Praxis: Scaling One-Shot Human Demonstration to
Generalist Policy for Whole-Body Manipulation
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Fig. 1: Praxis is a three-stage whole-body manipulation framework that learns generalist policies from one-shot human videos.
Top to bottom: Pour Water, Hand Over, Pull Drawer, Manipulate Pipette, Open Lid.

Abstract—Recent advancements in humanoid Whole-Body
Control (WBC) have demonstrated promising performance in
generating expressive behaviors like dancing and athletic move-
ments. However, scaling WBC policies to achieve human-level
dexterity in manipulating diverse objects within dynamic en-
vironments remains a fundamental challenge. To bridge this
gap, we introduce Praxis, a generalist WBC framework for
dexterous humanoid manipulation, driven by action-level se-
mantic information from one-shot human video demonstrations.
Specifically, Praxis disentangles WBC into three coordinated
phases: 1) Navigation, where a vision-language-navigation model
guides the robot from various initial positions to approach target
objects; 2) Calibration, which optimizes whole-body posture to
align the end-effectors within a functional workspace; and 3)
Manipulation, where the robot physically interacts with objects
to accomplish the specified tasks. Most critically, once trained,
Praxis can be efficiently deployed to novel tasks in a learning-
free manner, requiring only a single video demonstration from
a human. We conduct extensive empirical studies to validate the

spatial, visual, and cross-object generalizability of Praxis over
diverse tasks and environments, and demonstrate its robustness
in dynamically recovering from physical interferences at all stages
of operation.

I. INTRODUCTION

Developing general-purpose robotic manipulation policies
is a foundational goal of embodied intelligence [11l]. While
recent studies have demonstrated impressive dexterous manip-
ulation across a variety of objects, tasks, environments, and
embodiments [28 13} 134} 22} 2} [51]], current success is largely
confined to limited, static workspaces of fixed-based robots.
Scaling underlying dexterity and generalization to larger, open-
world, and dynamically changing environments in the wild
remains a significant challenge [37].

To overcome limitations in workspace, recent studies have
explored mobile manipulation [15} |58l 16 [35] that enables a



robot to locate and navigate to target objects before interact-
ing with them. However, existing approaches often decouple
mobility from manipulation, leading to a loss of the smooth
coordination in human behaviors. For example, when humans
retrieve an object, such as picking an item from the floor, they
do not simply move to the location and then extend their arm.
Instead, they seamlessly coordinate locomotion, torso motion,
and reaching to maintain balance and optimize manipulability.

The development of Whole-Body Control (WBC) algo-
rithms offers a pathway to such human-level coordination [19].
Following this trend, recent studies [21} |9} [70} 33} 156, 1] have
introduced learning-based WBC models, typically by training
control policies in simulated environments using reinforcement
learning (RL) algorithms and transferring these policies to
real-world systems for execution and demonstration. While
learning-based WBC succeeds in generating expressive mo-
tions for dancing or athletic movements [9 [14, 59], extending
these approaches to dexterous manipulation, requiring rich
contact and precise interaction, remains an open problem.

To this end, our work aims to scale WBC toward general-
izable, functional manipulation tasks. We argue that realizing
true whole-body dexterity requires a system that can extend its
reach through navigation to locate distant objects, refine to a
manipulation-ready posture, and execute complex interactions,
such as dexterous tool use and articulated manipulation. This
process must be fully automatic without dependence on man-
ual commands [1], teleoperation [31} [10], or explicit motion
references [61]. Drawing inspiration from the emergence of
human-to-robot transfer [26]], we introduce Praxis, a hierarchi-
cal framework that extracts task semantics and motion intent
from a single human video demonstration and transfers these
skills to humanoid robots. Unlike language commands, video
demonstrations provide the dense semantic information neces-
sary for capturing the nuance of dexterous interaction [69]. By
leveraging one-shot human demonstrations, Praxis bypasses
the data scarcity bottlenecks inherent in training complex
humanoid policies from scratch.

To implement Praxis, we decompose the complex problem
of long-horizon whole-body manipulation into three coordi-
nated stages (see Fig. [I): 1) Navigation, where a vision-
language navigation model processes continuous visual obser-
vations to guide the robot from various locations to the target
vicinity; 2) Posture calibration, which refines the humanoid’s
posture through closed-loop optimization, aligning the arm-
hand workspace with target objects to maximize manipulabil-
ity; and 3) Manipulation, where the robot executes dexterous,
key-pose-grounded motions extracted from one-shot human
video demonstrations, while simultaneously maintaining bal-
ance through coordinated lower-body control.

Through this design, Praxis achieves strong general-
izability across variations in perception, dynamics, and
task contexts. By decoupling invariant interaction semantics
from environment-specific parameters and continuously re-
grounding control via visual and tactile feedback, our policy
flexibly adapts to novel object poses, scene layouts, and physi-
cal properties without retraining or additional demonstrations.

This integration of perception-conditioned WBC and one-shot
semantic transfer allows Praxis to robustly transfer scalable
human-demonstrated manipulation skills, diverse scenarios,
enabling reliable whole-body manipulation under real-world
dynamics.

We conduct extensive empirical studies across five long-
horizon manipulation tasks. While all five are evaluated within
a general manipulation study, we further stratify them into
two categories: two tasks focus on long-distance whole body
manipulation, and the remaining three represent challenging,
contact-rich long-horizon tasks. Our framework achieves an
average success rate of 76.97% despite drastic environmental
variations, substantially outperforming four large-scale VLA
baselines, the best of which attains only 10.30%. Notably, in
long-distance scenarios, Praxis maintains robust performance,
achieving success rates of 75% at 3 m and 50% at 5 m ranges.
We further demonstrate system resilience under dynamic,
external physical disturbances, recording success rates of 70%,
90%, and 90% over three operational stages, respectively.
Details of the hardware system are described in Appendix [A]

II. RELATED WORKS

Humanoid Whole-Body Manipulation. It couples loco-
motion, postural stability, and dexterous end-effector con-
trol to perform contact-rich object interactions. Prior work
largely follows two paradigms: structured frameworks such as
WoCoCo [64] and FALCON [68], which decompose whole-
body control into sequential contact primitives or decoupled
sub-agent architectures; and end-to-end systems [62} [14} 20,
31, 153 [13], which learn unified policies from imitation
learning via teleoperation or from RL. While effective, these
approaches are often data-intensive and require extensive re-
training or manual engineering to adapt to novel task geome-
tries. In contrast, Praxis extracts interaction knowledge from
a single demonstration. It uses perception-driven regrounding
to align trajectories with real-time feedback, enabling strong
generalization and robust recovery in real-world settings.

