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Fig. 1: HumanoidMimicGen Overview. We present HumanoidMimicGen, an algorithm for humanoid legged loco-manipulation demonstra-
tion generation. Left: first, a human teleoperator collects a loco-manipulation task demonstration. Center: HumanoidMimicGen synthetically
generates thousands of new demonstrations across different scene and object layouts by adapting local segments of the human demonstration
using a novel integration of whole-body planning and control. Right: These demonstrations can be used to train performant loco-manipulation

policies in both simulated and real-world settings.
I INTRODUCTION

Vision-Language-Action (VLA) models [1} 2]], trained on
large robotic manipulation datasets, have recently demon-
strated a remarkable capability to enable robots to au-
tonomously complete a wide range of manipulation tasks.
However, this paradigm has largely been demonstrated in
stationary robot manipulation settings, where the robot does
not need to walk around in its workspace. This contrasts with
the promise of humanoid robots: their human-like form factor
should enable them to move and interact fluidly with envi-
ronments designed for humans. However, applying the VLA
paradigm to humanoid loco-manipulation remains challenging
due to two key difficulties. First, VLAs require large-scale
manipulation datasets to develop their capabilities — sourc-
ing these datasets for even stationary manipulation settings
remains a challenging endeavor due to the persistent human
time and effort required to collect them. The data collection
process typically involves robot teleoperation, where teams of
human operators control fleets of robots to collect datasets
over months [3} 14} 15 |6]. Second, intelligently controlling a
humanoid is a difficult problem due to its high degrees of
freedom and the constant need to dynamically balance itself
during simultaneous manipulation and locomotion.

Consequently, large-scale loco-manipulation datasets are not
readily available, making VLA training prohibitive.

Simulation and synthetic data generation offer a compelling
means to address the challenge of sourcing large-scale datasets
for training VLAs. Automated data generation tools [7, 8]
allow for generating large volumes of data, and furthermore,
recent results have shown that these synthetic datasets can train
real-world manipulation policies [9} [10, [L1, [12]]. Furthermore,

such tools can enable studies into how data quality and policy
learning decisions can impact model performance [13, [14].
This kind of systematic investigation is needed for the loco-
manipulation setting due to the lack of available datasets and
the difficulty of evaluating VLA models in the real world [15].

To address this, we present HumanoidMimicGen, an algo-
rithm for humanoid legged loco-manipulation demonstra-
tion generation. HumanoidMimicGen interleaves locomotion
planning, arm planning, and skill demonstration adaptation to
generate bimanual loco-manipulation demonstrations in new
environments and states (see Fig. [T).

We propose a hybrid control space for humanoids, where
legs are controlled by a reinforcement-learned policy and, in
turn, adopt a decoupled approach that factors planning into
lower- and upper-body motion, corresponding to segments that
require dynamic and static stability.

To study data quality and policy training questions in the
setting of loco-manipulation, we introduce a new simulation
benchmark of humanoid factory tasks. We show that Hu-
manoidMimicGen can generate high-quality data and train
performant policies in this setting. Finally, we demonstrate that
generating large simulation datasets with HumanoidMimicGen
enables sim-and-real co-training for sample-efficient deploy-
ment on real-world humanoids.

II PREREQUISITES AND RELATED WORK

We seek to teach a bimanual legged humanoid robot to
manipulate movable objects. We use the “Table-to-Shelf” task
in Figure [T] as a running example. Here, a large box is
randomly initialized on a table. The robot must walk to the
box, pick it up with both hands, and move it to the shelf.



The robot has controllable joints J = J; U J U J,, U Jp, U
Ja, U Jp, arising from its legs (J;), torso (Jy), left & right
arms (Jy,, Jq,. ), and left & right hands (J3,, Jp, ). The state of
the robot is represented by configuration ¢ € RI7!, Let £ =
{e1, e, } be the set of robot end-effector coordinate frames for
the left and right arms, respectively. The state of each object
in the world, for example, the box and shelf, is represented
by the SE(3) pose of its coordinate frame f € F.

II-A  Problem Statement

We model each humanoid loco-manipulation task as a
Partially Observable Markov Decision Process with state space
S, observation space O, action space .4, and initial state
distribution Sy, where supp Sy C S. States s € S contain
the joint positions of the robot (s[J] = ¢ € RI7I) as well as
the world poses of the end-effector (s[e] € SE(3)) and object
(s[f] € SE(3)) frames. Observations o € O contain the robot’s
proprioception as well as images from one or more cameras on
the robot. Actions a € A are joint-space position controller
targets a[J] € RV for joints 7; however, we modify this
assumption in Section For notational simplicity and
because the robot’s end-effector poses are a function of its
joint positions, let ale] € SE(3) give the world pose of end-
effector e € £ derived from its target joint positions.

For each task, we are interested in generating a dataset of NV
demonstrations Dy = {d',...,d" } where each demonstration
d" = ((s},0h,ap), ..., (s4., 0 ,aly ) is a sequence of state,
observation, and action triplets. Using that dataset, we train
Behavior Cloning [16} [17] policies 7 : © — A that map
observations to actions. During data generation, we assume
privileged state access, which is readily available in simulation,
but we seek to train policies that only use observations.

