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Abstract

Humans learn to stand and walk within a matter of months, exploiting a reliable

sequence of postural milestones that partitions the full motor configuration space

into a series of stable, tractable subproblems. In contrast, humanoid agents trained

with standard reinforcement learning (RL) enjoy no such structure, confronting the

full complexity of locomotion at once and facing an enormous exploration burden in

high-dimensional continuous control. To address this, we propose a hierarchical re-

inforcement learning (HRL) framework that leverages the structure of human motor

development by training each key postural transition—prone-to-crawl, crawl-to-kneel,

kneel-to-lunge, lunge-to-stand and stand-to-walk—as a distinct low-level policy, thus

imposing a developmental prior over the skill set. A high-level policy then learns to

coordinate these motor skills via the Value Function Spaces (VFS) framework. We

first validate our approach in LunarLander and BipedalWalker before applying it to

Humanoid, where developmental structure directly informs the skill decomposition.

Against flat RL baselines and HRL methods that discover structure from experi-

ence, our approach achieves upright posture in over 90% of evaluation episodes and

completes the full developmental sequence in over 85%, while all baselines plateau

at intermediate configurations. Our findings suggest that developmentally grounded

structural priors substantially reduce the exploration burden of complex locomotion

learning, enabling reliable postural progression where reward engineering, intrinsic

motivation and emergent hierarchies fall short.
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Chapter 1

Introduction

Humans learn to walk with remarkable e!ciency. Within eight to eighteen months,

infants transition from complete immobility to confident bipedal locomotion [1]. In

contrast, humanoid agents trained with reinforcement learning (RL) struggle with

even the earliest foundations of movement. RL is a powerful framework for learning

behavior through trial-and-error interaction with an environment and has achieved

remarkable results across a range of motor control tasks [2, 3]. Yet, getting up from

the ground, maintaining balance while standing and initiating forward motion often

require orders of magnitude more experience than humans and still tend to result

in ine!cient or unnatural gaits [4, 5]. This disparity suggests that human motor

development exploits structure in the learning problem that standard RL approaches

fail to capture.

To understand the nature of this structure, we turn to developmental psychology,

which reveals that infants do not approach walking as a monolithic control prob-

lem. Instead, they progress through a series of increasingly complex postures, which

include lying prone, crawling, kneeling, half-kneeling, standing and finally walking

[1, 6]. This progression follows a biomechanical logic in which each increasingly up-

right configuration narrows the base of support while raising the center of mass, such
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that each stage introduces a distinct set of balance and coordination demands while

restricting the degrees of freedom that must be simultaneously controlled [1, 7]. To-

gether, these stages partition the vast configuration space of full body motor control

into a sequence of simpler, more tractable subspaces.

This observation suggests a natural inductive bias for the learning problem. Agents

trained with a generic RL formulation face the full complexity of locomotion at once

and must learn balance, coordination and forward motion without guidance about

which intermediate body configurations are useful. This makes exploration partic-

ularly challenging, as the agent must search through an extremely large space of

possible configurations where most trajectories lead to falls or unstable states. In con-

trast, structuring learning around posture-specific transitions constrains exploration

to regions of the motor space that are both stable and behaviorally meaningful. Our

hypothesis is that by imposing a developmentally informed prior over which postural

transitions are useful, we can substantially reduce the exploration burden and provide

a coherent pathway toward full locomotion.

To instantiate this developmental decomposition of locomotion, we adopt a hier-

archical reinforcement learning (HRL) framework in which low-level policies handle

specific subtasks and a high-level policy coordinates between them [8]. This hierar-

chical structure separates short-horizon motor execution from long-horizon decision-

making, allowing complex locomotion to emerge through the composition of simpler

skills [9]. While most HRL methods require the agent to learn a skill decomposi-

tion from experience [10, 11, 12], we instead impose a set of skills informed directly

by human motor development. Specifically, we first train each key postural transi-

tion in the developmental sequence—prone-to-crawl, crawl-to-kneel, kneel-to-lunge,

lunge-to-stand and stand-to-walk—as a distinct motor skill with its own objective.

This developmentally grounded structure provides a prior on which skills are useful,

bypassing the di!cult problem of skill discovery altogether.
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To learn a high-level policy to coordinate these skills, we adopt the Value Func-

tion Spaces framework [13]. Rather than reasoning over the full motor state space, the

high-level policy operates only over the value functions of the pretrained skills. Each

skill’s value function reflects the expected return under that skill from the current

state, implicitly capturing whether the current configuration a”ords that transition.

Stacking these value functions thus compresses the high-dimensional motor state into

a low-dimensional, skill-centric representation that encodes which postural transi-

tions are currently feasible. The high-level policy learns to select among skills within

this space, allowing long-horizon locomotion to emerge through the coordination of

developmentally grounded postural transitions.

