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Abstract— We propose the expert composer policy, a frame-
work to reliably expand the skill repertoire of quadruped
agents. The composer policy links pair of experts via transitions
to a sampled target state, allowing experts to be composed
sequentially. Each expert specializes in a single skill, such as a
locomotion gait or a jumping motion. Instead of a hierarchical
or mixture-of-experts architecture, we train a single composer
policy in an independent process that is not conditioned on
the other expert policies. By reusing the same composer policy,
our approach enables adding new experts without affecting
existing ones, enabling incremental repertoire expansion and
preserving original motion quality. We measured the transition
success rate of 72 transition pairs and achieved an average
success rate of 99.99%, which is over 10% higher than the
baseline random approach, and outperforms other state-of-the-
art methods. Using domain randomization during training we
ensure a successful transfer to the real world, where we achieve
an average transition success rate of 97.22% (N=360) in our
experiments.

I. INTRODUCTION

As the robotics community refines, improves, and develops
new skills for robots, an issue arises: how to enable access to
a vast repertoire of skills? Different tasks commonly require
different controllers regarding inputs, learning signals, such
model architectures, such that switching from one controller
to another can be unstable or impossible. The problem is
further magnified in dynamic locomotion controllers. Focus-
ing on real-world deployment, we wish to keep existing skills
intact while incorporating new abilities that interconnect with
existing ones, creating an ever-expanding library of skills.

A common approach to handle multiple skills is through
a mixture of experts and hierarchical controllers. Low-level
experts are trained in a single skill and integrated into a co-
herent controller using a higher-level policy, through gating
modules that mixes actions of low-level experts with additive
[1], [2], or multiplicative composition [3]. However, adding
a new low-level expert requires re-training the controllers,
which inevitably affects the behavior of the low-level experts,
degrading their quality and limiting the ability to scale the
number of skills robustly [4].

Rather than mixing the experts, we propose keeping them
independent and using a mechanism to compose the skills
over time sequentially. This goal of preserving the quality
and behavior of low-level experts is prevalent in character
controllers used in animation [5], [6]. A similar premise
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Fig. 1. Expert composer policy generates novel transitions between
arbitrary agent states, enabling skill repertoire expansion while preserving
the motion quality of the original experts.

exists in physics-simulated characters [4], [7], where tran-
sition motions derive from the careful selection of motion
parameters such as timing and agent poses. However, these
approaches execute transitions between controllers through
an instantaneous switch mechanism, limiting their applica-
bility for linking skills with distinctive motions.

In this work, we propose a framework that enables a
large repertoire of skills, via smooth and dynamic transition
trajectories. This is line with works in skill chaining and
policy sequencing [8]–[10]. We train individual skills with
dedicated policy controllers, further referred to as experts.
These experts are trained in a physics-enabled simulation
environment with randomized physical properties to enable
transfer to real-world robots. Next, we introduce our ex-
pert composer policy that generates transition trajectories
between arbitrary agent states, bridging every pair of experts
smoothly. Inspired by [11], we employ tolerance bounds on
physical properties that shrink over time to generate sensible
trajectories. With a large skill repertoire of experts and the
composer policy, we can create a coherent controller by
switching to the composer policy between the execution of
two experts (Figure 1). With our method, adding new experts
does not require additional training processes, allowing us to
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maintain all previously learned skills while accommodating
new ones. Our list of contributions is as follows:
• A novel transition mechanism that generates smooth

trajectories between arbitrary states of physics-enabled
agents learned via shrinking boundaries,

• A robust process for skill repertoire expansion through the
transition mechanism, and

• A versatile meta-controller capable of performing various
skills that can be incrementally expanded at deployment.

II. RELATED WORKS

Traditional Controllers. For a long time, roboticists have
tried to emulate the efficiency and elegance of locomotions
in nature [12], [13]. A gait is a periodic sequence of foot
contacts with the ground that produces locomotion [14]
and is achievable via analytical models of the dynamics
of a legged system [15] or by using central pattern gen-
erators (CPG) to produce oscillatory motion patterns and
using sensors for close-loop trajectory optimization [16]–
[18]. Model predictive control (MPC) is a popular type of
approach that produces optimized and distinct gaits [19].
These have been extensively used for quadruped robots,
with simplified dynamics and convex optimization [20],
linearizing the dynamics and formulating the problem with
quadratic programming [21], as well as approaches that use
the full dynamics of the system including feet contacts [22].

