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Figure 1: Introducing EgoHumanoid-V2, the first egocentric human-to-humanoid skill transfer
framework for coordinated whole-body loco-manipulation. Robot teleoperation is costly and hard
to scale across environments, while human demonstrations capture diverse scenes and coordinated
whole-body skills. Action and visual alignment bridge the embodiment gap for VLA training. Four
real-world tasks demonstrate zero-shot skill transfer without target-task robot demonstrations.

ABSTRACT

Human demonstrations capture diverse scenes and rich whole-body skills with-
out requiring robot teleoperation. Prior work on egocentric transfer has empha-
sized scene generalization in loco-manipulation under decoupled control, leav-
ing direct transfer of coordinated whole-body skills less explored. We present
EgoHumanoid-V2, the first egocentric human-to-humanoid skill transfer frame-
work for coordinated whole-body loco-manipulation. At its core, coarse-to-fine
action alignment combines kinematic reference correction with dynamics-aware
refinement. It improves end-effector pose accuracy while preserving whole-body
coordination. We also use robot-arm rendering and training-time image augmenta-
tion to reduce the visual embodiment gap and improve viewpoint robustness. On
four real-world tasks, vision-language-action (VLA) policies trained on aligned
human data show zero-shot skill transfer without target-task robot demonstrations.
Task scores are comparable to those of policies trained on teleoperation data at a
lower collection cost. These results support human data as direct skill supervision.

†Work done during an internship at Alibaba Token Hub (ATH), Alibaba Group.
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1 INTRODUCTION

Human demonstrations offer rich manipulation experience across diverse scenes without robot tele-
operation (Grauman et al., 2022; 2024). Yet the embodiment gap makes it challenging to exploit
human motion for robot policy learning. Some approaches learn loco-manipulation priors from
videos without action labels (Ye et al., 2025; Bu et al., 2025; Jiang et al., 2026; Ye et al., 2026). This
bypasses explicit action alignment, but may underutilize human motion (Lin et al., 2026). Recent
work captures human hand trajectories with the Universal Manipulation Interface (UMI) (Chi et al.,
2024; Liu et al., 2026) or VR motion capture (Yuan et al., 2026; Shi et al., 2026). Relative end-
effector pose changes provide a shared human–robot action space (Kareer et al., 2026; Yuan et al.,
2026). However, these methods primarily transfer bimanual manipulation and navigation, rather
than coordinated whole-body loco-manipulation skills.

Humans naturally coordinate their arms, torso, and legs to extend their workspace and manipulate
efficiently. Transferring these coordinated skills, however, requires more than matching end-effector
trajectories. Whole-body tracking policies enable such coordination through joint whole-body con-
trol (Luo et al., 2026; Pan et al., 2026b). Unlike decoupled controllers that support arm inverse kine-
matics (IK) alongside separate balance and locomotion control (Ben et al., 2025; Li et al., 2025a),
these policies jointly generate commands from full-body feedback. However, tracking human ref-
erences alone can leave substantial end-effector error (Table 1). A straightforward approach is to
correct the tracker’s joint commands using online IK. Yet these corrections override part of the co-
ordinated output without adjusting the remaining commands, potentially disrupting balance. Our
implementation and evaluation confirm this risk (Appendix D). The challenge is therefore to im-
prove interaction accuracy while preserving whole-body coordination.

We present EgoHumanoid-V2, the first egocentric human-to-humanoid skill transfer framework
for coordinated whole-body loco-manipulation (Figure 1). Building on EgoHumanoid’s explo-
ration of egocentric human-to-humanoid transfer (Shi et al., 2026), we extend the scope from
loco-manipulation under decoupled control to coordinated whole-body skills. At its core is offline,
coarse-to-fine action alignment that accounts for the tracking policy’s execution. In the coarse stage,
kinematic reference correction uses offline IK to align motion references with human hand or foot
targets, reducing geometric mismatch before tracking. In the fine stage, dynamics-aware refinement
combines rollout feedback with a learned local response model to iteratively improve end-effector
tracking. Together, these stages improve manipulation accuracy while preserving whole-body coor-
dination. We also use robot-arm rendering to reduce the visual embodiment gap and training-time
image augmentation to improve viewpoint robustness. The resulting observations and actions pro-
vide paired supervision for vision-language-action (VLA) post-training.

On four real-world tasks, policies trained on 200 human demonstrations per task achieve a mean
score of 51.67% without target-task robot demonstrations. On two tasks, human collection re-
quires 76.36% less labor per demonstration than teleoperation. Ablations examine action alignment
through tracking accuracy and motion quality, and visual alignment through policy performance.

Our contributions are: (a) The first egocentric human-to-humanoid skill transfer framework for
coordinated whole-body loco-manipulation. (b) Coarse-to-fine action alignment through kinematic
reference correction and dynamics-aware refinement. (c) Evidence of zero-shot skill transfer on four
real-world tasks, with analyses of accuracy, policy scores, and collection cost.

2 RELATED WORK

2.1 WHOLE-BODY CONTROL FOR LOCO-MANIPULATION

Humanoid whole-body control supports imitation (Ji et al., 2025; Fu et al., 2025) and teleoperation
(He et al., 2024; 2025b; Ze et al., 2025). For loco-manipulation, decoupled controllers combine arm
joint targets or IK with adaptive lower-body control (Ben et al., 2025; Li et al., 2025a). Whole-body
tracking policies instead use motion references and full-body feedback for joint control (Chen et al.,
2026; Pan et al., 2026b), supporting diverse motions (Luo et al., 2026; Qi et al., 2026) and precise
spatial tracking (Xu et al., 2026a). Retargeting improves reference quality (Araujo et al., 2026),
interaction geometry (Yang et al., 2026b), and dynamic feasibility (Pan et al., 2026a). Execution
errors nevertheless remain. Residual learning addresses dynamics mismatch (He et al., 2025a) and
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task interactions (Zhao et al., 2026). We instead correct references and refine execution offline under
SONIC, keeping the controller fixed across tasks.

