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Abstract

This work presents a novel framework for continuous skill learning tailored for the ANY-
mal quadruped robot. The proposed approach leverages the principles of skill decom-
position, recombination, and refinement to enable the robot to efficiently acquire, adapt,
and generalize new motor skills by building on past experiences. To achieve this, various
sequence models, including Long Short-Term Memory (LSTM), Gated Recurrent Units
(GRU), and state-space models, are explored for encoding skills within a continuous latent
space. Additionally, a Partial State-Conditioned Flow Adapter is introduced to structure the
latent space, enabling more efficient exploration and skill selection during policy learning.

The core contribution of this work is the development of a two-tier policy architecture,
which integrates a skill latent policy that uses previously learned skills with a refinement
policy designed to fine-tune and adapt these skills to new tasks and environments. Empir-
ical validation is conducted across a diverse set of terrains, both seen and unseen during
training, demonstrating the robot’s ability to refine its skills dynamically and efficiently.

This research has the potential to advance the field of continuous learning in robotics,
providing new insights into lifelong learning, skill representation, and the potential appli-
cations of structured latent spaces for enhancing robotic adaptability and performance in
complex environments.






Symbols

Symbols

Vp Base linear velocity

Wh Base angular velocity

b Projected gravity

Df Position command

Py Heading command

12 Time left to target

Qt, Gt Joint positions and velocities
ag—1 Decoded joint command of previous step
h Heightmap scan (2m x 1m)
Zt—1 Skill latent of previous step

Acronyms and Abbreviations

NVP Non-Volume Preserving
SSM State Space Model

RNN Recurrent Neural Network
LSTM Long Short-Term Memory
GRU Gated Recurrent Units
MLP Multilayer perceptron

FA Flow Adapter

SLM Skill Latent Model
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Chapter 1

Introduction

Humans and animals possess a remarkable ability to continually acquire, refine, and trans-
fer knowledge and skills throughout their lives. This ability to learn and adapt enables
them to respond effectively to changing environments and new challenges, increasing their
chances of survival [1, 2]. For instance, humans constantly learn new skills for various roles
or adapt to new tools and technologies, often leveraging previously acquired knowledge to
accelerate this process. Quick learners, in particular, excel at integrating new information
by drawing on their existing knowledge base, demonstrating a capacity for rapid adaptation
and flexible thinking.

In the realm of robotics and artificial intelligence, the most effective agents should sim-
ilarly be capable of ongoing learning and adaptation. An ideal robotic or artificial agent
would not merely learn fixed tasks; instead, it would continuously improve and adapt, re-
taining what it has learned while also discerning when and how to apply this knowledge
effectively. Such an agent would be able to learn dynamically, much like a quick learner in
humans, constantly updating its knowledge base and adapting to new circumstances.

This thesis aims to develop a framework for continuous skill learning from an egocentric
perspective, focusing on the ANYmal quadruped robot. The objective is to leverage recent
advances in representation learning, sequence modeling, and lifelong learning to create a
system that mimics the adaptability and continuous learning capabilities observed in bio-
logical organisms. Specifically, the proposed approach seeks to enable the robot to acquire
new skills by building on past experiences and refining its skills based on new understand-
ing of tasks, thereby integrating both new and existing knowledge effectively.

1.1 Background

Continuous Learning. Building continuous learning machines has been a long-standing
goal [1, 3], with key features including the ability to transfer and reuse knowledge to adapt
rapidly to novel environments without extensive retraining. A continuous learning sys-
tem should support both forward and backward transfer of information. Forward transfer
refers to the ability of previously learned knowledge to facilitate the acquisition of new
knowledge, enabling the application of mastered skills to new tasks. In contrast, backward
transfer occurs when learning new tasks enhances performance on previously learned, re-
lated tasks. This ability to refine and leverage existing knowledge is crucial for robust
and efficient continuous learning. Additionally, continuous learning systems must address
catastrophic forgetting, where neural networks overwrite prior knowledge when trained on
new data, and exploit task similarities to accelerate learning and improve generalization. In
this study, we aim to develop a continuous skill learning framework for the ANYmal robot,
striving to achieve the beneficial properties of a continuous learning system.



Chapter 1. Introduction 2

Legged Locomotion. Legged locomotion has experienced significant advancements in
the past decade, particularly in the domain of learning-based methods. This progress has
been driven by the convergence of several key factors: the rise of deep learning, the rapid
development of high-fidelity and efficient physics simulators, and the availability of robust,
affordable hardware. On-policy deep reinforcement learning algorithms, such as TRPO
and PPO, have been especially effective in generating robust and agile locomotion behav-
iors for quadrupeds, often surpassing traditional model-based approaches. Researchers are
integrating exteroceptive data, such as LiDAR, camera, directly into control policies, en-
abling robots to navigate complex, unstructured terrains. Moreover, techniques like domain
randomization, system identification, and domain adaptation are helping bridge the sim-to-
real gap, facilitating the successful transfer of learned policies to physical robots. However,
there are still open challenges, including efficient skill discovery, navigating increasingly
difficult environments, safe and reliable deployment of these advanced robots, etc.

ANYmal Robot. ANYmal is a series of highly capable quadruped [4], in this work we
build our method around the ANYmal D which weighs around 55 kg and has 12 series
elastic actuators each producing up to 85 Nm.

Sequence Models. Recent advancements in sequence modeling have largely been driven
by two major classes of models: recurrent neural networks (RNNs) and attention-based
models. Among RNNs, Long Short-Term Memory (LSTM) networks [5] and Gated Re-
current Units (GRUs) [6] have been particularly influential due to their ability to mitigate
the vanishing and exploding gradient problem [7, 8] and maintain memory over relatively
longer sequences. By incorporating mechanisms such as gating and memory cells, LSTMs
and GRUs enable the retention and manipulation of information over extended sequences,
effectively capturing long-range dependencies that are crucial for tasks like language mod-
eling, speech recognition, and time series prediction.

In the context of sequence models, a critical trade-off exists between efficiency and
effectiveness, defined by the model’s ability to compress its state. Efficient models are
characterized by a compact state, while effective models maintain a state that encapsu-
lates all essential information from the context. Attention-based models, most notably the
Transformer [9] architecture, have revolutionized sequence modeling by fundamentally al-
tering how information is processed and represented. Transformers utilize self-attention
mechanisms to directly model dependencies between all elements of a sequence, regard-
less of their distance, thereby dispensing with the sequential processing nature inherent
to RNNs. The ability of attention mechanisms to capture global context has led to their
widespread adoption in a variety of applications, especially in natural language processing
(NLP) [10, 11], computer vision [12, 13], and more recently, in the modeling of discrete
sequences in bioinformatics like proteins [14]. However, while Transformers excel in cap-
turing global dependencies in discrete and structured data, they are less suited for continu-
ous signals [15, 16] and relies on customized tokenizers for specific use cases [17, 18] and
suffer from quadratic complexity in sequence length.

1.2 Problem Formulation

In this work, we formulate continuous skill learning as an ongoing process of adaptation
and refinement. The agent initially applies its previously learned skills to new tasks or en-
vironments and then refines these skills based on updated insights. This process mirrors
the learning behaviors observed in egocentric agents, such as humans and other living or-
ganisms. By leveraging past knowledge, the agent enhances its adaptability and efficiency
in acquiring new skills.

The goal of this thesis is to develop a framework for continuous, egocentric skill learning.
The framework is structured around the following key principles:



3 1.3. Related Work and Proposed Framework

1. Skill Decomposition: Each skill can be broken down into smaller components, or
"skill snippets" with certain horizon length which represent the fundamental building
blocks of more complex skills.

2. Skill Snippet Recombination: New and more complex skills are formed by recom-
bining these basic skill snippets, allowing the agent to adapt flexibly and creatively
to different tasks.

3. Leveraging Past Experiences: Utilizing previously acquired skills enables the agent
to quickly adapt to new environments. This starting point accelerates the learning
process, even when existing knowledge is insufficient to fully solve new tasks.

4. Continuous Refinement: After applying prior experience to a new task, the agent
continues to improve its skills, leading to greater rewards and adaptability. This
ongoing refinement is crucial for enhancing long-term performance.

We will show in the following chapters how we incorporate these principles into the
design of continuous skill learning framework for ANYmal robot.

1.3 Related Work and Proposed Framework

The framework for continuous skill learning in this work is illustrated in Figure 1.1. This
process is guided by the principle of learning from past experiences and refining based on
those experiences and refining of learning with a episodic memory [19]. The accumulated
knowledge from past interactions is encoded in a skill latent model, which is then used as
a foundation for ongoing learning and refinement to conquer new tasks.

Skill Latent Policy Execution logs

New task Learning based on past Refinement Policy Logging {(sp,a, 7}
experiences .
Residual action / learned {S o[ }
action blending 20 42,72
Modify Filter & selection

Figure 1.1: The continuous skill learning framework consists of three components: a skill
latent policy that learns from past experiences, a refinement policy that adapts the skill
latent policy’s output to the current environment, and a periodic log memory for storing
execution logs that may be useful for future learning.

When presented with a task, the agent within the continuous skill learning pipeline ini-
tiates by deriving a skill latent policy informed by the skill latent model (as detailed in
Section 4.3.1). Subsequently, a refinement policy is employed to enhance the performance
of the skill latent policy. This refinement is achieved either through the modulation of pa-
rameters within the skill latent policy or by the direct application of residual actions to its
output. Once the task is completed, the execution logs are recorded. A portion of these logs
is then used to fine-tune either the flow adapter or the skill latent model. The flow adapter,
being parameter-efficient, is lighter, whereas the skill latent model is more computationally
intensive.

Our work is closely related to skill learning, quadrupedal locomotion learning, motion
representation learning, and lifelong learning in general. Specifically, we take inspiration
from the work in the skill prior and skill embedding community and build a framework
around some of the core ideas from skill learning, and delved further into the representation
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learning aspect of skill embedding (skill latent in our work), and further investigate the
limitation and potential lifelong learning aspect of the framework.

Skill embedding and Skill prior. Skill-Prior Reinforcement Learning (SPiRL) [20] is a
pioneering work that proposes a deep latent model to jointly learn an embedding space of
skills and a skill prior from offline agent experience. This approach significantly accelerates
the learning of downstream tasks by leveraging previously learned skills. SPiRL learns a
continuous skill embedding using a deep latent variable model, encoding a sequence of ac-
tions into a low-dimensional skill space. It further learns a skill prior, which is a conditional
probability of a skill latent given some conditioning factors like environment, goals, or sen-
sory information. This prior guides exploration and decision-making in downstream tasks,
focusing on more promising areas of the skill space. Another relevant work, ReSkill [21],
builds upon SPiRL by introducing a state-conditioned skill prior and a low-level residual
policy. The state-conditioned prior improves exploration efficiency by sampling relevant
skills based on the current state. The residual policy allows for fine-tuning skills to adapt
to unseen task variations, enhancing robustness and flexibility. Hausman et al. [22] in-
troduces an entropy-regularized policy gradient formulation for hierarchical policies and a
data-efficient off-policy gradient algorithm. This approach learns a skill embedding space
where skill clusters are encouraged to cover the space, promoting versatility and transfer-
ability.

