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Figure 1. COLA provides a proprioception-only policy that enables compliant human-humanoid collaboration for carrying diverse objects
across various movement patterns. (a) Horizontal trajectory coordination: the humanoid adapts to human motion patterns. (b) Whole-body
coordination during collaborative object-lowering. (c) COLA acts as the leader and collaborates with a human to drag a cart up a slope.

Abstract

Human-humanoid collaboration shows significant promise
for applications in healthcare, domestic assistance, and man-
ufacturing. While compliant robot-human collaboration has
been extensively developed for robotic arms, enabling com-
pliant human-humanoid collaboration remains largely unex-
plored due to humanoids’ complex whole-body dynamics. We
propose COLA, a proprioception-only reinforcement learn-
ing approach that combines leader and follower behaviors

within a single policy. COLA is trained in a closed-loop
environment with dynamic object interactions, enabling it to
predict object motion patterns and human intentions implic-
itly and to maintain load balance through coordinated tra-
Jjectory planning. Simulation experiments show that COLA
reduces human effort by 24.7% over baselines while main-
taining object stability. Real-world experiments validate
robust collaborative carrying across diverse objects (boxes,
desks, stretchers, etc.) and movement patterns (straight-line,
turning, slope climbing). A user study with 23 participants



confirms an average improvement of 27.4% over baselines.
COLA thus enables compliant collaborative carrying with-
out external sensors or complex interaction models. Project
website: https://yushi-du.github.io/COLA/.

1. Introduction

Recent years have witnessed significant progress in hu-
manoid robot development, including agile locomotion [8,
14, 28, 33], teleoperation [11, 26], and dexterous manipu-
lation [19, 27]. While these advances highlight growing
versatility and robustness of humanoid control, progress in
enabling humanoid robots to collaborate effectively with
humans remains limited. Human-robot collaboration has
been a long-standing challenge [5, 17, 18, 25, 31, 32], re-
quiring the modeling of diverse human behaviors, adaptive
responses to dynamic interactions, and coordinated planning
for shared tasks. As humanoid robots develop increasingly
reliable motor and control abilities, addressing collaboration
becomes timely and essential to realize their central role in
supporting human life.

Object carrying [2, 3, 7] is a representative task for ad-
vancing such collaboration. Its core challenges arise from
adapting to diverse terrains, responding compliantly to hu-
man motion under limited or no direct force sensing, and
dynamically allocating leader or follower roles. These in-
terdependent requirements make the task particularly diffi-
cult for humanoids: true collaboration requires integrating
all aspects to ease the human partner, rather than address-
ing a single constraint as in prior work on environment-
conditioned locomotion [14, 29, 33], compliance behavior
learning [23-25, 30], or high-level intention prediction in
open-loop object-finding or serving tasks [6, 13, 20, 31].

To address these challenges, we propose COLA, a
learning-based policy for human-humanoid collaborative
carrying that uses reinforcement learning to model dynamic
and versatile interactions. COLA lets humanoids share loads
with humans compliantly and flexibly switch between leader
and follower roles. Our design rests on two insights: (i)
offsets between joint states and their targets provide a proxy
for estimating interaction forces, and (ii) the carried object’s
state encodes implicit collaboration constraints such as stabil-
ity and coordination. We adopt a teacher-student framework
where the teacher, trained with proprioceptive and privileged
object-state information, is supervised by rewards on hu-
manoid motion (e.g. robust locomotion across terrains) and
object status (e.g. keeping a stretcher level). The student
is distilled from the teacher and relies solely on proprio-
ceptive inputs for real-world deployment. Role allocation is
controlled by a velocity command (zero velocity = follower).

Our contributions are:

* A unified residual policy that relies solely on propriocep-
tion for whole-body collaborative carrying, supporting

compliant, coordinated, and generalizable collaboration
across diverse movement patterns.

* A three-step training framework and closed-loop training
that explicitly model humanoid-object interactions, en-
abling the robot to implicitly learn object dynamics and
assist humans through compliant collaboration.

» Simulation and real-world experiments demonstrating su-
perior effort reduction and trajectory coordination over
baselines; a user study with 23 participants confirms that
COLA achieves more compliant collaboration.

2. Related Work

Robot-human Collaboration. Robot-human collabora-
tion spans from robotic arms to legged robots [10, 13, 20].
While arm-based systems assist in confined workspaces, hu-
manoid robots are increasingly used for open-environment
assistance. Existing human-humanoid methods [5, 17, 32]
mostly rely on model-based control with heuristic sub-
tasks [1, 2] or multi-modal intention prediction [15, 16]. H2-
COMPACT [3] learns horizontal velocity commands from
haptic cues but operates in a limited scope; none of these
methods exploit whole-body coordination [22] for tasks such
as ground pickup or slope climbing. We instead propose
a residual learning framework that enables humanoids to
collaborate using whole-body coordination, broadening the
range of feasible collaborative scenarios.

