity sweep across [−1, 1].

Figure 8: Bimanual wrist-workspace hulls in three orthogonal pelvis-frame views, forward half
(x ≥ 0).
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E Hardware Setup

All hardware experiments run on a Unitree G1 humanoid (29 DoF) with stock 3-finger hands re-
placed by bilateral Dex1-1 anthropomorphic grippers and a head-mounted ZED-M stereo RGB-D
camera that supplies frames to the VLM and the waypoint-projection step. A back-mounted Nvidia
Jetson Thor runs the full onboard stack end to end — the 50 Hz RL controller, the agentic planner
of Section 3.5, and local VLM inference (with an optional ChatGPT-API fallback over Wi-Fi) —
powered together with the Dex1-1 grippers by a single 140 W USB-PD powerbank for a fully un-
tethered envelope. The Jetson + powerbank + gripper payload is modeled as rigid masses on the
simulator’s G1 and included in the domain randomization of Appendix C.4, keeping the deployed
policy within its training mass distribution. The assembled platform, gripper, camera, and compute
stack are shown in Fig. 9.

(a) Assembled G1 plat-
form.

(b) Dex1-1 end-effector. (c) ZED-M stereo RGB-D
camera.

(d) Back-mounted com-
pute stack.

Figure 9: Real-robot deployment platform. (a) Unitree G1 with bilateral Dex1-1 grippers and
a head-mounted ZED-M stereo RGB-D camera. (b) Close-up of one Dex1-1 gripper, replacing the
stock 3-finger hand. (c) Head-mounted ZED-M stereo RGB-D camera providing the RGB and depth
frames consumed by the VLM. (d) Back-mounted Nvidia Jetson Thor and 140 W USB-PD power-
bank that together drive the onboard RL controller, the agentic planner, and local VLM inference (if
needed).
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