Quadrupedal Locomotion Learning. Policies Modulating Trajectory Generators [23]
introduce an approach that combines a policy with a parametric trajectory generator for
quadrupedal gaits. This allows the policy to modulate trajectory parameters and directly
output control commands, enabling adaptable speed and robust walking behaviors with
minimal sensory input. Hierarchical reinforcement learning has been adopted in several
works [24, 25, 26], where multiple expert policies are trained—often through imitation
learning or carefully designed reward functions. A high-level policy is then trained to
coordinate and switch between these expert policies. While this approach is effective and to
some extent scalable, it relies on smooth and rapid transitions between policies to maintain
responsive and fluid actions, and if additional policies are introduced or existing ones are
modified, the high-level policy requires retraining to ensure cohesive integration of the
updated policy set.

Motion representation learning. Motion representation learning plays a crucial role in
enabling robots to acquire, refine, and generalize complex movements. A central chal-
lenge in this field is determining the most effective representation for diverse tasks, en-
compassing both locomotion and manipulation. Current approaches can be broadly cat-
egorized into physics-based and kinematics-based methods. Physics-based motion latent
spaces often utilize adversarial learning or motion tracking to form latent representations of
movements. Adversarial methods, as exemplified by ASE [27], learn to generate realistic
motions by mapping noise to behavior through a discriminator network. However, these
methods can be limited in their ability to represent diverse skills. Explicit motion tracking
approaches, such as ControlVAE [28] and NPMP [29], train models to reconstruct motion
capture data, typically using imitation learning in conjunction with reinforcement learn-
ing. These methods can struggle with generalization to novel tasks or environments. A
recent work [30] proposes a universal humanoid motion representation by distilling knowl-
edge from an imitator trained on a large-scale motion dataset, demonstrating the potential
for learning general-purpose motion representations. On the other hand, Kinematics-based
motion representations learn representations directly from data without relying on physics
simulation. Alternatively, approaches like PAE [31] and FLD [32] compress motions into
periodic latent spaces, leveraging the inherent periodicity of many movements. These
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kinematic representations offer computational efficiency but can struggle with represent-
ing complex interactions with the environment.

1.4 Contributions

This contributions of this work is mainly divided into four folds:

* A framework for continuous, egocentric skill learning: This framework, tailored for
the ANYmal quadruped robot, integrates concepts ok skill decomposition, recombi-
nation, and refinement, enabling the robot to adapt and learn new skills efficiently by
leveraging past experiences.

» Exploration and evaluation of three types of sequence models for skill encoding:
LSTMs, GRUs, and state-space models like S4D, for encoding skill "muscle mem-
ory" within a continuous latent space. Implementation of a Partial State-Conditioned
Flow Adapter that leverages Normalizing flow to transform the skill latent space into
a more structured and policy-friendly latent space. This adapter aids in efficient ex-
ploration and context-aware skill selection during policy learning.

* Development and evaluation of a combined skill latent and refinement policy: The
thesis presents a two-level policy architecture that combines a skill latent policy,
leveraging previously learned skills, with a lightweight refinement policy for fine-
tuning and adapting those skills to new tasks.

» Empirical validation of the framework on various terrains: The effectiveness of the
proposed framework is demonstrated through its ability to learn and refine locomo-
tion skills across diverse terrains, including both seen and unseen environments.

1.5 Thesis Organization

The main content of this work is structured into following chapters, each addressing a key
component of the research on continuous skill learning for the ANYmal robot.

In Chapter 1 we introduce the motivation and scope of this research, and the core prob-
lems this thesis addresses, specifically in terms of developing a framework for skill learning
that operates efficiently in latent space.

In Chapter 2 we delve into the design of skill latent model, which encodes skill snippets
into a continuous latent space. The chapter describes how this model leverages sequence
models such as LSTM, GRU, and state-space models to capture the temporal dynamics of
motor skills. A comparison between these models is provided, detailing their respective
strengths and limitations, empirical results are given on the hyperparameters for training.

Chapter 3 introduces the flow adapter, a lightweight and parameter-efficient mechanism
designed to fine-tune the skill latent space. The flow adapter guides the policy toward
relevant skill latents, making exploration more focused and computationally efficient. By
modifying the latent space based on the partial state of the robot, it reduces the need for
extensive retraining of the skill latent model. The theoretical basis for the flow adapter is
discussed, followed by empirical results on the hyperparameters for training.

Chapter 4 integrates the components described in earlier chapters - the skill latent model
and flow adapter, into a unified skill latent policy. Together with a lightweight refinement
policy, this framework is used to train policies that operate both in the skill latent space and
in low-level action spaces, facilitating efficient learning and adaptation to new tasks. The
chapter provides a detailed explanation of how policies are trained, alongside experimental
results that evaluate the system’s performance across various terrains. Comparisons with
baseline methods are presented, demonstrating the advantages of the proposed framework
in terms of both learning speed and adaptability.
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Chapter 2

Skill Latent Model with Sequence
Models

Our method models skill learning in two stages: first, by searching within the original
muscle memory space, and second, by recombining, refining, and building upon these
learned muscle memories. This chapter focuses on how we model the latent space for
encoding these acquired muscle memories for future learning.

2.1 Overview

The skill latent model is designed to encode “muscle memory” for skills within a con-
tinuous latent space. When learning a new task, the model navigates this latent space to
determine if parts of existing skills can be applied to the new problem. Thus, the skill la-
tent model must effectively represent skills in a way that facilitates both exploration and
learning by the policy network. This requires careful design of the model architecture and
the selection of suitable loss functions to ensure that the skill representations are robust and
adaptable.

2.2 Design and Implementation

The skill latent model adopts an encoder-decoder architecture, where the input signal is first
compressed into a lower-dimensional latent space and then reconstructed to approximate
the original input data as closely as possible.

From this point onward, we will refer to the agent’s partial state as s, which in our
design comprises joint positions, joint velocities, and the current gravity direction.
This notation will be frequently used in the following designs of skill latent model
(this chapter) and flow adapter (in Chapter 3).

All skill action data in the dataset is segmented into time series with a defined hori-
zon length, H. Each segment, or “skill snippet,” is represented as * = {a1,az,...,an},
where each step a; consists of a joint target position command obtained from policy roll-
outs. Given a skill snippet of length H, the recurrent encoder processes the input sequence
according to the specific type of RNN used and generates a skill latent variable z through
variational autoencoding. This latent variable z encapsulates the entire skill snippet in a
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compressed form. Subsequently, the skill latent z serves as the input to the recurrent de-
coder, which reconstructs the sequence by decoding it step-by-step.

2.2.1 LSTM and GRU as RNN

The vanilla version of the skill latent model relies on two well-established variants of re-
current neural networks (RNNs): Long Short-Term Memory (LSTM) networks and Gated
Recurrent Units (GRUs). Both LSTM and GRU models have been extensively studied and
are widely recognized for their ability to effectively maintain and update a hidden state over
time, which is crucial for modeling skill data with a horizon length.

Long Short-Term Memory. An LSTM cell maintains two states: the hidden state h;
and the cell state ¢;, and cell state acts as a memory and preserves information over long
context, while the hidden state provides a representation of the output for the current time
step. Each LSTM cell computes

i = o(Wixy + big + Whihe—1 + bpy)
Ji=0(Wipzy +big + Whrhi—1 + buy)
= tanh(Wigxt + big + Whghtfl + bhg)

2.1)
Or = U(Wiozt + bio + Whohi—1 + bho)
= [t Oc—1+it O
ht = oy © tanh(c;)
where ;, f;, 9, 0; are the input, forget, , and output gates, respectively. h; is the hidden

state at time ¢, ¢, is the cell state at time ¢, x; is the input at time ¢, h;_; is the hidden state
of the layer at time ¢ — 1 or the initial hidden state at time 0. o is the sigmoid function, and
©® is the Hadamard element-wise product.

Gated Recurrent Unit. GRU is a simpler variant of the LSTM designed to achieve sim-
ilar performance while reducing computational complexity, each GRU cell computes

Ty = U<Wir$t + bir + Whrh(tfl) + bh?‘)
= O—(Wizxt + bzz + thh(t—l) + bhz)

2.2)
ny = tanh(Winas + bin + 170 © (Whnh—1) + bnn))
he=(1—=2)0n + 2 ©hg_y

where 7, =, n; are the reset, , and new gates, respectively. h; is the hidden state at

time ¢, z; is the input at time ¢, h;_1) is the hidden state of the layer at time ¢ — 1 or the
initial hidden state at time 0. o is the sigmoid function, and ® is the Hadamard element-
wise product. Thus, the state is maintained only by the hidden state, reducing the number
of parameters compared to the LSTM.

Building the Model. For the sake of clarity, we first show how to construct the skill latent
encoder-decoder utilizing LSTM or GRU units as the foundational RNN building blocks,
as depicted in Figure 2.1. The encoder processes the action at each time step, a;, and prop-
agates the hidden state to the next step. Depending on the chosen RNN architecture, either
the cell state c; of the LSTM or the hidden state h; of the GRU is maintained throughout
this process. The final hidden state is then used as a compact representation of the entire
sequence. For the variational autoencoding component, we employ two Multi-Layer Per-
ceptrons (MLPs) to map this sequence representation into two vectors, x (mean) and o
(standard deviation), capturing the probabilistic nature of the latent space. This approach
allows the model to learn a compressed, informative representation of the input sequences.
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Figure 2.1: Structure of skill latent encoder-decoder. From left to right means time un-
rolling direction

Additionally, we keep the option of incorporating a 3-VAE framework, which introduces
a tunable hyperparameter [ to balance the trade-off between reconstruction fidelity and
latent space regularization. By adjusting (3, we can potentially enhance the disentanglement
of the learned latent representations, providing flexibility to tailor the model’s learning
dynamics as needed. In literature that utilize 8 hyperparamters, usually the value is set to
a relatively small value to ensure reconstruction quality while still making sure the latent
space is still well regularized.

During decoding, the latent variable z is concatenated with the robot’s initial state s,
serving as a conditioning input to the RNN decoder at each time step. This conditioning
with s; ensures that the decoder maintains awareness of the initial context, which is crucial
for reconstructing future actions based on the initial state. For subsequent time steps, the
RNN decoder takes the previous hidden state and continues to use the concatenation of z
and s; as input. This setup results in the output being the predicted action a; at each time
step.

2.2.2 State Space Models as RNN

State Space Models (SSMs) [15] have emerged as powerful sequence modeling frame-
works, particularly effective for tasks requiring the handling of long-range dependencies [33].
These models are designed to parameterize transformations between time series signals,
u(t) — y(t), drawing on concepts from classical control theory and signal processing.
In machine learning, SSMs have been successfully adapted to function as RNNs, lever-
aging their natural ability to model temporal dynamics through an evolving internal state
representation.

The foundational framework of SSMs as sequence models is often grounded in the prin-
ciples of Linear Time-Invariant (LTT) systems. An LTI system is defined by a set of linear
differential equations that govern the evolution of a latent state x(¢) over time. The general
mathematical representation of an SSM in the context of an LTI system is given by:

2’ (t) = Ax(t) + Bu(t),

y(t) = Ca(t) + Du(t), @3

where the input signal u(¢), a one-dimensional function, is mapped to an N-dimensional
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latent state x(¢) and subsequently projected back to produce the output signal y(¢) with
state transition matrix A € RV*N input matrix B € RAX1 output matrix C € RIXN,
and feedthrough matrix D € R.

