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Figure 1. We propose a novel approach that for the first time enables physically simulated humanoids to learn a variety of basketball
interaction skills from Human-Object Interaction (HOI) data, including but not limited to shooting (blue), retrieving (red), and turnaround
layup (yellow). Once acquired, these interaction skills can be composed to accomplish complex tasks, such as consecutive scoring (green).

Abstract

Traditional reinforcement learning methods for human-
object interaction (HOI) rely on labor-intensive, manually
designed skill rewards that do not generalize well across
different interactions. We introduce SkillMimic, a unified
data-driven framework that fundamentally changes how
agents learn interaction skills by eliminating the need for
skill-specific rewards. Our key insight is that a unified HOI
imitation reward can effectively capture the essence of di-
verse interaction patterns from HOI datasets. This enables
SkillMimic to learn a single policy that not only masters
multiple interaction skills but also facilitates skill transi-
tions, with both diversity and generalization improving as
the HOI dataset grows. For evaluation, we collect and in-
troduce two basketball datasets containing approximately
35 minutes of diverse basketball skills. Extensive exper-
iments show that SkillMimic successfully masters a wide
range of basketball skills including stylistic variations in
dribbling, layup, and shooting. Moreover, these learned
skills can be effectively composed by a high-level con-
troller to accomplish complex and long-horizon tasks such
as consecutive scoring, opening new possibilities for scal-
able and generalizable interaction skill learning. Project
page: https://ingrid789.github.io/SkillMimic/

∗Equal Contribution. †Corresponding author.

1. Introduction

Human-Object Interaction (HOI) represents one of the most
fundamental yet challenging capabilities in robotics and
character animation [10, 12, 16, 23, 28, 46, 47]. Among
various HOI scenarios, basketball serves as an exemplary
testbed that demands mastery of complex, dynamic, and
precise interactions. Despite significant progress, existing
physics-based character animation methods predominantly
focus on imitation learning of locomotion skills [8, 32–
34, 42] through Reinforcement Learning (RL), leaving a
significant gap for HOI imitation. While some methods can
learn interaction skills, such as striking pillars [34], play-
ing tennis [50], climbing ropes [2], and carrying boxes [15],
they typically involve handcrafted reward functions for each
different interaction skill. However, designing skill-specific
rewards is labor-intensive and fundamentally limits gener-
alization. This limitation becomes particularly acute in bas-
ketball, where the complexity and diversity of skills would
demand extraordinary engineering effort for reward design.
Consequently, existing methods [2, 8, 15, 32–34, 42, 50] fail
to provide a unified learning framework for a single policy
to learn diverse interaction skills, let alone achieving com-
plex long-term tasks such as consecutive basketball scoring.

How can a simulated humanoid learn a wide variety of
interaction skills in a simple and scalable manner? Con-
sider how humans naturally acquire complex skills: amateur
basketball players often develop their expertise by watching
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and imitating game footage, even without formal coaching.
This self-directed learning process involves synchronizing
their body movements with both the observed player mo-
tions and ball trajectories through practice.

Inspired by these observations, we propose a data-driven
method called SkillMimic, which mimics HOI through RL
to learn interaction skills. SkillMimic can learn various in-
teraction skills purely from HOI datasets, such as diverse
styles of basketball shooting, layup, and dribbling skills,
and even a robust pickup skill that enables picking up balls
in random locations and motions. Notably, SkillMimic uses
the exact same configuration to learn different interaction
skills, with identical hyperparameters. This allows us to
train a single Interaction Skill (IS) policy to learn multiple
interaction skills and achieve smooth skill switching. By
training a high-level policy to reuse these learned interac-
tion skills, we can accomplish challenging high-level tasks
such as scoring, which requires the humanoid to composite
diverse basketball interaction skills to score accurately.

To advance basketball skill learning, we introduce two
HOI datasets: BallPlay-V, which captures player and ball
motion from RGB videos across eight basic skills, and
BallPlay-M, which uses optical motion capture to record
35 minutes of comprehensive basketball interactions. Us-
ing these datasets, SkillMimic successfully learns diverse
basketball skills through a unified IS policy. With an addi-
tional high-level controller for skill composition, our sys-
tem can execute complex tasks like consecutive scoring.
Our approach demonstrates superior efficiency in learning
both interaction skills and multi-phase, long-horizon tasks
compared to existing methods, opening new possibilities for
scalable and generalizable interaction skill learning.