II-B  Data Generation via Demonstration Adaption

We are interested in generating demonstrations Dy that
scale automatically with V. Like in MimicGen [7]], we assume
access to a small set of annotated source demonstrations Dy
and seek to automatically amplify them into a much larger
set Dy, where N >> |Dy|, by adapting them to new
initial states sy ~ Sg. Rather than adapt demonstrations in
their entirety, which were collected under a specific context
involving the full world, we adapt short object-centric skill
segments [18]] that involve contact with one or more objects.
Specifically, we segment each demonstration d into annotated
skill demonstrations ¢ = (e, f,d%), where e € &£ is an
end-effector frame, f € F is a reference object frame, and
d¥ C d is a contiguous subsequence of d. Let s = d¥[t,0]
and a] = d¥[t,2] be the tth state and action on the skill
demonstration. Let ¥ = {¢1,...,1.} be the set of skills
segmented from the same demonstration. In the Table-to-Shelf
task, we define a skill per end-effector both for picking the box
(f is the box) and for placing the box (f is the shelf).

Annotation enables skill demonstrations to be adapted to
new states s’ through rigid transformation. Specifically, we
adapt all target end-effector poses a¥[e] on actions a¥ € d¥[:

-1
,2], to a new state s’ by computing: a’[e] = s'[f]sy [f]  a¥]e].

Intuitively, this computes the target poses of end-effector e
relative to the initial pose sg’ [f] of object frame f in the
skill demonstration and then applies them to the current object
frame pose s'[f] in a spatially invariant manner, where, in the
absence of external factors, they may produce the same effect.

Our strategy is to adapt and execute each skill v € W
to attempt to generate a successful demonstration. For single
manipulators, these skills can be executed in sequence [7, [18]].
However, for bimanual robots, we must simultaneously control
multiple arms, where, at times, the arms must execute skills
in parallel. Additionally, some skills need to be completed
prior to others or started concurrently with others. Like in
DexMimicGen [19]], we represent this with a set of precedence
order pairs P = {(¢,,vs,), ...} and concurrent order pairs
C = {(¥j,,¢j,), ...}, where (¢,9) € P indicates that skill ¢
must be completed before skill ¢ is started and (¢, v’) € C
specifies that skills 1), 1)’ must start at the same time. Figure E]
(left) visualizes the precedence and coordination constraints
applied to the four skills in the Table-to-Shelf task. Here, each
arm must perform its pick before its place, and because dual-
arm grasping is required due to the box’s size, the start of both
the pick and place must be coordinated.

III HUMANOIDMIMICGEN

Existing demonstration generation algorithms require that
the robot’s action space be in task space, where end-effector
target poses are mapped to commands using, for example,
Operational-Space Control (OSC) [20]. However, we seek to
control legged humanoids and induce bipedal locomotion, a
key challenge being maintaining stability during both naviga-
tion and manipulation. Doing so requires careful coordination
of the whole body to statically balance and dynamically walk.
As a result, we cannot effectively apply an independent task-
space control strategy to all robot limbs, notably the legs.

In HumanoidMimicGen, we address this by first adopting
a hybrid action space, where the upper body is governed by
a joint-space controller, but the lower body is commanded
by a Reinforcement Learning (RL) policy trained to control
the velocity of the robot’s pelvis. The RL policy can dy-
namically maintain stability, but not in a way that perfectly
tracks velocity actions. To compensate for this, we take a
decoupled approach to data generation, where we separate
planning into static manipulation and dynamic locomotion
phases. Additionally, we introduce a whole-body adaptation
and planning scheme in order to replay demonstrated skills in
a manner robust to changes in the environment.

III-A Humanoid Hybrid Action Space

We use a hierarchical hybrid action space for humanoid
control [21]]. Low-level joint commands are issued through a
joint-space interface, while base motion and leg coordination
are handled by a learned locomotion controller. At the lowest
level, the torso, arm, and hand joints J; U J,, UJp, UJ,, U Jp,
are directly commanded via joint position control. Leg joints
J; are not directly actuated by the policy. Above this interface,
we expose a high-level action API with two components: (i)
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Fig. 2: Method Overview. Lefi: HumanoidMimicGen takes a source demonstration with per-arm skill annotations (blue arrows) and
constraints (orange box, described in Sec. that govern the order of base and arm execution. Right: The skill annotations and constraints
are used to determine an order for skill execution, and a target end-effector pose for the beginning of each skill. The Whole-Body Planning
process constructs a decoupled locomotion plan and per-arm plan to achieve the target(s) (shown in orange arrows), which are then executed
by the whole-body controller and upper-body controller, respectively. Finally, the adapted skill segment(s) are executed. This process repeats

until there are no more skill segments to execute.

joint position commands for the upper body (arms, hands,
torso) and (ii) base motion commands for locomotion.