Learn from Human Hand Videos. Human hand videos
provide a scalable source of supervision for learning com-
plex manipulation behaviors [17, [12] 163 136, [18]. To miti-
gate the embodiment gap between humans and robots, prior
work leverages intermediate representations, such as key-
points [41, [16} 155, affordances [30l 165, 139]], and geometric
correspondences [42] 29| |67]], to enable motion retargeting
[49] 32]] and downstream action planning [27, (7, 65]. Closest
to our work are YOTO [69] and OKAMI [32]. While YOTO
demonstrates bimanual learning from binocular video, it is
limited by implicit depth, a fixed base, and low-DoF grippers;
in contrast, we leverage RGB-D sensing for mobile, high-DoF
dexterous retargeting. OKAMI is restricted to stationary upper-
body control via continuous trajectory warping; our framework
integrates mobile navigation. It extracts discrete keyframes
via geometric hand parsing to preserve interaction geometry.
Furthermore, we enhance physical robustness through tactile-
regulated grasping and online interference recovery, allowing
adaptation to varying object stiffness and execution deviations.
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Fig. 2: The architecture of Praxis. Stage 1: Navigation to the manipulation region. Stage 2: Calibration to a manipulation-ready
posture in a closed-loop manner. Stage 3: Learning hand-object interaction knowledge through human videos and applying

online visual perception to adapt manipulation policies.

ITII. METHOD

Based upon the hardware system (Appendix [A), we pro-
pose a hierarchical whole-body control (WBC) framework,
Praxis, for humanoid manipulation in unstructured environ-
ments. The framework organizes whole-body manipulation
into three sequential yet tightly coupled stages: navigation,
posture calibration, and manipulation, all operating under a
unified balance controller. In the following, we detail each
stage in turn, beginning with navigation, which brings the
robot from random initial configurations into the vicinity of the
target objects, thereby establishing a feasible starting point for
subsequent posture calibration and whole-body manipulation.

A. Humanoid WBC for Navigation

In real-world environments, target objects are often lo-
cated beyond a humanoid robot’s immediate manipulation
workspace, making dexterous manipulation infeasible without
prior repositioning. Accordingly, the navigation stage should
reduce the spatial gap between the robot and the target objects
by guiding the robot into their proximity, while leaving fine-
grained posture optimization to the subsequent calibration
stage. Inspired by recent advances in generalist navigation
models [57]], our navigation module follows a dual-system
design, where a high-level planner guides a low-level whole-
body controller for coordinated humanoid locomotion.

The high-level planner is a vision-language naviga-
tion (VLN) model, denoted as #"P(ciloi—g,--.,0¢ 1),
which maps a sequence of historical visual observations
[0+—fr,...,0:] and language instructions I; to discrete navi-
gation commands c¢; € 2, where () is a finite set of sym-
bolic navigation actions. Prior VLN-based methods, such as
NaVILA [8], operates on a restricted action space Qpuse =
{move forward, turn left, turn right, stop}. This action set
proves inefficient in cluttered workspaces, where even sim-
ple lateral alignment necessitates multi-step ’turn-move-turn’

sequences. This results in unnecessarily long and brittle tra-
jectories. To address this limitation and exploit the whole-
body mobility of our platform, we expand the action space
to @ = Qpue U {move left, move right}, enabling direct
lateral translation. This augmentation substantially simplifies
navigation trajectories and improves positioning accuracy by
eliminating redundant rotational maneuvers. To adapt the VLN
model to the expanded action space, we fine-tune NaVILA
on a heterogeneous dataset constructed from standardized
navigation templates to achieve manipulation-region-oriented
navigation. To promote robust generalization, we employ a
multi-faceted randomization strategy during data collection.
Further details are provided in Appendix [C} By fine-tuning on
these diverse template-based episodes, the high-level policy
P learns to navigate and position the robot reliably in previ-
ously unseen environments, while maintaining low trajectory
complexity and strong language grounding.

The low-level whole-body locomotion controller adopts
HOMIE [69], which is trained using Proximal Policy Op-
timization [48] with an upper-body pose curriculum to
improve balance robustness and adaptability. We repre-
sent this low-level controller as a control policy 7'°%(a; |
Gt—H,---,qt, Ct,at—1). It maps the recent proprioceptive his-
tory and control commands to the corresponding motor ac-
tions. Here, ¢; denotes the robot’s proprioceptive state at
timestep ¢, encompassing body angular velocity, joint posi-
tions, and joint velocities, while ¢; represents the high-level
navigation command. The same low-level controller is shared
across posture calibration and manipulation to maintain whole-
body stability.

B. Posture Calibration for Pre-Manipulation

Although the navigation policy brings the robot close to
the target objects, it does not guarantee a posture suitable for
dexterous, contact-rich tasks. We define a manipulation-ready



posture as one where the target object lies in the center of a
3D workspace region that yields low inverse kinematics (IK)
error for the arm end-effector (EE).
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Fig. 3: Left and right arm EE IK error when the torso is fixed.

To address this, we introduce a lightweight closed-loop
posture calibration module that reactively refines the robot
base pose using object pose feedback. At each time step, the
module reads object poses in the robot frame and extracts
planar positions {(,, Yo, 20) }oco. If multiple relevant objects
are present, the forward displacement is defined as, x £
arg max,co |To|, selecting the object with the largest absolute
forward offset, while the lateral and vertical displacement is
set to the midpoint, (y,2) £ 51 Y oeo(Yo: Z0)-

Our module first adjusts the robot’s height to eliminate
the vertical deviation (z,.s — z), then performs closed-loop
regulation by driving the object displacement (x,y) toward
a reference (Zyef, Yref), generating planar velocity commands
(vz,vy) as bounded functions of the displacement errors and
their temporal accumulation. 2.t is set to the average height
of the target objects in the demonstrations. Fig. [3] visualizes
the IK error distributions for both arms’s EE; accordingly we
set (Zyef, Yrer) = (0.4,0) where 0.4 (meter) is the farthest
forward position with tolerant IK error and 0 lies at the center
of low-error lateral region. To ensure control stability, we
apply deadbands to suppress unnecessary corrective actions
when the system is near the target, defined as |z — Tyef| < £,
|y — Yret| < €y and saturate command magnitudes to prevent
over-actuation v; < clip(v;, —v**, v"®¥). The resulting
commands are issued at a fixed rate and continuously updated
until the robot posture establishes a low-IK-error region for the
arm-hand workspace, yielding a manipulation-ready posture.

C. Wrist and Dexterous Hand Motion Extraction

Once the robot reaches a manipulation-ready whole-body
posture, the problem reduces to generating precise arm and
hand motions to accomplish the task. Human videos are easy
to obtain and capture diverse real-world situations [26]. We
therefore leverage one-shot human demonstrations, extracting
wrist trajectories and dexterous finger motions to directly
shape robot actions. By scaling human teaching data, either
collected in-house or contributed by others, we can generate
correspondingly scalable robot-executable action sequences.

We first collect human-taught demonstrations of long-
horizon bimanual dexterous tasks within a workspace com-
patible with the G1 humanoid’s dual arms and hands, with

demonstrations recorded using the head-embedded D435i
camera. When the robot torso obstructs free bimanual motion
for a single demonstrator, the task can also be performed
collaboratively by two operators, where one uses the left arm
and hand and the other uses the right arm and hand to jointly
complete a single demonstration. Moreover, demonstration
videos recorded by other G1’s D435i cameras can be directly
reused, as they share identical eye-to-hand calibration. This al-
lows demonstration motions to be transformed into a common
robot-centric representation, which substantially scales up the
amount of available demonstration data. We then apply vision-
based techniques to extract rich manipulation features from
the recorded videos. These features are post-processed into
keyframe-based motion representations, including 6-DoF EE
poses and hand motions which directly drive the coordinated
control of the robot’s dual arms and hands.