In recent developments within machine learning, SSMs are parameterized by matrices
A, B, and C, while the matrix D is frequently omitted [15, 34]. The term Du(¢) can
be interpreted as a skip connection that directly propagates the input signal to the output,
enhancing model flexibility and reducing redundant parameterization. It has been shown
that naively instantiate matrix A does not perform well [35] and the optimization of the
state matrix A in SSMs usually leverages the HiPPO (High-order Polynomial Projection
Operators) framework [36]

HiPPO defines a class of matrices specifically crafted to efficiently capture and maintain
information about continuous functions. By initializing A with HiPPO matrices, SSMs
demonstrate strong performance in retaining long-range dependencies over extended se-
quences.

Applying to the discrete input signal (ug, w1, us,...) instead of continuous input func-
tion like u(t), the state space model in Equation (2.3) should be discretized with a step size
parameter A which serves as the resolution of the input and the discrete inputs uy, as an im-
plicit sampling of the continous signal u(t) at time kA, i.e. ux, = u(kA). The discretization
of SSMs can be achieved through various methods, such as the forward/backward Euler,
Zero-Order Hold (ZOH), or bilinear (Tustin) discretization [37], which approximate the
continuous dynamics using finite differences. After applying discretization (here we use
bilinear), the SSM formulation becomes

zp = Azj_1 + Buy,

yk:CIka

_ A -1 A

A:<I—2-A> <I+2-A>, 4
—1

B—<I—§~A> AB,

Cc=C.

And the discretized formulation can now be viewed as a recurrence in xj resembling a
RNN. The recurrent formulation Equation (2.4) is not practical for training on modern
hardware due to its sequential nature, and the convolutional form is often used to make SSM
easy to train with modern hardware. By unrolling the discrete formulation Equation (2.4)
and let the initial state be x_; = 0, we can have

xTo = Euo; T = ﬁuo + Eul; To = K2§u0 + ﬁul + Euz;
yo = CBug; 31 = CABug+ CBuy; 3o = ﬁ2§u0 + CABu; + CBuy;
(2.5)
thus can be formulated as a convolution operation
yv = CA Bug+CA" 'Buy + -+ CABuj,_1 + CBuy
y=Kx*u (2.6)
K - (CB,CAB,...,CA"'B).

where the SSM convolutional kernel K € R” can be computed efficiently using the fast
Fourier transforms (FFTs).

Structured State Space Sequence Models (S4). While State Space Models (SSMs) with
HiPPO matrices are highly effective at capturing long-range dependencies, they often incur
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significant computational costs, particularly due to repeated matrix multiplications involv-
ing A, as seen in Equation (2.6). To address these computational challenges, the Structured
State Space Sequence Model (S4) [15] introduces a more structured and efficient param-
eterization. A key innovation in S4 is the use of the HiPPO-LegT (Legendre Transform)
basis, which is designed to approximate continuous functions by projecting them onto a se-
quence of Legendre polynomials. This transform is adapted to align better with the discrete
settings of sequence modeling. The HiPPO-LegT state matrix A is defined as follows:

2n+ Y22k +1)Y2 ifn >k
A =—{n+1 itn =k 2.7
0 ifn < k.

Furthermore, S4 incorporates a decomposition of the state matrix A into a Normal Plus
Low-Rank (NPLR) form:
Ass = Ax — PssQqy, (2.8)

where AN represents the normal (diagonalizable) component, and PS4 and Qg4 are the
low-rank components. This parameterization improves computational efficiency by reduc-
ing the complexity of matrix operations. The full paramterization of this NPLR represen-
tation is

A=VAV* —PQ' =V (A - (V'P)(V'Q)*) V", (2.9)

where V. € CN*¥ is the unitary matrix that diagonalizes A, A is the diagonal matrix
of eigenvalues, P, Q € RY*" are the low-rank factors, with r representing the rank (for
HiPPO-LegT, » = 1). Thus, the total number of parameters in the S4 layer consists of the
diagonal matrix A and the vectors P, Q, B, C € CN*!. This results in a total parameter
count of 5N, making S4 computationally efficient while still capable of modeling long-
range dependencies effectively. S4 operates with H independent 1-dimensional SSMs,
each processed by an independent S4 mapping. The outputs from these mappings are then
combined using a position-wise linear layer, followed by a non-linearity layer to produce
the final result.

S4D (Diagonal version of S4). A further exploration based on S4 state space models
led to the development of S4D [38], a diagonal version of S4. S4D achieves comparable
performance to S4 by restricting the state matrix to be fully diagonal (removing the low
rank term in Equation (2.8), significantly simplifying the implementation and computation.
The diagonal initialization, such as in S4D-Inv given by:

1 N N

where the real part controls the decay rate, and the imaginary part governs oscillatory be-
havior. This structured initialization ensures the system remains stable while effectively
modeling long-range dependencies. Similar to S4, S4D operates with H independent 1-
dimensional State Space Models (SSMs), where each SSM processes the input sequence
independently. The outputs of these individual SSMs are then combined through a position-
wise mixing layer, which plays a crucial role in aggregating the information from multiple
SSMs. The mixing layer is a linear transformation applied to the outputs at each position
of the sequence, allowing the model to integrate contributions from each SSM and produce
a unified output.

Building the Skill Latent Model with S4D. We adopt the same encoder-decoder plus
variational bottleneck structure as described in Section 2.2.1, with the core components
replaced by the S4D model, as shown in Figure 2.2. In this architecture, the input is first
transformed into a higher-dimensional space using a linear layer, then processed by the S4D
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Figure 2.2: S4D Encoder structure. Inspired by the visualization in [16], the input of
dimension H is processed by H parallel SSMs. For non-linearity, GeLU [39] is employed.
Mixing layer is applied to mix outputs from these H SSMs.

layer. A residual connection is applied, followed by normalization and down-sampling. It
is important to note that the input includes a dimension corresponding to sequence length.
Since the aim is to produce a latent vector independent of the sequence length (i.e., en-
coding the entire sequence into a single latent vector, similar to extracting the final hidden
state or memory state in previous models), the last step of the sequence output is used to
represent the entire encoded sequence, which is then passed into the variational bottleneck.

After obtaining this final representation of the entire skill sequence, the latent vector is
duplicated along the sequence length dimension and concatenated with the initial state s;
(similar to Section 2.2.1. This concatenated representation, which now includes both the
repeated latent vector and the state, serves as the input to the decoder. By this design, we
ensure that the decoder has access to both the full skill sequence representation and the state
information across all time steps, enhancing the model’s ability to reconstruct the original
sequence.

It’s worth noting that by adopting this approach, we avoid materializing the intermediate
hidden states within the S4D layer, which are represented as complex numbers and would
be computationally expensive to store and manipulate in the convolutional setup. Instead,
by using only the last step output to summarize the sequence, the computational complexity
and memory demands are significantly reduced.

The complete encoder-decoder structure, incorporating the variational bottleneck, is pre-
sented in Figure 2.3.

Sidenote: It’s also worth mentioning that, while we assume the encoder and
decoder use the same base model in this section, the interface between the
encoder and decoder is designed in a unified manner, allowing them to be
used with arbitrary combinations. This flexible interface supports different
model architectures while maintaining compatibility. However, due to time
constraints in this study, we default to using matching encoder and decoder
models. Future work could explore a wider variety of combinations.

2.3 Training Skill Latent Model

The formulation of the training loss plays a crucial role in sequence learning, as it directly
impacts the effectiveness of the policy learning that follows. As we employ a variational
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Figure 2.3: Skill Latent Encoder-Decoder Structure with S4D. The encoder and decoder
share the same structure, where the encoder only takes the last step output before feeding it
into the variational bottleneck. The decoder takes the entire output as input, with the latent
vector duplicated along the sequence length dimension and concatenated with the state.

autoencoding bottleneck, our objective is to encode the latent representations in a contin-
uous space. Simultaneously, to ensure that the latent space maintains sufficient separation
between different skills, we incorporate a form of contrastive loss [40]. This approach en-
sures that distinct skills at different states are encoded separately, while similar skills at
similar states are clustered together, which facilitates more efficient policy network train-
ing. The overall loss function is therefore a weighted sum of the variational autoencoding
loss and the contrastive loss, expressed as:

Etotal = Evariational + Aﬁcontrastive (211)

Variational autoencoding loss. We adapt the standard loss function framework intro-
duced in the Variational Autoencoder (VAE) [41] and 3-VAE[42] to better suit our model
by incorporating additional conditioning on the initial state. The modified loss function is
expressed as:

£ (29,507,0,6) = —E- [logpy (7| 2,5 )] + 8 x Dicr, (a5 (2129 o (2)

Reconstruction Latent Regularization

(2.12)
In this formulation, the reconstruction term is modified to condition the reconstruction
of the input data z(*) not only on the latent variable ~ but also on the initial state s{".
This modification ensures that the decoder can leverage information from the first state
to improve the fidelity of the reconstruction, particularly in tasks where the initial state
carries significant contextual information. The latent space regularization term remains a
Kullback-Leibler (KL) divergence between the approximate posterior ¢, (2 | x(i)) and the
prior py(z), weighted by a factor 5. This term was designed to encourage the learned latent
distribution to stay close to the prior, promoting structured and interpretable latent spaces.
By adjusting 3, we can control the trade-off between reconstruction quality and latent space
regularization, aligning with the principles of the 5-VAE framework.

Contrastive loss. We build a state-based contrastive loss function that is designed to
guide the learning of latent representations by leveraging the similarities between state
inputs. The primary objective of the contrastive loss is to encourage high cosine similarity
between latent vectors whose corresponding state inputs are similar, while pushing latent
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vectors of dissimilar state inputs further apart. This approach ensures that the learned latent
representations reflect the structure and relationships present in the state inputs.

First, we define the key variables: z is the batch of latent vectors with z & RB*D |
where B is the batch size and D is the latent dimension, and s is the batch of state inputs,
with s € RB*4XH where d is the state dimension and H is the skill horizon. Cosine
similarity, denoted as sim(a, b) = W, is used to measure similarity between pairs of
vectors. We also introduce parameters such as the temperature 7, the positive similarity
threshold 0,,,, and the negative similarity threshold 0,,.,. We first normalize latent vectors

Si

as z; = 72y and state inputs as sh = 7o - The state inputs are then sampled to focus on a

Z4

limited horizon: s} = reshape(s} . | in(s. 1)) € R (min(5,H)) - After normalization, we
compute the latent similarity matrix S, (7, j) = sim(z], 2;) and the state similarity matrix
Ss(i,j) = sim(s}, s7) . Using these similarity matrices, we define two masks: the positive
mask P(,j) = 1[Ss(¢, ) > Op0s) , which identifies pairs of states that are similar with a
threshold, and the negative mask N (4, j) = 1[Ss(4, j) < Oneg), which identifies pairs that
are dissimilar. For each latent vector z;, we compute the average positive similarity as
21 8:(4,§)-P(i,5) . B ..
Pos; — S i S P.9) > 0

0 if no positive pairs exist
and the average negative similarity as
Neg; = S N (i) if Y25 N(i,j) >0

0 if no negative pairs exist

The logits for each sample are constructed as L; = [@, N%} € R?, where Pos; € R
is the average positive similarity, Neg, € R is the average negative similarity, and 7 is the
temperature parameter. The label Y; = 0 is set to indicate that the model should maximize
the positive similarity (the first element in the logits vector). Thus, for a batch of size
B, the logits matrix L will have dimensions L € RB*2 where each row corresponds to
the positive and negative similarity scores for each sample. The final contrastive loss is

computed as the cross-entropy between the logits and the target labels:

B
1
L contrastive = 5 Z CrossEntropy(L;, Y;), (2.13)

=1

where L; € R? is the logits vector for the i-th sample, and Y; € R is the corresponding
target label.