2.2 LEARNING FROM HUMAN DEMONSTRATIONS

Human demonstrations support robot learning through visual representations (Nair et al., 2023; Ma
et al., 2023; Zeng et al., 2024), predictive pretraining (Wu et al., 2024), and motion priors from
latent action models (Ye et al., 2025; Bu et al., 2025; Jiang et al., 2026) or world action models
(Ye et al., 2026). Captured human trajectories provide direct action supervision (Hoque et al., 2026)
through UMI-based interfaces (Chi et al., 2024; Zhaxizhuoma et al., 2025; Xu et al., 2025; Liu et al.,
2026) or VR capture (Yuan et al., 2026). Wearable hand capture enables human–robot co-training
(Kareer et al., 2025; Qiu et al., 2025; Tao et al., 2025), with domain adaptation improving transfer
(Punamiya et al., 2025). Recent egocentric systems study scaling (Zheng et al., 2026) and humanoid
control (Wei et al., 2026; Yang et al., 2026a). Loco-manipulation transfer extends to wheeled robots
(Xu et al., 2026b) and humanoids with decoupled control (Shi et al., 2026; Zhong et al., 2026).
Scene reconstruction supports contextual whole-body imitation (Allshire et al., 2025), while HuMI
and BifrostUMI transfer coordinated manipulation (Nai et al., 2026; Wang et al., 2026). We instead
refine action supervision offline under a fixed tracker, without task-specific training or fine-tuning.

3 METHOD

Figure 3 illustrates our action and visual alignment pipelines.

3.1 PROBLEM SETUP

For each task τ , human demonstrations contain synchronized egocentric images I , body motion x,
and hand signals h, together with an instruction ℓ. We convert them into robot observations and
actions to post-train a VLA policy πτθ without target-task robot demonstrations. The policy predicts
whole-body and hand actions from images, proprioceptive states, and instructions.

3.2 DATA COLLECTION AND POLICY LEARNING

We use a wearable system based on EgoHumanoid (Shi et al., 2026) to capture human demonstra-
tions without robot hardware (Figure 2).

Human
Demonstration

Humanoid
Deployment

Human-to-humanoid transfer

Egocentric RGB

Human RGB Aligned RGB

Arm
rendering

Similar camera height

Hand Pose

Retargeting

6-D / hand
Whole-body

motion
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Figure 2: Hardware for human demonstration
capture and humanoid deployment.

Human demonstration capture. A neck-
mounted GoPro captures egocentric RGB im-
ages, while the PICO system captures body mo-
tion and hand poses. These streams are syn-
chronized at 50 Hz. For deployment, we use
a Unitree G1 with a head-mounted GoPro and
BrainCo Revo2 hands. The human and robot
cameras are placed at similar heights to reduce
the viewpoint gap.

Training data construction. Offline action
alignment converts human motion into SONIC
tokens (Luo et al., 2026). Controller rollouts
provide humanoid states for policy inputs and
robot-arm rendering. The adapted images and
aligned actions form training pairs, with image
augmentation applied during training.

Policy learning and deployment. Using the aligned human demonstrations, we post-train one
π0.5 policy (Intelligence et al., 2025) per task without target-task robot demonstrations. The policy
predicts action sequences from egocentric images, humanoid states, and language instructions, with
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a common interface for training and deployment:

ot = (Ĩt, qt, ℓ), at = (zt, h
L
t , h

R
t ), (1)

where Ĩt denotes the adapted human image during training or the robot camera image at deployment,
qt is the 43-D G1 state, zt ∈ R64 is a SONIC motion token, and hL/Rt ∈ R6 are Revo2 hand
commands. Controller rollouts supply qt in the robot’s state space during training. At deployment,
SONIC executes motion tokens and the Revo2 driver executes hand commands. The same SONIC
checkpoint serves alignment and deployment across all four tasks.

3.3 ACTION ALIGNMENT

Action alignment (Figure 3(a)) targets accurate interaction trajectories while preserving coordinated
control. Starting from a controller rollout (H), the coarse stage corrects reference geometry (K),
and the fine stage iteratively refines motion tokens using execution feedback (D).

Motion initialization. We obtain an initial robot motion by executing human body motion through
SONIC in simulation, retaining the resulting joint trajectory b01:T and motion tokens, where bt ∈
R29. We denote this initialization by H . Other motion references are also compatible with the
framework; we compare their accuracy and motion quality in Table 2.

Target construction. We express motion in pelvis-centered frames with vertical axes fixed up-
right and horizontal axes following pelvis yaw. Human palm poses define the targets, with heights
adjusted by the per-frame human–robot pelvis-height difference from the initial rollout. Targets
remain fixed throughout refinement. Palm and sole target definitions appear in Appendix A.2.

3.3.1 KINEMATIC REFERENCE CORRECTION (K)

The coarse stage uses constrained offline IK to bring the initial robot reference closer to the human
targets. The optimization reduces end-effector pose error while limiting changes to the original
motion and maintaining temporal continuity. We encode the corrected reference bref1:T using SONIC’s
robot motion encoder Er (Luo et al., 2026):

z01:T = Er(bref1:T ). (2)

Token replay measures the residual tracking errors corrected in the fine stage (Appendix A.2).

3.3.2 DYNAMICS-AWARE REFINEMENT (D)

The fine stage uses rollout feedback and an MLP response model Rψ . Paired perturbed and unper-
turbed rollouts train it to predict execution changes from kinematic changes (Appendix A.3).

At iteration k, a rollout of zk provides the controller observation history sk and end-effector residual
rk: position errors and, for hand targets, relative rotation vectors from executed poses to fixed
targets. Holding the rollout context fixed, SONIC’s control decoder Dc maps candidate tokens to
joint commands. We predict their effect on execution as

∆u(z) = Dc(z, sk)−Dc(zk, sk),

∆̂e(z) = Rψ

(
Jk∆u(z)

)
.

(3)

Here, Jk maps joint-command changes to kinematic end-effector changes. We optimize the tokens
so that the predicted response compensates for the current residual:

Ltrack(z) = ∥∆̂e(z)− rk∥2. (4)

Gradients pass through the fixed response model and control decoder, not the simulator. Each up-
dated sequence is evaluated in a fresh rollout, which supplies the residual and context for the next
iteration. We select a validated sequence from the optimization history for policy training. The
selected output, Ds, may come from an earlier round, including H or H + K. The full formula-
tion adds temporal history, state and token conditioning, task weights, and regularization; selection
criteria and implementation details appear in Appendices A.2–A.4.
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(a) Action alignment

(b) Visual alignment

Human 
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Figure 3: Action and visual alignment pipelines. (a) Human motion initializes a robot trajectory
through a SONIC rollout (H). Offline IK corrects the reference geometry (K), and dynamics-aware
refinement (D) uses an MLP response model and iterative execution feedback to produce aligned
robot motion. (b) Human forearms and wrist trackers are masked and inpainted, then replaced with
rendered robot arms. Image augmentation produces varied training views.