To evaluate our hypothesis, we first validate the hierarchical framework in the

LunarLander and BipedalWalker environments to isolate core components of skill

decomposition and high-level coordination, independent of the developmental moti-

vation. We then apply the framework to the Humanoid environment, where the de-

velopmental structure directly informs the task decomposition and exploration chal-

lenges are substantially greater. We find that in LunarLander and BipedalWalker,

our framework achieves near-perfect task success, whereas monolithic RL and HRL

baselines succeed only inconsistently within the same training budget. In the Hu-

manoid setting, where the developmental decomposition is directly instantiated, our

approach achieves upright posture in over 90% of evaluation episodes and executes

the full developmental sequence in over 85%. In comparison, both monolithic and

HRL baselines plateau at intermediate torso heights, with no method progressing to

a fully upright standing posture. Our findings suggest that developmentally grounded

structural priors substantially reduce the exploration burden of complex locomotion

learning, enabling reliable postural progression where reward engineering, alternative

exploration mechanisms and emergent hierarchies fall short.
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Chapter 2

Background and Related Work

In this section, we begin by defining reinforcement learning (RL) as a formal frame-

work for sequential decision-making and establish that getting up is a fundamental

challenge in RL-based humanoid control. We then introduce hierarchical reinforce-

ment learning (HRL) as a framework for decomposing complex tasks across temporal

scales and review existing HRL approaches, emphasizing that most focus on discov-

ering hierarchical structure and skill decompositions from scratch. Next, we examine

what properties make individual skills e”ective once they are in hand, drawing on

work that examines the roles of exploration, alignment and state abstraction. Finally,

we turn to developmental psychology and describe the structured sequence through

which humans acquire motor skills, which we argue provides a principled skill decom-

position for HRL.

2.1 Reinforcement Learning

Reinforcement learning (RL) is a framework in which an agent learns to maximize

cumulative reward through trial-and-error interactions with an environment. We for-
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malize this as a continuous-state, continuous-action Markov Decision Process [14, 15]:

M = →S,A, T ,R, ω0, ε↑,

where S ↓ Rn is the continuous state space, A ↓ Rm is the continuous action space,

T : S ↔A ↗ S is the deterministic transition function, R : S ↔A ↗ R is the reward

function, ω0 ↘ #(S) is the initial state distribution and ε ↘ [0, 1) is the discount

factor. At timestep t, the agent observes state st ↘ S, selects action at ≃ ϑ(· | st)

according to policy ϑ : S ↗ #(A), and receives reward rt = R(st, at) ↘ R while

transitioning to state st+1 ↘ S. The objective is to find a policy that maximizes the

expected discounted return:

J(ϑ) = Es0→ω0,ε

[
↑∑

t=0

εtrt

]
.

To reason about the quality of states and actions, we define two key quantities. The

state-value function V ε(s) and action-value functionQε(s, a) measure expected return

from a given state or state-action pair under ϑ, defined as:

V ε(s) = Eε

[
↑∑

t=0

εtrt | s0 = s

]
, Qε(s, a) = Eε

[
↑∑

t=0

εtrt | s0 = s, a0 = a

]
.

These two functions are related by the equation:

V ε(s) = Ea→ε(·|s)[Q
ε(s, a)],

as the value of a state can be expressed as the expected value of the actions taken

from it. The goal of RL is to find the optimal policy:

ϑϑ = argmax
ε

J(ϑ) = argmax
ε

Es0→ω0 [V
ε(s0)],

where the second equality follows from the fact that J(ϑ) is precisely the expected

value of the initial state under ϑ. The associated optimal value functions are

V ϑ(s) = max
ε

V ε(s), Qϑ(s, a) = max
ε

Qε(s, a).
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In discrete action spaces with bounded rewards, it can be shown that there exists a

deterministic optimal policy [15] that can be recovered greedily as:

ϑϑ(s) = argmax
a↓A

Qϑ(s, a).

In continuous action spaces, however, computing the maximizing action at each step

is intractable, motivating direct policy optimization instead. We overview two families

of RL algorithms used in this work: value-based methods, which learn Qϑ, and policy-

based methods, which optimize J(ϑ) directly.

2.1.1 Value-Based Methods

Value-based methods learn an approximation of Qϑ and derive a policy by acting

greedily with respect to it. Q-learning [16] is the foundational value-based algorithm,

updating action-value estimates via:

Q(st, at) ⇐ Q(st, at) + ϖ
[
rt + εmax

a→
Q(st+1, a

↔)⇒Q(st, at)
]
.