Dataset generation. To train the skill latent model, we collect low-level policy rollout
from [25] by deploying pre-trained low-level policies on specific terrains within a simulated
legged robot environment. It’s worth noting, because we are training the skill latent model
with the motor target position directly (control signal), therefore the skill latent model
training data can be collected from other policies or controling algorithms as well. We
collect policy rollouts of 3500 agents per environment-policy pair, and each rollouts is
made up of segments with length H = 5, and the total amount of training data is 5.166/
clips. The combination of environment-policy pair are: (climb down, climb down), (gaps,
gaps), (climb box, climb), (slopes, walk), (stairs, stairs), and (tables, crouch).

2.4 Experiments

In this section, we compare the difference in terms of performance between different se-
quence models, and the effects of hyperparameters.
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Configuration. In the experiments, we fixed the latent dimension to d = 10 and selected
a skill horizon of H = 5. We evaluated model performance by comparing reconstruc-
tion quality as the primary evaluation metric. The reconstruction quality is measured by a
variant of Mean Squared Error (MSE) between the input = and reconstruction % defined as:

B H (@) _ ~0))2
Dici 2 T — 2|
BH
where a:y) is the actual action at time step ¢ for sample 7 and ai",(f) is the reconstructed action

at time step ¢ for sample 7. In our case, both vectors are 12 dimensional.

Reconstruction MSE Per Step = (2.14)

2.4.1 Comparison between Sequence Models.

We compared the performance between LSTM, GRU, and S4D based skill latent models,
as described in Sections 2.2.1 and 2.2.2. To ensure a fair comparison, all sequence models
were designed with a similar number of trainable parameters by adjusting the hidden state
dimensions of each model. The KL regularization parameter 3 was fixed at 1 x 1076,
Additionally, we excluded the contrastive loss from the evaluation in this experiment. The
decision to omit the contrastive loss was based on its sensitivity to dataset shuffling, which
can introduce undesirable variability into the experimental setup as the primary goal of this
section is to evaluate the intrinsic learning capacity of the sequence models for sequential
skill action data.

All models were trained using a batch size of 1024, a learning rate of 0.002, and a cosine
annealing learning rate scheduler, over 100 epochs. During training, we applied a dropout
rate of 0.05 to the initial state information of the decoder, simulating potential noise or
data loss that could arise during real-world deployment on robots, where state estimation
might be noisy or incomplete. The hidden state dimensions were carefully tuned to ensure
all models had a comparable number of trainable parameters, allowing for an unbiased
evaluation of each model’s performance as a candidate for the skill latent model.

Recon MSE Per Step Comparison Between Models
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Recon MSE per step
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Epochs

Figure 2.4: Comparison between sequence models: reconstruction MSE for the skill latent
model using different building blocks (LSTM, GRU, and S4D).

The reconstruction mean squared error (MSE) per step, used as the primary evaluation
metric, is presented in Figure 2.4. Additionally, we report the number of trainable param-
eters for each configuration in Figure 2.5. The results indicate that the S4D-based skill
latent model consistently achieves comparable or better performance than the GRU and
LSTM models while using fewer parameters, both in the overall model and in the decoder
specifically. Given its performance and parameter efficiency, we select the S4D model as
the default for subsequent experiments. Although, as mentioned in ??, further exploration
of other encoder-decoder combinations could yield additional insights.



Chapter 2. Skill Latent Model with Sequence Models 16

Model vs. Decoder Parameters LST™

5} X
g 830000 1 ® 54D
g B GRU
o X LSTM
€ 825000 1
4
I3
s
£

2 ]
s 820000 GRU
& u
bS]
© 815000 4
[
Qo
£ S4D
= 810000 1@

T T T T T T
1.615 1.620 1.625 1.630 1.635 1.640
Number of Parameters in Model le6

Figure 2.5: Comparison of parameter efficiency between sequence models for the skill la-
tent model and decoder. The S4D model demonstrates superior parameter efficiency com-
pared to GRU and LSTM, using fewer parameters while maintaining or slightly improving
performance.

Ablation Study: Initial State Information To investigate the impact of including the
initial state s; in the skill latent decoder, we conducted an ablation study. In this exper-
iment, we compared the reconstruction performance of the skill latent model with and
without the initial state s; as input to the decoder. We evaluated this design choice across
three versions of the skill latent model (LSTM, GRU, and S4D). The results, shown in Fig-
ure 2.6, reveal a notable decrease in reconstruction quality when the initial state information
is removed from the decoder’s input.

Recon MSE Per Step Comparison With and Without State Input
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Figure 2.6: Impact of initial state information: Reconstruction MSE per step comparison
with and without the initial state s; as input to the skill latent decoder.

2.4.2 Effects of Skill Latent Space Structure on Generative Quality

Sweep of the KL Regularization Term 5. In this experiment, we examine the impact
of varying the 3 value, a key parameter in the 3-VAE framework, on the generative quality
of the model. Specifically, we aim to understand how different levels of Kullback-Leibler
(KL) regularization influence the organization of the skill latent space and, consequently,
the model’s reconstruction capability. The contrastive loss weight is set to zero throughout
this experiment to eliminate variability caused by dataset shuffling, ensuring that we isolate
the effects of 5 on the model’s performance. The 3-VAE framework introduces a KL diver-
gence term that encourages the latent distribution to approximate a standard Gaussian prior.
This regularization plays a crucial role in shaping the structure of the latent space. By im-
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posing this constraint, the latent representations are encouraged to become more organized,
which could potentially enhance downstream tasks like exploration and generalization in
the latent space.

To evaluate the effect of 3, we train the S4D-based skill latent model while sweeping 3
across the values {0,1x 10761 x 107°,1 x 10~*,1 x 10~3}. The training setup remains
fixed, except for the varying [ values. Reconstruction mean squared error (MSE) per step
is used as the primary metric to measure the quality of reconstruction.

Impact of B on Reconstruction Loss
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Figure 2.7: Comparison of reconstruction MSE per step across different values of 3, which
controls the strength of the KL regularization in the latent space. As [ increases, the latent
space is increasingly constrained towards a Gaussian prior, influencing the model’s recon-
struction quality. The results indicate that small values of [ slightly improve or maintain
performance compared to the unregularized model, while larger values do not provide sig-
nificant benefits, 5 value larger than 1 tend to affect the reconstruction quality significantly.

Contrastive Weight (\) Sweep. In a complementary experiment, we investigate the ef-
fect of varying the contrastive weight A on reconstruction performance. The contrastive
learning mechanism aims to enhance the model’s ability to differentiate between similar
and dissimilar representations by pushing apart negative examples and pulling together
positive examples in the latent space. The goal of this experiment is to observe how in-
creasing the contrastive weight influences the model’s reconstruction capabilities and the
contrastive loss itself.

We sweep A over the range [0, 5], the contrastive loss measures how well the model pre-
serves the similarities and differences between latent space representations measured by
cosine similarity between states of horizon length H . As expected, Figure 2.8 shows a di-
rect relationship between the contrastive weight and the contrastive loss: higher contrastive
weights result in a lower contrastive loss, reflecting the increased emphasis on aligning
similar representations. We also examine the impact of A on reconstruction quality by
plotting the reconstruction MSE per step against the contrastive weight, as shown in Fig-
ure 2.9. Interestingly, the R? value for the linear regression fit is close to zero, indicating no
strong correlation between the contrastive weight and reconstruction quality. This suggests
that the strength of the contrastive loss does not directly affect the model’s ability to recon-
struct the data, at least within the tested range of A. Additionally, the data points on the
running minimum curve differ only marginally from the performance when no contrastive
loss is applied, with a difference of approximately 0.001 in the reconstruction MSE. This
indicates that moderate levels of contrastive loss do not significantly alter the reconstruc-
tion ability of the model and the representations in the latent space are still able to preserve
the necessary information for accurate reconstructions, even under moderate contrastive
pressure.
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Figure 2.8: Contrastive loss as a function of the contrastive weight A. As X increases, the
contrastive loss decreases, reflecting the increased focus on representation alignment in the
latent space.
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Figure 2.9: Reconstruction MSE per step as a function of contrastive weight \. The results
suggest that there is no strong correlation between the contrastive weight and reconstruc-
tion quality. Moderate contrastive regularization does not significantly affect the decoder’s
ability to reconstruct the data.

2.5 Summary

This chapter introduces the skill latent model, a core component of our method for model-
ing skill learning. This model aims to efficiently and effectively encode "muscle memory"
of learned skills within a continuous latent space. By representing skills in this manner,
the following up policy can facilitate the exploration and recombination of existing skills
when faced with new tasks. We explored recurrent neural networks (LSTM, GRU) and
state space models (S4D) as architectural candidates. Empirical evaluation demonstrated
that the S4D-based model achieved superior performance and parameter efficiency com-
pared to LSTM and GRU, while incorporating initial state information proved crucial for
reconstruction quality. Further investigation into latent space regularization using 3-VAE
and a novel state-based contrastive loss revealed that moderate regularization improves
performance, and the contrastive loss primarily impacts latent space organization without
significantly affecting reconstruction. The S4D-based skill latent model provides a power-
ful and efficient foundation for subsequent skill learning stages.
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Partial State-Conditioned Flow
Adapter

“Learning without thought is labor lost; thought without learning is perilous.”
— Confucius

Learning with past experiences is not solely about having acquired knowledge stored in a
skill memory bank—it is also about recognizing when and how to effectively apply that
knowledge. A key challenge in skill learning lies in the ability to discern the right context
in which to utilize stored skills, ensuring that they are explored and used appropriately and
efficiently during policy learning.

3.1 Overview

In addition to the learned skill latent space, we introduce a Partial State-conditioned Flow
Adapter (referred to as the “Flow Adapter” for simplicity), which is trained before and
then utilized during policy learning. The system diagram for this flow adapter is shown
in Figure 3.1. The flow adapter is based on a Real-valued Non-Volume Preserving (Real
NVP) network [43], which consists of a series of coupling layers. Each coupling layer
learns a parameterized bijective transformation, denoted as f, where the input and output
maintain the same dimensionality, as illustrated in Figure 3.1. The key advantage of the
Flow Adapter is its ability to preserve information about the skill latent space through
invertible transformations while decluttering the structure of skill latent space based on the
current state, thereby converting the latent space into a more policy-friendly action space.

dimension is preserved Skill latent z

Partial state s

Figure 3.1: An example of a partial state-conditioned flow adapter with two coupling layers
parameterized by 6, and 6, respectively. The input is first split into two vectors, x1 and
T2, and then processed through two affine coupling layers.

19
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The Flow Adapter plays a critical role in identifying relevant skills during policy learn-
ing by associating skill latent with their corresponding context (partial state). This allows
the policy to better understand when and how to apply specific skills. During exploration
in the skill latent space, the Flow Adapter guides the policy to focus on regions of the latent
space that are most likely to contain useful skills for completing the task.