3.4 VISUAL ALIGNMENT

Action alignment alone does not close the visual gap between human demonstrations and robot
deployment (Table 4). We address differences in arm appearance and camera viewpoint through
robot-arm rendering and training-time image augmentation (Figure 3(b)).

Robot-arm rendering. We adapt arm appearance (Chen et al., 2024; 2025). Matching blue gloves
on humans during collection and robots during deployment simplify segmentation and visual align-
ment. We use SAM2 (Ravi et al., 2025) to segment human forearms and wrist-mounted PICO
trackers, then fill the masked regions with DiffuEraser (Li et al., 2025b). We render G1 arms from
aligned joint positions and adjust their translation, rotation, and uniform scale to match human wrists
and forearms before compositing onto the inpainted backgrounds.

Image augmentation. Differences in movement amplitude and speed can alter camera viewpoints
despite matching the initial camera height and angle. Random resized crops, small rotations, and
photometric jitter improve robustness to these variations. At inference, the policy uses robot images
directly (Appendix B.1). Table 4 evaluates rendering and augmentation separately and together.

4 EXPERIMENTS

We evaluate skill transfer on a real humanoid and use simulation to examine the accuracy and motion
quality of action alignment. We ask four questions:
Q1: Can human demonstrations teach whole-body loco-manipulation skills?
Q2: How do human and robot data compare in performance and cost?
Q3: How does action alignment improve accuracy?
Q4: How does visual alignment improve transfer?

4.1 EXPERIMENTAL SETUP

We evaluate four coordinated whole-body manipulation tasks on Unitree G1, covering hand and foot
interactions with posture adjustments or stepping (Figure 4).
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Figure 4: Q1: Skill transfer on four real-world tasks. Each task column shows human demonstra-
tions (top), humanoid motion illustrations (middle), and task scores with 25, 50, 100, or 200 human
demonstrations (bottom). Policies use no target-task robot demonstrations.

(1) Close Laptop. The robot reaches above the laptop with its right hand and presses the
lid shut, testing reaching accuracy and controlled downward contact until the lid is closed.
(2) Open Fridge. The robot hooks its left hand into the door gap and pulls the door
open, requiring precise hand placement and sustained contact as the robot adjusts its posture.
(3) Pull Curtain. The robot grasps the curtain with its right hand and pulls it open by one
meter, combining grasp maintenance with arm and body motion over an extended pulling distance.
(4) Close Drawer. The robot lifts its right foot and pushes the open drawer fully closed with its
toe, requiring accurate foot placement while maintaining balance.

For each task, we post-train a separate π0.5 policy for 30,000 steps with batch size 256, using the
same pretrained checkpoint and training settings (Appendix B.1). Unless otherwise specified, human
demonstrations undergo the full H +K +Ds action-alignment pipeline, robot-arm rendering, and
image augmentation; Close Drawer omits arm rendering. Human-data policies use no target-task
robot demonstrations during post-training and are deployed directly on the robot.

Each policy is evaluated over 20 real-world trials with three sequential subtasks, each scored as suc-
cess or failure. Averaging over subtasks and trials gives a task score that captures partial completion
(Appendix B.3). Offline endpoint-error and motion-quality comparisons use a fixed random subset
of 25 training trajectories per task (Appendices C.1–C.3). Cross-task means weight tasks equally.

4.2 Q1: SKILL TRANSFER FROM HUMAN DEMONSTRATIONS

Figure 4 evaluates transfer with 25, 50, 100, and 200 human demonstrations per task.

With 200 human demonstrations per task, scores range from 38.33% on Open Fridge to 61.67% on
Close Drawer, with a four-task mean of 51.67%. These results show that human demonstrations
supervise both arm and foot manipulation through the same whole-body controller. Increasing the
budget from 25 to 200 raises the mean from 38.33% to 51.67%, suggesting that additional human
demonstrations improve transfer to robot deployment.

4.3 Q2: HUMAN VS. ROBOT DEMONSTRATIONS

Figure 5 compares human and robot demonstrations on Close Laptop and Pull Curtain under the
same training and evaluation settings. Robot-data policies use 6, 12, 25, or 50 demonstrations. With
200 human demonstrations, both tasks reach 53.33%, compared with 63.33% and 56.67%, respec-
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Figure 5: Task scores and collection labor with human or robot demonstrations. Each point
represents an independently trained policy evaluated over 20 trials. Human-only results reuse Fig-
ure 4. Cost strips include capture, setup, calibration, troubleshooting, and resets.

tively, from 50 robot demonstrations. Human data approach robot-data performance but require
more episodes, motivating a comparison of collection labor.

We measure collection labor in person-seconds, summing time across operators for capture, setup,
calibration, troubleshooting, and scene resets. Shared overhead is amortized over episodes. Human
data collection uses one operator, whereas our robot data collection uses two: one for teleoperation
and one for scene and robot resets. Collecting a robot demonstration requires 2.92× as much labor as
a human demonstration on Close Laptop and 5.45× on Pull Curtain. On average, human collection
reduces labor per episode from 140.85 to 33.30 person-seconds, a 76.36% reduction.

On Close Laptop, 100 human demonstrations achieve 48.33% versus 63.33% from 50 robot demon-
strations, using 31.41% less collection labor. On Pull Curtain, 200 human demonstrations reach
53.33% versus 56.67% from 50 robot demonstrations, using 26.63% less labor.

4.4 Q3: ACTION ALIGNMENT FOR IMPROVED ACCURACY

Why correct actions offline? We first examine whether online IK can improve endpoint accuracy
during whole-body tracking. All three tested implementations produce unstable SONIC rollouts,
including falls, across the four tasks, so we do not proceed to policy evaluation with these variants.
Their designs and failure sequences are reported in Appendix D.

Kinematic reference correction and dynamics-aware refinement. Table 1 comparesH ,H+K,
and the selected H +K +Ds output under the same controller. Position error covers all four tasks;
orientation error covers the three palm-interaction tasks. Drawer closing uses sole position only.

Mean position error decreases from 11.21 cm at H to 4.45 cm after K and 3.41 cm at H + K +
Ds; orientation error falls from 21.22◦ to 13.77◦ and 6.71◦. Thus, K removes much of the initial
position mismatch, while D further improves execution accuracy, especially in orientation. With
200 demonstrations per task, mean policy score likewise rises from 21.25% to 47.08% and 51.67%.
The full pipeline improves policy scores over H +K on every task. An expanded simulation study
on 112 trajectories across 50 tasks shows the same stage-wise trend: position error falls from 17.03
to 5.22 to 3.83 cm (Appendix C.6, Table 9).