Specifically, our contributions are as follows:
• SkillMimic: a data-driven paradigm for learning diverse

humanoid interaction skills through RL. It supports joint
learning and switching of diverse basketball interaction
skills, with skill diversity and generalization improving as
the demonstration data grows, showcasing the scalability.

• Contact graph: We propose a simple and general contact
modeling method that applies to diverse skills, called the
contact graph. A contact graph reward is designed to en-
able precise contact imitation, which proves to be critical
for learning precise interaction skills.

• Unified HOI imitation reward: We propose a set of im-
portant designs that form a unified reward configuration
for imitation learning of various interaction skills.

• A hierarchical solution for reusing interaction skills:
We propose training a high-level controller to reuse the
interaction skills acquired by SkillMimic to accomplish
challenging high-level tasks, which for the first time
achieves continuous basketball scoring.

• BallPlay Datasets: We introduce two basketball datasets
to facilitate research on interaction skill learning.

2. Related Work

Locomotion Imitation Learning. Mimicking human
motion for robot control is an efficient method of learn-
ing humanoid skills. DeepMimic [32], a pioneer in this
field, uses imitation learning to perform a variety of highly
dynamic locomotion skills. The introduction of Genera-
tive Adversarial Imitation Learning (GAIL) [18] into hu-
manoid imitation learning by AMP [33] lessens constraints
on data alignment, thus enhancing its versatility. ASE [34]
further amplifies motion diversity in GAIL training, incor-
porates a pre-trained low-level policy to acquire locomo-
tion skills, and deploys a high-level policy to repurpose
these locomotion skills for specific tasks, such as striking
pillars. These methodologies are subsequently expanded
in numerous efforts to augment condition and text control
[8, 22, 29, 31, 35, 39, 42, 44, 53], as well as to design au-
tomated rewards [7]. However, a limitation of these stud-
ies is their exclusive focus on learning isolated locomotion
skills through imitation. This requires additional pipeline
and reward design for learning interaction skills, even for
relatively simple ones, such as moving boxes [15] or strik-
ing pillars [34]. In contrast, our approach enables unified
learning of diverse interaction skills, eliminating the need
for skill-specific reward engineering.

Learning Human-Object Interaction (HOI). Learning
HOI in simulation has long posed challenges in the fields of
graphics and robotics [14, 20, 21, 23, 24, 37, 38, 45, 47, 48].
Early studies often relied on manually designed control
structures. For example, Hodgins et al. [19] implement
a variety of sports interactions through the use of manu-
ally designed state machine controllers. Yin et al. [49]
use finite-state machines to generate a large variety of gaits.
Coros et al. [6] utilize an inverted pendulum model to con-
trol foot placement. Recently, deep reinforcement learning
[1] has been widely employed in character control, giving
rise to an array of methods based on policy network control.
These methods have been applied to a range of challeng-
ing activities, such as basketball [26], skateboarding [25],
and cycling [41], etc. The use of imitation rewards further
lessens the reward design for locomotion styles. Zhang et
al. [50] propose a framework to learn diverse tennis skills
from broadcast videos. Bae et al. [2] incorporate multi-
ple part-wise motion priors for diverse whole-body interac-
tions. Similarly, Braun et al. [4] develop a framework for
synthesizing whole-body grasps.

Applying imitation learning for HOI is intuitive, how-
ever, effectively learning diverse interaction skills in a uni-
fied framework remains unresolved. Naively extending lo-
comotion imitation methods [32, 33] to HOI imitation often
yields unstable and unnatural results, as these methods do
not address the unbalanced rewards inherent in HOI, nor do
they properly account for the crucial aspects of relative mo-
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Figure 2. Concept of SkillMimic. We define an interaction skill as
a set of Human-Object Interaction (HOI) state transitions that align
with the intended skill semantics. These state transitions can be
derived from captured HOI motion clips. If a simulated humanoid
can manipulate objects such that the resulting HOI state transitions
closely match those of the reference, we consider the humanoid to
have successfully learned the interaction skill.

tion and contact in HOI. Modeling interaction through in-
teraction graphs is a well-established approach [17]. While
this method has proven useful for HOI imitation [52], it re-
mains limited by considering only kinematic relationships,
failing to ensure proper contact and becoming unstable in
learning diverse scenarios. In contrast, our contact graph
imitation reward explicitly prioritize physical contact learn-
ing, significantly improving the success rate of HOI imita-
tion and enabling unified HOI imitation of diverse complex
interaction skills for the first time.