Learning-Based Controllers. With deep reinforcement
learning (RL), it is possible to train controllers for task-based
objectives [23], [24]. Learning-based controllers have been
used to tackle challenging terrain using just proprioception
[25], as well as with other sensors such as with depth [26]
and with LiDAR [27]. In our work, we learn locomotion poli-
cies based on a motion imitation framework [28], where the
agent imitates a reference animation while interacting with
physics-enabled environments [29]–[31]. The controllers can
be deployed to the real world using methods such as domain
randomization [32] during training or domain adaptation with
real-world trajectories [33].

Transition between Controllers. Solving complex tasks
requires versatile controllers. A common way to coordinate
skills is through a hierarchical architecture of low-level
and high-level controllers [3], [34]. A task-based objective,
in the form of a reward function, drives the behavior of
the controllers [35]–[37]. It is also possible to integrate
kinematic motion controllers [2], [38], [39] with other high-
level controllers trained to interact with other agents in a
physics environment [40], [41].

To avoid costly re-training and better scalability, we want
to compose the controllers sequentially rather than mix them
hierarchically. Sequential execution of learned skills is not
a recent idea [42], [43]. Also called skill chaining [9], [44],
it has been used to tackle long-horizon tasks [10], splitting
a complex task into separate sub policies and coordinating
their execution [45], [46]. Other approaches include discover-
ing transition timing via statistical methods conditioned on
motion phases [4], using neural nets conditioned on latent
states [47], and parametrized transitions [48], [49].

Fig. 2. Illustration of physical-property bounds on the agent’s states.

Most similar to ours is the work of [8], where each expert
has a matching transition policy that drives the agent to a
feasible starting state. The policies are trained by rolling out
transition episodes, labeling trajectories a success or failure,
and optimizing with RL over the expected success rate. In our
proposed work, the composer policy is trained completely
in isolation from the other experts. Rather than explicitly
optimizing for the success rate, it is trained to drive the robot
to a target state. Furthermore, we train only a single policy
to transition between any pair of experts.

III. METHOD

We begin by training independent controllers. These
single-skill experts are physics-based controllers trained via
motion imitation [28], [33]. Then, we introduce the composer
policy P, a module that generates trajectories to arbitrary
agent states, allowing the agent to transition between learned
skills freely. P learns to drive the agent from a starting state
to a target state sampled from the distribution of the target
skill. Expansion is done by simply adding a new expert and
using P to mediate transitions with the existing experts.

A. Experts Initialization

Each expert is a reinforcement learning policy trained by
tracking a reference motion clip in a physics simulator with a
motion imitation framework. Suppose we have k number of
skills, each described by a reference motion clip. Each expert
is denoted as a policy πi(a|s, gi); i ∈ 1...k that outputs the
actions a, executed with a PD controller. The actions are
conditioned on the current state of the character st as well
as data from the reference motion clip gi from four future
frames [33]. Each expert policy trains on a single reference
motion clip. Our reward function design is similar to existing
motion imitation frameworks [28].

We employ domain randomization extensively to ensure
each expert is robust enough to be deployed with the real-
world robot. Specifically, we randomize the mass of each
link in the robot, introduce disturbance forces, add noise
to sensor readings, and randomize the terrain height and
friction. The details of the training configuration for each
expert are further discussed in Section IV.

B. Composer Policy P for Novel Transitions

The composer policy P is an intermediate policy that
drives the agent to a target state by generating novel transi-
tion trajectories. P(at|st, ŝ) takes in the current state of the
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Fig. 3. A visualization of the composer policy with the real-world robot. Please watch the supplementary video for more extensive demonstrations.

character st, and a target state ŝ. The state st is the same
as the experts and consists of position, orientation, binary
feet contact indicators, linear and angular velocities, and
joint angles and velocities. The fixed target state ŝ contains
the same information as st, minus the feet indicators, and
represents the state of the agent should be after the transition.