Motion initialization. Table 2 compares three motion initialization strategies: a SONIC rollout,
GMR retargeting (Araujo et al., 2026), and whole-body IK adapted from HuMI (Nai et al., 2026).
Each passes through the same subsequentK stage, eight refinement rounds, and selection procedure.

SONIC rollout and retargeting achieve similar position errors (3.41 versus 3.42 cm). Retargeting
gives lower orientation error (5.32◦ versus 6.71◦), while SONIC rollout reduces extra yaw from
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Table 1: Q3: Effect of action alignment. Top: position (cm) / orientation (◦) errors in simulation
(↓). Bottom: real-world task scores (%, ↑) with 200 demonstrations per task and identical visual pre-
processing. Means are computed across tasks; Close Drawer uses sole position only and is excluded
from orientation averages. Bold/underline mark best/second best. Selection follows Appendix C.2.

End-effector Tracking Error (↓)

Alignment Close Laptop Open Fridge Pull Curtain Close Drawer Mean
Pos. (cm) / Ori. (◦) Pos. (cm) / Ori. (◦) Pos. (cm) / Ori. (◦) Pos. (cm) Pos. (cm) / Ori. (◦)

H 14.08 / 29.43 13.27 / 19.37 10.31 / 14.86 7.17 11.21 / 21.22
H +K 4.22 / 13.84 4.24 / 14.72 3.13 / 12.74 6.22 4.45 / 13.77
H +K +Ds 3.04 / 9.50 2.76 / 5.77 2.02 / 4.85 5.80 3.41 / 6.71

Real-World Task Score (%, ↑)

H 0.00 0.00 28.33 56.67 21.25
H +K 46.67 31.67 51.67 58.33 47.08
H +K +Ds 53.33 38.33 53.33 61.67 51.67

Table 2: Effect of motion initialization. Task-averaged endpoint error at Ds and whole-body
motion quality. Pelvis drop measures maximum height loss; tilt, maximum base inclination; joint
step, maximum frame-to-frame joint-angle change; extra yaw, heading deviation from the human
reference. All variants share K, eight D rounds, and selection. Drawer orientation is excluded.
Lower is better; bold/underline mark best/second best. Appendix C.3 defines the metrics; Tables 6
and 7 report results for each task and initialization.

Endpoint Error Whole-Body Motion Quality

Motion initialization Pos. (cm) Ori. (◦) Pelvis drop (cm) Tilt (◦) Joint step (◦) Extra yaw (◦)

SONIC Rollout 3.41 6.71 3.28 11.14 5.94 7.18
Retargeting 3.42 5.32 3.30 11.87 6.51 11.45
Whole-Body IK 3.82 6.35 5.25 12.77 7.75 23.67

11.45◦ to 7.18◦ and improves the other motion-quality metrics. This balance of accuracy and motion
quality motivates our use of SONIC rollout for motion initialization.

Roles of K and D. Figure 6 supports one K round followed by multiple D rounds. Repeating K
eight times changes position error only from 4.86 to 4.77 cm. Instead, adding eight D rounds after
one K reduces position error to 3.97 cm and orientation error from 16.46◦ to 8.08◦. Eight D rounds
alone leave errors of 8.40 cm and 16.40◦. Thus, K provides an accurate reference, while repeated
D updates further reduce execution error; repeating K offers little additional benefit. The 50-task
experiments likewise support one K round followed by multiple D rounds (Figure 7).

Learning the execution response. Table 3 compares the learned MLP with a unit response that
equates kinematic and executed endpoint changes. Under identical settings, the MLP improves all
four tasks: arm-task errors fall by 0.13–0.17 cm and 0.11–0.24◦, while Close Drawer improves
from 9.18 to 5.80 cm. The larger drawer gain suggests that modeling execution is especially useful
when foot corrections require coordinated balance adjustments. On 50 tasks, raw KD8 errors also
improve from 4.25 to 4.10 cm and 9.39◦ to 9.21◦ (Table 10; training details in Appendix A.3).

4.5 Q4: VISUAL ALIGNMENT FOR EASIER TRANSFER

We evaluate robot-arm rendering and image augmentation separately and together, using 200 human
demonstrations per task with identical action labels and training settings (Table 4). The baseline uses
human images with standard model preprocessing only.

Across the three arm tasks, rendering, augmentation, and their combination score 38.89%, 42.78%,
and 48.33%, respectively, with unchanged action labels. Their benefits are complementary but task-
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Figure 6: Complementarity and depth of K and D. Task-macro averages of raw stage outputs for
Dk, repeated Km, KDk, and KmD8. Position averages four tasks; orientation averages the three
hand tasks. Protocol and processing costs appear in Appendix C.4.

Table 3: MLP response versus unit response. Position (cm) / orientation (◦) errors of histori-
cally selected outputs within eight refinement rounds, with shared inputs and evaluation trajectories.
Means weight tasks equally; orientation excludes drawer. Bold marks lower errors (Appendix C.5).

Response Close Laptop Open Fridge Pull Curtain Close Drawer Mean
Pos. (cm) / Ori. (◦) Pos. (cm) / Ori. (◦) Pos. (cm) / Ori. (◦) Pos. (cm) Pos. (cm) / Ori. (◦)

Unit response 3.18 / 9.74 2.89 / 5.88 2.19 / 5.06 9.18 4.36 / 6.89
MLP response 3.04 / 9.50 2.76 / 5.77 2.02 / 4.85 5.80 3.41 / 6.71

Table 4: Q4: Visual-alignment ablation. Task scores with 200 human demonstrations per task.
Means average the available tasks; robot-arm rendering is not evaluated for foot-operated Close
Drawer. Bold/underline mark best/second best; shading indicates the full pipeline.

Visual alignment Task score (%) Mean

Image
augmentation

Robot-arm
rendering

Close Laptop Open Fridge Pull Curtain Close Drawer

× × 31.67 16.67 35.00 50.00 33.33
× ✓ 51.67 23.33 41.67 — 38.89
✓ × 61.67 33.33 33.33 61.67 47.50
✓ ✓ 53.33 38.33 53.33 — 48.33

dependent: combining them performs best on Open Fridge and Pull Curtain, while augmentation
alone is best on Close Laptop.

5 CONCLUSION

EgoHumanoid-V2 transfers coordinated whole-body loco-manipulation skills from egocentric
demonstrations through coarse-to-fine action alignment and visual adaptation. With 200 human
demonstrations per task, VLA policies achieve a mean score of 51.67% across four real-world tasks
without target-task robot demonstrations, demonstrating zero-shot skill transfer on the tested tasks.
The results support human motion as direct supervision for coordinated humanoid skills.