We adopt the Homie [21] RL locomotion controller. It takes
as input the current arm and torso configuration, together with
a base command al[l] = [, 9, 0, 2], where [, §] specify planar
base velocity, 6 specifies yaw rate, and z specifies the desired
torso height. Given this input, the RL controller produces
dynamically feasible leg joint position commands, which are
forwarded to the low-level joint-space API. This hierarchy
enables intuitive teleoperation and data generation while del-
egating balance, contact handling, and leg coordination to the
learned locomotion controller.

III-B Whole-Body Data Generation

HumanoidMimicGen greedily processes applicable sets of
skills ¥, in sequence. See Appendix [B|for details on how the
full set of skills W is serialized into a sequence of skill subsets
[Py, Po,...], where U; C WU, that satisfies the precedence
and coordination constraints in Section [[IEBl For each skill
1 € U,, it computes an end-effector target pose T'[e] to start
the skill and solves whole-body inverse kinematics to find a
reachable configuration ¢ that jointly achieves each active
end-effector’s target pose. Then, it decomposes planning into
a locomotion subproblem to an intermediate configuration ¢’,
along with a stationary motion subproblem, ultimately to ¢”.
Finally, it performs whole-body skill adaptation to replay the
skill demonstrations in the current state.

Algorithm [I] in Appendix [C] displays the full pseudocode
for HUMANOIDMIMICGEN; however, we walk through its
operation here. It takes as input an initial state sg, a set
of skills ¥, and a set of precedence partial orders on the
skills P. To generate a dataset Dy of N demonstrations,
HUMANOIDMIMICGEN is called repeatedly until it returns
successful IV times, using sampled initial states sg ~ Sp

and skills and partial order pairs (¥, P) sampled uniformly
at random from the source demonstrations.

HUMANOIDMIMICGEN iteratively plans and executes until
all skills ¢ € ¥ have been completed. On its ith iteration,
it greedily selects skills ¥; € W that do not have any partial
order constraints involving another skill ¢ that has not been
completed. For each skill ¢ € ¥;, using the current state s
and the first state sg’ on the active skill demonstrations, it
adapts the demonstration pose s |e [ | for end-effector e using
the current pose s[f] of object frame f, resulting in target
end-effector pose T'[e]. Next, it solves whole-body inverse
kinematics to produce a batch of full configurations @) that
reach T'[e] for each active end-effector. See Appendix |§| for
full detail on our humanoid collision representation, whole-
body inverse kinematics, and motion planning.

For each candidate target configuration ¢” € (), it first
computes a switch configuration ¢’, formed from the upper
joint positions of ¢ and the lower joint positions of ¢”,
where the robot switches from locomotion to manipulation.
Then, it plans a locomotion trajectory 7; between the current
configuration ¢ and the switch configuration ¢”. If the planning
succeeds, HUMANOIDMIMICGEN executes the 7; using the
RL controller. If the planning fails, the next configuration in
the batch is attempted. If the batch is exhausted, then the
episode is declared a failure.

Because of the imperfect execution of the RL controller,
we replace ¢’ with the achieved switch configuration, plan a
manipulation trajectory 7, between the switch configuration ¢’
and target configuration ¢”, and execute 7, using the upper-
body joint-space controller. The skill demonstration actions
a¥ for each skill ¢» € W, are adapted by s[f] into a
skill trajectory Ty, using subroutine ADAPT-SKILL-DEMOS
(Algorithm [2] in Appendix [C), which solves upper-body IK
to track the adapted end-effector target poses a[e]. Figure
(see the Appendix) visualizes this process applied to a single-



TABLE I: G1 Simulation Benchmark Results. We compare
policies trained on source human demonstrations, DexMim-
icGen+ [19]-generated datasets, and HumanoidMimicGen-
generated datasets, from left to right.

Task Src Demo  DexMimicGen+  Ours
Box Lift Floor 0.14 0.87 1.00
Push Button 0.18 0.26 1.00
Box Lift 0.95 0.68 0.98
Push Shelf Forward 0.70 0.35 0.93
Drill Lift 0.20 0.13 0.45
Drill PnP 0.08 0.13 0.17
Box Table To Shelf 0.04 0.17 0.52
Pick Drill From Holder 0.00 0.00 0.35
Drill Lift Obstacle 0.04 0.00 0.27
Average 0.26 0.16 0.63

arm pick skill on the “Drill Lift” task. Hand joint positions
a¥[Jp] are replayed without modification. After completing
each skill in W, the current state s is checked for task success
using CHECK-SUCCESS.