This work builds upon and significantly extends ideas
initially explored in our early technical report [43].

3. SkillMimic
In this section, we introduce a unified data-driven frame-
work for simulated humanoids to learn various basketball
interaction skills via simulation and reinforcement learning
(RL). We begin by introducing how we define interaction
skills with Human-Object Interaction (HOI) data (Sec. 3.2).
Next, we explain how to learn diverse interaction skills by
imitating HOI data (Sec. 3.3) and discuss the designing of a
unified HOI imitation reward (Sec. 3.4). Finally, we demon-
strate how the learned interaction skills can be reused to
perform high-level tasks (Sec. 3.5).

3.1. The BallPlay Dataset
To address the scarcity of basketball HOI data and facil-
itate research on interaction skill learning, we introduce
two datasets: BallPlay-V, based on monocular vision esti-
mation, containing eight clips of different basketball skills;
and BallPlay-M, based on multi-view optical motion cap-
ture systems, containing 35 minutes of diverse basketball
interactions. We provide more details in the appendix.

3.2. Defining Interaction Skills Using HOI Data
We propose a data-driven approach to defining interaction
skills as collections of Human-Object Interaction (HOI)

state transitions that align with the intended skill semantics.
For instance, the interaction skill of “picking up balls from
various positions” can be encapsulated by various HOI mo-
tion clips, each capturing a unique instance of the action.
These clips collectively form a collection of HOI state tran-
sitions that represent the interaction skill.

3.3. Learning Interaction Skills by HOI Imitation
Considering an interaction skill defined by a set of refer-
ence HOI state transitions, if a humanoid can manipulate
objects such that its HOI state transitions closely resem-
ble the reference, we consider the humanoid to have suc-
cessfully learned the interaction skill. Based on this con-
cept, we propose a method for learning interaction skills by
imitating HOI state transitions through RL, which we call
SkillMimic. Fig. 2 illustrates the concept of SkillMimic.

In contrast to Behavior Clone [3, 5, 11] methods which
rely on precise state-action data, SkillMimic learns actions
through RL using state-only trajectories, demonstrating bet-
ter tolerance to data noise and higher data efficiency. Unlike
previous RL methods [33, 34, 50] that require manually de-
signed rewards for each interaction skill, SkillMimic is fully
data-driven, skill-agnostic, and scalable, making it capable
of learning a wide range of basketball skills within a unified
solution. Fig. 6 shows diverse basketball skills acquired us-
ing SkillMimic. Fig. 7 illustrates how the performance of
the pickup skill improves as the reference data increases.

3.3.1. Training Pipeline
Fig. 3 (b) shows the training pipeline of SkillMimic. Given
an HOI dataset with diverse skill-labeled clips (Fig. 3 (a)),
SkillMimic trains an Interaction Skill (IS) policy by ran-
domly selecting a frame from a clip corresponding to a cho-
sen skill to initialize the humanoid and object states. The
state st (Sec. 3.3.2) and skill label cj are input into the IS
policy, which predicts actions (Sec. 3.3.3) that are then sim-
ulated to produce the next state st+1. A unified HOI imi-
tation reward (Sec. 3.4) is designed to measure the consis-
tency between the simulated state transitions and the refer-
ence transitions. When the humanoid falls or reaches the
maximum simulation length, the environment resets, and
the process repeats. After training converges, the IS pol-
icy enables the humanoid to execute interaction skills that
closely mirror the reference demonstrations.