Human Wrist Motion Extraction. We begin with a single-
view RGB-D video demonstration, represented as an image
sequence {I;}Z_,, of a human performing a bimanual manip-
ulation task. For each frame I;, we use a MANO-based hand
reconstruction model [44] to estimate the 3D hand meshes
H; for left (¢ = L) and right (0 = R) hands. The wrist
rotation is obtained from the MANO [47] global orientation in
axis-angle (Rodrigues) form and converted to a rotation matrix
hy . € SO(3), while the wrist 3D translation h;, ; is recovered
by back-projecting its 2D pixel (u,v) with depth d into the
camera coordinate frame using the intrinsics. Treating the wrist
as the robot arm EE, the resulting wrist pose in the camera
frame is transformed to the robot frame via the eye-to-hand
calibration matrix such that ag, = R9xh? ,, af , = Tiobhs |,
yielding the left/right arm EE trajectory {ag,, a5, }/_;.

Keyframe-Based Motion Refinement. Continuous EE tra-
jectories are often noisy and redundant, a problem that be-
comes more pronounced in long-horizon manipulation tasks.
Following prior work [23) 50, |69], we abstract each con-
tinuous demonstration into a sequence of discrete keyframes
(keyposes) that capture salient intermediate EE configurations.
Specifically, we reduce each demonstration into a subset of
discrete keyframes, {aik,a;k}szl,K < T. Keyframes are
selected at moments of significant motion change, typically
when (i) a dexterous hand is interacting with the object, or
(>i1) the EE twist:

<> 1 < <& -1 <& <& v
e (e ) B
attains a local extremum, where log(-) : SE(3) — se(3)
denotes the Lie group logarithm , and (-)V : se(3) — RS
maps the resulting algebra element to a 6D twist vector of
linear and angular velocities.

Dexterous Retargeting. While arm EE trajectories define
the coarse motion of the manipulation, the corresponding hand
poses, which encode fine-grained dexterous articulation, are
extracted from the K keyframes via a dexterous retargeting
module and mapped to robot hand motor commands for
physically interactive manipulation. Since the MANO model
relies on parametric pose fitting, which can introduce temporal



instability and fitting noise that adversely affect downstream
control [52], we adopt MediaPipe [660] here as a monocu-
lar vision front-end. For each frame, MediaPipe extracts 21
hand landmarks per hand, based on which we geometrically
infer per-joint kinematics, yielding an 11-DoF hand joint-
angle vector (in degrees),. h;’k(n) = [ f@,jjk]jeju’ which
covers five fingers’ proximal and distal joints as well as
the thumb metacarpal joint. Following the Revo2 URDE,
we map the 11-DoF hand pose to a 6-DoF controllable
vector, h, (6) = [hfn i ,J cg,» With 5 distal joints re-
covered through predefined mn?nc relations on respective
proximal joints. Finally, we convert the 6-DoF hand pose
into low-level motor commands by normalizing each con-
trolled joint j with a joint-specific maximum angle hmaj" and

remapping to the 1nteger joint motor range {0,1,---,1000}:
BeL o = chp(h’%;;, 0,1), By = Lmoo he, x| Let
g e = [hm ; klje7s- This produces the joint motor command

trajectory {ag, k}szl for streaming dexterous control for each
arm EE and hand. Appendix [D] provides illustrative examples.

Robot-Space Verification. Despite being expressed in the
robot coordinate frame, the resulting trajectories are not
guaranteed to be directly executable. In particular, some tar-
get poses may be kinematically unreachable, independently
planned arm motions can induce self-collisions, and fingers
within the same hand may collide during aggressive clo-
sures (e.g., clenching a fist). Rather than uncovering such
failures through on-robot replay, we validate each keyframe
offline using IK and hand-level control constraints to ensure
reachability and collision-free execution. Valid keyframes are
retained in the set of verified keyframe-based robot actions:
A® = {(aﬁ,k,a;)k,afn}k)}fﬂ, where K is the number of
verified robot actions. Building on this, we factor the bimanual
sequence into per-arm EE and hand trajectories:

Al = {(af,lw a;I;,k’ a#,k:)}szlv A

D. One-shot Policy Generalization from Video

f= {(@f/w af;kv af&,k)}f:r

Although a one-shot demonstration contains only a single
reference trajectory, it captures invariant, task-critical knowl-
edge of robot—object interaction, including EE approach ge-
ometry and fine-grained, object-centric hand—object contact
patterns. We keep this interaction logic fixed, while adapting
the pre-interaction robot motion through online perceptual and
tactile feedback to align with novel object poses, scene layouts,
and material properties such as object stiffness, and to recover
from execution failures. In this way, a single demonstration is
lifted into a family of valid execution trajectories that differ
in approach, alignment, and correction behavior but share the
same interaction semantics, enabling robust generalization far
beyond one-shot imitation.

Generalization across Object Poses. Spatial invariance
is the ability to generalize task execution under varying
object poses. Our method explicitly supports this by con-
ditioning actions on online perception re-grounding rather
than fixed demonstration trajectories. Specifically, we perform
multi-object pose estimation using FoundationPose++ [60],

which extends FoundationPose [54] with a 2D tracker and
Kalman filtering for temporally consistent 6D pose estimates
in dynamic scenes. To generate the required input masks,
we employ LISA [45], which leverages a <SEG> token to
integrate segmentation directly into the LLM’s reasoning, en-
abling high-fidelity masking from implicit instructions where
standard open-vocabulary methods fail (e.g., pipette). Let step
k denote a keyframe where hand-object interaction occurs.
Let step k£ denote a keyframe where hand-object interaction
occurs; Ty ;€ SE(3) and T, = (a7, a5 ;) € SE(3) be
the pose of object o; and the corresponding EE pose for
¢ hand at step k in the demonstration, both expressed in
the robot frame. We define the object-relative transformation,
ATy = (T3 )" 'TS ., which expresses the EE pose in the
object coordinate frame and encodes the demonstrated object-
centric interaction geometry, invariant to the object’s absolute
pose. Given a newly estimated pose T° . of the same object
in a novel rollout with varied object pose we recover the
adapted EE pose via T<> = R ATY = (a7, a5 ).
Replacing (a; ;,, a o) in the orlglnal EE trajectory A° w1th
(@ a 1) yields a percepnon—condmoned EE trajectory A°
that preserves the demonstrated object-relative motion while
adapting automatically to object pose variations.

Notably, the manipulated object can be replaced with an-
other of similar shape and scale, enabling cross-object gen-
eralization. In addition, our method supports spatial edits for
objects with multiple affordances, allowing the grasp pose to
be adjusted accordingly (e.g., selecting different handles or
compartments of a drawer by modifying z in a; ;).

Generalization across Scene Variations. Beyond object-
level variations, Praxis also generalizes across changes in
scene configurations. Leveraging the left-right symmetry of
the G1 humanoid, a demonstrated EE trajectory A° can be
reflected across the sagittal plane to generate a mirrored coun-
terpart, enabling reuse of the same demonstration under sym-
metric task layouts. For instance, a demonstration of “grasp
the bottle with the right hand” can be directly transformed
into “grasp the bottle with the left hand”, without additional
data collection. Moreover, by leveraging the robustness of
FoundationPose++ [[60] to variations in lighting, scene layout,
and surface appearance (e.g., tables with different shapes
and textures), Praxis inherently generalizes across diverse
scene configurations, enabling reliable perception-conditioned
execution under substantial environmental variation.