Compliant Whole-body Control. Position-only control
lacks compliance for human-humanoid interaction [9, 25],
since it ignores force. Force regulation is essential for
contact-rich collaboration [12]. Recent work shows that
explicit contact-force estimation [4, 30] or implicit force-
adaptive behavior [24] can improve compliance on robotic
arms and legged robots. How force-aware control benefits
human-humanoid collaboration, however, remains underex-
plored. We incorporate force considerations implicitly into
our framework, enabling natural cooperative interactions
without external force sensing.

3. Methodology

Task. We define human-humanoid collaborative carrying
as a humanoid assisting a human partner to transport an
object that is challenging for a single person due to its size
or weight. With the partner already engaged in carrying,
the robot must (i) coordinate its motion to align with the
human’s velocity, (ii) support the object’s weight to reduce
the human’s physical burden, and (iii) stabilize the object’s
orientation throughout transport.

Three-step pipeline. As shown in Fig. 2, our pipeline con-
sists of: (a) base whole-body controller training, (b) residual
teacher policy training for collaboration in a closed-loop en-
vironment, and (c) student policy distillation for deployment.
Whole-body controller (WBC). The whole-body control
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Figure 2. Overview of COLA. (i) Train a base whole-body control policy to provide a robust whole-body controller. (ii) In the closed-loop
training environment, train a residual teacher policy on top of the controller using privileged information about the carried object. (iii) Distill
the teacher into a student policy for real-world deployment via behavioral cloning.

(WBC) policy receives goal commands G = [G'OVer, GUPPer]
— lower-body locomotion goals [v""", v3€_ h™°] and upper-
body end-effector goals [p®¢, r**] — together with propri-
oception O}* = [qfisl:t,qtvill:t,wg‘fl‘:t,gt_l;t,aff‘(’l+1):t71].
Actions A" € R¥ are target joint positions for the N =29
joints of the G1 robot (excluding fingers), executed via PD
control. We train with Proximal Policy Optimization (PPO)
following [21, 29] and apply external forces at the end-
effectors to improve payload robustness.

Residual teacher policy. We then introduce a
closed-loop environment that explicitly models the hu-
manoid—object-human dynamics: a simulated support body,
connected to the object through a 6-DoF joint, plays the
human partner. Random velocities, target angular velocities,
and target heights are applied to the support body via PD con-
trol, so the support body’s dynamics are transmitted to the ob-
ject through joint friction, damping, and limits. The teacher
observes both proprioception and privileged object state
o = [olin, 0" ., Dr—1:t, Tt—14), and outputs a residual
action that adjusts the WBC output: A0 = Awbe . fteacher
We hypothesize this implicit, residual paradigm is effective
because: (i) the WBC’s exploration may not cover all col-
laboration motion constraints; (ii) interaction nuances are
hard to encode with explicit commands. Training rewards
combine WBC rewards with task-specific terms (Tab. 1).
Student distillation. We distill the teacher (F"b¢ - Jrieacher)
into a student Fstudent . Qwbe . gstudent that yses only
proprioception, via behavioral cloning with loss Lgisin =
[ || Astudent — geollab||2] Role allocation is realized through
the goal command: in COLA-F (Follower) all networks re-

Table 1. Reward functions for collaboration-policy training.
p(x) = eIzl @PPlied o2 e the applied/target linear and angu-

lar velocities; h‘{'?JQ are predefined heights of the object’s far ends;
JFsupport-obi jq the horizontal force between support body and object.

Term Expression Weight
Lin. Vel. Tracking (oM — vﬁﬁpliEd) 1.0
Yaw Vel. Tracking P(vgot fvi‘fgl) 1.0
Z-axis Vel. Penalty — 2| 0.05
Height Diff. Penalty ~ —||hS™ — h|| 10.0
Force Penalty — | Fsupport-obj 0.002

ceive zero goal commands; in COLA-L (Leader) a sampled
goal command within the WBC’s range is provided.
Training setup. We train in Isaac Lab on a single RTX
4090D with PPO. The WBC actor/critic and the residual
teacher/student each use a three-layer multi-layer percep-
trons (MLPs) of size (512, 256, 128), and observations use
a history of [ = 25 frames at 50 Hz. The WBC, teacher, and
distillation stages take 350k, 250k, and 250k environment
steps respectively, totaling about 48 hours.