3.3.2. HOI Observation
The state observed by the IS policy is not under direct su-
pervision and may theoretically encompass any information
that is available in the simulation environment. Importantly,
this information does not necessarily have to be included in
the reference HOI data. Similar to prior arts [34], we trans-
form all coordinates into the root local coordinate of the hu-
manoid, which aligns the data distribution and benefits the
generalization performance. For the humanoid, we observe
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Figure 3. Our system consists of three parts. (a) First, we capture real-world basketball skills to create a large Human-Object Interaction
(HOI) motion dataset. (b) Second, we train an Interaction Skill (IS) policy to learn interaction skills by imitating the corresponding HOI
data through reinforcement learning. Specifically, the IS policy takes as input the HOI state st and skill label cj and predicts the action at.
The new state st+1 is calculated by the simulator. A unified HOI imitation reward is designed to imitate diverse HOI state transitions. (c)
The third part involves training a High-Level Controller (HLC) to reuse the learned interaction skills for complex tasks. The HLC takes as
input st and extra task observations ht, e.g., the basket position, and predicts the skill label ct to drive a pre-trained IS policy.

its global root height, local body position, rotation, position
velocity, and angular velocity. These representations form
the humanoid proprioception oprop

t . In addition, we detect
net contact forces of

t for all fingertips, which helps to sense
contact and accelerate training. For the object, we observe
its local position, rotation, velocity, and angular velocity,
which form the object observation oobj

t . Finally, the state
perceived by the IS policy is

st = {oprop
t ,of

t ,o
obj
t }. (1)

Skill labels cj are also used as inputs to the IS policy to
differentiate different skills. We use one-hot encodings to
represent the skill label.

3.3.3. IS Policy and Action
The policy output is modeled as a Gaussian distribution
with dimensions equal to the DOF number of the humanoid
robot, featuring constant variance. The mean is modeled by
a three-layer MLP consisting of [1024, 512, 512] units with
ReLU [30] activations. We use the action at sampled from
the policy as the target joint rotations for a full set of PD
controllers. The PD controllers adjust and output the joint
torques to reach the target rotations.

3.4. Unified HOI Imitation Reward
This HOI imitation reward function is pivotal as it must not
only accurately gauge the efficacy of interaction skill ac-

Contact 
Graph

Contact 
Graph

Contact

No contact

Figure 4. We propose the Contact Graph (CG) to model general
contacts within an explicitly defined scene. The node stores a bi-
nary value that denotes whether it contacts other nodes. Each edge
stores a binary value indicating whether the two connected nodes
are in contact. The node definition is unified for a certain scene
and shared between diverse interactive skills. For example, we de-
fine three nodes: hands, hands-exclusive body, and ball, to form a
simple CG to model contacts for diverse basketball skills.

quisition but also avoid the incorporation of skill-specific
settings to maintain robust cross-skill generalizability.

Classic imitation rewards often focus solely on imitating
locomotions [32], lacking an established baseline for HOI
imitation. Although adversarial imitation rewards [33, 34]
are effective in locomotion tasks, we find that they perform
poorly in HOI imitation. This may be because adversarial
imitation rewards are relatively coarse-grained, making it
difficult for them to provide the precise guidance needed
for accurate interaction learning.

The body kinematics imitation reward rbt encourages the
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alignment of body movements by considering joint posi-
tion, rotation, and their velocities. Similarly, the object
kinematics imitation reward rot ensures consistent object
movements with the reference. However, solely relying on
these two rewards often leads to unstable learning and un-
natural motions. We incorporate a relative motion reward
rrelt to highlight the relative relationships in interactions,
which is crucial for interaction naturalness. Recognizing
the interlocking relationship between interaction and con-
tact, we propose a straightforward and universal contact
modeling approach called Contact Graph (CG). A corre-
sponding CG imitation reward rcgt is designed to enhance
the precision of interaction imitation. Additionally, we pro-
pose an adaptive velocity regularization term rregt to sup-
press high-frequency jitters. These sub-rewards are mul-
tiplied rather than added to encourage balanced learning,
thereby avoiding local optima, as justified in Tab. 1. The
combination of these innovations forms a unified imitation
reward, enabling the learning of diverse basketball skills in
BallPlay-M with the same configuration. To conclude, the
complete HOI imitation reward is

rt = rbt ∗ rot ∗ rrelt ∗ rregt ∗ rcgt . (2)

Next, we will discuss the methodology involved in craft-
ing the CG reward rcgt . Details about the kinematic imita-
tion reward rbt ∗ rot ∗ rrelt ∗ rregt are in the appendix.