Generalization across Object Stiffness. Vision alone is
insufficient for physical interaction, as critical properties like
stiffness often vary across visually similar materials. We
therefore incorporate tactile sensing to ensure robust grasping,
modeling the procedure as feedforward closure followed by
tactile force regulation. Each finger ¢ tracks contact force

[fn,i,£i4]. Contact is detected via ¢; = I(f,;
7,) and slip risk via p; = 4. Upon stable multi-
finger contact (3. c¢; > M), we estimate stiffness k& =
mean(Afy ;/Az, ;). The target normal force is then com-
puted as f = clip(ak + 3, fmin, fmax), subject to the no-slip




constraint fy ; > ||f; ;||/(1s — ). We provide further details
and visualizations in Appendix [F

Generalization to Failure Cases. While the above visual
and tactile perception promotes stable manipulation under
nominal conditions, real-world bimanual manipulation in-
evitably encounters execution failures. Failures in one arm,
such as slippage or misalignment, can immediately perturb
the coupled hand-object system, necessitating coordinated
corrective actions from both arms to prevent task failure.
To cope with such scenarios, we formalize self-recovery
using a task-specific success indicator, which evaluates task
completion based on the current perception and system state:
Py =1(C(Py)) € {0,1}, where ®, denotes object poses, EE
poses, hand motions at time ¢; C(+) specifies a task-dependent
success condition. For example, in the “Pick cup and put it in
tray” task, C(®;) encodes relative pose alignment between the
cup and the tray. If the success condition remains unsatisfied
(¢ = 0) after the manipulation attempt, updated perception
is invoked, and a new arm EE and hand motion trajectory is
replanned and executed to recover from failure cases.

IV. EXPERIMENTS

In the experiments, we seek to address the following re-
search questions. Q/: How effective is the proposed system
in whole-body manipulation tasks? Q2: How well does the
system generalize across variations in object poses, scene
configurations, and object stiffness? 03: How robust is the sys-
tem recovery to external interference, including disturbances
during navigation and posture calibration stage, and failures
during manipulation stage?

A. Experiment Setups
1) Tasks: We evaluate Praxis across its three operational
phases: navigation, posture calibration, and manipulation. To
assess the system’s robustness during navigation and cal-
ibration, we vary initialization distances of 3m and 5m
relative to the workspace. We benchmark the performance
of each distance under two distinct locomotion protocols:
a direct linear approach versus a sequential ’orient-then-
advance’ strategy toward the workspace. For the manipulation
phase, we conduct five real-world whole-body manipulation
tasks: Hand Over, Pour Water, Pull Drawer, Open
Lid, and Manipulate Pipette. The objects manipulated
in these tasks span rigid, transparent, articulated, deformable,
flexible linear, and non-prehensile categories. Solving them
requires a diverse set of primitive skills, including pick-
and-place, re-orient, pull-and-push, lift, and dexterous fin-
ger motions such as open, clench, flex, pinch, press, and
release. Several skills demand coordinated bimanual control
and multi-finger interaction. Moreover, all tasks are long-
horizon, consisting of multiple sequential or parallel steps,
which substantially increases their overall complexity. We next
describe each task in detail, where L, R, L&R denote the step
is performed by left, right, and both hands, respectively.
e Hand Over: involves a paper cup and a plastic tray;
and consists of 5 steps: pick cup (R), close to left hand
(R), hand over (L&R), move to tray (L), place cup (L).

TABLE I: Step-wise success rates and average completed step
length across all three stages on two tasks. Navigation, Posture
Calibration, and Manipulation are abbreviated as Nav., Post.
Calib., and Manip., respectively. M. indicates reaching the
manipulation region via translation only, while M.+T. requires
turning during approach.

Hand Over

Stage 1 Stage 2 Stage 3: Manip.

. Avg.
Distance Post. hand move to place Len.
Nav. . o
Calib. over  tray cup
3m (M.) 10/10  9/10  9/10 9/10 9/10  9/10  9/10 6.4
Sm (M.) 7/10 7/10  7/10 7/10 6/10 6/10 6/10 4.6
3m (M.+T.) 7/10 6/10 5/10 6/10 5/10  5/10  5/10 3.9
Sm (M.+T.) 4/10 4/10  4/10 3/10 3/10  3/10  3/10 2.4
Pour Water
) Stage 1 Stage 2 Stage 3: Manip. Avg.
Distance - R )
Nav Post.  pick close to place Len.
* Calib. cup each other cup
3m (M.) 10/10 10/10 10/10 10/10  10/10  10/10 10/10 10/10 8.0
SmM.) 810 7/10 7/10 7/10  7/10  7/10 7/10 7/10 5.7
3m (M+T.) 6/10 6/10 6/10 6/10  6/10  6/10 6/10 6/10 4.8
Sm (M.+T.) 5/10 5/10 5/10 5/10  5/10  4/10 4/10 4/10 3.7

e Pour Water: involves a bottle with liquid and a paper
cup; and consists of 6 steps: pick cup (L), pick bottle (R),
close to each other (L&R), pour water (R), place bottle
(R), place cup (L).

e Pull Drawer: involves a drawer with two handles and
a building block; and consists of 4 steps: pull drawer (L),
pick block (R), place block (R), push drawer (L).

e Open Lid: involves a box with a lid and a toy; and
consists of 5 steps: lift lid (R), pick toy (L), move lid
away (R), place toy in box (L), place lid (R).

e Manipulate Pipette: involves a pipette, an experi-
ment shelf, and a plastic tray; and consists of 5 steps: pick
pipette (R), press button (R, aspiration), release button
(R), press button (R, dispensing), release button (R).

2) Baselines: We compare our method against four large-
scale pretrained VLA models that generate upper-body actions,
while sharing the same lower-body controller as Praxis. (1)-(3)
7o [4]/7o-FAST [43] /7.5 [22], which use hybrid multimodal
supervision across heterogeneous multi-robot data to master
long-horizon dexterous manipulation in the wild; and (4)
GROOT N1.6 [2], which couples a vision-language backbone
and diffusion-transformer head to facilitate generalized hu-
manoid robot skills. We use teleoperation to construct fine-
tuning datasets (85 trajectories per task) for VLA baselines,
as detailed in Appendix

3) Metrics: We evaluate each method with 33 trials in every
task. For a more granular comparison, we report the average
completed step length (Avg. Len.; following CALVIN [38|
69]), and step-wise success rates (successful trials / total trials)
where the last step indicates the overall task success rate.
We exclude trials affected by hardware anomalies, such as
G1 or Revo2 failures due to low battery or overheating. We
refer to Fig. [3| to identify the low-IK-error workspace and the
G1 head-camera FOV, whose intersection defines the feasible
object placement region. To preserve sufficient manipulation



TABLE II: Quantitative performance comparisons on five long-horizon whole-body manipulation tasks. We report step-wise
success rates (successful trials / total trials) and average completed task length (Avg. Lens). Bold entries denote the best-
performing method. Colors (blue, orange, purple) indicate left arm, right arm, and both arms, respectively.

