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Abstract—Unsupervised skill discovery acquires a diverse
repertoire of skills through intrinsic motivation, offering the
potential to alleviate the labor-intensive reward engineering in
reinforcement learning and the reliance on costly task-specific
data in imitation learning. However, such methods typically
measure diversity based on single-step states, neglecting the
trajectory phase coherence, whose absence disrupts the smooth-
ness of state transitions. In this work, we explore skills in
Fourier latent space via a simple mutual-information-based
reward function, aiming to train a single versatile policy capable
of executing diverse state transition patterns. Specifically, we
utilize a spatio-temporal representation learned through a
Periodic Autoencoder, which effectively captures the periodic
or quasi-periodic nature of motion. These features, rather than
raw states, are used to measure skill diversity. We validate our
method on the 12-DOF quadruped robot Unitree A1, achieving
varied gaits. Simulation results show that our method reduces
high-frequency power by 73%, while improving state space
coverage by 133% compared to the baseline. To accomplish
specific tasks, we trained a high-level controller to orchestrate
the learned skills, which improves training efficiency. Real-world
experiments demonstrate that the learned skills can reliably
execute tasks.

I. INTRODUCTION

Deep Reinforcement Learning (DRL) has empowered
quadruped robots to execute highly dynamic and agile ma-
neuvers [1]-[4] and achieve robust locomotion control in
challenging environments [5]-[8] by optimizing task-specific
reward functions. However, the necessity of meticulously de-
signing and tuning weights for multiple reward components,
such as task performance, safety constraints, and energy
consumption [1], [2], [9], significantly impedes the broader
application of reinforcement learning. To circumvent the
challenges of reward engineering, Imitation Learning (IL)
learns policies by minimizing the pose error between the
robot and reference motions derived from motion capture
or animation data. Nevertheless, IL methods face significant
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Fig. 1. Method overview. Fourier Latent Skill Discovery (FLSD) employs
Fourier latent features to enable unsupervised skill discovery, producing
policies that allow active control of diverse and distinct skills.

challenges due to the considerable cost of acquiring high-
quality reference data for specific tasks and the kinematic
mismatch between the reference data and the physical robot
[3], [10], [11]. Furthermore, some imitation learning methods
based on generative adversarial networks often introduce
additional hyperparameters, complicating the training process
[12]-[14].

Unsupervised skill discovery methods typically maximize
the state-skill mutual information, where skills are repre-
sented as latent variables that condition the policy [15],
[16]. This intrinsic motivation mechanism drives agents to
autonomously explore diverse behaviors, thereby eliminating
the reliance on task-specific reward functions or additional
imitation data [15], [17]. Within this framework, the reward
signal is derived from a learned discriminator that performs
a variational approximation of the mutual information. How-
ever, most existing approaches mainly rely on single-step
states to measure and maximize diversity [16], [18]-[20]. To
maximize inter-skill distinguishability, these methods enforce
state exclusivity by prohibiting shared or similar states be-
tween skills. This prevents the algorithm from discovering
transitional skills that connect existing behaviors, thereby
limiting the diversity of skills. Furthermore, for robot loco-
motion, some certain states may serve as shared transitions
essential for motion smoothness. Prohibiting inter-skill shar-
ing of such states can induce unnatural movements, especially
in quadruped robots where spatial-temporal synchronization
is vital for coordinated gait.

To address these limitations, we present Fourier Latent
Skill Discovery (FLSD), a framework that enables unsu-
pervised skill discovery to generate policies by leveraging
Fourier latent dynamics (Fig. 1). Specifically, during the
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exploration process of the unsupervised skill discovery al-
gorithm, a Periodic Autoencoder [21], [22] is employed to
encode the robot’s state sequences. The resulting latent vec-
tors include the phase information of motion and effectively
capture motion characteristics, which are used to evaluate
skill diversity. The learned policy can consistently execute
behaviors with clearly distinguishable characteristics.
In summary, our main contributions include:

o A novel Fourier Latent Skill Discovery framework is
proposed to scale unsupervised skill discovery algo-
rithms to quadruped robots.

o The experimental results demonstrate that the Fourier
latent variables effectively capture the periodic and
quasi-periodic characteristics of motion, leading to a
73% reduction in high-frequency power in the skills dis-
covered by the unsupervised skill discovery algorithm.
Furthermore, evaluating diversity from the perspective
of state sequences enables the algorithm to achieve
broader coverage of the state space by 133%.

o For specific downstream tasks, we trained a high-level
controller to orchestrate the learned skills. Our real-
world experiments demonstrate that these skills can
serve as an effective low-level controller, enabling re-
liable task execution.

