&% COLA: Learning Human-Humanoid Coordination for
Collaborative Object Carrying

Yushi Du™b2,  Yixuan Li 32,
Wei Liang 32,

Baoxiong Jia 12,
Yanchao Yang !,

Yutang Lin*2,  Pei Zhou'!

Siyuan Huang 2

https://yushi-du.github.io/COLA/

Fig. 1: COLA provides a proprioception-only policy that enables compliant human-humanoid collaboration for carrying diverse objects
across various movement patterns. (a) demonstrates horizontal trajectory coordination where the humanoid adapts to human motion patterns.
(b) illustrates whole-body coordination during collaborative object-lowering tasks. (c) shows COLA acting as the leader in collaboration

with a human to drag a cart up a slope.

Abstract— Human-humanoid collaboration shows significant
promise for applications in healthcare, domestic assistance, and
manufacturing. While compliant robot-human collaboration
has been extensively developed for robotic arms, enabling
compliant human-humanoid collaboration remains largely un-
explored due to humanoids’ complex whole-body dynamics.
In this paper, we propose a proprioception-only reinforcement
learning approach, COLA, that combines leader and follower
behaviors within a single policy. The model is trained in a
closed-loop environment with dynamic object interactions to
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predict object motion patterns and human intentions implicitly,
enabling compliant collaboration to maintain load balance
through coordinated trajectory planning. We evaluate our
approach through comprehensive simulator and real-world
experiments on collaborative carrying tasks, demonstrating
the effectiveness, generalization, and robustness of our model
across various terrains and objects. Simulation experiments
demonstrate that our model reduces human effort by 24.7%
compared to baseline approaches while maintaining object
stability. Real-world experiments validate robust collaborative
carrying across different object types (boxes, desks, stretch-
ers, efc.) and movement patterns (straight-line, turning, slope
climbing). Human user studies with 23 participants confirm
an average improvement of 27.4% compared to baselines. Our
method enables compliant human-humanoid collaborative car-
rying without requiring external sensors or complex interaction
models, offering a practical solution for real-world deployment.

I. INTRODUCTION

Recent years have witnessed significant progress in hu-
manoid robot development, including agile locomotion [8,
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, 29, 34], teleoperation [12,27], and dexterous manipulgractical effectiveness of our approach for human-robot
tion [13, 20, 28]. While these advances highlight the growingollaborative object transport.
versatility and robustness of humanoid control, progress in Overall, our contributions can be summarized as follows:

enabling humanoid robots to collaborate effectively with We propose a uni ed residual model that relies solely
humans remains limited. Human-robot collaboration remains  on proprioception for whole-body collaborative carry-

challenging [5,18,19,26,32,33], as it requires modeling  ing, enabling compliant, coordinated, and generalizable
diverse human behaviors, adaptive responses to physical collaboration across diverse movement patterns.
interactions, and coordinated planning for shared tasks. We develop a three-step training framework and
Object carrying [2, 3, 7] has become a representative task closed-loop training environment that explicitly mod-

for advancing human-robot collaboration. Its core challenges  els humanoid-object interactions, enabling the robot to
arise from adapting to diverse environmentsg( main- implicitly learn object movements and assist humans
taining stable support of objects across varying terrains), through compliant collaboration.

responding compliantly to human motioresd, standing up We demonstrate our policy in simulation and real-

together) often with limited or no direct force sensing, and  world settings, where our method achieves superior
dynamically allocating roles such as leading or following.  effort reduction and trajectory coordination compared

These interdependent requirements make the task particularly to baseline approaches. The human user study con rms
dif cult for humanoids, as collaboration requires integrating that our model achieves more compliant collaboration.

all aspects to ease the human partner, rather than address-

ing a single constraint as in prior work on environment- Il. RELATED WORKS

conditioned locomotion [15, 30, 34], compliance behavioA. Robot-human Collaboration