Hand Over

Pour Water

Methods pick close to hand  move to  place  Avg. pick pick close to pour place  place  Avg.
cup left hand  over tray cup Len. cup bottle  each other  water  bottle cup Len.

o) 22/33 18/33 9/33 8/33 4/33 1.64 23/33 26/33 21/33 12/33 8/33 9/33 2.79
mo-FAST 21/33 19/33 11/33 10/33 6/33 1.55 21/33  25/33 19/33 1033 7/33 7/33 2.67
0.5 27/33 25/33 16/33 12/33 10/33 197 25/33  25/33 22/33 17/33  15/33  15/33 342
GROOT N1.6 23/33 19/33 10/33 8/33 5/33 1.58  22/33  23/33 21/33 14/33  12/33  11/33  2.76
Praxis w/o Tact.  28/33 28/33 26/33 26/33 26/33  4.06 29/33  31/33 28/33 27/33  27/33  27/33  5.12
Praxis (Ours) 31/33 31/33 31/33 30/33 30/33  4.64 32/33  31/33 30/33 30/33  30/33 30/33 5.55

Pull Drawer Open Lid Manipulate Pipette

Methods pull  pick place push Avwg. lift pick move lid place toy place Avg. pick press release press release Avg.
drawer block block drawer Len. lid toy away in box lid Len. pipette button button button button Len.

) 11/33 22/33 7/33 5/33 0.76 5/33 26/33  4/33 2/33 2/33 1.03 15/33 1/33 1/33  0/33 0/33 0.33
7o-FAST 12/33 20/33 6/33 5/33 0.79 6/33 25/33 5/33 4/33 3/33 1.03 13/33 2/33  2/33  0/33 0/33 0.21
0.5 14/33 25/33 11/33 8/33 0.88 8/33 26/33 6/33 5/33 5/33 1.21 17/33 2/33  2/33 0/33 0/33 042
GROOT N1.6 12/33 24/33 8/33 6/33 0.85 6/33 24/33 5/33 3/33 3/33 0.88 13/33 1/33 1/33  0/33 0/33 0.24
Praxis w/o Tact. 24/33 29/33 22/33 22/33 2.94 19/33 29/33 17/33 16/33  16/33 2.94 24/33 17/33 17/33 14/33 14/33 2.61
Praxis (Ours) 29/33 31/33 26/33 26/33 3.39 25/33 31/33 22/33 21/33  20/33 3.61 28/33 23/33 23/33 21/33 21/33 3.52
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Fig. 4: Visualization of varied object poses, scene configurations, and object categories, and failure recovery across three stages.

clearance, we also avoid placing objects too close to the
dexterous hand, especially near the back of the hand.
B. Experimental Results

In the following, we answer QI/-Q3 in order, covering
Praxis overall performance, generalization under diverse envi-
ronmental variations, and robustness to external interference.
For further visualizations, please refer to Appendix [[ and [I}
(Q1) Effectiveness of Praxis in whole-body manipulation
tasks. Table [ and [V] summarize the quantitative performance
of Praxis on long-distance, long-horizon whole-body manip-
ulation tasks. Results show that Praxis performs strongly in
short-distance scenarios. At a distance of 3 m without turn-
ing in navigation, Hand Over achieves perfect navigation
success and high reliability across manipulation steps, while
Pour Water attains 100% success rate across all stages. At
longer distances (5 m) with turning, which is a very challeng-
ing setting, Praxis achieves a non-trivial long-distance perfor-
mance. The system achieves 30% to 40% success rates with

average lengths of 2.4 and 3.7, respectively. We attribute this
robustness to the combination of a manipulation-region—aware
VLN policy and an object-centric posture calibration module,
which together stabilize the transition from random initial
configurations to manipulation-ready postures.

TABLE III: Step-wise success rates and average completed
step length on recovery cases across all three stages.

Pour Water

Stage 3: Manip.

Interference Avg.

happens Stage 1&2 pick pick close to pour place place Len.
cup bottle each other water bottle cup

Stage 1 & 2 8/10 7/10  &/10 7/10 7/10 7/10 7/10 5.1

Stage 2 9/10 9/10  9/10 9/10 9/10  9/10 9/10 6.3

Stage 3 10/10 ~ 10/10 10/10  10/10 ~ 9/10 9/10 9/10 6.7

TABLE IV: Comparison of the average success rate (Avg. SR)
of methods over five manipulation tasks, derived from Tab. @

Methods
Avg. SR

To-FAST
4.85%

™0

5.45%

GROOT N1.6 Praxis (Ours)
5.45% 76.97 %

0.5
10.30%




(Q2) Generalization of Praxis under diverse environ-
mental variations. To validate our method as a generalist
policy, we introduce systematic variations in the initial object
pose for each task. Specifically, we randomize the planar
position, height relative to the robot, and orientation across
trials, enforcing a minimum deviation of 3 cm in translation
and 10° in rotation (along at least one axis) from the previous
configuration. Furthermore, we vary lighting conditions and
scene layouts, and introduce visual distractions, as illustrated
in Fig. @ As detailed in Tab. [lI] and [[V] Praxis substantially
outperforms 7 series and GROOT N1.6 in both average comple-
tion length and average success rate. We attribute this perfor-
mance gap to three critical design choices in our pipeline: (1)
precise extraction of wrist and hand trajectories from human
demonstrations; (2) object-centric execution, which preserves
interaction geometry despite pose variations; and (3) tactile-
informed grasping, which stabilizes contact against stiffness
changes. Despite being finetuned on our specific task tra-
jectories, generalist VLA baselines exhibit poor performance
due to a fundamental embodiment and domain gap. These
models are pretrained primarily on standard bimanual arms,
making them ill-equipped for the high-DoF control required
by a humanoid dexterous hand. Consequently, they remain
effectively “out-of-distribution” regarding both embodiment
and action interface, failing to generate the fine-grained EE
and finger motions necessary for success. Praxis achieves
near-perfect success on Hand Over and Pour Water,
demonstrating stable perception and whole-body coordination
over long horizons. The remaining tasks are significantly
more challenging due to strict contact geometry constraints:
Pull Drawer requires inserting fingers into a small handle,
while Open Lid involves grasping a non-rigid ribbon. Both
demand precise wrist rotation and force control to avoid
slippage; Manipulate Pipette is particularly restrictive;
the pipette is rack-mounted, constraining the grasp to a single
viable pose that allows for button actuation while holding it
still. Despite these geometric hurdles, Praxis maintains high
success rates across varied environmental settings. Observed
failures were largely localized to collision issues, such as
approach collisions during the transition to the first keyframe,
or the secondary button on the pipette obstructing finger
placement, rather than fundamental policy errors. Appendix
[G] provides a detailed per-task failure analysis.