II. RELATED WORK
A. Motion Representation

Generative models, such as Variational Autoencoders
(VAEs, [23], [24]) and Generative Adversarial Networks
(GANSs, [25], [26]), are frequently utilized to learn motion
representations in an unsupervised manner. By mapping high-
dimensional motion data into a compact latent space, these
approaches effectively capture the underlying features and
temporal dynamics of long-horizon trajectories. However, the
representations generated by these methods cannot be well
aligned temporally. [27]-[29] address this by using phase
variables that describe motion progression, but these methods
are limited to contact-based movements and require careful
computation of phase labels.

[21] developed the PAE framework, which integrates
frequency-domain mapping within an encoding process to
extract complex phase representations from unlabeled kine-
matic data. This method organizes movement patterns into
a structured embedding, ensuring that the similarity measure
within this latent space provides a physically more meaning-
ful metric compared to distances calculated in the raw data
domain. [22] further extends PAE by performing regression
on multi-step forward prediction through propagation of
latent dynamics.

B. Unsupervised Skill Discovery

Unsupervised skill discovery aims to acquire reusable
skills without the need for extrinsic reward signals or task-
specific data, akin to the autonomous exploration capabilities
observed in biological agents. Intrinsic motivation in these
frameworks is generally formulated as maximizing the mu-
tual information between specific trajectory features and a

sampled latent skill variable. Consequently, this mechanism
facilitates the training of skill-conditioned policies that yield
a diverse repertoire of distinct behaviors [15], [18], [19], [30].

Recent studies have explored how unsupervised skill dis-
covery can equip quadruped robots with diverse locomotion
skills. [31] employs off-policy methods to train quadruped
robots in real-world environments. However, the resulting
skills exhibit limited mobility, characterized by slow and
simplistic movements resembling a shuffle. [32] employs a
multi-constraint optimization framework to generate diverse
navigation skills, but focuses on local navigation, which
constrains its applicability to broader robotic tasks, and the
generated skills are limited to forward movement patterns.
In [13], unsupervised skill discovery is embedded as a skill
extraction module within an adversarial imitation learning
framework to learn skills from unannotated motion datasets.
Despite its effectiveness, this approach relies on pre-trained
policies to generate motion data, which limits its scalability.
Additionally, previous methods are tested on lightweight
robots with simplified dynamics and fail to learn dynamic
behaviors such as high-speed locomotion or in-place rotation.
Furthermore, [13] and [32] introduce numerous task-specific
reward functions, significantly increasing the burden of re-
ward design and tuning. In contrast, our work demonstrates
that diverse skills can be effectively discovered even with the
use of a simple mutual-information-based reward function,
which are validated on a quadruped robot with complex
dynamics.

III. METHOD

To address the limitations of existing unsupervised skill
discovery algorithms, we propose a novel approach that maps
state sequences into a Fourier latent space. By quantifying
diversity through state representations in this space, the
method generates smooth motions, enabling the discovered
skills to be applicable to robotic systems.

A. Motion Representation in Fourier Latent Space

We leverage a Periodic Autoencoder (PAE) [21], [22]
to capture the latent dynamics and temporal dependencies
in the motion. The architecture is built upon a temporal
convolutional autoencoder structure [33], augmented by a
frequency domain mapping to introduce a necessary inductive
bias.

The motion at time step ¢ is formulated as a 33-
dimensional observation vector o}":

o;":['ut we g, 6 ét}T, (D

comprising the base linear velocity vy, the base angular
velocity wy, the gravity direction vector in the body frame
g,, the joint angle 6; and the joint angular velocity 6.
A motion trajectory of length H ending at time step ¢
is defined as off = (0" ;. q,...,0") € R¥*H This
sequence corresponds to a centered time window T =
At At At At | 2At At H
77777+ﬁ’77+ﬁ’ ,7] €R ,Wherethe

current observation oy" aligns with the timestamp %.
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Fig. 2. Overview of the proposed FLSD framework. The policy, discriminator, and PAE are jointly optimized in a collaborative framework. The agent
selects a skill and executes a specific state transition pattern. PAE extracts motion trajectory features to offer a more appropriate measure of diversity,
aiding the discriminator in distinguishing skills. Meanwhile, the discriminator works to infer the sampled skill and provide training signals to encourage

the policy to diversify its skills.