learning [24-26, 31], or high-level intention prediction in - Ropot-human collaboration has been a long-standing re-
open-loop object-nding or serving tasks [6,14,21,3%].search topic spanning from robotic arms to legged robots [10,
Thus, we propose a policy that uni es interactions, implicit; 4 217, while robotic arm-based collaboration systems typ-
constraints, and dynamic coordination into a coherent framﬁfa"y assist humans in conned workspaces, researchers
work for humanoid collaborative carrying. _ increasingly employ humanoid robots to provide assistance
To address these challenges, we propose a learning-bagedpen environments, leveraging their superior mobility and
policy for human-humanoid collaborative carrying that levern man-like morphology. However, current human-humanoid
ages reinforcement learning to model dynamic and versati{g|japoration methods [5,18,33] rely primarily on model-
interactions. Our policy enables humanoid robots to shaggseq approaches. Existing works [1, 2] use heuristic rules
physical loads with human partners compliantly while fathat prede ne a set of subtasks, including basic walking
cilitating seamless transitions between leader and f0”°W?fatterns, and identify primitive behaviors necessary for col-
roles. This role allocation is modulated via a velocity comizporative carrying. Some works [16, 17] focus on predicting
mand, where a zero-velocity input implicitly designates &yman intention from multi-modal data and performing
following behavior. Our design is built on two key insights:gptasks accordingly. While 24COMPACT [3] proposes
(i) offsets between joint states and their targets provide & |earning-based model that uses haptic cues to predict
proxy for estimating interaction forces, and (ii) the carriethorizontal velocity commands, it still operates with limited
object's state encodes implicit collaboration constraints Sucibope. All these approaches neglect whole-body coordination
as stability and coordination. To incorporate these, we adOE&pabilities in human-humanoid collaborative carrying [23],
a teacher-student framework in which the teacher policy,s lacking the ability to perform complex collaborative
trained with both proprioceptive and privileged object-statgysks such as picking up objects from the ground or carrying
information, is learned with rewards on the humanoid mOtiOBbjects while climbing slopes. In this work, we propose
(e.g, robust locomotion on terrains) and the object statug residual learning framework that enables humanoids to
(e.g, maintaining a stretcher). The student policy, distille¢.g|laborate with humans using whole-body coordination,
from the teacher, relies solely on proprioceptive inputs fogjgnj cantly broadening the range of collaborative carrying

real-world inference a'nd deployment- _ scenarios that humanoid robots can handle.
We conduct extensive simulation experiments to demon-

strate thatCOLA reduces human effort b§1:47%in col- B. Compliant Whole-body Control

laborative carrying tasks compared to baseline approachesPosition-only control lacks the compliance required for
Trajectory analysis shows that our method achie¥®2 human-humanoid interaction [9, 26], as it operates without
cm/s mean linear velocity tracking error aBd rad/s mean force awareness. Force regulation is crucial for collabora-
angular tracking error relative to human motion, indicatingive tasks [11], particularly those involving human contact.
precise coordination. Real-world experiments validate th&ecent research [31] has demonstrated the effectiveness of
COLA successfully tracks human movement patterns whilflorce and compliance control in contact-rich manipulation
assisting with object lifting, lowering, and transport alongasks [4]. These methods explicitly estimate contact forces
both straight and curved trajectories. Human user stuénd integrate them into control policies, achieving improved
ies with 23 participantscon rm compliant collaborative  performance on tasks such as force tracking and compliant
carrying across diverse scenarios, demonstrating the responses to varied force and position inputs. Moreover,



Fig. 2: Overview of COLA. Our Policy mainly consists of three steps: (i) We train a base whole-body control policy to provide a robust
whole-body controller. (ii) In the closed-loop training environment, we train a residual teacher policy on top of the whole-body control
policy with privileged information for human-humanoid collaboration. (iii) We distill the knowledge from the teacher policy into a student
policy for real-world deployment using behavioral cloning.

other approaches [25] learn force characteristics implicitiand root height, an@q™™®" = [p°®® r®9 speci es the upper-
to enable compliant and force-adaptive behaviors on leggémdy end-effector objectives for target position and rotation
robots. While these advances demonstrate that incorporatifige observation spad®@}"*° is designed to capture temporal
force feedback provides signi cant advantages for robotidynamics through a history window of length
interaction tasks, how force-aware control bene ts human- whe pos . vel .y root . _prev )
humanoid collaboration remains underexplored. Building on O™, 10 L & ! e G 1 &y (1+1): t Jo (@
these insights, we implicitly incorporate force considerationgherecP® 2 RN andg’ 2 RN represent joint positions and
into our human-humanoid collaborative framework, enablinge|ocities forN = 29 joints, respectivelyt 1°°t 2 R* denotes
more natural and intuitive cooperative interactions. the root orientationg; 2 R® signi es the gravity vector in
the robot's root frame; an@®" represents the history of
. prior actions. The action spacé"°, corresponds to the
A. Overview target joint positions of the humanoid, excluding the ngers.