Additionally, the Flow Adapter is designed to be parameter-efficient and trained in self-
supervised manner, requiring no additional data labeling. It operates independently of the
skill latent model, allowing the system to function with or without the adapter—hence the
name “adapter”. This design flexibility ensures that the flow adapter can be integrated
seamlessly without interfering with the training process of the skill latent model, as de-
scribed in the previous chapter.

The primary function of the Flow Adapter is to learn a bijective mapping that supports
both forward (z, s) — y and backward z < (y, s) transformations, where z represents the
skill latent vector, s represents the partial state, and y is the output of the transformation.
Typically, y is chosen to follow a simple distribution, such as a standard Gaussian. Once the
invertible function f is learned, it can transform a simple distribution into a more complex
one, enabling more efficient exploration during policy learning.

3.2 Theory

Normalizing flows [44, 45] represent a class of generative models that transform a simple
base distribution (such as a Gaussian) into a more complex target distribution through a
sequence of invertible and differentiable transformations.

The Real NVP model constructs its invertible transformation layers using affine coupling
layers, where, in each bijection, part of the input vector is updated with a function that is
straightforward to invert and depends on the remainder of the input vector. Specifically, for
an input vector = of dimension D, the vector is split into two parts of dimensions d and
D — d, respectively. The output y after an affine coupling layer y = f(x, 2) is defined as:

Y1:d = T1:d

3.1)
Yd+1:D = Za+1:D © exp(sc(x1.qa)) + t(21:a)

where sc(-) and ¢(-) are learnable functions for scaling and translation respectively, both
from R? — RP~9, and ® is the element-wise product. The inverse can then be derived as:

T1:d = Y1d (3.2)
Tit1:0 = (Ta41.0 — t(x1:q)) © exp(—sc(x1.q)) (3.3)

Notably, both the forward and inverse transformations involve only the evaluation of sc(-)
and ¢(-), and not their inverses. This allows these functions to be implemented in a highly
non-invertible and complex manner without hindering the computation of the inverse trans-
formation.

Training the Real NVP model involves maximizing the log-likelihood of the observed
data samples, denoted as x, under the probabilistic model px (x). This process enables
the model to learn a transformation function f that maps the data from the input space
X to a latent space Y, such that y = f(x). The transformation preserves the probability
density of the data, and using the change of variables formula, the log-likelihood of px ()
is expressed as:

pxta) = p (1) et (G412 ) G

det (iﬁ?) D , (3.5)

mmam—mmwmwm%
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where the second term, log (‘det (ng(f)) D, accounts for the volume change induced by

the transformation f, captured by the determinant of the Jacobian matrix of f. This deter-
minant reflects how the transformation stretches or compresses different parts of the space.

In the case of Real NVP, the transformation function f consists of affine coupling lay-
ers, as described in Equation (3.1), where the Jacobian matrix takes the form of a lower
triangular structure. The Jacobian for an affine coupling layer is:

ay i Id 0
0z [% diag (exp[sc(z1.4)]) |’ (3.6)

where 1, is the identity matrix corresponding to the first d dimensions of the input x, and
diag(exp[sc(x1.4)]) is a diagonal matrix whose entries are the exponentiated outputs of the
learned scaling function sc(x1.4). Because the Jacobian matrix is triangular, its determinant
can be computed efficiently as the product of its diagonal elements, which simplifies to:

det (6f( ) = exp Zsc T1:d)j | » 3.7

where sc(z1.4); denotes the j-th element of the scaling function applied to the first d com-
ponents of the input x. Consequently, the log-determinant is simply the sum of the scaling
terms, leading to the final form of the log-likelihood:

log(px (7)) = log(py (f(x))) + Z 5¢(21:d); (3.8)

Thus, the learning objective for the model is to minimize the negative log-likelihood, which
is equivalent to:

—log(px(x)) = —log(py (f Z sc(21.q); (3.9)

This formulation allows the model to efficiently learn the transformation by leveraging
the structure of the Jacobian, and it ensures that the latent space representation y = f(x)
captures the complex distribution of the input data while maintaining the invertibility of
the transformation.

3.3 Design and Implementation

We implement the Partial-State Conditioned Flow Adapter as described in Section 3.2.
The core idea behind this flow adapter is to provide a flexible mechanism for transforming
simple input distributions into more complex, signal-conditioned distributions, with the
partial state s serving as the conditioning signal to guide these transformations (as shown
in Figure 3.2). Unlike conventional flow models, where the transformation depends solely
on the input vector, our design introduces the partial state s as an additional contextual cue,
which helps steer the transformation process. Specifically, both the scaling function sc(-)
and translation function ¢(-) take s as an input, thus conditioning the transformation on the
agent’s state at each time step.
The updated affine coupling layer transformations are as follows:
Ty =14

/ (3.10)
Ty = T2 O] exp(SC(ml, 8)) + t(‘rlv 8)7

where 1 and x- represent the two subsets of the input vector. As illustrated in Figure 3.1,
we relabel z1.4 as x; and x441.p as xo for clarity and consistency. This relabeling is
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Figure 3.2: Design of flow adapter: input with simple distribution is then transformed to a
complex distribution conditioned on the partial-state signal.

inspired by findings in the literature [46, 43] and corroborated by our own experimental
results, which suggest that the composition of these subsets can significantly influence the
overall learning process. To introduce variability and prevent overfitting, we apply a ran-
dom permutation of the input vector between layers, this ensures that z; is not strictly the
first d channels of the vector x, but rather a dynamically determined, randomly permuted
subset that varies across layers during training. This randomness helps maintain robustness
and adaptability in the flow adapter’s performance.
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Figure 3.3: Implementation of coupling layer with partial state information as conditioning,
in our implementation we use random permutation for breaking up the input vector z.

Skill latent z
Partial state s

The specific details of a single coupling layer within the flow adapter are illustrated in
Figure 3.3. In this design, the input to the coupling layer is the skill latent vector z, and the
partial state vector is concatenated with the input vector segment before being passed to the
scale and translation functions. This concatenation serves as a simple yet effective method
for conditioning the transformation on state information. However, it is important to note
that this operation between the latent vector and the partial state can be modified to employ
more complex operations, depending on the desired level of conditioning or the specific
requirements of the task at hand. This flexibility allows for customization and optimization
based on the use case, making the flow adapter adaptable to a wide range of applications.

3.4 Training with Skill Latent Model

The Flow adapter can be trained concurrently with the skill latent model, as both have
distinct training objectives and do not interfere with each other. When training the Flow
adapter, the skill latent model operates in inference mode to generate the corresponding
skill latent vector z for the state information s from the dataset. To maintain flexibility, the
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23 3.4. Training with Skill Latent Model

skill latent model and the Flow adapter are trained in a single process, but in sequential
order. The PyTorch like pseudo-code for this sequential training process is presented in
Algorithm 1.

It is worth mentioning that the training logic for the flow adapter (lines 19 to 24) could
be relocated or duplicated within the inner training loop of the skill latent model (after
line 6). Further investigation may be required to evaluate the impact of this change on
training dynamics and final results. However, to minimize computational costs and allow
for customized training epochs for both the skill latent model and the flow adapter, we
adopt a sequential training strategy.

Algorithm 1 Training Procedure for Skill Latent Model and Flow Adapter

Input: Training dataset with skill actions and states
Output: Trained Skill Latent Model and Flow Adapter

// Initialize variables

SL_epoch < number of epochs for the skill latent model FA_epoch <— number of epochs
for the flow adapter

// Begin Skill Latent Model training

SLM.train()

for it < 0to SL_epoch do

recon_loss < 0 KL_loss < 0 contrastive_loss < 0
for each batchin train_loader do
{ recon_input, u, log_var, z } < SLM.forward(batch)
// Calculate reconstruction and KL losses
recon_loss, KL_loss < SLM.loss_function(recon_input, batch, pu,
log_var)
// Calculate contrastive loss
contrastive_loss < calculate_contrastive_loss(z, batch)
// Total loss calculation
loss < recon_loss + - KL_loss + \- contrastive_loss
// Backpropagation
optimizer.zero_grad()
loss.backward()
optimizer.step()
end
end
// Begin Flow Adapter training
FA .train()

for it < 0 to FA_epoch do

fa_loss < 0

for each batch in train_loader do

// Perform SLM inference (no gradient)

{ recon, u, log_var, z } < SLM.forward(batch_noised, inference=True)
// FA forward pass, conditioned on the first step of the state
{log_p, log_jacob} < FA forward(z, state_input[ _ o)

// Calculate negative log likelihood

loglikeloss < (—log_p — log jacob).mean()

// Backpropagation

optimizer.zero_grad()

loglikeloss.backward()

optimizer.step()

end
end
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3.5 Experiments

In this section, we present the experimental results of training the flow adapter alongside
the skill latent model, followed by a detailed visualization of the skill latent space before
and after the flow adapter transformation. Specifically, we illustrate the distribution of the
raw skill latent space generated by the skill latent model and how this distribution evolves
once the flow adapter is applied.

3.5.1 Effects of Skill Latent Space Structure

As previously discussed, one of the benefits of training the Flow Adapter is that it does not
interfere with the training of the skill latent model (SLM), they do not share loss functions,
and the gradients of SLM are completely separated from the training of this flow adapter.

However, since the Flow Adapter operates on the skill latent vector z provided by the
SLM, its task is to transform these latent vectors, conditioned on the partial state s, into a
standardized form—specifically, a standard Gaussian distribution in our case. Given this
dependence, we re-evaluate the hyperparameters used in training the skill latent model (as
outlined in Section 2.4) to investigate how they influence the training dynamics of the Flow
Adapter, allowing us to gain deeper insights into the overall system’s behavior.

Sweep of the KL Regularization Term /5. In this experiment, we investigate how dif-
ferent values of the KL regularization term /3 influence the learning process of the Flow
Adapter. The primary evaluation metric used is the training loss of the Flow Adapter, de-
fined as the negative log-likelihood, as described in Section 3.2. By adjusting 3, we aim to
understand its role in structuring the skill latent space and how this, in turn, affects the Flow
Adapter’s ability to perform its transformations. The results are visualized in Figure 3.4,
which shows the relationship between Flow Adapter loss and S3.

Impact of B on Flow Adapter Loss
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Figure 3.4: Flow adapter loss w.r.t 3 values.

The results indicate a correlation between the strength of KL regularization in the skill
latent space and the negative log-likelihood loss of the Flow Adapter. Within the tested
range of [ values, where reconstruction quality is not significantly compromised, larger (3
values lead to lower Flow Adapter loss, suggesting that stronger regularization improves
the adapter’s performance. Together with the results we got from the experiment in skill
latent model training, we can pick either 5 =1 x 107® or 3 =1 x 107,

Sweep of the Contrastive weight A\. In this experiment, we retained the same training
configuration as in previous tests while fixing the 3 regularization parameter to 1 x 1075,
Additionally we select temperature 7 as 0.5. We then systematically swept through differ-
ent values of the contrastive weight A in the range [0, 5], evaluating the flow adapter loss
for each setting. The results are visualized in Figure 3.5.
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Figure 3.5: Flow adapter loss w.r.t contrastive weight.

As observed in the plot, the R? value of the linear regression fit is 0.04 which is close
to zero, indicating an almost negligible correlation between the contrastive weight A and
the flow adapter loss. This suggests that the strength of the contrastive loss, does not have
a straightforward linear relationship with the performance of the flow adapter. This is not
entirely unexpected, given that contrastive learning can introduce variability depending on
the specifics of the training data and batch shuffling.