We utilize a temporal convolutional autoencoder to derive a
compact representation of state sequences. The input motion
sequence of is first encoded into a latent variable z, and
subsequently, the processed latent trajectory 2z is decoded
back to the original state space:

z =enc(o”), o =dec(2) 2)

where z,2 € RP*H and D represents the number of latent

channels. The reconstruction loss is defined as the Mean
Squared Error between the original trajectory o and the
reconstructed trajectory o'

Loae = HoH - oHH 3)

To capture the underlying dynamics of the motion, we
introduce a frequency-domain inductive bias within the latent
space, enforcing each latent trajectory in z to be param-
eterized as a sinusoidal function. Specifically, using the
frequency F', amplitude A, offset B, and the learned phase
shift ®, combined with the known time window 7T, the
reconstructed latent trajectory segments are computed as:

2= Asin(2r(FT +®)) + B 4)

The aforementioned periodic parameters are computed via
a differentiable signal processing layer. By performing a

real Fast Fourier Transform (FFT) on each channel of z,
we generate a zero-indexed matrix of Fourier coefficients
c e CP*MHD - Nf = | £ From this, the power spectrum
is calculated as:

. 2 .
P = gl )

where ¢ denotes the specific channel and j represents the
index for frequency bands. Given the sample frequency fs,
the corresponding parameters are calculated as follows:

M i.j
Fi— 2 =1 k- p Al —
s TM o AT
Zj:1p’
(6)

where f = (0, fs/H,...,Mfs/H) denotes the frequency
vector. To facilitate temporal alignment across different mo-
tion clips, a separate fully-connected layer is assigned to each
latent channel. This layer predicts a 2D vector (s, s,/) at the
central frame of 7 to determine the signed phase shift:

. o . 1 ,
(sz,8y)" = FC*(2"), P’ = 2—atan2(sy,sw)l (7
T
Through this design, the network learns the temporal
alignment of poses by predicting rotating vectors and adjusts
periodic embeddings by assigning varying phases. By captur-
ing the time-varying nature of the amplitude and frequency
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in each channel, PAE is capable of encoding both periodic
and non-periodic motions.

The periodic parameters capture the local periodicity
of motion curves, facilitating the construction of a phase
manifold P € R?P. Since the manifold state at frame t
corresponds to the timestamp 7 = %, the phase is derived
by shifting the learned central phase ®° by the accumulated
frequency component. Consequently, the coordinates on the
manifold are computed as:

P? = A'cos(al), P?T = A’sin(al),

_ . . 8
ai=2w<F1-A2t+¢ﬂ) ®

To eliminate the state ambiguity caused by identical scalar
values at different phases and ensure a continuous state
representation, we employ manifold coordinates P to mea-
sure motion diversity. During training, each latent phase
channel focuses on specific local dynamics, acting as a band-
pass filter that isolates essential motion characteristics across
various frequency and amplitude ranges. Moreover, these
learned representations inherently achieve superior spatio-
temporal alignment. By capturing the dependencies between
consecutive frames, they provide a more physically meaning-
ful similarity metric than the raw state space. Consequently,
evaluating the diversity reward within this manifold space
instead of the raw robot states encourages the algorithm to
discover more diverse gaits and explore a broader region of
the state space, as demonstrated in Section IV.

B. Skill Discovery

Within the unsupervised RL framework, the objective is
to learn a diverse set of behaviors parameterized by a latent
factor K. This formulation yields a policy my(a;|o}, k) that
executes distinct behaviors given the policy observation o
and a latent skill & drawn from a discrete space K of
cardinality Ng.