3.4.1. Contact Graph
We observe that existing imitation rewards [33, 34, 52] only
measure kinematic properties and are insufficient to mea-
sure precise contacts. To tackle this problem, we propose
the Contact Graph (CG) to model the contact in general in-
teractions and design a CG imitation reward.

As illustrated in Fig. 4, the CG is a complete graph where
every pair of distinct nodes is connected by a unique edge,
defined as G = {V, E}, where V ∈ {0, 1}k is the set of
k nodes and E ∈ {0, 1}k(k−1)/2 is the set of edges. A
CG node stores a binary value indicating whether it con-
tacts other nodes. Each CG edge stores a binary label that
denotes the contact between two nodes, where 1 represents
contact, and 0 means no contact. CG node and edge val-
ues are calculated frame by frame, explicitly describing the
mutual contact relationship between CG nodes at different
moments. Contacts inside a node are not considered. We
use the edge set E for imitation learning.

The definitions of nodes are flexible. For example, a
node can be a single part (e.g., a fingertip), or an aggrega-
tion of multiple parts (e.g., the whole left hand). Hinged ob-
jects can also be broken up into finer nodes [9, 13, 51]. The
definition of CG is unified for a certain scene and shared be-
tween diverse interaction skills. For example, in basketball
scenarios, we can aggregate two hands as a node, the rest of
the bodies as a node, and the ball as a node, as illustrated in

(j) Ref (k) w/o CGR on table (l) w/ CGR

(a) Ref (b) w/o CGR (c) w/ CGR

(g) Ref (h) w/o CGR (i) w/ CGR

(d) Ref (e) w/o CGR (f) w/ CGR

Figure 5. The HOI imitation falls into kinematic local-optimal so-
lutions without Contact Graph Reward (CGR): (b) use the head to
help control the ball; (e) use the wrist to contact the ball; (h) fail to
catch the object; (k) support the table to keep balance. In compar-
ison, the guidance of CGR effectively yields precise interactions,
as shown in (c, f, i, l).

Fig. 4. This simple CG is effective enough for learning all
the basketball skills covered in BallPlay-M.

3.4.2. Contact Graph Reward
Kinematic imitation rewards [32, 33, 52] fall short in mea-
suring contacts and thus yield poor performance in HOI im-
itation. For example, during the toss skill training (Fig. 5
(a)), the contact between the right hand and the ball usu-
ally cause the ball to drop, making the kinematic rewards
drastically smaller. In this case, the policy may learn a
local-optimal solution that uses the head and left hands
to stabilize the ball, as demonstrated in Fig. 5 (b). To
tackle this problem, we propose the Contact Graph Re-
ward (CGR) as a critical complement of kinematic imita-
tion rewards to learn precise contact imitation. The CG er-
ror is defined as ecgt = |scgt − ŝcgt |, where | · | calculates
element-wise absolute value, scgt and ŝcgt denotes the simu-
lated and reference CG state respectively, which is the edge
set Et ∈ {0, 1}k(k−1)/2. The CGR is measured by CG error,
with independent weights on different elements:

rcgt = exp(−
J∑

j=1

λcg[j] ∗ ecgt [j]), (3)

where ecgt [j] is the jth element of ecgt ∈ {0, 1}J , represent-
ing a contact error; λcg[j] is the jth element of λcg ∈ RJ , a
hyperparameter controls the sensitivity of a contact. Fig. 5
and Tab. 1 justify the effectiveness of CGR, where experi-
ments without CGR show inaccurate interactions while us-
ing CGR effectively eliminates such problems.