One noteworthy observation is the presence of datapoints that lie on the running mini-
mum curve. These points suggest that, at certain values of A, the flow adapter loss can be
reduced below that of the setup with no contrastive loss at all. Specifically, the minimum
flow adapter loss decreases from ~0.8 in Figure 3.4 (where no contrastive loss is applied)
to ~0.48 when contrastive learning is introduced, as shown in Figure 3.5. This indicates
that contrastive learning, when appropriately balanced, can enhance the performance of the
flow adapter by improving the representation of the latent space.

Visualization of skill latent space and transformed latent space. The transformation is
denoted as y = f(z, s), where each pair of latent vector z and partial state s is fed into the
affine transformation function learned by flow adapter. Furthermore, we investigate how
this latent space adapts when conditioned on the agent’s current state, providing deeper
insights into how the policy interacts with and explores this latent space during the policy
learning process.

The left plot in Figure 4.11 shows the PCA result of the original distribution of the skill
latent space before applying the flow adapter. Despite regularization through the 3 coef-
ficient (as outlined in Chapter 2), the raw latent space remains relatively unstructured (as
oppose to standard Gaussian distribution when KL regularization term is large). While
there is some observable separation between the latents associated with different motions,
there is also a degree of overlap, suggesting that certain skills share similarities in their ab-
stract representations. This observation aligns with the research assumption that inherently
distinct skills can still exhibit commonalities in their representations.

In contrast, the right plot in Figure 4.11 illustrates the skill latent space after the flow
adapter has been applied. Here, the input state s acts as a conditioning signal for the
transformation of each individual z as suggested by the training setup in Section 3.3. The
resulting latent space is significantly more structured, displaying characteristics of a Gaus-
sian distribution. This transformation not only refines the latent space but also introduces
a more organized structure, which is crucial for enabling the policy to effectively navigate
and utilize the latent space during learning. By conditioning on the current state of the
agent, the flow adapter provides a more context-aware representation of the latent skills,
aiding in the selection and application of appropriate skills for a given task.
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Figure 3.6: Visualization of the skill latent space using PCA. Left: original skill latent
space; Right: skill latent space after flow adapter transformation: y = f(z, s), here z and
s are taking in pairs, which means latent vector is produced by the skill action a with the
encoder of skill latent model, and z is the corresponding partial state of a.

3.6 Summary

This chapter introduces the Partial State-conditioned Flow Adapter, designed to enhance
skill utilization during policy learning. This adapter learns a bijective mapping between
the skill latent space and a standardized action space, conditioned on the agent’s partial
state, facilitating efficient exploration and context-aware skill selection. Leveraging Real
NVP, the Flow Adapter utilizes invertible affine coupling layers parameterized by state-
conditioned scale and translation functions.

Lightweight in nature, with ~ 6% number of parameters than the skill latent model, and
can be trained concurrently with the skill latent model in a self-supervised manner, it trans-
forms the unstructured latent space into a more organized Gaussian-like distribution with-
out sacrificing generative quality. Experiments demonstrate that slight KL regularization
of the skill latent space improves Flow Adapter training. While the impact of contrastive
loss is less pronounced, it suggests potential benefits at specific values. Visualizations con-
firm the adapter’s ability to structure the latent space, making it more suitable for policy
exploration and skill selection during learning. This chapter establishes the Flow Adapter
as a key component for enabling contextually appropriate and efficient skill utilization in
subsequent policy learning stages.



Chapter 4

Policy Learning of Continuous
SKill Learning Framework

Up til this point, we have introduced the two major components of the continuous skill
learning framework described in Section 1.3: the skill latent model (in Chapter 2), and
the flow adapter (in Chapter 3), now in this section we show how to build the Skill Latent
Policy with these two components. Further we show how to build a relatively small policy
network that builds upon the idea of refinement of the previously learned skills.

4.1 Policy Learning Formulation

In the domain of robotics, Reinforcement Learning (RL) has emerged as a powerful tool,
particularly well-suited for scenarios where problems are naturally framed as sequential
decision-making processes. At its core, RL leverages the Markov Decision Process (MDP)
to formalize the control problem, typically represented as a tuple (S, A, p,r,~). Here, S
denotes the state space, .4 represents the action space, p(s¢11]¢, at) is the state transition
function, r(s;, at, si+1) defines the reward function, and - is the discount factor which
governs the importance of future rewards. In this context, a policy 7 (at|s:) describes the
agent’s behavior by mapping the current state s; to a distribution over actions a;. As the
agent interacts with the environment, it generates a trajectory of states and actions, denoted
by 7 = (so,a0,51,0a1,...). The probability distribution over these trajectories, given a
policy 7, is denoted as p,(7) = p(so) [ [, m(at|st)p(se+1]st, ar). The central objective
in policy learning is to discover an optimal policy 7* that maximizes the sum of expected
rewards across a trajectory. Formally, the objective function is given by:

J(m) =Ernp, [Z r(st,at)l , 4.1)

t=0

where 7(s¢, a;) is the reward received at each time step ¢, and the expectation is taken over
the distribution of trajectories induced by the policy 7.

In robotic locomotion, particularly for tasks that involve continuous control and complex
state-action spaces, on-policy model-free algorithms such as Trust Region Policy Optimiza-
tion (TRPO) [47] and Proximal Policy Optimization (PPO) [48] have emerged as preferred
choices. These algorithms are favored because they balance exploration and exploitation
while ensuring stability during training. In all policy trainings of our work we use the
default PPO implementation from [26] by only adding the weights initialization.

27
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4.2 Components

In typical quadruped policy learning, there are several factors that are necessary and critical
to the final performance either in simulation or in reality.

Simulator. A simulator is crucial for modeling the robot’s interactions with its environ-
ment, enabling safe and scalable data collection before real-world testing. In this work,
Isaac Gym [49] is used for its ability to run large-scale, parallel simulations efficiently.

Observation. The observation space in a Markov Decision Process (MDP) is critical, as
it includes all sensory inputs, such as proprioception (e.g., joint positions, velocities) and
exteroception (e.g., height scanner, LiDAR). These inputs represent the robot’s state and
environmental context. Observations for this work is introduced later in this chapter.

Reward. The reward function is key to shaping the desired behavior in an RL algorithm,
as it sets the agent’s objective. A typical approach is to design the reward function as a
linear combination of different reward and penalty terms. In the task tested in the exper-
iment section of this chapter, most rewards consists of a combination of tracking rewards
(position, heading), rewards for limiting the action to not be too drastic and reduce collision
(details in the appendix).

Curriculum. Curriculum learning involves progressively increasing the difficulty of
tasks during training, much like how educational/gaming systems introduce more com-
plex concepts/tasks over time. This approach helps agents tackle problems that are too
challenging for traditional learning methods. We use the same game-inspired curriculum
design from [26] where success leads to promotion to a higher difficulty, while failure re-
sults in demotion to an easier level. Robots mastering the highest difficulty are cycled back
to random levels to maintain level diversity and mitigate catastrophic forgetting..

4.3 Policy Learning Framework

4.3.1 Skill Latent Policy

The skill latent policy operates by navigating within a skill latent space, rather than directly
controlling the quadruped’s joint positions as traditional control methods do. Instead of
outputting joint positions for each of the quadruped’s joints, the policy produces a set of
parameters, denoted as y, that reside within the skill latent space. These parameters are sub-
sequently decoded into joint actions by the skill latent decoder, which is trained according
to the procedure outlined in Section 2.3.

additional observation z

Policy network | /' o % il | potxlz.s)

TT,
0 ANYmal-D

Skill latent space

state s

state

Figure 4.1: Overview of the skill latent policy. During policy inference, skill latent param-
eters from the previous time step are fed back into the policy as inputs for the current time
step.
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A key challenge in developing a skill latent policy is that, as the number of encoded
skills within the latent space grows, efficiently searching through and navigating the latent
space becomes increasingly important. To address this, we proposed in previous chapters
to: 1) maintain the structure in the skill latent space. 2) introduce the flow adapter, which
aids in directing the search toward regions of the latent space that are more relevant to
the current state, thereby helping the policy identify the appropriate skills, as depicted
in Figure 4.1, where the highlighted regions indicate the guiding aid provided by flow
adapter. Therefore, when using the flow adapter, the parameters are first processed through
it before being utilized in the skill latent space. Specifically, the parameters undergo an
inverse transformation by the flow adapter, f ~!, which is conditioned on the current partial
state s, yielding f~1(s,y). The resulting skill snippet actions for the current time step,
a; = (a},...,al;), are then generated by the skill latent decoder. The pytorch like code
for the entire process is shown below.

Listing 4.1: Example of skill latent policy decoding.

latent = skill_latent_policy.act(obs, critic_obs)

: partial_state = get_partial_state (obs)

if use_flow_adapter:
z = flow_adapter.inverse(z, partial_state)

skill_snippet = skill_latent_model.decode(z, partial_state)

4.3.2 Learned Action Blending

The skill latent policy directly outputs parameters that can be decoded into an action se-
quence with a maximum length defined by the skill horizon H. This is conceptually simi-
lar to action chunking used in neuroscience [50, 51] and robotics manipulation tasks [52],
where actions are grouped and executed as a unit, optimizing execution efficiency. How-
ever, our framework introduces two distinct features:

* We utilize recurrent models capable of decoding action sequences of varying lengths,
as long as they fall within the training horizon H. This provides flexibility in gener-
ating actions that adapt to different tasks.

 The skill latent policy is executed at each time step, allowing for a flexible or learn-
able blending scheme that integrates current and past action sequences.

A learnable parameter, o, enables the blending of the current decoded action with pre-
viously generated actions. This approach helps produce smoother transitions between ac-
tions, which is particularly beneficial for real-world applications, as indicated by [51]. In
Section 4.3.3, we demonstrate that this blending can be learned through lightweight policy
optimization. The design is illustrated in Figure 4.2. In this design, the output action at
time step ¢ = 4 is computed as:

agdy + (1 — ag)(azea + (1 — az)(abs + (1 — az)as)),

where « is the blending weight generated by the refinement policy at each step, ensuring
smooth transitions between actions over time.

4.3.3 Refinement Policy

The skill latent policy is designed to utilize previously learned “muscle memories” to ac-
celerate the learning of new tasks. However, when a task demands actions that deviate
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Figure 4.2: Learned action blending: each action is blended with a coefficient o, with the
actions generated at previous time steps.

significantly from those encoded in the skill latent space or requires fine-tuning (such as re-
fining the relative scale between timesteps to cater to dynamic environment), the refinement
policy is introduced.

The refinement policy shares the same architecture as the skill latent policy, but differs in
its training sequence, action space, and how its output is utilized. It is trained after the skill
latent policy and is responsible for two key elements: a blending weight «; (discussed in
Section 4.3.2) and a residual action a’,. These outputs enable the refinement policy to make
adjustments to the actions generated by the skill latent policy, allowing for more precise
control and adaptation to new environments or task variations. Training for the refinement

Skill latent Refinement

olic 4
observation, policy ((l[, aA)
7[9 70,01

Figure 4.3: Observation and output of refinement policy 7y, . It takes the same variables
of observation as the skill latent policy but at the time ¢ when the refinement policy is called,
together with the first step (current step) output from skill latent policy 7y, the output is a
blending weight o and a residual action at current step a’y.

policy begins after the skill latent policy has undergone a sufficient number of iterations. In
practice, we initiate this process once the terrain level performance plateaus. At that point,
the weights of the skill latent policy are frozen, treating it as a fixed, parameterized policy
that maps input observations to actions. The refinement policy then adjusts these actions via
the blending weight a, enabling fine-tuning without disrupting the core learned actions.

