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Figure 1. We introduce a novel policy integration framework to enable the composition of drastically different motor skills in multi-phase,
long-horizon tasks, among them, shoot-off-the-dribble, catch-and-shoot, and board-and-bang.

Abstract

Learning a control policy for a multi-phase, long-horizon
task, such as basketball maneuvers, remains challenging
for reinforcement learning approaches due to the need for
seamless policy composition and transitions between skills.
A long-horizon task typically consists of distinct subtasks
with well-defined goals, separated by transitional subtasks
with unclear goals but critical to the success of the entire
task. Existing methods like the mixture of experts and skill
chaining struggle with tasks where individual policies do
not share significant commonly explored states or lack well-
defined initial and terminal states between different phases.
In this paper, we introduce a novel policy integration frame-
work to enable the composition of drastically different mo-
tor skills in multi-phase long-horizon tasks with ill-defined
intermediate states. Based on that, we further introduce a
high-level soft router to enable seamless and robust tran-
sitions between the subtasks. We evaluate our framework
on a set of fundamental basketball skills and challenging
transitions. Policies trained by our approach can effectively
control the simulated character to interact with the ball and
accomplish the long-horizon task specified by real-time user
commands, without relying on ball trajectory references.

1. Introduction

Many real-world tasks consist of multiple subtasks that re-
quire heterogeneous skills and seamless transitions between

them. Basketball exemplifies this challenge: a maneuver
such as shoot-off-the-dribble involves dribbling, ball gath-
ering, and shooting in sequence. While dribble and shoot
have clear standalone objectives, gather primarily serves as
a transition phase with poorly defined initial and terminal
states. Thus, executing such multi-phase tasks challenges
control methods proposed to date.

Reinforcement learning (RL) has achieved promising re-
sults for individual physics-based control skills [3, 7, 17,
24, 40], but composing heterogeneous policies into coher-
ent long-horizon behaviors remains challenging. Mixture-
of-experts approaches [ 18, 30] rely on overlapping state dis-
tributions between skills, while skill-chaining methods [2,
4, 6, 8, 10] require well-defined terminal states for each
subtask. These assumptions break down for intermediate
subtasks such as gathering, whose objective is implicitly de-
fined by the requirements of the succeeding policy.

We introduce a policy integration framework for com-
posing drastically different skills in long-horizon tasks with
ill-defined intermediate phases. Given subtasks A, B, and
C, where A and C have well-defined objectives but B does
not, we train B using states generated by A as its initial-
state distribution and the state value function of C as a
reward-shaping signal. Simultaneously, policy C is adapted
to states produced by B, enabling robust transitions between
subtasks. On top of the primitive skills, we further train a
high-level soft-routing policy that coordinates skill execu-
tion according to real-time user commands.

In addition, our framework learns basketball behaviors
from heterogeneous and unstructured motion data, includ-
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Figure 2. Overview of our policy integration framework. Type A transitions are achieved through direct execution. Type B transitions use
mutual adaptation and value-based reward shaping. Type C transitions additionally require an intermediate policy to bridge incompatible

subtasks.

ing full-body mocap without hands, hand-only motion cap-
ture, and motions extracted from videos, without requiring
correspondence between datasets or ball trajectory supervi-
sion. The resulting controller enables interactive basketball
behaviors such as dribbling at arbitrary speeds and direc-
tions, transitioning smoothly into jump shots with a shoot-
ing accuracy of 91.8%. We further demonstrate multi-agent
interactions including passing, catching, rebounding, and
defending.

2. Related Work

Creating robust controllers for long-horizon, multi-phase
tasks remains a core challenge in RL and character anima-
tion. Our work mainly builds on two areas of research: deep
RL for physics-based character control and policy compo-
sition for executing multi-phase tasks.