IV EXPERIMENTS

We evaluate HumanoidMimicGen on a new G1 loco-
manipulation benchmark that we developed (Appendix [E). We
describe the experimental setup in Appendix [f

IV-A HumanoidMimicGen Capabilities

HumanoidMimicGen boosts policy success rates over
baseline data generation methods and the source demon-
strations only. We compare HumanoidMimicGen against poli-
cies trained purely on the single source human demonstration,
as well as a DexMimicGen+ baseline. The DexMimicGen+
baseline involves extending DexMimicGen so that it out-
puts velocity actions for the RL-based locomotion controller
whenever it performs task-space control. Like in Jiang et
al. [19], DexMimicGen+ does not perform any skill reasoning,
planning, or collision checking. Instead, it directly adapts full
demonstrations greedily. As seen in Table [, HumanoidMim-
icGen consistently improves policy performance over both
the single-source demonstration baseline and DexMimicGen+
across all tasks. Averaged over nine tasks, HumanoidMim-
icGen increases policy performance from 16.3% (DexMimic-
Gen+) to 58.7%. These results show that HumanoidMimicGen
can reliably transform a single demonstration into diverse,
high-quality training data, whereas direct imitation and prior
data-generation baselines fail to generalize over varying states.

HumanoidMimicGen can be applied to long-horizon
loco-manipulation problems. HumanoidMimicGen success-
fully generates demonstrations for tasks that require coordi-
nated navigation and whole-body manipulation over longer
periods of time. Policies trained on HumanoidMimicGen
datasets maintain high success rates on these long-horizon
tasks. For example, HumanoidMimicGen achieves 0.93 PSR
on PushShelfForward (1230 steps) and 1.00 on BoxLiftFloor
(900 steps), compared to 0.35 and 0.87 with DexMimicGen+,
and 0.70 and 0.14 with source demonstrations alone. We
provide further analysis in the Appendix [H]

IV-B  Real-World Evaluation

Fig. 3: Real-World Deployment. Policies trained on
HumanoidMimicGen-generated simulation data and co-trained
with real-world demonstrations outperform real-only training
on two tasks. Top: ThrowBottle policy performance improves
from 0.60 to 0.75 when co-training with simulation-generated
data. Bottom: BoxToCart policy performance increases from
0.35 to 0.60. On average, sim-and-real co-training improves
policy performance from 0.48 to 0.68.

We evaluate HumanoidMimicGen on a physical G1 hu-
manoid robot using sim-and-real co-trained policies [9] and
compare with policies trained only on real robot data. Each
policy is evaluated on 10 episodes. We use a Luxonis OAK-
D camera for image observations. For the upper body joints,
the control frequency is 25 Hz; for the lower body policy,
inference is at 50 Hz. We use interpolation for the lowest-
level position control API, which runs at 200 Hz.

Sim-and-real co-training. For each task, we collect one
simulation demonstration and generate 500 more using Hu-
manoidMimicGen. Policies are co-trained on HumanoidMim-
icGen generated and 30 real robot demonstrations.

Tasks. We evaluate flow-matching policies trained from
scratch on a BoxToCart and ThrowBottle task as seen in
Figure 3] BoxToCart involves picking up a box with two
hands, walking to a cart, then placing the box on the cart.
ThrowBottle involves walking to a table, picking up a bottle,
turning the waist, and throwing it into the bin. Scoring criteria
for BoxToCart: 0.5 for lifting box, 0.25 for walking to cart,
0.25 for placing on cart. Scoring criteria for ThrowBottle: 0.5
for lifting bottle, 0.5 for throwing bottle into bin.

Results. As seen in Figure 3] on ThrowBottle, the policy
trained on both simulation and real-world data outperforms
that trained purely on real-world data by 0.15. On BoxToCart,
the sim-and-real co-trained policy outperforms the real data
policy by 0.3. These results show that HumanoidMimicGen
data boosts real-world loco-manipulation policy performance.
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APPENDIX
Overview

The appendix contains the following content.

o [Extended Related Work| (Appendix [A): extended dis-

cussion of prior work on automated data generation,
imitation learning, and humanoid loco-manipulation.

o [SKill Planning] (Appendix [B): details on precedence and

coordination constraints used for skill planning.

. (Appendix [C)): system-level pseudocode for

HumanoidMimicGen and whole-body skill adaptation.

« [Motion Planning Details| (Appendix [D): collision repre-
sentation and whole-body inverse kinematics details.

o [Coco-Manipulation Benchmark| (Appendix [E): de-
scription of the humanoid loco-manipulation simulation
benchmark and tasks.

« [Experimental Setup| (Appendix [F): source demonstra-
tions, data generation, and policy training setup.

o [DexMimicGen+ baseline| (Appendix [G): implementation
details for the DexMimicGen+ baseline.

o [HumanoidMimicGen Analysis| (Appendix [H): analysis
of motion noise, initialization, and policy architecture.

o [Comparison G1 and G1 Floating (Table [[V): compar-
ison between legged and floating-base embodiments.

o [Policy training details| (Appendix [J): VLA training and
evaluation details.

« [Raw tables for bar plots| (Appendix [K): raw tables
corresponding to ablation plots.