Existing methodologies for unsupervised skill discovery
typically maximize the mutual information between the latent
skill K and the observation O¢ [15], [16], [18]:

F0) = I(K,0% = H(K) — H(K|O0%)

)
= E(k,od)wp(k,od) [10gp(k|0d) - logp(k)]

To maximize the skill entropy H (K), the prior distribution
p(k) is fixed to be uniform. Since calculating the conditional
distribution P(K|O?) is intractable, a learned parametric dis-
criminator g, (k|o?) is applied to approximate this posterior,
which is trained to infer skills from states. Replacing p with

q yields a lower variational bound F'(6) on F(0) [34]:
F(0) > F(0

(0) = F(6) ) 10)

= E(k,od)wp(k,od) [log q¢(k|o ) - logp(k)]

We maximize the lower bound F(&) by adopting the
following pseudo-reward:

re = log qy(klof,,) — log p(k) (11)

Algorithm 1 FLSD

1: Input: latent skill cardinality Vg, sequence length

2: Output: Policy 7y

3: Initialize networks, motion sequence o, replay buffer

D

4: for learning iterations = 1,2, ... do

5 sample latent variable k ~ py,
6: for time step = 0,1,2, ... do
7
8
9

sample action a; ~ mp(a¢|o}, k) from skill
step environment S¢11 ~ p(St11]|S¢, ar)
extract oy, 1, 0f} 1, qyy; from s;4y

10: update motion sequence o’ with Lo

11 calculate motion features Py = PAE(of )
12: update of_H = [Qt+1 Pt+1]T

13: compute reward r; according to Eq. 11

14: fill replay buffer with (o}, off,, of . k)
15: end for

16: for learning epoch = 1,2, ... do

17: sample mini-batches d ~ D

18: update V' and my with PPO

19: update PAFE according to Eq. 3

20: update g, according to Eq. 12

21: end for

22: end for

To ensure a tight lower bound, the discriminator g, (K|O%)
must approximate the true distribution p(K|O?) by mini-
mizing the negative log likelihood loss through supervised
training:

Lp = —E(,00)p(k.0?) [108 qu (k|0?)] (12)

The policy 7y is optimized through reinforcement learning,
and the discriminator gy, is updated through supervised learn-
ing, with both cooperating to facilitate skill discovery. The
agent samples a skill ¥ ~ P(K) and generates observations
0. The discriminator subsequently uses these observations
to decode the original skill k. When the observations of
different skills do not overlap, the discriminator will easily
learn to infer the skill, and the policy receives higher rewards,
ultimately promoting the discovery of diverse skills.

We set the skill observations o to include motion features
P, and robot position g, in the world coordinate system:

ol =[q, PJ". (13)

The feature P, enables the discriminator to better distinguish
skills, and diversifying robot position g, encourages the
generation of locomotion behaviors.

C. Overview

We denote the full state provided by the environment as s,
from which the policy observation, the motion observation,
and the robot position g are extracted. The policy observation
includes motion observation, previous action a;_; and the
one-hot vector k representing the skill index:

ol =o' a1 k. (14)
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The policy action a; is defined as the target joint positions,
which a PD controller uses to compute the torque commands
with predetermined parameters (K, = 20, Kq = 0.5).

Fig. 2 illustrates our proposed framework, and the al-
gorithm is detailed in Algorithm 1. The joint optimization
of the policy, discriminator, and PAE forms a collaborative
framework. The agent samples a skill and strives to manifest
a distinct behavior; PAE extracts the robot’s motion trajectory
features to provide a more suitable similarity metric for
easier discrimination by the discriminator; the discriminator
then attempts to infer the sampled skill and provides reward
signals for the policy to diversify its skills.

IV. EXPERIMENTS
A. Experimental Setup

Simulation experiments are conducted on a 12-DOF
quadruped platform, the Unitree Al. To facilitate successful
sim-to-real transfer, we employ domain randomization [35]
by varying training conditions to account for real-world
uncertainties. Specifically, we randomize ground friction,
restitution, base and link masses, action delays, and mo-
tor torques, and introduce random velocity disturbances to
simulate external force perturbations, thereby enhancing the
robustness of the model.