3.5. Reusing Interaction Skills for High-level Tasks
In this section, we propose training a High-Level Con-
troller (HLC) to reuse the interaction skills acquired through
SkillMimic to accomplish high-level tasks. As depicted in
Fig. 3 (c), the HLC takes as input the current HOI state st
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(a) Layup (b) Turnaround Layup (c) Dribble Right (d) Dribble Forward (e) Dribble Turn

(f) Jump Shot (g) Rebound (h) Pass (i) Pickup (j) Cross Leg

Figure 6. Simulated humanoids exhibit comprehensive basketball skills. SkillMimic can teach humanoids a wide range of basketball skills
using the same configuration in a purely data-driven manner, covering almost all fundamental basketball skills. Keyframes are placed in
chronological order from left to right.

and task observation ht, and outputs a discrete skill embed-
ding ct that serves as inputs to a pre-trained SkillMimic pol-
icy, which subsequently generates actions for the humanoid.

Compared to previous hierarchical approaches that are
based on locomotion priors [34, 50], our method lever-
ages interaction skills as prior, which significantly simpli-
fies the design of task rewards and greatly accelerates train-
ing. Moreover, unlike their mandatory hierarchical struc-
ture, our approach is motivated by data efficiency - tasks can
be alternatively solved through direct HOI imitation when
sufficient demonstrations are available, as shown in pickup
experiments in Sec. 4.2, Fig. 7, and Fig. 8.

We present four representative high-level tasks:
• Throwing: throw the ball to approach a certain height,

grab the rebound, and keep on throwing the ball.
• Heading: dribble the ball to approach the target position.
• Circling: dribble the ball around the target position fol-

lowing a target radius.
• Scoring: dribble the ball toward the basket, timing the

layup to score, retrieving the rebound, and repeating.
Utilizing interaction skills as prior significantly improves

learning efficiency for complex, long-horizon tasks. For ex-
ample, a decent HLC for the Scoring task only requires 3
hours of training on an NVIDIA RTX 4090 GPU.

4. Experiments
We conduct extensive experiments to evaluate the perfor-
mance of SkillMimic in learning interaction skills and its
application for high-level tasks. Our evaluation consists of
two main parts: (1) assessing the capability of SkillMimic
in learning interaction skills, including comparisons with
existing methods and ablation studies, and (2) demonstrat-
ing the effectiveness of reusing acquired interaction skills to
learn high-level tasks. Details of the experimental settings
and additional experiments on skill switching and robust-
ness are provided in the appendix.

4.1. Metrics

We consider the following quantitative metrics:
• Accuracy. The overall accuracy of HOI imitation, abbre-

viated as Acc., is defined per frame, and deems imitation
accurate when the object position and body position er-
rors are both under the thresholds and the contacts are
correct. The object threshold is defined as 0.2m. The
body threshold is defined as 0.1m. The Acc. is calculated
by averaging the values of all frames.

• Position Error. The Mean Per-Joint Position Error
(MPJPE) of the body (Eb-mpjpe) and object (Eo-mpjpe) is
used to evaluate the positional imitation performance (in
mm) following [27].

• Contact Error. The contact error Ecg, ranging from 0 to
1, is defined as 1

N

∑N
t=1 MSE(scgt , ŝcgt ), where N is the

total frames of the reference HOI data.
• Success Rate. The execution success rate of an interac-

tion skill. Detailed definitions of success criteria for dif-
ferent skills are provided in the appendix.

4.2. Evaluating Interaction Skill Learning

Since our approach is the first to learn interaction skills
from HOI demonstrations, there are no direct benchmarks
for comparison. Therefore, we adapt reward strategies com-
monly used in locomotion imitation, i.e., DeepMimic [32]
and AMP [33], to an object-inclusive setting. Specifically,
we adapt our reward to the styles of DeepMimic [32] and
AMP [33] while keeping the other components unchanged
for a fair comparison. We denote these variant versions as
DeepMimic* and AMP*. In Tab. 2, we present the success
rate on 4 typical basketball skills from BallPlay-M, where
our method achieves state-of-the-art performance in learn-
ing basketball skills compared with variants using Deep-
Mimic or AMP style rewards. We guess that AMP-like re-
wards are ineffective for learning precise interactions due to
their coarse-grained supervision signals.
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Figure 7. Demonstration of the pickup skill learned from 40 HOI motion clips. Yellow denotes the initial frame. Left: The humanoid picks
up a stationary ball effortlessly. Middle: The humanoid intercepts a ball with random velocity. Right: The humanoid adjusts after missing
the ball initially (the frame in blue) and successfully retrieves it on the second attempt, showcasing the potential for learning robust and
generalizable skills through extensive data collection.