A Extended Related Work

Automated Data Generation. MimicGen [7] introduced a
data generation method for generating large-scale datasets by
adapting a small set of expert demonstrations to new object
poses. This method has been extended to support stationary bi-
manual dexterous manipulation [19] and incorporate planning
and optimization techniques [18], 22, 23] and Reinforcement
Learning (RL) [24] to improve data quality. MoMaGen [235]]
applied planning and skill adaptation [18]] to mobile manip-
ulation and incorporated soft visibility constraints to aid vi-
suomotor policy learning. WBCMimicGen [26]] also addressed
mobile manipulation, but focused on a quadratic programming
approach to improving its tracking controller. Task and Motion
Planning (TAMP) [27]] algorithms have been used for data
generation [28| |8, 29]; but, they require a planning model,
which is prohibitive for contact-rich tasks. These approaches
all rely on the assumption of stable and independent end-
effector control per limb, which does not transfer to legged
humanoids, where careful whole-body coordination is required
during both locomotion and manipulation.

Learning Manipulation from Demonstrations. Behavior
Cloning (BC) [16} (30} 131} 13} 32] is a prominent method for
training policies from demonstrations via supervised learning.
This method has proved to be very effective for robot manip-
ulation [33| 34} 2| 6} 35| [1]], its success relies on having large-
scale high-quality datasets to learn from. Recent evidence
has shown that synthetic simulation datasets can supplement

or even replace real-world human demonstrations to produce
high-performing real-world manipulation policies [9} [10, [1} [11}
36,137, [12]]. In our work, we leverage sim-and-real co-training
to train real-world policies.

Loco-Manipulation. We build on recent work enabling
humanoid loco-manipulation control using teleoperation sys-
tems combined with reinforcement-learning-based control.
Homie [21] and HOVER [38] develop whole-body control
frameworks that integrate locomotion and manipulation, en-
abling stable execution of loco-manipulation behaviors under
learned or hybrid controllers. SONIC [39] scales up control
to work for a diverse range of loco-manipulation behaviors
and poses. OmniRetarget [40] trains locomanipulation policies
using reinforcement learning and deploys them in the real
world. We focus on imitation learning to avoid the need for
reward tuning.

B Skill Planning

From Section [[I-Bl we assume that a set of skills U for
demonstration d is annotated with precedence P and coor-
dination constraints C. Because each end-effector e can only
perform a single skill at a time, we assume that the skills per
end-effector are totally ordered in P, which intuitively means
at most |E| = 2 skills can be active at a time.

Coordination constraints tie the start of two skills together.
Because of this, we can reduce the coordination constraint
(,9') to additional precedence constraints by transitively
applying the precedence constraints for v to 1)’ and vice versa:

P PU{(W*¢) € U2 | I € U.(y,9) € CA(*,9) € P}

Afterward, the space of skill plans can be represented as a
Directed Acyclic Graph (DAG) (¥, P), where vertices are
skills ¢ € U and directed edges (1,1’) € P are precedent
constraints. Figure @] (right) visualizes the reduction from
coordination constraints to additional precedence constraints.
In Section [C| we use a greedy algorithm to iteratively
produce a set of skills ¥; C W on-demand to execute next.
After planning skills W;_1, we remove them from W and plan
skills ¥; by selecting the remaining skills ¢ € ¥ free of
precedence constraints involving other skills ¢ € U:

U, + {yp eV |- € V.( ) € P}.

This procedure resembles computing a topological sort of
DAG (¥, P) online and grouping incomparable skills to be
executed together. In the Table-to-Shelf task, this manifests as
two iterations, where the two pick skills are executed as a part
of Uy, and the two place skills are executed as part of Ws.

C Pseudocode

Algorithms [I] and [2] give the pseudocode for HUMANOID-
MIMICGEN and ADAPT-SKILL-DEMOS respectively, the core
HumanoidMimicGen algorithms in Section [III-B
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Fig. 4: Precedence and Coordination Constraints. A human annotates precedence and coordination constraints among the
skills. These constraints are automatically compiled into partial orders on the skills, defining legal execution orders.

Algorithm 1 HumanoidMimicGen Pseudocode

1: procedure HUMANOIDMIMICGEN(sq, (¥, P))
2 s+ copy(so) > Current state
3 while || #0:
4 i {y € V| -3 € V.(¢/,¢) € P}
5: U+ U\, > Subtract current skills ¥; from ¥
6: T+ {} > End-effector pose targets
7 for (e, f,d¥) € U, : > Skill 1 for end-effector e
8: (sg’,_, )« d¥[0] > Reference state sg’
9: Tle] + s[f]sg’ [f] 18160 le] > Target pose for e
10: q + s|J] > Current configuration
11: Q@ < WHOLE-INV-KINEMATICS(J, T, s)
12: for ¢’ € Q: > IK configurations batch
13: q' + copy(q) > Target switch configuration
14: 4[] « ¢"[J1] > Set the locomotion joints
15: T, + PLAN-MOTION(J}, ¢, ¢, 8) > Legs
16: if 7, # None:
17: S <~ CONTROL-LOCOMOTION(T;)
18: break > Planning success
19: else
20: return False > Planning failure
21: q « s|TJ] > Achieved switch configuration
22: Tm 4= PLAN-MOTION(J¢ U Jo, U Ja,., ¢’ ¢, s) > Arms
23: $ 4 CONTROL-MANIPULATION (7o)
24: Ty, < ADAPT-SKILL-DEMOS(s, ¥;)
25: 5 <= CONTROL-MANIPULATION(Ty, )
26: return CHECK-SUCCESS(s) > Execution success