Our FLSD framework is compared with the following
baselines in learning diverse locomotion skills in simulation:

o DIAYN [15]: This method discovers diverse skills by
maximizing the reward as shown in Eq. 11, with the
discriminator observation consisting of motion observa-
tion and robot position.

e CASSI [13]: This method extracts diverse skills from
unlabeled robot motion data, with the total reward
function including diversity reward similar to Eq. 11,
imitation reward and regulation terms.

o DOMINIC [32]: This method leverages a CMDP formu-
lation to make a trade-off between diversity and task per-
formance, aiming to maximize diversity while satisfying
task-relevant constraints. It first trains an expert policy
by maximizing extrinsic rewards and then maximizes
the intrinsic diversity reward, provided the extrinsic
rewards remain above a certain threshold. The intrinsic
reward is the minimum squared distance between feature
expectations of different skills and the extrinsic reward
includes task reward, style reward and regulation terms.

o CASSI w/o ER: This method removes the imitation
reward and the regulation terms in CASSI, only maxi-
mizing the diversity reward.

« DOMINIiC w/o ER: This method removes the task
reward and the regulation terms in DOMIiNiIC, only
maximizing the diversity reward.

We introduce two metrics to compare our proposed method
with the baselines. The first one is the state coverage met-
ric, where a broader state space covered by the learned
skills indicates a higher level of skill distinctiveness and,
consequently, enables the robot to execute a more diverse
array of tasks. The second one is the motion jitter, which is
based on the power spectral density (PSD) analysis of joint

Fig. 3. Motion sequences of various skills. Each row illustrates the
motion sequence corresponding to a distinct skill, with the robot performing
movements at a specific velocity and posture.

velocities. While total energy consumption is task-dependent
and unsuitable for directly assessing skill quality, the PSD’s
frequency-domain distribution effectively characterizes pol-
icy performance: concentrated low-frequency power density
reflects the efficacy of planned motions, whereas suppressed
high-frequency power density demonstrates smoothness in
the joint actuation commands generated by the control policy.

B. Skill Discovery

The typical skills discovered by our algorithm are shown in
Fig. 3, including movements with different postures, varying
linear and angular velocities and three-legged locomotion.

We set H = 51, N = 50 and train the policy with
Proximal Policy Optimization (PPO, [36]) for 50000 itera-
tions consisting of 120 simulation steps with 2000 parallel

TABLE I
STATE SPACE COVERAGE

lin. vel. x (m/s) lin. vel. y (m/s) lin. vel. z (m/s)
max min max min max min
FLSD 0.94 -1.47 1.26 -1.41 1.27 -1.10
DIAYN 1.35 -1.07 0.79 -0.88 0.92 -0.98
CASSI 2.11 -0.09 0.41 -0.36 2.92 -2.83
DOMINIC  2.24 -0.72 1.15 -1.13 0.96 -1.09
CASSI
wio ER 0 0 0 0 0 0
ang. vel. x (rad/s)  ang. vel. y (rad/s)  ang. vel. z (rad/s)
max min max min max min
FLSD 19.97 -22.53 8.02 -1.97 8.63 -9.55
DIAYN 15.61 -15.62 7.72 -7.53 5.99 -6.51
CASSI 0.25 -0.31 0.87 -1.30 0.15 -0.11
CASSI
wio ER 0 0 0 0 0 0
base height <I.n) coverage rate (%o)
max min
FLSD 0.40 0.09 60.00
DIAYN 0.31 0.10 25.70
CASSI 0.34 0.10 11.41
CASSI
wlo ER 0.20 0.10 0.12
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Fig. 4. State space coverage. We collected the linear velocity, angular
velocity and base height of the trajectories executed by each skill. Then
we normalized the data in each dimension and represented the data of each
dimension with a specific color.

environments in Isaac Sim [37]. The control frequency of the
policies is 50 Hz in simulation. For the baselines, we employ
the same Unitree Al simulation environment configuration
and use the corresponding default parameter settings.

We evaluate the state coverage on the robot’s linear ve-
locity, angular velocity and base height. For each skill with
a survival time exceeding 500 steps, a complete trajectory
is executed to collect the visited states, which are then
normalized in each dimension. The normalized state space
is discretized with a step size of 0.5, and then we calculate
the ratio of the discretized grid cells visited by the collected
states. Fig. 4 and Table I show that our FLSD outperforms the
baseline in state space coverage across almost all dimensions
and improves the state space coverage by 133%, 426%, 680%
respectively compared to DIAYN, CASSI and DOMIiNiC.
Both CASSI and DOMiNiC exhibit poor state coverage in the
angular velocity dimension. CASSI w/o ER only generates
skills that keep the robot static in different postures and
DOMINiC w/o ER does not generate skills with a survival
time exceeding 500 steps. DIAYN demonstrates relatively
broader state space coverage across most dimensions, yet it
still underperforms compared to FLSD. Since DOMiNiC w/o
ER failed to generate a single executable skill, its state space
coverage result is not included in Table I.