4.4 Configuration

We show the configuration of observation space in Table 4.1 and based on the results we
got from the experiments in Chapter 2 and Chapter 3 we took the S4D version skill latent
model checkpoint from the configuration of 3 = 1 x 1075, contrastive weight A\ = 1.73,
temperature 7 = 0.5 and latent dimension d = 10.

The configuration for skill latent policy is shown in Table A.1, and configuration for
refinement policy is shown in Table A.2
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Component Notation
Base linear velocity Up
Base angular velocity Wh
Projected gravity 9o
Position command Df
Heading command 7
Time left to target ts
Joint positions and velocities Q> Gt
Decoded joint command of previous step at—1
Heightmap scan (2m x 1m) h
Skill latent of previous step Zt—1

Table 4.1: Observation components and their corresponding notations.

4.5 Testing on Multiple Terrains

We evaluate the proposed framework on two categories of tasks, also referred to as terrains:
(1) Tasks where the skills were encoded during the training phase of the skill latent space,
requiring efficient exploration within this latent space; and (2) Tasks involving unseen ter-
rains, which were not encountered during training of skill latent model and require not only
exploration but also recombination and refinement of learned skills. Table B.2 provides a
detailed overview of the terrains used in the experiments.

In the first experiment section, we present a performance comparison between the pro-
posed continuous skill learning framework (in this section we only test the skill latent
policy) and a baseline method. Each experiment is run with 5 different seeds and deter-
ministic training enabled where in each curve the shaded area represents the max and min
value, with the solid line representing the mean value. The baseline method directly out-
puts joint target positions, whereas our approach generates skill latent parameters, which
are then decoded into joint positions (referred to as actions). To evaluate performance,
we use several key metrics, including learning curves for multiple reward functions, ter-
rain difficulty levels, and success rates across different terrains. The evaluation follows a
curriculum-based setup, where the robot progressively encounters increasingly challeng-
ing terrains. Success rates are measured at each difficulty level to assess the framework’s
ability to adapt, recombine, and generalize to each environments. By comparing these met-
rics, we aim to evaluate the efficiency, adaptability, and robustness of our continuous skill
learning framework relative to the traditional method.

Gaps. We compare the performance of our approach (skill latent policy) against the base-
line method in terms of terrain level progression on gaps terrain, using the same curriculum,
reward setup, and command types as the baseline. The results, shown in Figure 4.4, indicate
that our method achieves faster initial learning compared to the baseline. In this context,
terrain level refers to the average level across all parallel training agents. Initially, agents
are randomly assigned to one of the lower terrain levels. As training progresses, agents
that successfully complete a level (short of the maximum) are promoted to a higher level,
while those that fail are moved to a lower level. If an agent succeeds on all levels, it is ran-
domly reassigned to a new level. A higher terrain level in the learning curve indicates better
overall performance, as the policy is capable of handling more difficult terrains. The small
overshoots in the graph reflect random level assignments after reaching the highest level.
Additionally, we compare both methods on a set of rewards that penalize excessive phys-
ical motions, including torque limits, joint velocity limits, contact forces, and collisions.
The comparison is illustrated in lower four figures of Figure 4.4. The visualizations show
that the actions learned through our skill latent policy are smoother and more controlled,
resulting in higher rewards related to maintaining torque and velocity within acceptable
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Gaps: Ours vs. Baseline Mean Reward
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Figure 4.4: Performance comparison between our method (skill latent policy) and the base-
line on the gaps terrain. Metrics include terrain level progression, mean reward, and physi-
cal penalties such as collision, contact forces, joint velocities, and torque limits.

limits. This demonstrates that our approach not only accelerates learning but also leads to
more gentle behaviors.

Table crouching A similar evaluation was conducted for the table crouching task, with
results shown in Figure 4.5. As with the gaps task, our method outperforms the baseline,
showing faster learning progression on this task as well. We also evaluated both methods
based on physical penalties for the table crouching task, including limits on contact forces,
joint velocities, torque, and collisions. These results are presented in Figure 4.5. Agreeing
with the previous evaluation on type 1 task.

Climb up box. The results in Figure 4.6 show that the skill latent policy significantly
outperforms the baseline early in the task training. The terrain level rises rapidly, reaching
a plateau around 500 steps, which is mirrored in the mean reward plot, where the skill latent
policy achieves slighly higher rewards from the beginning and maintains a considerable gap
over the baseline throughout the task. In terms of contact forces and collisions, the skill
latent policy demonstrates better performance, the baseline performs better in the early
stages with respect to joint velocity and torque limits, the skill latent policy eventually
surpasses the baseline as training progresses, leading to more stable and efficient control
later in the task.

Obstacles. We show the results on obstacles terrain in Figure 4.7, comparing to terrain
Gaps and Table, the skill latent policy still reaches its rise up moment at around 500 steps
while the baseline methods also reaches around the same time with relatively lower average
terrain level, this curves identifies that both methods learn relatively fast to gain up to higher
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Figure 4.5: Evaluation results for the table crouching task, comparing terrain level, mean
reward, and physical penalties such as contact forces, collisions, joint velocities, and torque

limits between our method and the baseline.
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Figure 4.6: Results for the “Climb Up Box” task. The plots show terrain level progression,
mean reward, and physical penalty metrics (contact force, collision, joint velocity, and
torque limits) for both the baseline and skill latent policy.
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level of terrains, signifying the difficulty of this terrain might not lies in the traversability
aspect but more on the planning aspect.
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Figure 4.7: Terrain level, mean reward, and physical penalties for the obstacles terrain. The
results show the comparison between the baseline method and our skill latent policy.

Rock piles We test both methods on rock piles terrain and report the results in Figure 4.8,
the results for the rock pile terrain indicate that the skill latent policy with the flow adapter
does not show a significant advantage over the baseline, except in a few metrics. Both
methods demonstrate similar performance in terms of terrain level progression, with both
reaching a plateau around step S00. However, the skill latent policy does show a slightly
faster learning speed early on, achieving a faster terrain progression within the first 200-500
steps. Specifically, skill latent policy maintains slightly lower joint velocities and torque
values, which contribute to more gentle motions and slightly higher rewards in these areas.
Overall, while the skill latent policy provides some early learning advantages and results in
gentler motion, the performance gap between it and the baseline is minimal on this terrain.

Simple Parkour. We evaluated the method on a simple parkour task, as detailed in Ta-
ble B.2, and reported the same metrics used in previous evaluations, as shown in Figure 4.9.
Notably, this terrain falls under type 2, meaning that during training, the skill latent model
and flow adapter did not encounter actions collected from similar tasks or terrains. Despite
this, the skill latent policy demonstrates a rapid rise in terrain level within the first 250 steps,
indicating the agent’s ability to adapt quickly to the new task. This is further reflected in
the reward, which surpasses 0 within the first 100 steps. In terms of contact forces and col-
lisions, both methods exhibit comparable performance. As expected, the skill latent policy
leads to higher rewards when it comes to joint velocity and torque limit, highlighting its
ability to maintain smoother and more efficient movements.
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Figure 4.8: Terrain level, mean reward, and physical penalties for the rock pile terrain. The
results show the comparison between the baseline method and our skill latent policy.
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4.6 Analyses and Studies

How Does the Flow Adapter Help? We present a case study illustrating the role of the
flow adapter in improving skill learning. In Figure 4.10, we compare the performance
difference between our approach and baseline, in our approach we ablate the choice of
using and not using flow adapter for policy learning.

The objective is to examine how the policy selects actions in the skill latent space during
the early stages of policy learning, as it begins to explore this space and how flow adapter
affects this process. For notations, each action, denoted as a;, has a corresponding initial
partial state s;, and we assume the effectiveness (how likely it can be used as an effective
skill at this context) of a; in a given context is characterized by a partial state Sgmple, Can
be inferred by measuring the similarity between s; and sgmple. The relevance of action

a; to the sampled state ssample is quantified using cosine similarity, the cosine similarity is
defined as:

. Si * Ssample
Slm(5i7 Ssample) =
|3i‘|ssample‘
where | - | denotes the Euclidean norm, and - represents the dot product between the two

state vectors. A higher cosine similarity between s; and sgmple suggests that a; is more
contextually relevant, increasing the likelihood that it will result in effective action when
executed in the current state Sgample.

Stairs: Flow adapter ablation Stairs: Flow adapter ablation - Mean Reward

Mean Reward
o o

Terrain Level

—— Skill latent + flow adapter
Skill latent
—— Baseline
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Figure 4.10: Performance comparison on stairs terrain between the skill latent policy with
and without the flow adapter. The results show terrain level progression and mean reward.

In the following two figures, we visualize the distribution of actions within the skill latent
space using Principal Component Analysis (PCA). States with cosine similarity greater
than 0.7 (chosen as cos 7/4) to the sampled state sgmple are highlighted in red. The sampled
state, Ssample, 18 drawn from training data collected on a similar stairs terrain. The left figure
shows that even after applying PCA, the original skill latent vectors remain dispersed due
to the inherent structure of the skill latent space, despite regularization. In contrast, the
right figure illustrates the effect of applying the flow adapter, which transforms each skill
latent vector z; in the training dataset based on the sampled state: y; = f(Ssample, 2i)-
The transformed latent space exhibits a more structured distribution, which enhances the
policy’s ability to explore efficiently and select relevant skills in the current context. The
results demonstrate that the fast learning speed of the flow adapter can be attributed to its
ability to create a more structured latent space, making it easier for the policy to explore
and select actions that correspond more effectively to the current context.

When does this framework tend to fail? The skill latent model is designed to encode
past skill snippet actions into a continuous latent space, with a parameter-efficient flow
adapter guiding the policy toward the most relevant skill latents for the current state during
exploration. While this approach offers computational efficiency and enhanced guidance, it
is not without its limitations. One key trade-off lies in the potential to overlook other useful
skill latents or restrict exploration to a limited variety of skill snippets within the latent
space. This can occur if the offline dataset/buffer used to train/finetune the flow adapter
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Figure 4.11: Visualization of the skill latent space using PCA. Left: original skill latent
space; Right: latent space after applying the flow adapter. The flow adapter creates a more
structured latent space, making it easier for the policy to explore relevant actions.

lacks diversity, resulting in gaps in the state, action pairs that could be critical for adapting
to new tasks or environments. In such cases, the policy may become overly dependent
on the flow adapter’s guidance, causing it to focus on suboptimal regions of the latent
space and neglect better-performing regions. As a result, the policy risks getting stuck in
less effective regions, which can impede optimal performance, particularly in dynamic and
complex tasks.

To further explore these limitations, we conducted a case study using the simple parkour
task. In this task, we increased the maximum box height from 0.35m to 0.5m, while keeping
all other configurations unchanged (this modified task is referred to as “parkour”). We
compared the baseline method with three variations of the skill latent policy: one without
a flow adapter, one with a flow adapter trained for 20 epochs, and one with a flow adapter
trained for 100 epochs (the default number we use for all previous experiments).