Algorithm 2 Whole-Body Skill Adaptation Pseudocode

1: procedure ADAPT-SKILL-DEMOS(s, ¥;)

2: T+ [] > Adapted skill trajectory
3: while True :

4: T+ {} > End-effector pose targets
5: for (e, f,d¥) € U, : > Skill 1) for end-effector e
6: (sg’,_, )+ d¥[0] > Reference state sg’
7: if |7 < |d¥|:

8: (,_,a¥) « d¥[|7| > Skill demo action a¥
9: Tle] + s[f]sg’ [f] “a¥[e] > Adapt a to s
10: if |T|=0: > All skill actions processed
11: return 7y,

12: ¢’ < WHOLE-INV-KINEMATICS (J¢ U Jo; U Ja,., T, 8)[0]

13: T+ 7+ [d] > Add the next waypoint g

D Motion Planning Details

We adapt skills to new environments and states by solving
for new robot configurations that satisfy the same constraints
as the demonstrations, while responding to changes in pose
and avoiding collisions. We develop our algorithms on top
of cuRobo [41] to take advantage of GPU-accelerated
collision checking and batch inverse kinematics.

Current State s

Planned Configuration q"

Fig. 5: Whole-Body Skill Adaptation. Left: skill ¢ for end-
effector e relative to object frame f is adapted to a new state
s. Right: spherical collision representation used for planning
and IK configuration ¢" for adapted skill target pose T[e].

Humanoid Collision Representation. To leverage GPU-
accelerated collision checking, we represent the robot and all
moving objects as a set of spheres with varying radii. Instead
of manually placing these spheres per robot [41], [42]], which is
challenging for humanoids due to, for example, the intricacy
of their dexterous hands, we take an automated approach. For
each mesh on the robot or object, we sample a large set of
points on its surface. For each sampled point, we create a
candidate sphere by solving for the minimum volume sphere
that is tangent to the sampled point and another face on the
mesh [43]. We then inflate the sphere radii by a hyperparame-
ter e ~ 0.01m to cover more of the mesh’s surface. Finally, we
use a greedy combinatorial optimization algorithm to select
a set of IV spheres that maximizes coverage of the mesh’s
surface subject to a computation budget. Figure 3 (right)
displays a set of collision spheres automatically computed for
the G1 robot. To model collisions with held objects, we detect
which movable objects are in contact with a robot end-effector
then lazily compute a sphere decomposition for them.



Representing the robot as a set of spheres over-approximates
its geometry. Because we consider inverse kinematics and
motion planning subproblems induced through manipulation,
the initial configuration and goal end-effector poses are often
in contact with manipulable objects, which are collision states
causing the subproblem to be infeasible, especially due to
sphere over-approximation. However, intuitively, the robot can
safely make contact between certain pairs of robot and object
bodies. To account for this, we compute the spheres currently
in collision before each IK or planning call and shrink them
until they are no longer in collision. We do the same for target
end-effector poses, but only for the robot links in the same
rigid (given the planning joints) connected component of the
kinematic tree as the end-effector.

Whole-Body Inverse Kinematics. We leverage cuRobo to
implement WHOLE-INV-KINEMATICS, which performs multi-
link batch inverse kinematics. Sometimes the robot can reach
the start of the next skill without moving its legs. In such cases,
it is preferable to skip locomotion planning, saving computa-
tion time, avoiding the use of both control modalities, and
reducing the risk of control errors during dynamic walking.
Additionally, because torso motion affects both end-effectors,
it is desirable to minimize unneeded torso movement away
from the default torso posture. To do this, we minimize the L,
distance from the current configuration ||¢” — ¢||o, weighted
by joint group. We achieve this by performing an iterative
optimization, where we lock a subset of the joints J C J
to have their current positions ¢[.J]. In our experiments, we
considered the free joint order [J,, J, U Jy, J, U J;, J|, which
corresponds to allowing 1) arm motion, 2) arm and torso
motion, 3) arm and leg motion, and 4) free motion.

E Loco-Manipulation Benchmark

We developed a humanoid loco-manipulation benchmark
built on robosuite [44] and MuJoCo [45]. This benchmark
specifically tests loco-manipulation; success critically depends
on accurate base motion and whole-body coordination. This
benchmark enables controlled comparisons of data generation
strategies, policy architectures, and embodiment choices in
loco-manipulation settings, as analyzed in Section We
will open source this benchmark along with downloadable
HumanoidMimicGen datasets after double-blind review.

The benchmark contains 9 tasks involving a simulated G1
humanoid robot. Tasks vary along three axes: (i) the extent of
required base motion (from minimal repositioning along one
axis to multi-stage navigation), (ii) object interaction complex-
ity (single-arm, bimanual, and whole-body), and (iii) execution
horizon. Each task specifies a goal represented as a binary
success condition. Initial states are generated by randomly
sampling object poses and the robot’s root pose. Together,
these tasks emphasize the locomotion—manipulation interface:
small errors in foot placement directly impact reachability.