Limitations and future work. Alignment can still produce unstable motions, and IK and repeated
rollouts limit throughput. Stronger stability constraints and faster optimization remain directions for
improving reliability and processing efficiency.
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Appendix

A METHODOLOGY

A.1 DATA PREPARATION AND VALIDATION

GoPro RGB, PICO whole-body tracking, and hand-pose signals are synchronized into 50 Hz image–
trajectory pairs. Signal validation and heading calibration precede motion initialization H; the re-
sulting reference then passes through K and D. Accepted replays supply the states and actions
paired with aligned images for VLA post-training. Each sample uses the 43-dimensional state and
76-dimensional action interface in Eq. 1.

Validation follows the same processing order. Checks of timestamp consistency and agreement
between video and trajectory frame counts establish whether the source streams can be paired. End-
point tracking error, changes in joint angles between frames, base tilt, and pelvis displacement assess
the resulting robot execution. Without an external pulse, PICO–GoPro timing consistency measures
repeatability rather than absolute synchronization error.

A.2 ACTION ALIGNMENT DETAILS

Both stages use fixed targets from the human recording: kinematic alignment adjusts the robot
reference, and dynamics-aware alignment refines its motion tokens.

Target construction and registration. We first remove world translation and heading by express-
ing each world-space point pWt in a pelvis-centered frame:

pLt = Rz(ψt)
⊤(pWt − pWpelvis,t), (5)

where ψt is pelvis yaw. The frame keeps its z axis vertical, so it does not rotate with body tilt.
Human palm targets retain their local horizontal coordinates and orientation. To register height, we
set yt,z = pH,Lt,z + hHt − hR,0t , where hHt and hR,0t are pelvis heights above the floor in the human
recording and initial robot rollout. This registration is fixed across refinement rounds. Human-
conditioned controller execution supplies the initial joint reference, and independent token replay
measures tracking error against the registered targets.

Foot targets approximate each sole center by the midpoint between the human ankle and foot key-
points. We estimate the ground height as the median, over the demonstration, of the lowest ankle
or foot keypoint in each frame. We similarly estimate the ground height from the lower of the two
sole-center proxies. We subtract the proxy-based estimate minus the keypoint-based estimate from
the vertical coordinate of each proxy. This vertical correction is constant throughout the demonstra-
tion and preserves changes in foot height. We then apply the same pelvis-height registration used
for the hands. The resulting targets approximate sole centers; they are not measured contact points.
Both K and D target bilateral hand poses by default; foot-only tasks such as Close Drawer instead
target foot positions and omit the orientation objective.

Kinematic reference correction (K). The kinematic stage adjusts the initial robot trajectory to-
ward these targets before encoding it as motion tokens. For hand tasks, the optimization acts only
on the arms and waist. Both IK solvers bound deviations from the initial reference, retaining the
original motion as the anchor for correction. The corrected reference is then encoded and replayed
to obtain the execution residual addressed by D.

Dynamics-aware refinement (D). The dynamics-aware stage uses the response prediction in
Eq. 3 to compensate for the measured execution residual. Within each local solve, the context
ck and observation history sk remain fixed, and the task metric Qτ weights endpoint errors:

zk+1 = arg min
z∈N (zk)

∥∆̂e(z)− rk∥2Qτ
+ Lreg(z, z

k). (6)

The neighborhood N (zk) limits how far the tokens can change from their current values zk. The
regularizer combines a joint-command penalty ∥∆u(z)∥2Wτ

, token-change and temporal penalties,
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and an IK correction prior. Joint-preservation weights for the legs, waist, and arms are (20, 20, 0.1)
for hand tasks and (0.1, 20, 20) for foot-only tasks. These are soft penalties on proposed corrections;
they do not freeze body parts during execution.

Optimization schedule and output. Each refinement round locally linearizes endpoint geometry
and performs 400 Adam steps through the frozen decoder and MLP response model. A fresh roll-
out evaluates the candidate and supplies the next round’s execution context. The default schedule
comprises one K round, seven regular D rounds, and one conservative D round. The recorded
candidates then enter the selection and independent validation procedure in Appendix A.4.

A.3 RESPONSE MODEL AND TRAINING

The response model predicts how a kinematic command change affects execution.

Paired-rollout supervision. Response supervision uses G1 motion trajectories from BONES-
SEED1. Reference and perturbed tokens are replayed at 50 Hz from identical simulator states and
controller histories. Perturbations combine smooth random changes and token-refinement direc-
tions. The input is the Jacobian-based endpoint change between commands decoded under the same
baseline observation; the target is the difference between the endpoint poses executed in the two
rollouts one policy step later. Training uses 250 motions from 68 capture dates (345,080 frame–
perturbation pairs); validation uses 13 motions from seven other dates (20,420 pairs).

Inputs and temporal context. Position and rotation changes for both palms and soles form a
24-D intervention input. The current input and five exponentially smoothed versions of that input,
with time constants of 0.02, 0.1, 0.5, 2, and 5 s, form a 144-D causal history. The predictor also
conditions on 93 robot-state features and the 64-D reference token. These fixed baseline features
constitute ck; they and the causal history are omitted from the compact notation in Eq. 3.

Architecture and training objective. A frozen linear response and an MLP residual jointly pre-
dict the 24-dimensional endpoint response. The MLP has two hidden layers of width 64 and SiLU
activations. Subtracting its output at zero history enforces zero response when the intervention
history is zero. Inputs and targets are normalized using training-set statistics, and the objective
combines normalized mean squared error with a squared residual penalty of weight 1. Random per-
turbations receive 75% of the training weight; the two refinement-derived direction families share
the remaining 25%. Within each family, weights balance capture dates and source motions.

Optimization and use during refinement. We train with AdamW at learning rate 3 × 10−5,
weight decay 10−4, batch size 512, and gradient clipping at norm 5. Training lasts at most 150
epochs, and the checkpoint with the lowest validation loss is retained. During token optimization, the
model weights and baseline features stay fixed; gradients traverse the candidate-dependent history
rather than the simulator. Palm tasks blend the learned and unit responses with a learned-response
weight of 0.15. Foot-only tasks use the learned position response without an orientation objective.
Development rollouts set these task-specific configurations, which remain fixed.