(03) Robustness to external interference across all
stages. Beyond static environmental variations, we evaluate
the dynamic recovery capability of Praxis under external
disturbances across all stages, reporting step-wise success
rates, average length, and average success rate in Tab.
and This task adopts a configuration where the robot
navigates from a distance of 3m to the operational area to
perform manipulation tasks. When interference occurs in the
navigation and calibration stages simultaneously, the system
achieves a 70% success rate across manipulation steps. This
indicates that Praxis effectively tolerates early perturbations
and can re-approach the manipulation region. We attribute
this to our fine-tuned VLN model, which allows the robot

TABLE V: Performance of Praxis across different experimen-
tal scenarios, derived from Tab. [I] and Interf. is short for
dynamic interference. S1,2,3 indicates Stage 1,2,3.

S . Base Long Dist. Interf. Interf.  Self-Recovery
cenanos 3my  (Sm)  (3m, S1&2) 3m, S2)  (3m, S3)
Avg. SR 75% 50% 70% 90% 90%

to re-localize and correct its trajectory even after significant
displacement. With interference localized to Stage 2, success
attains 90%. This reflects the tracking stability of our posture
calibration policy, which reliably re-aligns the body and arms
to a manipulation-ready state. When disturbances occur during
manipulation, our system demonstrates exceptional robustness,
achieving a 90% success rate, validating the efficacy of our
recovery mechanism.
V. CONCLUSION AND LIMITATION

Conclusion. In this paper, we propose Praxis, a novel
hierarchical framework that orchestrates humanoid whole-
body manipulation through three sequential stages: navigation,
posture calibration, and manipulation, to ensure generalization
and robustness across long-distance, long-horizon manipula-
tion tasks. First, we adapt a foundation VLN model by fine-
tuning it on a strategically curated dataset. This enables the
robot to semantically interpret the surroundings and reliably
perform navigation toward the manipulation region. Second, a
posture calibration module perceives the target object area and
reconfigures the humanoid’s whole-body stance, aligning the
robot pose into a state that maximizes manipulability. The ma-
nipulation stage distills physical interaction priors, specifically
6D wrist poses and fine-grained finger motions, directly from
one-shot video keyframes. By injecting this knowledge into
the online perception loop, the robot can dynamically retarget
complex human interactions to new object poses and scene
variations. This enables Praxis to handle diverse environmental
variations in a fully learning-free manner, requiring only a
single human teaching. We conduct extensive empirical studies
across five challenging tasks and diverse environmental condi-
tions. Our results demonstrate Praxis’s superior generalization
capabilities across spatial, visual, and cross-object domains.
Furthermore, we highlight the system’s strong robustness to
dynamically recover from physical disturbances and resume
execution at any stage of the pipeline.

Limitation. Despite the strong performance of Praxis in
long-horizon whole-body manipulation and its generalization
across diverse task environments, we identify three key av-
enues for future improvement: (1) While we successfully
utilize demonstrations from the G1 platform, a substantial
domain gap remains between these robot-centric data and
the vast potential of in-the-wild internet videos. Bridging
this gap is essential for further scaling object manipulation
skills. (2) Praxis does not explicitly account for collision
avoidance when unexpected interference occurs along planned
trajectories. This may affect execution robustness in cluttered
or dynamic settings. (3) Praxis would benefit from integrating
higher-level autonomy modules, such as safe self-exploration
and continual learning within the operational space, to better
interpret and accomplish user-specified tasks.
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APPENDIX
A. Details on Hardware System

1) Robot Embodiment: Humanoid platforms extend the
workspace of bimanual manipulation beyond fixed-base arms,
and are suitable for human video-inspired whole-body manip-
ulation. We adopt the Unitree G1 EDU humanoid roboﬂ with
27 degrees of freedom (DoFs). We establish a wireless TCP
interface between the robot and a host desktop equipped with
an NVIDIA RTX 4090 GPU. This architecture supports real-
time, asynchronous perception, planning, and control over a
shared Wi-Fi network.

2) End-Effector Selection: Since the stock G1 humanoid’s
rubber hands do not support dexterous manipulation, we re-
place them with BrainCo Revo2 handﬂ a five-fingered tactile-
sensing hand with 11 degrees of freedom (DoFs), with three
in the thumb and two in each of the index, middle, ring, and
pinky fingers. Each of the two Revo2 hands is connected to the
G1 via an RS485-to-Type-C interface operating at a baud rate
of 1M, enabling high-speed communication. The integrated
tactile sensing substantially improves the hand’s capability for
precise and robust manipulation, particularly for articulated
and deformable object interactions, as demonstrated in our
real-world experiments.

3) Camera Observation: The G1 humanoid is originally
equipped with an Intel RealSense D435i RGB-D camera
embedde(ﬂ integrated into the head with a fixed downward
pitch of 48°, which provides a fixed and limited field of view
(FoV). To support long-range perception for navigation, we
additionally mount a RealSense L515 solid-state time-of-flight
LiDAR cameréﬂ on the forward-facing surface of the torso.
The L515 is used for navigation perception, while the D435i
supports pre-manipulation calibration and manipulation. The
D435i operates at a resolution of 1280 x 720 at 25 Hz, with
depth frames aligned to the RGB stream, while L515 operates
at a resolution of 640 x 480 at 25 Hz.

Fig. [3] illustrates our hardware configuration, where the
bracketed text denotes how each device is connected to the
G1 onboard computer. To ensure responsive control, all I/O,
including dual-camera image acquisition and proprioception,
is handled asynchronously, avoiding stalls in the main control
thread and enabling the whole-body controller to run reliably
at 50Hz.

B. Comparison between Recent Whole-body Manipulation
Systems and Praxis

As shown in Tab. we compare four recent whole-body
manipulation systems along eight dimensions—dexterity, one-
shot, learning from video, vision-and-language input, long-
distance navigation (> 5m), long-horizon execution, recovery,
and training-free deployment. Here, long-distance navigation
indicates that the minimum distance the robot must travel

Thttps://www.unitree.com/g 1
Zhttps://www.brainco.cn/en-US/products/revo2
3https://www.realsenseai.com/products/depth-camera-d435i
“https://www.realsenseai.com/products/realsense-lidar-camera-1515
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Fig. 5: Hardware system of Praxis.

to reach the manipulation workspace is at least Sm, and
long-horizon execution means the manipulation itself contains
at least four distinct steps. WholeBodyVLA [24] leverages
large-scale action-free videos and supports vision-language
conditioning with broad spatial coverage, but it remains lim-
ited in fine dexterous manipulation and long-horizon task
organization. TrajBooster [33] improves cross-embodiment
transfer and whole-body coordination via trajectory lifting and
subsequent adaptation, yet it still relies on training and a small
amount of real data. DemoHLM [13]] can scale from a single
demonstration by synthesizing large amounts of simulation
data and training policies, but it is not equivalent to real-
video one-shot learning and still requires training. HMC [53]]
focuses on robust contact-rich control through hybrid/multi-
mode control switching, addressing low-level execution rather
than closed-loop capabilities such as language-guided naviga-
tion, long-distance mobility, and training-free task deployment.
In contrast, Praxis unifies navigation and manipulation in a
single pipeline: it uses vision-language navigation and cali-
bration policy to reach targets over long distances, enables
training-free deployment to new tasks via one-shot human
video demonstrations, and incorporates a recovery mechanism
(failure detection and replanning) to support long-horizon,
multi-stage execution.