1) Box Lift Floor: Grasp the box from the floor and lift to a target height.
2) Push Button: Approach an industrial panel and press its button.

3) Box Lift: Approach the table, grasp the box, and lift to a target height.
4) Push Shelf Forward: Push the shelving cart into a marked target zone.
5) Drill Lift: Approach table, grasp drill, and lift to target height.

6) Drill PnP: Pick a drill from one table and place it on a second table.

7) Box Table To Shelf: Transfer a box from a table into a shelf.

8) Pick Drill From Holder: Extract a drill from a holder and lift it to a
target height.

9) Drill Lift Obstacle: Navigate around a blocking shelf to reach the
table, then grasp and lift the drill to a target height.

In Table [, we further describe the tasks in the G1 Loco-
manipulation Benchmark according the attributes they contain.

TABLE II: Capabilities tested by each benchmark task.

Task Loco Nav l-arm  2-arm  Vert Contact Long
PushButton X X

DrillLift X X

BoxLift X X

BoxLiftFloor X X X
PickDrillFromHolder X X X X
PushShelfForward X X
DrillLiftObstacle X X X X
DrillPnP X X X
BoxTableToShelf X X X X

Capabilities: Loco = locomotion; Nav = obstacle-free navigation; 1-arm =
single-arm manipulation; 2-arm = bimanual coordination; Vert = vertical
reach; Contact = contact-rich interaction; Long = long-horizon execution.

F  Experimental Setup

Source demonstrations. For each task, we collect a single
human demonstration using a Pico VR controller for whole-
body teleoperation. We obtain end-effector commands from
controller poses, gripper commands using controller triggers,
and navigation commands with the controller thumbsticks.
Note that the VR head-up display is not used, though the
headset is used to track the controller poses. The same
teleoperation interface is used in simulation and the real world.

Data generation. Starting from the single human demon-
stration, HumanoidMimicGen generates 1,000 successful loco-
manipulation trajectories per task in simulation. Data genera-
tion includes randomized initial robot base poses and object
poses, subject to task feasibility constraints.

Policy learning. We train visuomotor policies via imitation
learning using a flow-matching transformer policy [1, 146]]
trained from scratch. Policies take RGB observations from an
ego-view camera with a resolution of (224, 224, 3) as well
as proprioceptive state information. and output actions which
are passed to the Homie [21]] RL loco-manipulation controller
as specified in Section Unless stated otherwise, we use
the flow-matching policy for our simulation and real-world
experiments by default. For a given dataset, we train the policy
for 25K steps, evaluate checkpoints on 100 episodes, and take
the best-performing checkpoint.

G DexMimicGen+ Baseline

As described in Section we compare HumanoidMim-
icGen against a DexMimicGen+ baseline in order to high-
light the importance of intelligent whole-body planning and
adaptation. The DexMimicGen+ baseline extends DexMimic-
Gen [19] with the ability to handle locomotion when needed,
as the original work solely focused on stationary bimanual
manipulation. DexMimicGen+ inherits the same action space
that we propose for HumanoidMimicGen (Section [[II-A),
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Fig. 6: G1 Loco-Manipulation Benchmark. We introduce a new simulation benchmark with nine tasks requiring robot
loco-manipulation, along with HumanoidMimicGen-generated datasets. For each task, we provide two images to illustrate a
randomly sampled initial scene configuration (leff) and a task-completion configuration (right).

where locomotion actions are represented as x,y, 6 velocity
commands along with an additional z height command. No
motion planning is used for this baseline, to stay consistent
with the original work. We make the following modifications
to the DexMimicGen algorithm:

1) We manually annotate source demonstration subtasks
that will require locomotion.

2) For each subtask that requires locomotion, we invoke
WHOLE-INV-KINEMATICS to infer a target base pose for
one (or both) arm poses at the start of each subtask. The
WHOLE-INV-KINEMATICS procedure does not consider
collisions, and all joints apart from the legs are unlocked
and free to move from the current configuration.

3) To move from a current base configuration to a new
base configuration, a straight-line interpolated path is
used (similar to interpolation segments for the arms in
DexMimicGen [19]).

This baseline lacks several crucial features introduced by
HumanoidMimicGen, including the use of skill reasoning,
motion planning for locomotion and arm movement, and
collision checking.

H HumanoidMimicGen Analysis

Effect of motion noise and robot pose initialization
randomization. Figure [7] compares datasets generated with
synthetic motion noise and randomized robot base initializa-
tion against counterparts without these perturbations. Remov-
ing motion noise reduces mean success from 0.58 to 0.49,
while fixing the initial robot pose reduces success from 0.58
to 0.51. These degradations are consistent across most tasks,

indicating that both trajectory-level and state-level randomiza-
tion improve robustness. These results show that expanding
robot-centric state coverage through noise and initialization
randomization is a key factor for boosting policy success rates.