A.4 MOTION SELECTION AND VALIDATION

Validation checks accuracy, execution consistency, and stability. Limits are 5 cm position error, 15◦
orientation error where applicable, 0.10 m pelvis-height drop, and 25◦ base tilt.

Candidates recorded during initialization, kinematic correction, and refinement that satisfy these
checks are ranked first by their largest normalized endpoint error, then by their mean normalized
error. They are independently replayed in that order. The selected candidate may be the initial
rollout H or the corrected reference replay H +K if later candidates rank lower or fail validation;
an episode is rejected if no candidate passes. The accepted replay supplies the state–action pairs.

1https://huggingface.co/datasets/bones-studio/seed
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Task-specific settings also control preprocessing of refrigerator trajectories, hand commands for
pulling curtains, and the handling of curtain sequence endings. All tasks use the same low-level
controller checkpoint without target-task training or fine-tuning.

B POLICY TRAINING AND EVALUATION

The policy experiments test whether the aligned supervision supports physical task execution.

B.1 POST-TRAINING CONFIGURATION

All controlled comparisons post-train π0.5 from pi05_base in bfloat16 for 30,000 steps with
global batch size 256. We use AdamW, gradient clipping at 1.0, and weight decay 10−10. The
learning rate warms up for 1,000 steps to 2.5× 10−5, then follows a cosine decay to 2.5× 10−6.

Visual preprocessing. Robot-arm rendering is performed offline as described in Section 3.4. Dur-
ing post-training, random resized crops, in-plane rotation, and photometric jitter augment the im-
ages. Deployment applies standard preprocessing to robot images only.

B.2 TRAINING DATA AND CONTROLLED COMPARISONS

The default human-data condition combines H +K + Ds action labels, robot-arm rendering, and
image augmentation. Foot-operated Close Drawer omits arm rendering. Across conditions, the
policy backbone, action interface, and evaluation protocol are held fixed; the following comparisons
vary the data budget or supervision component.

Data-budget comparisons. Q1 uses 25, 50, 100, or 200 human demonstrations per task. Q2
trains separate human-data and robot-data policies at the budgets in Section 4.3. Action and visual
ablations each use 200 demonstrations per task.

Supervision ablations. In Table 1, theH andH+K conditions use their respective stage-specific
action labels, while the full condition uses validated historical candidates (Appendix A.4). Visual
preprocessing and optimization settings are identical across these action-label comparisons. Visual
ablations instead vary the visual preprocessing components under the shared training configuration.

B.3 TASK SCORING CRITERIA

Each task consists of three sequential binary-scored subtasks. Evaluation stops at the first failure,
and all remaining subtasks receive zero. A trial therefore scores 0, 1/3, 2/3, or 1. Each condition
includes 20 attempted trials, and the task score is

Task score (%) =
100

20

20∑
i=1

1

3

3∑
j=1

sij

 , sij ∈ {0, 1}. (7)

Table 5 lists the ordered criteria for each task. The stages distinguish reaching or establishing con-
tact, performing the interaction, and completing it.

B.4 RESULT AGGREGATION

Task scores summarize partial completion rather than binary full-task success. Cross-task means
give equal weight to the available task scores; visual-ablation rows with arm rendering exclude
Close Drawer. No error bars are reported.

The four policies are task-specific. Starting-pose and object variations therefore assess within-task
execution, rather than unseen-task generalization by a single policy.
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Table 5: Ordered binary scoring criteria for physical policy evaluation.

Task Stage 1 Stage 2 Stage 3

Close Laptop Right hand reaches a suitable
position above the lid.

Right hand makes an effective
downward press on the lid.

Lid is fully closed.

Open Fridge Left hand approaches the door
gap.

Left hand hooks into the gap. Refrigerator door opens.

Pull Curtain Right hand grasps the curtain. Hand pulls the curtain. Curtain is pulled open by
one meter.

Close Drawer Right foot lifts, with the toe
in front of the lowest drawer’s
outer face.

Right foot pushes the drawer
inward.

Drawer is fully closed.

C SUPPLEMENTARY ACTION-ALIGNMENT EXPERIMENTS

The supplementary experiments evaluate how alignment stages, motion initialization, the number
of refinement rounds, and the learned response model affect tracking accuracy, motion quality, and
processing time on the four evaluation tasks. A separate 50-task study examines whether these
trends extend to a broader set of tasks.

C.1 SHARED PROTOCOL AND METRICS

The four-task studies use the same fixed random sample of 25 training trajectories per task (Sec-
tion 4.1). Targets, registration, controller checkpoint, reset states, and evaluation windows are
matched, so the comparisons isolate changes in the alignment procedure.

Endpoint metrics and aggregation. Position error is measured in centimeters and orientation er-
ror in degrees. For each trajectory, errors are averaged over frames and relevant endpoints; trajectory
means are then averaged within each task, and cross-task means weight tasks equally. Position in-
cludes both palms for the three hand tasks and both soles for Close Drawer. Orientation is evaluated
only for the three hand tasks. Missing measurements receive no numerical error and are not replaced
by a more favorable round. We average and rank unrounded values, then report two decimal places.

Candidate selection across comparisons. The stage comparison selects from all recorded can-
didates, including initialization, kinematic correction, and refinement; the initialization comparison
selects only from post-K refinement rounds; and the depth curves report the candidate produced at
each specified round, without selecting an earlier candidate.

C.2 STAGE COMPARISON AND HISTORICAL SELECTION

The offline error block in Table 1 asks how much accuracy is available from the recorded optimiza-
tion history. Its candidate set includes H , H + K, and all recorded D rounds. For the three hand
tasks, we select a candidate by minimizing

S = 0.75
epos
5 cm

+ 0.25
eori
15◦

. (8)

Here, epos and eori are the mean bilateral palm errors of the same candidate. Close Drawer in-
stead minimizes mean bilateral sole-position error. Because the initial and kinematically corrected
references remain eligible, the selected H +K +Ds output may retain H or H +K.

Recorded measurements are used without validation replay or acceptance filtering.

C.3 MOTION INITIALIZATION AND WHOLE-BODY MOTION QUALITY

This comparison tests whether the initial reference affects accuracy and whole-body motion quality
after a shared refinement budget. We compare SONIC Rollout, GMR retargeting, and HuMI-style
whole-body IK (Nai et al., 2026), adapted to our 29-joint model. Every reference is encoded and
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Table 6: Task-wise endpoint error for motion initialization. Position/orientation errors at Ds are
in cm/◦, averaged over 25 episodes per task. Drawer orientation is not evaluated. Lower is better;
bold and underline denote the best and second-best values for each metric.