We collect the joint angular velocity trajectories from
various skills, with their power spectral density (PSD) com-
puted through discrete Fourier transform (DFT). This yields
frequency-specific PSD distributions across the spectrum.
Fig. 5 displays a representative joint’s PSD distribution,
with other joints demonstrating comparable spectral charac-

TABLE II
HIGH FREQUENCY POWER RATIO

FLSD
199.754:24.58

DIAYN
448.07+38.14

CASSI
16.71+0.61

DOMINiC
6.47£0.04

ratio (%o)

Fig. 5. Power Spectral Density Distribution of Angular Velocity. The red
line indicates the median, the blue dashed line represents the lower quartile
(Q1), the green dashed line represents the upper quartile (Q3), and the gray
shaded area spans the Sth to 95th percentile range. The decibel (dB) scale
is referenced to 1 (rad/s)?/Hz.

teristics. Table II presents the ratio of power in frequency
components above 10 Hz to the total power across joint
velocity trajectories generated by each algorithm. Compared
to DIAYN, our FLSD reduces high-frequency power by 73%.
However, there remains a significant gap in high-frequency
suppression performance when compared to CASSI and
DOMINiC, which incorporate multiple regularization terms.

We employed t-SNE to project the robot states generated
by different skills onto a two-dimensional plane. As shown
in Fig. 6, some of the skills discovered by FLSD show simi-
larities to those discovered by the baselines, while the styles
of the skills identified by our method are more consistent
and easier to distinguish, with the trajectories of each skill
clustering together more tightly.

Fig. 6. T-SNE visualization for each skill. The same color indicates results
generated by the same algorithm, while the shade of the color represents
different skill trajectories.
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Fig. 7. Hardware demonstration of skill execution on the Unitree Al. The robot is instructed to track velocity commands.

C. Composition of Skills for Downstream Tasks

Our model does not incorporate task-specific reward func-
tions during training. To accomplish downstream tasks, we
adopt a hierarchical reinforcement learning framework: the
trained model serves as the low-level controller, while a
high-level controller is trained with task-specific reward
functions. At each step, the high-level controller outputs a
probability distribution over skills, from which the skill with
the highest probability is selected and executed by the low-
level controller. The low-level controller then generates the
corresponding actions conditioned on the selected skill.

We adopt the locomotion task from [9] as the downstream
task, where the quadruped robot is required to track velocity
commands. The design of the reward function and the con-
figuration of the training environment are consistent with [9].
We evaluate three training paradigms:

o FLSD-L: using the controller trained with FLSD as the

low-level controller.

o DIAYN-L: using the controller trained with DIAYN as

the low-level controller.

o Scratch: training the model from scratch.

Fig. 7 illustrates that, under the control of the high-level
controller, our robot successfully tracks the given velocity
commands. Fig. 8 shows that FLSD-L achieves a faster
convergence rate, indicating that the policy trained with our

Fig. 8. Learning curves. The results show that FLSD-L achieves the fastest
convergence.

method can effectively serve as a low-level controller for
executing downstream tasks.

V. CONCLUSION

In this work, we propose FLSD, a novel framework that
leverages spatio-temporal state representations to measure
skill diversity while implicitly modeling the temporal phase
coherence of states within trajectories. The results show that
our FLSD enhances the smoothness of state transitions and
achieves broader state space coverage compared to the base-
lines. Our algorithm employs a simple mutual information-
based reward function, enabling a unified policy to execute
diverse state transition patterns. Through a hierarchical re-
inforcement learning framework, our model can serve as a
low-level controller to execute downstream tasks.

In future work, we aim to advance skill discovery quality
while limiting the reliance on expert knowledge, enabling al-
gorithms to autonomously discover richer and more dynamic
skill repertoires through self-guided exploration.
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