As demonstrated in Chapter 3, longer training durations for the flow adapter result in
lower flow adapter (FA) loss, indicating stronger guidance within the latent space. The
learning curves in Figure 4.12 show that the skill latent policy with a flow adapter trained
for 100 epochs initially learns the fastest, as evidenced by a rapid rise in terrain level and
mean reward. However, this rapid learning slows down between 200 and 600 steps, and
ultimately, the terrain level plateaus around the same time as the baseline method.

In contrast, the version without the flow adapter shows a slower initial learning rate.
Nevertheless, after the initial phase, it surpasses the performance of the guided versions.
Without the flow adapter’s influence, the policy explores the latent space more freely, lead-
ing to faster learning later on, and it is the first to reach the terrain level plateau. Further-
more, this unguided version achieves the highest values across all metrics, including mean
reward and physical penalty constraints.

To further validate this observation, we evaluate these three setups across different terrain
levels of the parkour terrain, including an out-of-distribution (OOD) level. The results are
shown in Figure 4.13.

The results from this case study highlight that while the flow adapter provides valuable
structure and guidance in early learning phases, it may limit exploration and, consequently,
performance in the long run. This trade-off underscores the importance of
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Figure 4.12: Performance comparison on the simple parkour task between skill latent poli-
cies with and without flow adapter. Metrics include terrain level, mean reward, and physical
penalties such as contact forces, collisions, joint velocities, and torque limits.

Observation on refinement policy learning. During the second stage of training, where
the skill latent policy is kept frozen and only the refinement policy is updated, we em-
pirically observed that the parameter o, decreases consistently throughout the training it-
erations. Additionally, the rewards associated with penalizing drastic actions increase as
training progresses.

Naively Scaling Up the Skill Horizon. In all of our experiments, we used a fixed skill
horizon length of H = 5. While this setting proved effective for short-horizon tasks, it
inherently limits the agent’s ability to learn and execute longer-horizon skills. A longer
horizon could enable the agent to maintain consistent and coordinated actions over an ex-
tended period, which is particularly important for tasks requiring sustained control and
precision, such as long horizon parkour or traversing complex, uneven terrains.

To explore the potential benefits of longer horizons, we increased the horizon length
from 5 to 15 using the same framework and tested the performance on the parkour terrain
(as shown in Figure 4.12). However, as depicted in Figure 4.14, both terrain level and mean
reward performance declined when scaling up the horizon length. This unexpected result
suggests that simply increasing the horizon without further adjustments to the framework
may introduce challenges in learning longer-horizon skills.

The observed performance drop could be due to several factors, such as the lack of struc-
ture in the latent space, which may overwhelm the current policy during exploration. Addi-
tionally, the agent might require more sophisticated training strategies, such as curriculum
learning, to gradually adapt to the demands of longer horizons. These results highlight the
need for further investigation and refinement to fully leverage longer-horizon capabilities,
a topic we will discuss in more detail in Chapter 5.
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Figure 4.13: Parkour terrain: Success rate vs. checkpoint number for different terrain diffi-
culty levels. The plot compares three methods: Without Flow Adapter, With Flow Adapter,
and Baseline. Across all terrain difficulties, the setup without the flow adapter consistently
achieves higher success, surpassing both the flow-guided and baseline versions. The out-
of-distribution terrain (Difficulty 1.2) demonstrates a more significant gap, highlighting the
case when it is benefitial to free explore in the latent space.
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Figure 4.14: Comparison of terrain level and mean reward for the simple parkour task when
scaling the horizon length from H = 5 to H = 15. The results demonstrate that increas-
ing the horizon length without further adjustments to the framework leads to a decline in
both terrain level and mean reward, highlighting the challenges associated with managing
longer-horizon actions.
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4.7 Summary

This chapter focuses on the policy learning component of the proposed continuous skill
learning framework. First, the Skill Latent Policy is introduced, which operates within the
learned skill latent space (Chapter 2) rather than directly generating joint actions. This
policy outputs parameters that are decoded into action sequences by the skill latent model
decoder, allowing the reuse of previously learned skill snippets. To improve exploration
and skill selection within this latent space, the Flow Adapter (Chapter 3) is incorporated.
This module guides the policy toward relevant regions of the latent space based on the
current state, promoting efficient exploration and skill retrieval.

Additionally, the Refinement Policy is introduced to fine-tune the actions produced by
the Skill Latent Policy. This enables the robot to handle terrains or tasks that require more
precise control than the encoded skills can provide, this is achieved by a Learned Action
Blending mechanism to ensure smooth transitions between actions generated at different
time steps, ensuring fluid and continuous motion. Extensive evaluations on various ter-
rains demonstrate that the proposed framework achieves faster or equivalent learning and
smoother actions compared to a baseline method that directly outputs joint positions.

Analyses emphasize the importance of the Flow Adapter in structuring the latent space
and facilitating efficient exploration. However, a case study reveals a potential trade-off:
over-reliance on the Flow Adapter may limit exploration in some scenarios, suggesting
the need for further research into its optimal use. Finally, the chapter discusses the chal-
lenges of scaling up the skill horizon length. The results show that merely increasing the
horizon without adjusting the framework can hinder learning, underscoring the need for
more sophisticated training strategies and latent space representations to effectively utilize
longer-horizon skills. These findings provide valuable insights for future research, includ-
ing optimizing the Flow Adapter’s role and developing methods for robust learning with
extended skill horizons.



Chapter 5

Conclusion

5.1 Summary

In this work, we presented a novel and effective framework for continuous skill learning
on the ANYmal quadruped robot. The framework integrates key concepts such as skill
decomposition, recombination, and refinement, enabling the robot to leverage previously
learned skills and adapt them to new environments and tasks efficiently. Through the use
of both latent space and low-level action space policies, we demonstrated how an agent can
maintain adaptability and scalability when learning complex motor tasks.

What it achieves. The proposed framework provides a structured, yet flexible, approach
to learning and refining skills in a continuous manner. It allows for the encoding of learned
skills into a continuous latent space and facilitates the recombination of these skill snippets
to form more complex behaviors. By incorporating a refinement policy, the system enables
fine-tuning of these skills based on the specific requirements of new tasks, ensuring more
precise control and higher overall performance.

Current limitations. While the framework has proven effective for skill learning with
skill snippet of short horizons, it is not yet a substitute for hierarchical reinforcement learn-
ing, particularly when dealing with tasks that require significantly longer skill horizons. As
the horizon length increases, the learning speed tends to decrease as shown in the previous
chapter, especially in the early stages of training. This is a key limitation that affects the
scalability of the system for long-horizon tasks.

5.2 Future Work

There is considerable potential to extend this framework by addressing the current limi-
tations. For instance, future work could focus on scaling up the skill horizon length in
the latent space and learning representations with the same fashion as introduced in this
work but encoding skill snippets with different horizon lengths thanks to the recurrent na-
ture of skill latent model. and during policy learning, curriculum learning can be designed
to incentive the agents gradually learn to use longer horizon skills. Since the skill latent
model is recurrent in nature, it is capable of encoding and decoding longer skill sequences
without changing the structure of the model. Further research could also explore more ad-
vanced representation learning techniques to enhance the structure of the skill latent space
for efficient exploration.

Additionally, this work introduced a lightweight flow adapter, which allows for efficient
fine-tuning when new experiences are added to the system. Unlike the skill latent model,
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which is parameter-heavy and computationally expensive to retrain, the flow adapter pro-
vides a flexible yet low-computation method for adjusting skill latents. This significantly
reduces the computational overhead required for fine-tuning, as the flow adapter can mod-
ify or even rebalance the latent space to accommodate new tasks without the need to re-train
the entire skill latent model. Future research could further explore the flow adapter’s capa-
bilities in dynamically adjusting to unseen environments and how it could be leveraged to
continually refine learned skills with minimal computational cost.

Moreover, integrating hierarchical reinforcement learning strategies into the framework
could help address the challenges of long-horizon tasks, without the need to always train
with the correct horizon length for skill snippets in the skill latent model. By utilizing a
shared latent space for actions, individual low-level policies can be trained more efficiently
and at a faster pace, ultimately improving both learning speed and performance in complex,
long-horizon environments.

Finally, this work is closely aligned with the principles of continual learning and contin-
ual reinforcement learning. The ultimate goal is to create a system capable of continuously
learning and refining skills, adapting to new tasks without forgetting previously acquired
knowledge. This continuous, evolving learning process is central to the broader objectives
of continual learning research. Future work could explore how the framework can be ex-
tended to better support continual skill acquisition and refinement, particularly in lifelong
learning scenarios where the agent is expected to encounter a wide range of tasks over
time. This could involve developing mechanisms for efficient knowledge transfer between
tasks, addressing catastrophic forgetting, and ensuring the scalability of the system as it
encounters an increasing number of tasks and environments.
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Appendix A

Policy Configuration

Table A.1: Skill latent policy configuration.

Configuration Values

Actor and Critic Networks 3-layer MLP with hidden dimensions: (512,
256, 128), ELU as activation.

Actor MLP layer initialization ~ orthogonal initialization with scaling of /2
(except last layer as 0.01) for weight and con-
stant initialization for bias as 0.

Critic MLP layer initialization  orthogonal initialization with scaling of 1 for
weight and constant initialization for bias as

0.

Learning algorithm PPO
Initial action noise std 1.0
value loss coefficient 1.0
clipping range 0.2
Discount factor ~y 0.99
GAE parameter \ 0.95
KL target 0.01
Entropy coefficient 0.0025
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Table A.2: Refinement policy configuration.

Configuration

Values

Actor and Critic Networks

Actor MLP layer initialization

Critic MLP layer initialization

Learning algorithm
Initial action noise std
value loss coefficient
clipping range
Discount factor y
GAE parameter A

KL target

Entropy coefficient

3-layer MLP with hidden dimensions: (32,
16, 16), ELU as activation.

orthogonal initialization with scaling of 1 for
weight and constant initialization for bias as
0.

orthogonal initialization with scaling of 1 for
weight and constant initialization for bias as
0.

PPO

1.0

1.0

0.2

0.99

0.95

1x107°

0.001




Appendix B

Terrain Description

Terrain Name

Description

Type

Table Crouching

Gaps

Climb-up Box

Stairs

Obstacles

Rock Piles

Simple Parkour

A terrain designed for crouching training to navigate
under overhanging obstacles. Tables are placed with
a minimum height of 0.45m, covering 70% of the ter-
rain, while the remaining 30% consists of sloped re-
gions.

A terrain designed for training jumping motions,
where the robot jumps between boxes separated by
gaps of up to 1.15m.

A terrain designed for training the robot to climb up
boxes with a maximum height of 0.8m.

A terrain designed for training the robot to climb up
stairs with a maximum height of 0.2m.

This terrain contains a mixture of high, randomly
placed obstacles (80%) and sloped regions (20%).

A challenging terrain consisting of rock piles of var-
ious sizes (approximately 80%) and sloped areas
(20%), simulating a realistic rocky environment.

A terrain that combines stairs, gaps (up to 0.7m),
and boxes (up to 0.35m) arranged to mimic a simple
parkour-style environment without turns.

Table B.2: Description of testing terrains and their respective types.
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Figure B.1: Terrain: Obstacles.

Figure B.2: Terrain: Rock Piles.

Figure B.3: Terrain: Gaps.
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Figure B.4: Terrain: Simple Parkour.

=

Figure B.5: Terrain: Stairs.
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