Recent deep RL approaches have demonstrated strong
performance for physics-based character control across di-
verse domains, including locomotion [16, 17, 33], sports [5,
11, 26, 29, 42], instrument performance [12, 27, 36, 41],
and object manipulation [1, 31, 34, 38]. Adversarial imi-
tation learning methods [9, 14, 20, 21, 30, 35, 37, 39, 43]
further enable robust motion synthesis from diverse motion
sources, including mocap and monocular videos [18]. Our
approach follows this paradigm and learns basketball be-
haviors from heterogeneous and partially observable motion
data without requiring ball trajectory supervision or corre-
spondence across datasets.

Long-horizon behaviors often require chaining multiple
primitive skills into coherent multi-phase executions. Ex-
isting methods typically assume overlapping state distribu-
tions between consecutive policies [10, 15, 28, 29, 32, 35]

or rely on well-defined terminal states through skill chain-
ing and state-distribution matching [2, 4, 6, 8]. How-
ever, these assumptions break down for intermediate sub-
tasks with ill-defined objectives, such as gathering between
dribbling and shooting. Hierarchical control approaches
further explore weighted blending [19, 22] or hard rout-
ing [25, 26, 29] between primitive policies, but often suf-
fer from unnatural transitions. In contrast, our method in-
troduces value-guided intermediate policy learning together
with a soft-routing mechanism for seamless transitions be-
tween heterogeneous basketball skills.

3. Method

We present a policy integration framework for compos-
ing heterogeneous basketball skills into long-horizon be-
haviors. As illustrated in Fig. 2, we consider three tran-
sition types: direct execution, mutual adaptation, and
intermediate-policy transitions. We focus on the most chal-
lenging case, where an additional policy is required to
bridge incompatible subtasks such as dribbling and shoot-

ing.

3.1. Primitive SKkill Learning

We train primitive basketball skills using PPO [23] com-
bined with adversarial imitation learning [35, 37]. To sup-
port diverse basketball behaviors, we leverage heteroge-
neous motion sources including monocular videos, full-
body mocap, and hand-only mocap. Following prior
work [11, 37], body and hand motions are decoupled dur-
ing training, enabling learning without requiring correspon-
dence across datasets or ball trajectory supervision.
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Figure 3. Primitive skill learning from heterogeneous motion sources. We combine monocular videos, full-body mocap, and hand-only
mocap using adversarial imitation learning and body-part decomposition.

We train primitive policies for dribbling, shooting, pass-
ing, catching, locomotion, rebounding, and defending. The
dribbling policy receives the current character and ball
states together with a target velocity command, and is
trained using imitation objectives and task rewards for navi-
gation and ball control. The shooting policy is trained from
full-body shooting demonstrations with rewards encourag-
ing shot accuracy and stable ball holding.

3.2. Intermediate Policy Learning

Transitions such as shoot-off-the-dribble require an addi-
tional gathering policy to bridge incompatible dribbling and
shooting states. Instead of defining explicit terminal states
for dribbling, we sample random states from dribbling roll-
outs as initialization for the gathering policy. To encourage
the gathering policy to reach states preferred by the shoot-
ing policy, we use the shooting value function as reward
shaping:

Tgather = Tpose 1 0.25 CLIP(‘/shoot(Sh gt)7 -, U) (1)

Here 7,05 €ncourages stable ball holding and body orienta-
tion toward the hoop, while Vinoot €Stimates future shooting
performance from the current state.

To improve robustness, we simultaneously adapt the
shooting policy during gathering-policy training. States
generated by the gathering policy are reused as initialization
states for shooting-policy adaptation, enabling both policies
to gradually align their state distributions.

3.3. High-Level Policy Composition

To coordinate primitive skills, we introduce a high-level
routing policy that softly combines actions from multiple
policies:

wi = ¢ + eS¢, 8¢, Ct), ag = wy - Ay, )

where c; is a reference command, 7, is the routing policy,
and A; contains the actions from primitive policies. Un-
like hard policy switching, the router performs soft blending
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Figure 4. High-level routing policy for composing primitive skills.

while encouraging one policy to dominate at each timestep,
producing stable and natural transitions.