SkillMimic w/o Multiplication SkillMimic w/o CGR SkillMimic

Dataset Acc. ↑ Eb-mpjpe ↓ Eo-mpjpe ↓ Ecg ↓ Acc. ↑ Eb-mpjpe ↓ Eo-mpjpe ↓ Ecg ↓ Acc. ↑ Eb-mpjpe ↓ Eo-mpjpe ↓ Ecg ↓
GRAB [40] 27.0% 44.7 180.2 0.724 38.6% 91.0 180.1 0.337 95.4% 71.1 78.0 0.026
BallPlay-V 7.5% 40.1 1662.5 0.306 13.6% 88.5 155.3 0.412 82.4% 56.8 82.9 0.087

Table 1. Ablation study on imitation reward design. We experiment on two HOI datasets: GRAB and BallPlay-V. The result highlights the
importance of the CG reward and multiplication in achieving precise HOI imitation.

Method Success Rate ↑
Pick Up Dribble Forward Layup Shot

DeepMimic*[32] 19.6% 68.5% 98.9% 97.8%
AMP*[33] 0.0% 13.6% 0.0% 1.6%
SkillMimic (ours) 86.7% 79.6% 99.1% 97.9%

Table 2. Success rates across four typical basketball skills in
BallPlay-M. Our method significantly outperforms variant meth-
ods that use imitation reward styles of DeepMimic and AMP.

(a) 1-0.5% (b) 10-12.2% (c) 40-76.5% (d) 131-85.6%

Figure 8. Pickup generalization performance with different train-
ing data scales. First number: clips; second: success rate. In each
test, 1000 balls are randomly placed within 1 to 5 meters away
from the center. Yellow dots indicate successful pickups and green
dots represent failures. See Sec. 4.2 for details.

In Tab. 1, we do ablation on reward design, present-
ing detailed metrics of HOI imitation across two diverse
datasets, GRAB [40] and BallPlay-V. The results indi-
cate that the absence of reward multiplication leads to im-
balanced sub-reward learning, e.g., favoring body motion
(Eb-mpjpe) over interactions. The absence of CGR leads
to kinematic local optima. In contrast, our complete set-
ting (SkillMimic) yields significantly higher performance
on interaction-related metrics ( Acc., Eo-mpjpe, and Ecg).

4.2.1. Ablation on Contact Graph Reward
We conduct ablation experiments on diverse datasets to
comprehensively evaluate the impact of Contact Graph Re-
ward (CGR) on interaction skill learning. Fig. 5 illustrates
the qualitative results of ablating CGR on the GRAB and
BallPlay-V datasets. It can be clearly observed that with-
out CGR, the humanoid often resorts to incorrect contacts
to achieve more stable object control, such as using its head
to push the ball, clamping the ball with its hands and legs,
or using its hands to support itself on a table for balance.
These examples illustrate typical kinematic local optima.
By incorporating CGR, these local optima are effectively
eliminated, resulting in accurate interactions. Additionally,
the result in Tab. 1 also shows that, without CGR, the con-
tact error (Ecg) significantly increases, leading to kinematic
local optima and causes a noticeable decline in overall imi-
tation accuracy. These results underscore the critical impor-
tance of CGR for learning correct interactions.

4.2.2. Data Scale and Generalization Performance
To examine how the generalization performance grows as
the data scale increases, we conduct ablation experiments
on the pickup skill. We create four datasets by randomly se-
lecting pickup clips from BallPlay-M, containing 1, 10, 40,
and 131 clips, respectively. We train policy on each dataset
with approximately 3.2 billion samples using SkillMimic.

To evaluate the generalization performance, we ran-
domly place balls within a circular area ranging from 1 to 5
meters around the humanoid—this distribution significantly
exceeds the coverage of the reference data. Fig. 7 and Fig. 8
show the results. We can see that as the data scale increases,
pickup performance improves significantly due to broader
state transition coverage in larger datasets. This indicates
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(a) Manual Control (b) Scoring (c) Heading (d) Circling

Figure 9. Our method supports training a single IS policy under a unified configuration to acquire various interaction skills. These inter-
action skills can be flexibly switched, as illustrated in (a), where yellow denotes shot, blue denotes pickup, and green denotes turnaround
layup. Complex, long-horizon tasks can be easily achieved by training a high-level controller (HLC) to manage switching of the learned
interaction skills: (b) scoring from random positions (c) dribbling to target locations, and (d) dribbling along an expanding radius.