Task SONIC Rollout Retargeting Whole-Body IK

Close Laptop 3.04 / 9.50 2.67 / 6.33 2.75 / 6.19
Open Fridge 2.76 / 5.77 3.15 / 5.74 3.68 / 7.25
Pull Curtain 2.02 / 4.85 2.05 / 3.88 2.73 / 5.61
Close Drawer 5.80 / — 5.80 / — 6.11 / —

Table 7: Task-wise whole-body motion quality for motion initialization. Metrics are averaged
over the same fixed random 25-trajectory cohort per task as Table 2, using the definitions in Ap-
pendix C.3. Lower is better. Bold and underline mark the best and second-best values per task.

Task Method Pelvis drop (cm) Tilt (◦) Joint step (◦) Extra yaw (◦)

Close Laptop
SONIC Rollout 0.28 9.62 2.87 3.94
Retargeting 0.50 10.86 3.95 3.67
Whole-Body IK 2.06 11.32 6.07 22.60

Open Fridge
SONIC Rollout 3.51 10.39 7.79 7.39
Retargeting 3.35 11.62 8.28 13.96
Whole-Body IK 8.08 13.04 8.42 16.70

Pull Curtain
SONIC Rollout 1.94 5.32 5.31 6.55
Retargeting 2.48 6.16 5.26 5.66
Whole-Body IK 2.92 7.14 5.92 7.24

Close Drawer
SONIC Rollout 7.40 19.22 7.78 10.84
Retargeting 6.87 18.83 8.58 22.51
Whole-Body IK 7.95 19.57 10.60 48.16

replayed through the same SONIC checkpoint, then receives one K round and eight D rounds. The
comparison isolates initialization; it does not reproduce the cited methods’ complete pipelines.

Candidate selection. For each initializer, Ds is selected only from D1–D8 after K. For hand
tasks, position errors are divided by 5 cm and orientation errors by 15◦. Candidates are ranked
by the largest of these normalized errors across both palms; ties are resolved by mean normalized
error and then iteration index. Close Drawer uses the analogous bilateral sole-position rule without
orientation. No training-data acceptance filter is applied. Table 2 reports task-averaged results, while
Tables 6 and 7 give the corresponding task-wise errors and motion diagnostics.

Motion-quality metrics. Tables 2 and 7 report four complementary diagnostics. Pelvis drop is
the maximum decrease in pelvis height from its initial value, in cm. Tilt is the maximum angle
between the base’s vertical axis and world vertical. Joint step is the largest absolute change in any
of the 29 body-joint angles between consecutive replay frames, measuring abrupt joint motion rather
than walking step length. Extra yaw compares robot and human heading changes. We unwrap each
yaw trajectory and subtract its initial angle, yielding ψr and ψh. The metric is

eyaw = max
{∣∣∣min

t
ψrt −min

t
ψht

∣∣∣ , ∣∣∣max
t
ψrt −max

t
ψht

∣∣∣ , ∣∣ψrT − ψhT
∣∣} . (9)

This measures differences in minimum, maximum, and final heading changes. Angles are in degrees.
Trajectory metrics are averaged within each task, then equally across tasks.

C.4 REFINEMENT DEPTH AND PROCESSING COST

This study measures the accuracy obtained at a specified optimization depth and the processing
time needed to reach it. In Figure 6, KmDk denotes m kinematic correction rounds followed by k
dynamics-aware refinement rounds, starting from the SONIC Rollout reference.
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Table 8: Processing cost and endpoint accuracy. Representative configurations from Figure 6.
Time includes preparation, optimization, and replay, with reused H/K costs included. It excludes
queueing, discarded failed attempts, and subsequent selection and validation. Values are equal-task
means; orientation averages the three hand tasks. Errors use raw outputs at each depth (Figure 6).

Configuration Time (s/frame) Pos. (cm) Ori. (◦)

K1 0.65 4.86 16.46
K8 2.55 4.77 16.51
D8 1.27 8.40 16.40
D16 2.11 7.16 12.36
K2D8 1.80 4.04 7.90
K4D8 2.33 4.11 7.94
K8D8 3.38 4.01 7.90

K1D8 (Ours) 1.49 3.97 8.08

Depth comparisons. We compare D8 with KD8 and extend the D-only branch to 16 rounds.
Repeated-K comparisons use m ∈ {1, 2, 4, 8}, both alone and followed by eight D rounds. The
KDk curve reports the raw output at each depth k = 0, . . . , 8. Thus, these curves measure the effect
of additional optimization without historical candidate selection.

Time accounting. Table 8 pairs processing times with the endpoint errors in Figure 6. Elapsed
time runs from job start to capture completion, including preparation, optimization, and replay.
When an experiment reuses an existing initialization (H) or kinematic correction (K), its recorded
processing time is included in the total. Queueing, discarded failed attempts, and subsequent candi-
date selection and validation are excluded. Episode times are normalized by frame count, averaged
within tasks, and then averaged equally across tasks.

Hardware and interpretation. The logged runs use workstations with Ryzen 9 9950X3D CPUs
and RTX 4090 GPUs (48 GB VRAM), and a machine with a Core Ultra 9 275HX CPU and an RTX
5090 Laptop GPU (24 GB VRAM). Each host is configured to process three episodes concurrently,
while K/D rounds within an episode remain sequential. Times are pooled across hosts without
division by the number of concurrent episodes, so they characterize these processing runs rather
than single-machine latency. Under this accounting, K1D8 costs 1.49 s/frame; increasing K depth
to eight raises the cost to 3.38 s/frame with similar endpoint error.

C.5 RESPONSE-MODEL ABLATION

This ablation isolates the learned execution response from the rest of the refinement procedure.
Table 3 compares the learned response (Appendix A.3) with a unit response, which assumes that
the executed endpoint change equals the change predicted by the kinematic Jacobian. Both use the
same Jacobian and token optimizer. Both conditions share H/K inputs, targets, refinement settings,
and eight D rounds; endpoint configurations remain fixed across episodes.

Position and orientation errors are taken from the same historically selected candidate.

C.6 ACTION ALIGNMENT ACROSS 50 TASKS

Scope and protocol. The expanded simulation study tests alignment across 50 tasks using 112
paired trajectories, separate from the four-task cohort. Stage, refinement-depth, and response com-
parisons use this same cohort and equal task weights. Stage comparisons select from all recorded
candidates; depth and response comparisons use the output of each specified round.