We de ne the task of human-humanoid Collaborative Car- \we employ the Proximal Policy Optimization (PPO) algo-
rying as a humanoid assisting a human partner to transpeghm to train our collaboration-ready WBC policy. Specif-
an object that is challenging for a single person due to ifgaly, the WBC policy is trained to map a goal command
size or weight. We assume the human partner is engageddcomprising lower-body locomotion targeté"; vang, hroof]
carrying the object, and the robot's objectives are three-folgind upper-body end-effector pose objectiye®: red, into
(i) to coordinate its movement by aligning with the human'§pint-level actions. The end-effector pose commands are
velocity, (ii) to support the object's weight, thereby reducingsampled from a task-speci ¢ distribution detailed in Sec. IV.
the human's physical burden, and (iii) to stabilize the object'she policy is formally de ned as:
orientation throughout the transportation.

Our training pipeline is composed of three distinct learning FY“:G OWeIA "o AW RN: (2

stepz: a. V:(hole-pody ;:ontrolllletr) trammg, z RSeS|guaI We train the WBC policy with rewards following prior
teallp ecri_pﬁllct)_/ tral\r;\;ng Iol:r) cota oratlﬁpnt}]an C£ tlc“j' ept .works [22,30]. To improve the robustness under payloads,
policy distiliation . We elaborate on this three-step design 1, q apply external forces to the humanoid's end-effectors
the subsequent section.

during training, improving its force-adaptive capabilities.

IIl. METHODOLOGY

B. Whole-body Control Policy

In the rst step, we train a robust Whole-Body Control
(WBC) policy within the simulator, establishing a founda- Effective human-humanoid collaboration requires real-
tional motion repertoire without additional task-speci ¢ con-time adaptation to the shifting dynamics of a shared ob-
straints. The goal command is de ned @s= [ G°""; GWPP¢],  ject. We formulate the collaboration policy as a residual
whereGo"er, [vin; v"% hi*®] denotes the lower-body loco- layer on the top of the base WBC policy, enabling the
motion targets, comprising linear velocity, angular velocitymodel to implicitly infer collaborative intent from physical

C. Residual Teacher Policy



TABLE I: Reward Functions for collaboration policy training.

Term Expression Weight
Linear Vel. Tracking (véoM  yaeelied 1.0
Yaw Vel. Tracking (Varg _vgﬁgb 1.0
Z-axis Vel. Penalty k y‘Z’ka . 0:05
Height Diff. Penalty k h$”  ho%k 10.0
Force Penalty jF support-obj 0:002
*Note: v2PP"dis the applied end-point linear-velocity(Sec. IW§ag is the

target angular velocity of the object?®, h3” are the prede ned heights
Fig. 3: Closed-loop Training Environment. This gure illustrates  of the object's far endsf suPPert-obiectis the horizontal force between the
our closed-loop training environment in simulation. The green arrowupport body and object;(x) = ek *k.
represents the goal velocity of the carried object, while the red arrow
indicates its current velocity.

solely on the proprioceptive observatio'°c:

interactions. This implicit learning paradigm is chosen for Feudent; QUBCL A SUEE where A2 RY: - (5)

two reasons: (i) the exploration space of the base WB@/e use behavioral cloning to distill the teacher policy into

may not fully encompass the complex motion constraintg student policy, training the student to mimic the teacher
of real-world collaboration, and (ii) the nuances of physicaby minimizing the mean squared error between their outputs
interaction are dif cult to encode via explicit, manually during interactions with the environment. The optimization

designed commands. is de ned by the following loss function:
In the second training phase, we introduce a closed-loop h 2
. . . L . L qiein = E Astudent A collab . (6)
environment to explicitty model the dynamic interactions distill

betwe_en the hL_Jman, the objec't, and the humanoid. By Furthermore, we de ne two distinct experimental settings
attaching an object to the robot's hands, the end—effecto[)sased on whether the model observes the goal command

are physically constrained by the object's geometry and ﬂ}ﬁ)ring collaboration:COLA-F (Follower) and COLA-L
human partner's motions. Under these constraints, we train(ﬁ‘eader) In the COLA-F setting, all networks receive
residual teacher polic¥: 2"l which receives an augmented ' '

a goal command input of zero, whereas in BOLA-L
observation spac@®eacher  [OyPe; OP™]. The privileged g P

priv . . setting, the policy is provided with a sampled goal command
component.,ot . provides ground-truth object states OVerwin‘the same range used for the whole-body controller.
a history windowl;