C. Details on Dataset Construction for Fine-tuning NaVILA

To adapt the general-purpose VLN model to our robotic
embodiment and experimental environment, we construct a
dedicated fine-tuning dataset. Beyond the strategy described
in the main paper, we detail our model initialization, object-
diverse scene augmentation, and evaluation protocol, and
multi-faceted randomization strategy in data collection.

1) Model Initialization and Action Space: We initialize our
policy using the official NaVILA checkpoint. Crucially, we
select the version that has already undergone extensive fine-



TABLE VI: Comparison between recent whole-body manipulation systems and Praxis. Vis. & Lang. Input indicates
vision—language input, and Long Dist. refers to long-distance navigation.

Method Dexterity One-shot Learn from Video Vis. & Lang. Input Long Dist. (> 5m) Long Horizon Recovery
WholeBodyVLA [24] X X v v v X v
HMC (53] X X X X X

DemoHLM [13] X v X X X X X
TrajBooster [33] v X X v X X X
OKAMI [32] v v v X X X X
Praxis (Ours) v v v v v v v

tuning on large-scale navigation datasets. We leverage this
established locomotor before adapting the model for coarse-
level navigation in our specific environment. The objective
of this fine-tuning is to enable the robot to recognize target
objects and reach their immediate vicinity, after which a
calibration module takes over to achieve manipulation-ready
postures.

While the original NaVILA model primarily focuses on lon-
gitudinal and rotational movements, we expanded the action
space by introducing two additional primitives: Move Left and
Move Right. This augmentation allows the policy to utilize
the robot’s holonomic capabilities for a more flexible approach
to trajectories during the navigation phase, ensuring efficient
traversal without the constraints of non-holonomic kinematics.

Our fine-tuning dataset consists of 150 expert trajectories
collected in the real world via teleoperation using a handheld
remote controller. The distribution of these trajectories is
detailed in Tab.

TABLE VII: Distribution of trajectories in the fine-tuning
dataset.

Action Type Count

Move Forward 46

Turn Right 32
Turn Left 32
Move Right 20
Move Left 20
Total 150

2) Object Diversity and OOD Evaluation Protocol: To
rigorously assess visual robustness, we adopt a strict out-of-
distribution (OOD) protocol over scene objects. We curate
seven target objects (one shelf and six tables) with high visual
diversity in geometry (rectangular vs. circular), appearance
(wood grain vs. metal), and size. We enforce a strict train—test
split: trajectories for only four table variants are used for
training, while the remaining two tables and the shelf are
reserved exclusively for testing. This design ensures that our
evaluation measures genuine generalization to unseen objects
and environments rather than memorization.

3) Geometric Randomization: We vary the robot’s initial
pose, both radial distance and approach angle relative to the
target, to encourage viewpoint invariance.

4) Instruction Augmentation Strategy: To enhance the ro-
bustness of instruction-following, we implement a “Seman-
tic Consistency, Stylistic Diversity” annotation strategy. For
each trajectory, we generate multiple instruction variants that
strictly preserve the core semantic intent (e.g., target object and
action type) while varying linguistic structure. For instance,
a Move Forward action targeting a table is annotated with
diverse phrasings such as:

o “Walk ahead and stop at the table.”
o “Proceed forward and stop beside the table.”

This strategy prevents the model from overfitting to specific
lexical patterns and encourages deep semantic alignment.

5) Scalable Hybrid Data Acquisition: We combine robot-
collected and human-collected trajectories to scale data effi-
ciently. Human operators are instructed to match the robot’s
camera height and motion dynamics, preserving domain con-
sistency while expanding coverage across diverse scenes (e.g.,
different room layouts and table geometries).

D. Qualitative Results of Wrist Detection and Dexterous Re-
targeting

Fig. visualize the detected wrist poses (left: first row;
right: third row) and the corresponding dexterous retargeting
results on the Revo2 hand (left: second row; right: fourth row).
Fig.[12] visualizes the detected wrist poses (right: first row) and
the corresponding dexterous retargeting results on the Revo2
hand (right: second row). The predicted wrist trajectories and
retargeted finger motions are consistent with the demonstra-
tions, providing reliable robot-centric supervision for one-shot
teaching.

E. Details on Data Acquisition and Preprocessing for Base-
line VLA

The observation space is structured as follows: dimensions
0-6 correspond to the left arm, 7-13 to the right arm, 14-19
to the left hand, and 20-25 to the right hand. We collect 85
trajectories per task via teleoperation at the same resolution
and frame rate, and include them in the finetuning dataset.
Teleoperation is performed using the Meta Quest 3E] as the
XR (Extended Reality) device. For both the teleoperated and
Praxis rollouts, the robot’s upper initial pose is kept identical,
and we ensure that the teleoperated trajectories do not differ
substantially from the Praxis-generated rollouts. The training

Shttps://www.meta.com/ae/quest/quest-3/
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batch size is set to 128, and we train for 5000 steps to
ensure the VLA baseline can adequately learn the provided
trajectories without overfitting.

During the preprocessing phase, we performed frame-level
alignment for each episode, retaining only valid frames that
contained both image and observation data. Each frame was
assigned a timestamp calculated as ¢t = frame_index/30, along
with a local frame index, an episode index, and a global index.
The next .done flag was set to true for the final frame of
each trajectory, and next . reward was initialized to zero.

Following preprocessing, we converted the dataset into the
LeRobot [5] standard formats to support different training
requirements: LeRobot v2.1 for GROOT N1.6 and v3.0 for
T series.

1) v2.1 Conversion (Episode-Based): We organized the raw
data into the LeRobot v2.1 format, utilizing an episode-based
structure. Observations and RGB images were read frame-by-
frame, temporally aligned, and written into individual Parquet
files per episode, where both observation.state and
action were stored as 26-dimensional vectors. Image se-
quences were encoded as H.264 MP4 videos at 30 FPS, with
one video file generated for each episode.

Comprehensive metadata was generated, including:

e meta/info. json: specifies state and action dimen-
sions, FPS, path rules, and indexing.

e meta/episodes. jsonl: records episode lengths.

e meta/tasks. jsonl: contains textual task descrip-
tions.

e meta/episodes_stats. jsonl and meta/stats
. json: stores statistical metrics (min, max, 1%¢/99"
quantiles, etc.).

e meta/modality. json: defines the mapping between
the visual input (head camera) and robot components
(arms/hands).

2) v2.1 — v3.0 Conversion (File-Based): To facilitate effi-
cient training for the 7 series, we consolidated the v2.1 data
into the v3.0 file-based structure. This involved concatenat-
ing Parquet rows from multiple episodes into chunked files
(e.g., data/chunk-x/file—*.parquet) and merging
corresponding video segments into unified video files (e.g.,
videos/{video_key}/chunk—x/file—x.mp4).

Metadata was updated accordingly: meta/episodes/«.
parquet was generated to index the range and video
timestamps of each episode within the merged files, and
meta/tasks.parquet was created for the task registry.
Finally, meta/info. json was updated with the new path
templates and version information. This transformation con-
verts the data from episode-based storage to a highly efficient,
streamable v3.0 format without altering the underlying data
semantics.