Kinematic correction and dynamics-aware refinement. Table 9 extends the stage-wise gains in
Table 1: K reduces position/orientation errors from 17.03 cm/36.06◦ to 5.22 cm/21.81◦; refinement
and historical selection further reduce them to 3.83 cm/10.85◦.
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Table 9: Stage comparison on the expanded benchmark. Task-equal endpoint errors over 112
paired trajectories across 50 tasks; lower is better. H +K +Ds uses historical candidate selection.

Stage Pos. (cm) Ori. (◦)

H 17.03 36.06
H +K 5.22 21.81
H +K +Ds 3.83 10.85

Refinement depth. Figure 7 compares candidates after the same number of refinement rounds,
without selecting earlier candidates. Increasing K depth from one to eight changes position error
from 5.22 to 5.01 cm. One K round followed by eight D rounds reaches 4.10 cm and 9.21◦,
compared with 5.22 cm and 21.81◦ after K alone. Eight D rounds without K yield 14.16 cm and
21.91◦. Repeated K offers little gain, while combining K and D lowers errors further.
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Figure 7: Refinement depth on the expanded benchmark. Task-equal averages of raw stage
outputs for Dk, repeated Km, KDk, and KmD8 on paired trajectories.

Learned execution response. After one K and eight D rounds, the MLP lowers position error
from 4.25 to 4.10 cm and orientation error from 9.39◦ to 9.21◦ (Table 10).

Table 10: Response-model comparison on the expanded benchmark. Task-equal errors over 112
trajectories across 50 tasks after KD8, without historical selection. Lower is better.

Response Pos. (cm) Ori. (◦)

Unit response 4.25 9.39
MLP response 4.10 9.21

D ONLINE IK UNDER A WHOLE-BODY TRACKING CONTROLLER

This study examines whether online IK can correct endpoints while preserving coordinated whole-
body execution under SONIC. We compare three ways of combining IK and SONIC joint com-
mands on five trajectories per task, giving 60 runs across four tasks. This cohort is separate from
Appendix C. The IK objective includes position and orientation, with orientation weight 0.01. Runs
are neither accuracy-filtered nor retried for better outcomes.

D.1 THREE COMMAND COMPOSITIONS

The variants change which joints receive IK commands and whether SONIC’s balance contribution
is added. Table 11 defines the same three choices for hand and foot interaction. Variant A uses the
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broader IK joint set without the balance contribution; B adds that contribution to A; C restricts IK
to fewer joints and leaves the remaining joints under SONIC control. Balance and contact forces
dynamically couple the base and limbs, including those with unchanged commands.

Table 11: Joint-command assignments for the three online-IK variants.

Variant Three hand tasks Foot-operated Close Drawer

A IK controls arms and waist; SONIC con-
trols legs.

IK controls both legs; SONIC controls
remaining joints.

B Same as A, with SONIC’s balance con-
tribution added.

Same as A, with SONIC’s balance con-
tribution added.

C IK controls arms; SONIC controls waist
and legs.

IK controls the right operating leg;
SONIC controls remaining joints.

D.2 ACCURACY AND STABILITY

We evaluate endpoint accuracy and stability together because reaching the final replay frame does
not establish stable execution. Table 12 averages tracking errors over frames, both endpoints, and
episodes; tilt follows the episode-maximum definition in Appendix C.3. Runs that fail during ini-
tialization are counted separately because they do not reach the trajectory replay used to measure
tracking error. Fall counts include repeated events within a run.

Table 12: Online-IK stability diagnostics on five episodes per task. Errors use measured end-
points, not IK solutions. Init. falls counts failed runs; Events counts logged falls, including startup.
Dashes indicate no formal replay. Bold/underline rank values within each task from lowest to sec-
ond lowest; they do not indicate that execution is stable.

Variant Task Pos. (cm) Ori. (◦) Tilt (◦) Init. falls Events

A Close Laptop 4.45 10.43 16.97 0/5 0
Open Fridge 2.33 15.34 18.97 0/5 0
Pull Curtain 1.58 10.17 7.03 0/5 0
Close Drawer — — — 5/5 —

B Close Laptop 2.43 8.28 13.30 0/5 0
Open Fridge 1.55 14.45 17.26 0/5 0
Pull Curtain 1.50 10.07 6.61 0/5 0
Close Drawer — — — 5/5 —

C Close Laptop 26.50 40.93 82.75 0/5 9
Open Fridge 10.61 20.55 34.35 0/5 1
Pull Curtain 9.00 18.66 10.87 0/5 0
Close Drawer — — — 5/5 —

Observed behavior and scope. Video inspection identifies instability in all 60 runs. All 15 drawer
runs fall during first-pose preparation, whereas the 45 hand-task runs reach their final frames without
stable tracking. Variant C logs nine laptop fall events and one fridge fall event. Variant B achieves
hand-task position errors of 1.50–2.43 cm but remains visibly unstable, showing why endpoint error
alone is insufficient for accepting these trajectories. We therefore exclude the tested variants from
policy training. This finding is limited to these SONIC implementations.

D.3 QUALITATIVE FAILURE SEQUENCES

Figures 8–10 complement the aggregate diagnostics with one simulation sequence per implementa-
tion and task. Each sequence is chosen by peak base tilt across the five runs, including initialization.
These sequences illustrate failure patterns, not their frequency.

21



Preprint

(a) Close Laptop

(b) Open Fridge

(c) Pull Curtain

(d) Close Drawer

Figure 8: Online-IK instability: variant A (IK without balance overlay). Each row follows one
continuous segment from left to right, selected by peak base tilt as described in Appendix D.3. A
fixed crop within each sequence preserves relative motion and keeps robot scale comparable across
tasks. Close Drawer ends in an initialization fall. Task objects are omitted.
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(a) Close Laptop

(b) Open Fridge

(c) Pull Curtain

(d) Close Drawer

Figure 9: Online-IK instability: variant B (IK with SONIC balance overlay). Each row follows
one continuous segment from left to right, selected by peak base tilt as described in Appendix D.3. A
fixed crop within each sequence preserves relative motion and keeps robot scale comparable across
tasks. Close Drawer ends in an initialization fall. Task objects are omitted.
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(a) Close Laptop

(b) Open Fridge

(c) Pull Curtain

(d) Close Drawer

Figure 10: Online-IK instability: variant C (restricted IK joint control). Each row follows one
continuous segment from left to right, selected by peak base tilt as described in Appendix D.3. A
fixed crop within each sequence preserves relative motion and keeps robot scale comparable across
tasks. Close Drawer ends in an initialization fall. Task objects are omitted.
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