. . IV. | MPLEMENTATION DETAILS
OPVt, et 1:te®™t |:tpt I:te 1« @

A. Training Setup
which comprises the linear and angular velocities, position, \va train our policy in Isaac Lab on a single RA09MD
and orientation of the object. GPU using PPO witi096 parallel environments. The actor
The teacher policy leverages both privileged informationng critic networks for the base WBC policy are three-
and robot propriO(_:eptiorC(""bc) to output a residual action, |ayer Multi-Layer Perceptrons (MLPs) of siz&12, 256,
Al representing a corrective adjustment to the WBG2g), while the residual teacher and studnet policy network

output. This ensures compliant load sharing and precise tr@mploys two additional MLPs with the same dimensions.
jectory coordination. The policy and resulting collaborativerpe training of the WBC, residual teacher, and distillation

H llab . .. .

action, A, are de ned as: policies takes35(k, 250k, and 250k environment steps,
[ teacher. [Qwbc. QPriv] | A teacher - pteachery pN . respectively, which correspond to abbsk, 10k, and 10k
pcollab— pwbe . A teacher (4)  PPO update steps. The full training time is 48 hours.

During this step, the goal command of the model i&- Observation Space Details

modi ed based on the settings described in Sec. IV. The We sample WBC commands from a pre-de ned range. The
teacher's learning is guided by a composite reward functiognd-effector goal command, representing éheDoF target
that combines base whole-body control rewards with taskose of the robot's wrist, is generated using Spherical Linear
speci ¢ rewards, as detailed in Tab. I. Interpolation (SLERP). Since our task focuses on human-
humanoid collaborative carrying rather than complex upper-
body manipulation, the robot primarily needs to execute
ne-scale arm adjustments to modify the object's pose and
In the distillation step, we transfer the expertise of theelocity. Therefore, we do not sample large-range upper-
teacher policy £ "P¢+ F €a¢hey into a student policyl St body motions. Instead, we sample end-effector goal com-
designed for real-world deployment. This student policynands in the vicinity of the default grasping pose, with
operates without access to privileged information, relyingositions randomly sampled within a small cubic region and

D. Knowledge Distillation



orientations within a conical region around the nominal grasp residual component from the teacher policy, and distill
orientation. Our whole-body controller achieves a tracking the resulting policy into the student.

error of 5:6cm for end-effector goal position and for end- 3) Transformer: We replace the student policy's original
effector goal orientation. architecture with a Transformer.
C. Closed-loop Training Environment C. Metrics

To precisely simulate the dynamic interactions in real- \ye yse the following metrics to evaluate the performance
world collaborative carrying tasks, we set up a closed-l0ogs the proposed method in terms of trajectory following,
training environment that explicitly models the collaboratiorheight tracking, and coordination with the huméainear ve-
setting as illustrated in Fig. 3. The environment consists Qfcity tracking error (Lin. Vel.) Mean linear velocity tracking
the humanoid, a supporting body that simulates the humagor relative to the human over the entire episosiegular
carrier, and the carried object t(_) be trans_ported, which l?elocity tracking error (Ang. Vek)Mean angular velocity
connected to the support body vieéeDoF joint. Once the racking error relative to the human over the entire episode.
environment is initialized, the onject is placed in the robot'yeight Error (Height Err.) Height tracking error between
hand yvh|le tng hands are xed in a prede ned grasp posene gbject ends held by the human and humanoid, measuring
~ During training, we randomly sample a goal comma®d stapility of height coordinationAverage external force (Avg.
including the lower and upper-body motion of the robot an¢t £y Average horizontal interaction force between the hu-
the target dynamics of the object. We also sample a veloCilyian and the object, re ecting human effort required to move

vePPled and apply it to the supporting base body at the enghe carried object along the intended direction.
of the object opposite the robot-held end. The held end is

predetermined for each object type.d, the far side of a D. Do the residual teacher policy and the distillation train-
box or the handle of a stretcher). We sample the magnitudeg contribute to effective and compliant collaboration?

of vaPPied from the range(0; G) with added random noise  Wwe conduct simulation experiments to evaluate the perfor-
and update it at twice the frequency of the goal comm@nd mance of our model against baseline methods and analyze
For angular velocity control, we set a target angular velocityhe choice of model architecture. As shown in the upper
and use a PD controller to apply torque to the support bodyart of Tab. II, our method outperforms all baselines across
For height control, we randomly sample a target height fohe evaluated metrics. The superldn. Vel, Ang. Vel, and

the support body within a prede ned range and apply @eight Err. indicate that our model achieves better collabo-
PD-controlled force to adjust its height accordingly, withoutation with humans, while the highestg. E.F.re ects the
requiring the robot to maintain a xed height. strongest compliance exhibited by the model.