4. Experiments

We address: (Q1) Do the residual teacher and distillation
enable effective compliant collaboration? (Q2) Is the COLA
student architecture concise and effective? (Q3) Do the
results transfer to real-world deployment?

Baselines and metrics. We compare COLA against Vanilla
MLP (single MLP trained end-to-end with PPO), Explicit
Goal Estimation (teacher predicts WBC goal command in-



(c) Rod height tracking

(d) Cart pushing

Figure 3. Qualitative human-humanoid collaboration with
COLA. COLA carries diverse objects (3 kg rod, 8 kg box, 11 kg
stretcher, 20 kg cart) under various grasps on flat ground and slopes.

stead of residual), and Transformer (student MLP replaced

with a Transformer), and ablate history length (10 vs. 50).
Metrics: mean linear/angular velocity tracking error w.r.t.

the human (Lin. Vel., Ang. Vel.), object height-tracking error
(Height Err.), and average horizontal interaction force (Avg.
E.F., reflecting human effort).

Table 2. Quantitative evaluation in simulation. Velocity/height
tracking and average external force on the carried object reflect
collaboration accuracy and human effort. Best in bold.

Methods Lin.V.] Ang.V.] H.Er.l EFE]

(m/s) (rad/s) (m) (N)

Explicit Goal Est.  0.235  0.335  0.102 19.07
Vanilla MLP 0.173 0.261  0.080 17.95
Transformer 0.178 0.310 0.077 19.38
COLA-F-Hist. 10 0.121 0.131  0.037 15.44
COLA-F-Hist.50 0.116 0.132 0.036 14.57
COLA-F 0.109 0.118 0.031 14.58
COLA-L-Hist. 10 0.118 0.106 0.039 13.92
COLA-L-Hist.50 0.112  0.103  0.036 13.50
COLA-L 0.102 0.098 0.038 12.30

(Q1) Residual teacher and distillation are effective. Tab. 2:
COLA beats all baselines on every metric; the lowest Avg.
E.F. indicates strongest compliance. Vanilla MLP tracks
linear velocity but fails on angular/height, showing the
teacher—student distillation is critical. Explicit Goal Esti-
mation performs worst, indicating that implicit learning of
object dynamics in a closed-loop environment is more effec-
tive than predicting WBC goal commands.

(Q2) The student architecture is concise and effective.
COLA outperforms the Transformer, which needs >2 x
more training to converge: long-range temporal mixing in-
troduces unnecessary complexity, while the compact MLP
adapts more promptly. Histories shorter than 25 frames miss
context; longer than 25 give negligible gains, so we choose

Locomotion Vanilla MLP COLA-F COLA-L

Mean and Std of Min Forces Height Diff across Methods

1 I

—
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(a) Real force (b) Real height

Figure 4. Real-world quantitative results. (Left) Minimum force
to move the robot; COLA follows external forces beyond ~15N.
(Right) Height difference between human- and humanoid-held ends;
COLA reduces error by ~3/4.

25. COLA-L consistently outperforms COLA-F, since the
goal command provides cues under interaction noise.

Table 3. User study with 23 participants rating Height Tracking
and Smoothness on a 1-5 scale.

Method Height Tracking T  Smoothness T
Locomotion 2.96 2.61
Vanilla MLP 3.09 3.09
COLA 3.96 3.96

(Q3) Real-world validation. Fig. 3: COLA carries diverse
objects (boxes, carts, stretchers) under various grasps and
on slopes; it implicitly interprets human intent through force
interaction, so a directional push by the human is followed
autonomously. Fig. 4 shows that COLA reduces height-
tracking error by ~3/4 and exhibits much stronger force com-
pliance than the baseline. Tab. 3 reports a user study with 23
participants (videos shuffled to reduce bias); COLA achieves
the highest scores on both height tracking and smoothness.
Finally, the humanoid’s behavior is primarily sensitive to
forces at the hands/arms, while torso/leg forces leave it stable
— evidence that COLA learns the humanoid—object-human
interaction dynamics through joint state-target offsets alone.

5. Conclusions and Limitations

We presented COLA, a unified approach for human-
humanoid collaboration based on a three-step residual learn-
ing framework that supports both leader and follower modes.
COLA distills privileged object-state information into a stu-
dent that operates solely on proprioceptive feedback, en-
abling compliant, generalizable whole-body coordination
without external sensors. The closed-loop training envi-
ronment explicitly models humanoid—object-human interac-
tions, letting the robot infer human motion and adapt implic-
itly. While COLA already achieves effective collaboration
through proprioception alone, multi-modal perception (vi-
sion, tactile) and autonomous planning for assistive behav-
iors are promising directions for future work.
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