Method Success Rate↑
Heading Circling Throwing Scoring

PPO[36] 0.70% 11.14% 0.00% 0.00%
ASE[34] 0.19% 4.37% 0.00% 0.00%
ASE*[34] 0.31% 7.21% 0.00% 0.00%
SkillMimic (ours) 93.04% 79.92% 93.40% 80.25%

Table 3. Success rates on 4 high-level basketball tasks. Both PPO
(learn from scratch), ASE (using locomotion prior), and ASE* (us-
ing body and object motion prior) fail to converge on all tasks.
In contrast, leveraging interaction skill priors acquired through
SkillMimic, our method effectively learns these difficult tasks.

our method’s strong scalability and potential for large-scale
learning. It is worth noting that we do not incorporate any
additional designs for robustness and generalization.

4.3. Evaluating High-level Tasks
We conduct experiments on four high-level tasks described
in Sec. 3.5. We employ a single IS policy as the interac-
tion skill prior, trained using SkillMimic for around 4.5 bil-
lion samples across seven skills: pickup, layup, turnaround
layup, dribble left, dribble right, dribble forward, and shot.
During training, the IS policy is fixed, and only the HLC
is trained. For tasks such as throwing, heading, and cir-
cling, we train for around 0.4 billion samples. For the
more challenging scoring task, we train for around 1.2 bil-
lion samples. To objectively evaluate the performance of
our method, we compared it against three baseline meth-
ods: (1) learning from scratch using PPO [36], (2) learning
with body motion priors using ASE [34], and (3) learning
with body and object motion priors using ASE (denoted as
ASE*). The low-level controllers of ASE and ASE* are
trained using the same training steps as our IS policy. For
task training, all methods are trained using identical task
rewards and simulation steps for fair comparisons.

Fig. 9 (a) showcases an example of manually controlling
the pre-trained IS policy to perform skill switching. Fig. 9
(b) shows several trajectories of the HLC performing skill
controls to accurately deliver the ball to the target basket.
Fig. 9 (c) & (d) present a top-down view of the HLC control-

ling the humanoid to dribble the ball toward target locations
and along an expanding radius. As shown in Tab. 3, PPO
and ASE yield low success rates because the tasks are too
challenging to master without interaction priors. The fail-
ure of ASE* can be traced back to its low-level controller’s
inadequate ability to imitate interaction skills. This is pri-
marily because adversarial rewards fail to provide effective
guidance for precise interaction learning, which is similar
to the failure mode observed in AMP*. In contrast, by uti-
lizing the interaction skills learned through SkillMimic, we
greatly improve the performance of learning complex high-
level interaction tasks.

5. Discussion and Future Work
We presented a novel framework for learning diverse in-
teraction skills with a unified HOI imitation reward using
reinforcement learning. Our approach demonstrates multi-
skill mastery, skill reusability, and clear data scaling bene-
fits, highlighting the significant potential of HOI imitation
for learning complex interaction skills. However, the full
application of this paradigm requires further exploration.
Several key areas deserve particular attention:

Firstly, exploring more general HOI skill learning within
a single policy, such as household tasks or other types
of sports, presents challenges in handling generalization
across different object geometries. Moreover, perceiving
multiple objects simultaneously requires a more general en-
vironmental perception approach, rather than directly ob-
taining privileged information for each object.

Secondly, incorporating finer-grained control conditions,
such as tracking [27], could enable more flexible control
and generalization capabilities as HOI data scales up.

Thirdly, the difficulty of collecting HOI data highlights
the importance of exploring methods to learn robust inter-
action skills with limited HOI data, as well as investigating
HOI data augmentation and generation techniques.

Lastly, applying this technology to real robots would
be highly valuable, such as enabling real-world humanoid
robots to play basketball games. This endeavor could in-
volve various challenges, including HOI data retargeting
and sim-to-real transfer issues.
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