P is trained with episodic reinforcement learning in a
completely independent process from the other experts. Dur-
ing training, we sample the source and target states (with
added randomizations) directly from the animation data.
During each episode, the goal of P is to match the target state
ŝ. Potential-based rewards [50] could be used to incentivize
the agent to match the properties of the target state. However,
in early experiments, we found it difficult to tune the reward
elements to ensure the agent matched all properties of the
target state. Instead, we train P with a simple indicator
function based on a set of narrowing hard boundaries with
only a single penalization term for energy efficiency.

The reward function incentivizes the agent to stay within
a set of boundaries for each relevant property: joint posi-
tions, linear and angular velocity, and orientation [11]. It
establishes tolerance regions where the agent can remain and
receive a reward of 1. When the agent violates a boundary,
the punishment is a negative reward and termination of the
episode. If the agent remains within the tolerances until
the end of the episode, it receives a large positive reward.
Critically, the boundaries are annealed around a line that
connects the initial transition state to the target state. The
agent learns to stay clear of the shrinking boundaries while
closing into the target state (Figure 2). The transition duration
is dynamic, and an episode finishes early if all states match
the final tolerances. In fact, we expect and observe that most
transitions do terminate early if P is working well. The
boundary indicator function has the form

β =


100, if max(|st − ŝ| − σe) ≤ 0

−1, if max(|st −Ψ(s0, ŝ, t)| − σt) ≥ 0

1, otherwise
, (1)

where Ψ(s0, ŝ, t) is a linear function that connects the initial
state of the agent s0 to the target state ŝ, and the tolerance
σt is annealed at each time step t according to the equation

σt = σs + tp (σe − σs), (2)

with σs and σe denoting the tolerance at the start and at
the end of the transition period, and p is an exponential
parameter to modify how the boundary shrinks (Table II).
With boundary annealing, the composer policy learns to
match the target state closely. However, it does not guarantee
that the trajectories are smooth or energy efficient. For this,
we introduce a penalization term for joint torques. The
complete reward function is as follows, where τj is the torque
of j-th joint of the agent and wτ is a scalar that controls the
scale of penalization,

R = β − wτ

∑
j

τ2j . (3)

C. Composition of Experts

After training the composer policy P, we can sequen-
tially compose the experts (Figure 4). The agent may start
executing a pace skill with πpace. At some later point, an
event triggers a switch to a different expert, such as πhop.
To execute this transition, P takes control of the agent and
samples a target state ŝ from within the distribution of πhop,
using its animation data. Then, P performs actions such
that the character’s state at the end of the transition is close
enough to the target state that the new expert can take over
control. The transition ends with the target policy πhop taking
over control of the character. This process can be repeated
indefinitely and robustly for any pair in the policy library.

If P is trained with a large enough distribution of start and
target states, it is reasonable to assume that it should learn
feasible transitions between any experts, even new ones. This

Fig. 4. Illustration of the composer policy P enables the sequencing of
any expert policy from the library over time.
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is possible because P only requires a target state and does not
directly depend on or use information from the experts in the
library. Therefore, the expansion can be done incrementally
and indefinitely by adding new experts and using the same
P, without re-training or fine-tuning.

IV. IMPLEMENTATION DETAILS

A. Hardware and Locomotion Experts

Our agent is a Unitree A1 quadruped robot with 12
actuators. We implement a motion imitation framework [28],
[33] with Isaac Gym [51] and use a consumer-grade laptop
equipped with an Intel 8-core i7-11800H 2.3 GHz and an
NVIDIA RTX 3070 8GB with the PPO-clip loss [52] to train
the experts. To transfer the policies from simulation to the
real world, we employ domain randomization [53], [54] with
parameters shown in Table I. The agent states include linear
velocity estimated in the real world by fusing IMU readings
and the leg velocity during feet contacts. The locomotion
experts are deployed in a zero-shot manner and can execute
for long periods without failures.

B. Details of the Composer Policy

The architecture of the composer policy P(at|st, ŝ) is
a 2-layer feed-forward neural network with 512 and 256
hidden units. Each layer uses ELU activations except for
the linear output layer. The composer policy receives an
observation vector of 208 dimensions which consists of the
three latest states of the agent, the actions from the past
three timesteps, the target state ŝt, and the centers of the
tolerance boundaries at the current timestep computed from
Ψ(s0, ŝ, t). The observations also include a single scalar that
encodes the normalized time, starting at 0.0 and increasing
to 1.0 at the end of the transition period (episode). The
state st consists of position, orientation, binary feet contact
indicators, linear and angular velocities, and joint angles and
velocities. The target state ŝ is the same, minus the feet
indicators. The maximum episode length is set to 2 seconds.
The composer policy outputs 12 target joint angles, actuated
using a PD-controller. Table II contains detailed parameters
for the tolerance boundaries and reward penalization terms.