The routing policy is optimized using rewards from the
active primitive policy together with an additional switch-
ing reward encouraging successful transitions from gather-
ing to shooting. The same framework generalizes to other
basketball transitions including passing, catching, rebound-
ing, and defending.

4. Experiments

We evaluate our policy integration framework on long-
horizon basketball control tasks including shoot-off-the-
dribble, passing, catching, rebounding, and defending.
While we provide qualitative results for all transition types,
our quantitative evaluation focuses on the most challenging
Type C transition from dribbling to shooting, which requires
an intermediate gathering policy (Fig. 2). All experiments
are conducted in IsaacGym [13] using PPO [23].
We compare our method against three baselines:
* DirectExecution: directly switching from dribbling to
the pretrained shooting policy.
* NoAdapt: introducing a gathering policy without simul-
taneous shooting-policy adaptation.
* SequentialChaining: jointly training gathering and
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Figure 5. Ball catching rates under different dribbling speeds. Our
method achieves consistently robust transitions across dynamic
dribbling states.

Table 1. Shot percentage under different approaching directions.
The overall shot percentage is 91.8%.

Left Orth.
92.7%

Right Orth.
92.4%

Opposite
90.4%

‘ Facing

Shot Percentage ‘ 95.4%

shooting as a single policy.

4.1. Quantitative Results

Ball Catching Rate. Figure 5 compares ball catching
rates across methods. DirectExecution fails almost entirely
due to the incompatibility between dribbling and shoot-
ing states, achieving only a 0.7% catching rate. Sequen-
tialChaining improves transition robustness but struggles
to separate gathering and shooting behaviors effectively.
NoAdapt successfully gathers the ball in many cases, but
the pretrained shooting policy fails to generalize after policy
switching. In contrast, our method achieves a 98.3% catch-
ing rate across all dribbling speeds. The result highlights the
importance of explicit phase decomposition, value-guided
reward shaping, and simultaneous policy adaptation for ro-
bust long-horizon skill transitions.

Shot Percentage. We evaluate shooting performance
across different court positions and approaching directions.
Similar to training, valid shooting locations are sampled
between 2.5m and 7.5m from the hoop. DirectExecution,
NoAdapt, and SequentialChaining achieve overall shot per-
centages of 1.3%, 6.1%, and 12.7%, respectively, demon-
strating the difficulty of transitioning from dynamic drib-
bling states to shooting. In contrast, our method achieves
91.8% overall shooting accuracy, closely matching the pre-
trained shooting policy initialized from reference motions.
Table | further shows robust performance across different
approaching directions, including challenging cases where

Figure 6. Real-time 2-on-2 basketball interaction generated by our
framework. Offensive and defensive players are simultaneously
controlled through composed primitive policies.

the character initially faces away from the hoop. The
learned gathering policy enables dynamic pose adjustment
before shooting, including pivoting, spinning, and body re-
orientation toward the hoop.

4.2. Qualitative Results

Beyond shoot-off-the-dribble, our framework supports
multi-agent basketball interactions including passing,
catching, rebounding, and defending, as shown in Figure 1.
Figure 6 demonstrates real-time 2-on-2 gameplay generated
entirely through composed primitive skills. The learned
policies support arbitrary user-controlled dribbling direc-
tions and speeds while maintaining stable ball interaction
and smooth transitions between offensive and defensive be-
haviors.

5. Conclusion

We presented a policy integration framework for compos-
ing heterogeneous skills in long-horizon basketball tasks.
By combining value-guided intermediate policy learning,
simultaneous policy adaptation, and high-level soft rout-
ing, our method enables robust transitions between dras-
tically different subtasks such as dribbling and shoot-
ing. Our framework further supports multi-agent bas-
ketball interactions including passing, catching, rebound-
ing, and defending. Our results demonstrate that com-
plex basketball behaviors can be learned from heteroge-
neous motion sources without requiring ball trajectory su-
pervision or correspondence across datasets. Future work
includes improving motion realism through richer motion
data and biomechanical character models, as well as extend-
ing the framework toward autonomous multi-agent game-

play.
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