It is worth noting that although the carried object and AJthough theVanilla MLP achieves relatively high perfor-
the support body are connected throug-BoF joint, the mance among the baseline models, it struggles to accurately
inherent friction, damping, and joint limits ensure that anyrack Ang. Vel.and Height Err. This result indicates that
movement of the supporting base body directly affects thghear movements are easier to infer compared to angular
object. In this way, the dynamics of the support body ar@nd vertical movements. Theacher-student distillation
faithfully transmitted to the carried object. framework offers a promising approach to learn these

The optimization objectives are summarized in Tab. I.  complex interaction patterns using privileged information
that is dif cult to acquire directly.

While the Explicit Goal Estimatiorbaseline performs the
poorest, this result highlights that collaborative carrying is

In this section, we conduct experiments to evaluate theot merely a task of predicting whole-body control com-
effectiveness ofCOLA. We aim to address the following mands. The dynamic interactions among the humanoid, ob-
key research questions via empirical analysis and discussigsct, and human introduce additional challenges for human-

Does the residual teacher policy and the distillatiofiumanoid collaboration. Consequentigplicitly learning
training enable effective and compliant collaboration? object dynamics and human movements within a closed-

Is the architecture oEOLA designed in a concise and loop environment proves more effective for maintaining
effective manner? object stability and achieving coordinated collaboration

Do the results demonstrate practical value in real-
world scenarios, such as assisting humans in obje
transportation and reducing physical effort?

V. EXPERIMENTS
A. Overview

Is the architecture ofCOLA designed in a concise and
effective manner?

. The lower part of Tab. Il presents an ablation study on
B. Baselines different choices of our model architecture of the student
1) Vanilla MLP : We implement the policy as an MLP, policy. COLA outperforms théransformer which requires
initialize it with the weights of the whole-body con- twice the number of training steps to converge, demonstrating
troller, and train it end-to-end with PPO. thata compact model can achieve superior performance
2) Explicit Goal Estimation: We replace the whole-body This is likely because the Transformer's long-term temporal
control command with the predicted one, remove therocessing introduces unnecessary complexity, whereas the



TABLE II: Quantitative evaluation in simulation. We report results on velocity and height tracking, as well as the average external
force between the robot and the carried object, to evaluate the effort required for joint carrying and movement.

Methods Lin. Vel. fn=s) # Ang. Vel. (rad=s) # Height Err. fn) # Avg. E.LF. N) #
Explicit Goal Estimation 0:235 0335 0102 19067
Transformer 0:178 0310 Q077 19382
COLA-F -Historyl0 0121 0131 0037 15435
COLA-F -History50 0116 0132 0036 14574
COLA-F 0:109 0118 0:031 14:576
COLA-L -Historyl0 0118 0106 0039 13924
COLA-L -History50 0112 0103 0036 13495
COLA-L 0:102 0:098 0:038 12:298

(a) Stretcher Carrying (b) Rod Height Tracking
(c) Box Carrying on Slope (d) Cart Pushing

Fig. 4: Qualitative visualizations of human-humanoid collaboration using COLA.This gure showcases our model's ability to carry
diverse objects and perform collaborative skills such as horizontal-velocity and height tracking, including under challenging conditions
such as sloped terrains. The interacted objects inclugkgarod, an8kg box, anl1kg stretcher, and 20kg cart, demonstrating both
versatility and generalizability of the proposed method.

MLP-based model adapts more promptly to diverse humab as a balance between performance and learning ef ciency.
movements, which is crucial for collaborative tasks. FoiThis suggests that the task is not highly sensitive to long-term
example, when the robot collaboratively carries an objegbint position changes, consistent with our earlier ndings on

with a human and they begin moving from a stationary statéhe Transformer-based student policy baseline.

the robot should focus on the current object motion rath _ . .
than earlier frames that encouraged it to stay still. Relying on HOW. compliant is the model_ to external forces in both
outdated information can cause the robot to hesitate betwe%'ﬂqmat'on and real-world experiments?

continuing its movement or stopping, thereby degrading the The results in Fig. 5a and Fig. 5b illustrate how the

smoothness of human—humanoid cooperation. velocity and height respond to external forces applied along
the humanoid's x-axis. In Fig. 5a, the baseline model re-