V. EXPERIMENTS AND RESULTS

We constructed a library of 9 distinct experts in the fol-
lowing motions: Trot (F), Trot (B), Pace (F), Pace (B), Hop,
Hop (Turn), Spin, Side Step (F)ast, and Side Step (S)low. This
results in a total of 72 unique transition pairs. To evaluate
generalization to new skills, P was trained by sampling
starting and target states from just 4 experts: Trot (F) and
(B), Pace (F) and Side Step (F). The 5 remaining experts
were added in a supposed expansion process, i.e. were not
part of the training. We evaluated the composer policy with
two target sampling methods. Composer Policy (R) samples
the target from a random phase of the animation of the target
expert. Composer Policy (O) samples from an optimal phase
interval after analysis of the success rate of (R), detailed in
Section V-C.We compare our approach to two naive baselines
and three existing methods from the literature:

TABLE I
PARAMETERS FOR DOMAIN RANDOMIZATION. RANGES ARE SAMPLED

UNIFORMLY. THE FEET CONTACTS VALUE INDICATES THE PROBABILITY

OF ZEROING OUT THE CONTACTS, PER FOOT.

Parameter Value
Experts Composer Policy

Action Noise ±0.02 ±0.02
Rigid Bodies Mass [75%, 125%] [95%, 105%]
P Gain (PD Controller) [35, 65] [45, 55]
D Gain (PD Controller) [1.0, 1.4] [0.9, 1.2]
Ground Friction [0.1, 1.5] [0.1, 1.5]
Noise - Orientation ±0.05 ±0.06
Noise - Linear Velocity ±0.25 ±0.25
Noise - Angular Velocity ±0.3 ±0.3
Noise - Joint Angles ±0.02 ±0.02
Noise - Joint Velocity – ±1.5
Noise - Feet Contacts 20% 20%

TABLE II
TUNABLE PARAMETERS OF THE COMPOSER POLICY. σs AND σe

INDICATE THE TOLERANCE AT THE START AND END OF THE

TRANSITION, RESPECTIVELY.

Component Value σs σe

CoM - Height p = 2 0.35 0.02
Orientation p = 4 1 0.2
Linear Velocity p = 8 2.5 0.2
Angular Velocity p = 8 15 0.2
Joint Angles p = 2 3.14 0.5
Torque Term wτ = 0.0001 – –

• Random Switch – Instantaneously switches control from
the source to the target expert at a random time.

• Linear Interpolation – Linearly interpolates the target
joint angles from the start to the target state for 0.5
seconds.

• Mixture-of-Experts (MoE) [1] – A gating network is
trained to output a 9-dimensional vector of activation
weights for each expert. MoE was trained with access to
all 9 experts. A new target expert was randomly selected
every 3 seconds. The policy was rewarded for matching
the animation of the selected expert.

• Transition Motion Tensor (TMT) [4] – The TMT per-
forms an instantaneous switch to the target expert at an
optimal timing. The timing is determined offline by a
Monte Carlo approach to determine the source and target
phases with the highest success rate.

• Target State Proximity (TSP) [8] – A policy with
a reward function in the style proposed by [8]: R =
P (st+1)−P (st). Originally, the proximity function P (s)
is modeled by a neural-net, but, because we have access
to the animation of the target expert, we sample it directly
and compute the euclidean distance. The TSP is trained
and evaluated under the same settings as our Composer
Policy. However, TSP requires one transition policy per
expert. Based on motion similarity, the model Trot (B) was
used for the expansion skill Pace (B), Side Step (F) for
Side Step (S), and Pace (F) for the remaining expansion
skills.
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Fig. 5. Success rates of the composition strategies for 72 transition pairs. (F) and (B) indicate forward and backward for Trot and Pace, (F)ast and (S)low
for Side Step. Experts highlighted in blue were part of the training set (N=4), and purple indicates new experts added to the library after training (N=5).
Our Composer Policy (R) and (O) variants outperforms the baselines and existing approaches in simulation by a significant margin. It is also successful
in the real-world, with just 10 failures out of 360 trials.