Data Generation Ablation (Motion Noise vs Init. Noise)

g
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Box Lift Push Shelf Drill Lift Drill PnP Box Table Pick Drill Drill Lift
Forward to Shelffrom HolderObstacle
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Fig. 7: Effect of data generation design on policy success
rates. We compare policies trained on datasets generated
by HumanoidMimicGen (Ours), without motion noise, and
without robot pose initialization noise. Removing motion noise
reduces the average success from 0.63 to 0.49, while removing
initialization noise reduces it to 0.51. All variants use the
same policy architecture and training budget; only the data
generation procedure differs.

Effect of different policy architectures trained on Hu-
manoidMimicGen datasets. We compare a flow-matching
transformer policy to a diffusion policy [32] on the G1 loco-
manipulation benchmark. All policies are trained on 1000
successful demonstrations generated by HumanoidMimicGen
and evaluated at their best-performing checkpoint over 100
episodes. As shown in Figure [8] flow-matching outperforms



diffusion policy (0.63 vs. 0.40 average PSR).

Policy Architecture Ablation (Diffusion Policy vs Flow Matching)
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Fig. 8: Policy Architecture Ablation. Comparison of Dif-
fusion Policy and Flow Matching policies trained on 1,000
demonstrations generated by HumanoidMimicGen and eval-
vated using the best-performing checkpoint. Flow Matching
achieves a higher average success (0.63 vs. 0.40).

I Comparison G1 and G1 Floating

Scaling across embodiments. While our main results focus
on the Gl humanoid, HumanoidMimicGen also applies to
alternative embodiments with different locomotion and ma-
nipulation constraints. We demonstrate data generation on a
floating-base humanoid variant using the same pipeline with-
out algorithmic changes and present policy success rates on
generated data in Table [[V] Policies trained with and evaluated
on the floating body humanoid consistently outperforms those
in the legged setting, highlighting the challenge of policy
learning in the legged loco-manipulation setting.

TABLE III: Policy architecture ablation. All policies are
trained on 1,000 demonstrations generated by HumanoidMim-
icGen and evaluated using the best-performing checkpoint.

Task VLA DP Flow Matching
Box Lift Floor 1.00 0.92 1.00
Push Button 0.80 0.55 1.00
Box Lift 1.00 0.95 0.98
Push Shelf Forward 0.98 0.95 0.93
Drill Lift 0.73 0.12 0.45
Drill PnP 0.70  0.10 0.17
Box Table to Shelf 0.63 0.02 0.52
Pick Drill From Holder 0.02  0.02 0.35
Drill Lift Obstacle 0.87  0.00 0.27
Average 0.75  0.40 0.63

J Policy training details

We additionally include results from post-training a vision-
language action model.

Training Configurations The VLA model in our policy
architecture ablation table (Table [[T) is initialized from the
pre-trained GROOT N1.6 base model [1]]. For post-training of
the VLA, we use a learning rate of le-5 with a global batch
size of 128 and train for 25,000 optimization steps. The policy
uses a single egocentric camera as visual input with an image

TABLE IV: Embodiment comparison under the Humanoid-
MimicGen pipeline. Policy success rate (PSR). Floating-body
variants consistently outperform legged G1.

Task Gl G1 w/o Legs
Box Lift Floor 1.00 1.00
Push Button 1.00 1.00
Box Lift 0.87 1.00
Push Shelf Forward 0.77 0.53
Drill Lift 0.45 1.00
Drill PnP 0.17 0.57
Box Table to Shelf 0.37 1.00
Pick Drill from Holder 0.35 1.00
Drill Lift Obstacle 0.27 1.00
Average 0.63 0.90

resolution of 640x480. Training is performed on a single node
equipped with eight NVIDIA H100 GPUs.

Evaluation Details During evaluation, each task is executed
for 100 rollout trials to obtain statistically reliable performance
metrics. Model checkpoints are saved every 5,000 training
steps, and evaluation is performed across all saved check-
points. The final reported results correspond to the checkpoint
that achieves the best evaluation performance. Both training
and evaluation are conducted on the same hardware platform
to ensure consistency across experimental settings.

K Raw tables for bar plots

We additionally provide raw tables for the bar plots data
generation ablations in Table [V] and policy architecture abla-
tions in Table [II

TABLE V: Effect of data generation design on policy success
rates. All variants use the same policy architecture and training
budget; only the data generation procedure differs.

Task Ours  w/o Motion Noise  w/o Init. Noise
Box Lift Floor 1.00 1.00 1.00
Push Button 1.00 1.00 0.43
Box Lift 0.98 0.90 1.00
Push Shelf Forward 0.93 0.70 0.93
Drill Lift 0.45 0.23 0.23
Drill PnP 0.17 0.17 0.10
Box Table to Shelf 0.52 0.00 0.37
Pick Drill from Holder 0.35 0.26 0.35
Drill Lift Obstacle 0.27 0.17 0.17
Average 0.63 0.49 0.51
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