We also ablate the history length &@OLA. We nd mains nearly stationary, where&OLA begins to follow
that a shorter history provides insuf cient information forthe external force once it exceed8N. Forces belowl5N
the policy to implicitly learn collaboration with human are interpreted as cues for adjusting motion to stabilize
movements from state observations. Increasing the histotlye humanoid rather than for initiating movement. Fig. 5b
length to 50 yields little improvement. We therefore selectillustrates how the humanoid responds to externally applied



(a) Sim Force (b) Sim Height

Fig. 6: Movement Analysis. When a continuous external force is
applied to the robot's torso, it resists to maintain a stable stance. In
contrast, when a smaller force is applied to the robot's end-effector,
it tends to follow the force.

tonomously. This force-aware adaptation capability broadens
the range of intuitive human-robot collaboration scenarios

Fig. 5: Quantitative Results on the Effectiveness of Collaborative which highlight performance that surpasses existing methods.
Cgrrying. (a) illustrates the robot's velocity with force applied _We quantltatlve!y-evaluate our quel using two metrics:
to the hands of the robot, where the force is linearly increaseMlin. Force The minimum force required to move the robot,
throughout a time sequence aD:0 seconds. (b) illustrates the re ecting the robot's compliance during collaborative trans-
height of the robot's pelvis over time when applying verticalportation.Height Diff. The difference in height between the
external forces. Solid lines show the robot's height with 10N applleg,v0 ends of the carried object, held by the human and the

to each hand, whereas dashed lines show the height with 20N in . . . .
the simulator. (c) illustrates the minimal force required to move théumano'd’ re ecting the height-tracking performance.

robot in the real world. (d) illustrates the height difference between AS shown in Fig. 5c and Fig. 5d, our modetduces

the human-held end and the humanoid-held end of the object hreight-tracking error by approximately 75% and demon-
real-world experiments. strates stronger compliance in following external forces com-
pared to the baseline. These ndings highlight that our model
provides practical assistance for collaborative carrying tasks
by maintaining stable object pose tracking while reducing
éhe physical effort of the human operator.

We also recruited 23 participants to rate the compliance
and height-tracking ability ofCOLA during the carrying
gprocess on a scale from 1 to 5. To reduce personal bias
Ieemd ensure fair evaluation, we recorded the collaboration
videos, shuf ed their order, and published them online for
participants to provide ratings. The results shown in Tab. llI
indicate thatCOLA gets the best results in both metrics.

COLA-F. We attribute this to thegoal command, which . )
. ; These ndings further demonstrate that our model provides
helps the policy learn to collaborate with humans more : . . X
effective assistance to humans in real-world scenarios.

actively and precisely When noise and disturbances are
consistently present in dynamic interactions, the goal cont. Implicitly estimating interaction forces from joint states.
mand provides additional informative cues that enhance \\e opserve that the humanoid's behavior during trans-

human-humanoid collaboration. portation is primarily sensitive to forces applied at specic
joints. As shown in Fig. 6, when humans apply forces to the
and or arm during carrying, the humanoid tends to follow
the human's lead. In contrast, when forces are applied to
We also conduct real-world experiments to validate the egther joints, such as the torso or legs, the humanoid remains
fectiveness of our approach in practical scenarios. Qualitativgaple. These results demonstrate that our meftfettively
results are shown in Fig. 4, demonstrating that our methqdsrs the interaction dynamics among the humanoid,

achieves promising performance in Carrying diverse ObjeCEﬁ)ject, and human through the offsets between joint
(e.g, boxes, carts, and stretchers) across various graspig@tes and their targets

poses and terrains. Additionally, we demonstrate that our

model implicitly learns to interpret human intentions through VI. CONCLUSIONS ANDLIMITATIONS

force-based interaction. When a human applies directional We present a uni ed three-step residual learning frame-
forces to guide the robot, the humanoid infers the desiragiork for human-humanoid collaboration, enabling the robot
movement command and continues executing that motion ato-act as either a leader or a follower. By distilling privileged

(c) Real Force (d) Real Height

vertical forces. TheLocomotionpolicy maintains a nearly
constant height under the applied force, while Wamnilla
MLP squats to a xed height regardless of the magnitud
of the ascending force. This indicates that Wamilla MLP
only supports the external force without actively complyin
in the vertical direction. In contrast, botBOLA settings
effectively respond to the applied force, demonstrating agi
full-body motions that comply with vertical disturbances.
It is observed thatCOLA-L consistently outperforms

G. Do the results demonstrate practical value in real-worl
scenarios?
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