FE. Details and Qualitative Results of Tactile-informed Grasp-
ing

To illustrate tactile-informed grasping, we visualize in Fig.
[I3] the fingertip normal (blue) and tangential (orange) forces

applied to the deformable toy in Open Lid under two-
, three-, and five-finger grasps. While we compare these
configurations for analysis, all experiments in the main paper
use five-finger grasps to prioritize safety and robustness.

We formulate dexterous grasping as a two-stage process
consisting of feedforward finger closure followed by tactile-
informed force regulation, where each finger ¢ € [5] esti-
mates a local contact force f; = [f,;,f;], with f,; > 0
denoting the normal force magnitude and f;; € R? the
tangential force vector at the fingertip. Contact is detected

using the indicator ¢; = I(f,; > 7,), where 7, is a
predefined normal-force threshold, and slip risk is evaluated
via the friction ratio p; = |/f;;||/fn,:;. Once stable multi-

finger contact is achieved, defined by ). ¢; > M with M
denoting the minimum required number of contacting fingers,
the contact stiffness k¥ = mean(Af, ;/Ax, ;) is estimated
from the ratio between changes in normal force Af,; and
normal indentation Az, ;. The desired normal grasp force
is then set as f* = clip(ak + B, fimin, fmax)» Where « and
B are scalar gains and [fmin, fmax] bounds the admissible
force range, and further constrained by a no-slip condition

x> Ifall/(ui — 6), where p; is the estimated local

n,t

coefficient of friction and § > 0 is a safety margin.

G. Detailed Analysis of Failure Cases

Although Praxis demonstrates strong performance on long-
horizon whole-body manipulation, we observe several re-
curring failure modes in real-world evaluation. We analyze
execution failures across the five tasks that are reported in the
main paper.

1) Hand Over & Pour Water: A common failure in these
two tasks occurs at the very beginning of the manipulation
stage: the target object is sometimes placed along the robot’s
transition path from its default posture to the first keyframe. As
a result, the robot collides with the object before reaching the
initial pose, causing early termination. This explains why the
overall pick success rate is not 100%, despite the manipulation
policy being effective once the first keyframe is reached.

2) Pull Drawer: During drawer pulling, failures are often
caused by finger—handle disengagement. The handle provides
a limited contact area and can induce slip or rolling contact
under imperfect approach angles, leading to an unstable grasp
and unsuccessful opening. In addition, when lifting an object
near the drawer, the carried object may collide with the
drawer front or surrounding structure, causing it to drop during
transport and reducing the success rate of object placement.

3) Open Lid: The gift box lid is primarily grasped via a
thin ribbon, which is a challenging target for finger closure.
In several cases, the fingers fail to securely capture the ribbon
due to its small thickness and deformability, resulting in an
unsuccessful lift of the lid.

4) Manipulate Pipette: The pipette contains an additional
nearby button used to eject the disposable tip. This tip-ejection
button is located close to the aspiration button and can be acci-
dentally contacted during execution. Such unintended presses
change the hand’s contact configuration, disturb the intended



finger placement, and reduce effective force transmission to
the aspiration button, leading to failed button presses and
contributing to the observed drop in success rate.

H. Object Masking via LISA for Robust Perception in Foun-
dationPose++

To facilitate accurate 6D pose estimation through Foun-
dationPose++, we utilize LISA (Large Language Instructed
Segmentation Assistant) [45] to generate high-fidelity object
masks as its input. Unlike contemporary open-vocabulary
pipelines such as Grounded-SAM [46], which often strug-
gle with implicit instructions or scenarios requiring complex
semantic reasoning (e.g., "Find the object that is blocking
the door” or “Find the screwdriver needed to fix this toy”),
LISA employs an embedding-as-mask paradigm that integrates
segmentation directly into a multi-modal LLM’s reasoning
process by expanding the vocabulary with a <SEG> token.

This integrated approach offers a dual advantage for the
Praxis framework by combining superior linguistic sensitiv-
ity with extensive world knowledge to handle specialized
tasks. In instances where standard models produce masking
errors due to scene complexity or visual ambiguity, LISA
allows users to provide more descriptive or context-aware
prompts, leveraging its internal reasoning to actively correct
and refine the segmentation. This capability is particularly
vital for identifying and segmenting specialized or out-of-
distribution objects, such as the pipette used in our dexterous
manipulation experiments, which are frequently unrecognized
by conventional segmentors but are well-represented within
the LLM’s pre-trained knowledge base.

1. Additional Implementation Results in Simulation

To augment our real-world findings, we evaluate the
keyframe-based motion framework within high-fidelity simu-
lation environments built in NVIDIA Isaac Sim [40], utilizing
digital assets from the ArtVIP dataset [25], a comprehensive
library of 206 high-fidelity articulated objects optimized for
robotic manipulation. We leverage a Meta Quest 3 headset
for teleoperation to facilitate scalable and efficient expert
trajectory collection, during which the motion data under-
goes a significant abstraction process: by identifying and
processing local motion extrema, we isolate a compact set
of approximately 10 to 20 keyframes for each trajectory,
representing a substantial refinement from the original 500
to 1000 frames. Our empirical observations indicate that
simple linear interpolation between these sparse keyframes
robustly reconstructs the original demonstration trajectories
while preserving interaction stability, as illustrated in Figure
[6] These retargeted motion priors enable the robot to execute
diverse manipulation primitives, confirming the kinematic fea-
sibility of our keyframe-based representation before real-world
deployment.

J. Qualitative Snapshots of Experimental Process across Five
Tasks

This section provides a comprehensive visual walkthrough
of the five real-world whole-body manipulation tasks con-

ducted in our empirical studies. As visualized in Fig. [/} Praxis
demonstrates the ability to coordinate bimanual control and
dexterous finger motions to handle objects spanning trans-
parent, rigid, articulated, deformable, and tool-use categories.
These sequential snapshots (shadow means earlier state) high-
light the system’s proficiency in managing long-horizon tasks
through a unified pipeline of perception-conditioned execution.



Open the articulated object

Key frames

(Teleoperation-collected) '
5
Executions '—m

\

Key frames
(Teleoperation-collected)

Executions

Key frames
(Teleoperation-collected)

Executions

Key frames
(Teleoperation-collected)

Executions

Fig. 6: Sequential snapshots of experiments in simulation. The top and bottom rows for each task display teleoperation-collected
keyframes and their corresponding execution sequences, respectively. These results demonstrate the efficacy of our keyframe-

based representation in maintaining precise interaction geometry across diverse manipulation tasks.



Pour Water Hand Over Pull Drawer Open Li Use Pipette

Fig. 7: Sequential snapshots showing the progression of the experiment.

Fig. 8: Visualization of wrist pose detection and dexterous retargeting in task Hand Over.



Fig. 9: Visualization of wrist pose detection and dexterous retargeting in task Pour Water.

Fig. 10: Visualization of wrist pose detection and dexterous retargeting in task Pull Drawer.



Fig. 11: Visualization of wrist pose detection and dexterous retargeting in task Open Lid.

Fig. 12: Visualization of wrist pose detection and dexterous retargeting in task Manipulate Pipette.



Revo2 Tactile Forces (Normal & Tangential)
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Fig. 13: Visualization of fingertip tactile forces when grasping the toy (step pick toy) in Open Lid using two-, three-, and
five-finger configurations of the left Revo2 hand.
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