A. Success Rate in Simulation

For each strategy, an evaluation episode consisted of three
stages: pre-transition, transition, and post-transition. In the
pre-transition stage, the source expert is executed. It is fol-
lowed by the transition stage where one of the methods takes
control of the agent. Finally, the target expert takes control
for 10 seconds in the post-transition stage. A transition is
considered a failure if any links other than the feet of the
agent touch the ground during the transition or post-transition
stages. For each pair and method we executed 50k evaluation
episodes, the results of which are consolidated in Figure 5.

The baseline Random Switch provides some information
on the difficulty of the transition pairs. We can observe that
the lowest success occurred for pairs with distinct motions,
e.g. moving from forward to backward, and sideways. The
Linear Interpolation baseline performed the worst with
an average success under 50%. MoE beat the baselines in
challenging motions, but the low success rate combined with
degradation of motion quality is undesirable. TMT uses a
simple transition mechanism and managed to achieve a high
success rate, but performed poorly for a few pairs. TSP was
the second-best performing method, with poor performance
in few pairs, but specially when the target expert was the out-

of-distribution Spin motion. Our approach Composer Policy
outperformed the other comparison methods. The random
sampling mode (R), shows that the composer policy can
accommodate well the complete range of source and target
phases. The performance can be further improved by picking
only the best target phases, as demonstrated by the almost
perfect success rate of the (O)ptimal sampling method.

B. Success Rate of the Composer Policy in the Real-World

We deployed the same library of experts and composer
policy used in the simulation setting to a real-world A1
quadruped robot. For each pair available in the library we
executed 5 trials. With 72 available pairs, this resulted in
total of 360 trials. A real-world trial consisted of the same
three stages of the simulation. However, due to limitations
of our physical space, the post-transition stage was limited
to 4 seconds. The transition stage was triggered randomly
between 2 to 3 seconds after the pre-transition stage. The
real-world results are also shown in Figure 5 (bottom right).
We can observe that the simulation performance translated
well to the real world, with only 10 failures out of 360 trials,
resulting in an average success rate of 97.22%. Figure 3
shows deployment of a transitions that starts airborne and
into a forward moving motion.
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Fig. 6. Success rate across all target phases (top) and transition duration
of our composer policy (bottom). By excluding regions of lower success we
sample targets from an optimal interval.

C. Transition Analysis

We measure the transition success rates for a difficult
motion pair across target phases in Figure 6 (top), showing
the performance of the Composer Policy (R) for every
target phase. By excluding intervals where the success rate is
lower than desired, i.e. less than 90% the (O)ptimal sampling
method is obtained. Figure 6 (bottom) shows that transitions
between experts moving in the same direction are shorter
than for opposing motions. Note that none approaches the 2-
second limit, which means the composer policy can guide the
agent effectively toward the target state for all tested pairs.
Next, we demonstrate the robust generalization capability of
the composer policy with a PCA plot of the agent’s state
in Figure 7 (top). The outermost contour contains 95% of
the samples. We can observe that the distribution of the
composer policy is stretched to overlap the majority of the
experts’ distribution. As long as there is an overlap between
the experts and composer policy distribution we should be
able to execute a transition. We also provide two examples of
transition trajectories, demonstrating the composer policy’s
capacity to take the state of the agent from one expert to
another (Figure 7 bottom).

Fig. 7. PCA visualization of the experts distribution (top) and transition
trajectories (bottom). The purple contours depicts the density distribution
of the Composer Policy’s states, where the outermost includes 95% of the
data. The bottom trajectories show that our method can drive the agent’s
state between the different distributions effectively.

VI. DISCUSSION

We present an approach that allows incremental expansion
of a skill repertoire without re-training. Rather than hier-
archically mixing the experts, we train a composer policy
to transition between any pairs of experts. Our method
outperforms existing approaches in simulation, achieves a
high success rate in the real world, and generates smooth
transitions with short duration.

Our method assumes that the experts are periodic and
have an easily accessible distribution of target states that
we can sample from. We show that it works well for a
large distribution, however, it might not apply to all types of
policies, such as perception-based controllers. Overcoming
these limitations are critical for building a diverse and
expansible skill repertoire for any type of skills.
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