To extend Q-learning to high-dimensional state spaces, Deep Q-Networks (DQN) [17]

parameterize Q with a neural network Qϖ(s, a), which is trained by minimizing the

temporal di”erence loss:

LDQN(ϱ) = Et

[(
rt + εmax

a→
Qϖ↑(st+1, a

↔)⇒Qϖ(st, at)
)2
]
,

where ϱ↗ denotes the parameters of a target network that is periodically updated

to stabilize training. However, both Q-learning and DQN su”er from overestimation

bias, as the max operator and network respectively are used to both select and eval-

uate actions. Any upward noise in Q-values is therefore preferentially selected and

incorporated into the update, which can systematically inflate estimates. Double Q-

learning [18] addresses this by decoupling action selection and evaluation, and Double

DQN (DDQN) [19] instantiates this idea within the DQN framework: the online net-

work Qϖ selects an action while the target network Qϖ↑ evaluates it, so errors in one

6



do not directly amplify the other. The regression target for the loss is then:

yt = rt + εQϖ↑

(
st+1, argmax

a→
Qϖ(st+1, a

↔)
)
.

The DDQN loss is:

LDDQN(ϱ) = Et

[
(Qϖ(st, at)⇒ yt)

2
]
.

DDQN is particularly well-suited to discrete action spaces, where the optimal action

can be identified by taking the argmax over Q-values.

2.1.2 Policy-Based Methods

While value-based methods derive a policy through Q-values, policy-based methods

treat the policy itself as the primary object of optimization. However, computing

⇑J(ϑ) is intractable, as it requires di”erentiating through unknown environment

dynamics. Instead, we parameterize ϑ as a neural network ϑϱ that takes a state as

input and outputs a distribution over actions. We then optimize J(ς) ↭ J(ϑϱ) using

the policy gradient theorem [20], which expresses the gradient as an expectation that

can be estimated from sampled trajectories:

⇑ϱJ(ς) = Eεω
[⇑ϱ log ϑϱ(at | st)A

εω(st, at)] ,

where Aεω(s, a) = Qεω(s, a)⇒ V εω(s) is the advantage function measuring how much

better action a is relative to the average action in state s under ϑϱ [21].

A key drawback of vanilla policy gradient methods is that gradient updates can

be large and destabilizing, as a single poor update can collapse the policy. A sec-

ondary concern is data e!ciency, as each batch of experience is discarded after a

single gradient step. To address both, Proximal Policy Optimization (PPO) [22] uses

a clipped surrogate objective that constrains how much the policy can change per

update, enabling multiple epochs of updates on each collected batch without desta-
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bilizing training. This objective is defined as:

LPPO(ς) = Et

[
min(pt(ς)Ât, clip(pt(ς), 1⇒ φ, 1 + φ)Ât)

]

where

pt(ς) =
ϑϱ(at|st)

ϑϱold
(at|st)

is the probability ratio between updated and old policies. Ât is an estimate of the

advantage function, for which we use Generalized Advantage Estimation (GAE) [23]:

Ât =
T↗t↗1∑

l=0

(ε↼)l↽t+l, ↽t = rt + εV εω
ϖ

(st+1)⇒ V εω
ϖ

(st),

where ↼ ↘ [0, 1] is the GAE decay parameter and T is the rollout horizon. The value

function V εω
ϖ

is trained by minimizing

LV (ϱ) = Et

[
(V εω

ϖ
(st)⇒ R̂t)

2
]
,

where R̂t = Ât + V εω
ϖ

(st) is the GAE return estimate. LPPO and LV are optimized

jointly in an actor-critic framework to train both the actor ϑϱ and critic V εω
ϖ

.

2.2 The Challenge of Learning to Get Up andWalk

Having formalized the RL framework, we now turn to the focus of this work: the chal-

lenge of learning to get up and walk. This task requires exploring a high-dimensional

state space where most action sequences lead to failure, and meaningful progress

toward standing often requires extended sequences of coordinated movement before

any reward signal is received. Unlike the periodic locomotion phase that follows, the

getting up phase in particular lacks structured contact patterns, making it di!cult to

leverage domain-specific knowledge about e”ective gait patterns and often resulting

in unnatural movement strategies [5].

Several recent works have explicitly addressed this problem. He et al. [4] develop

HUMANUP, a two-stage pipeline for real-world humanoid robots that first discovers

get-up trajectories under minimal deployment constraints before refining these into

8



smooth, torque-safe policies suitable for real-world deployment. While e”ective at ad-

dressing real-world challenges such as terrain variation and motor safety, the result-

ing motions adopt unconventional strategies such as backbends and highly dynamic

movements. Tao et al. [5] explicitly target more natural get-up motions, proposing a

three-stage framework that discovers motions with a strong agent, then progressively

constrains torque limits and motion speed. While their approach improves natural-

ness by limiting physical capabilities, both methods ultimately discover movement

strategies through exploration rather than imposing structure based on how humans

actually move. Neither specifies which intermediate postural configurations the agent

should pass through, leaving this decomposition to emerge through trial and error.

2.3 Hierarchical Reinforcement Learning

One particularly challenging requirement of the task of learning to walk, and indeed

of many real-world tasks more broadly, is the need to reason and act across multiple

temporal scales. For example, an agent may discover how to briefly achieve an upright

position, but maintaining it requires making decisions that play out over hundreds of

steps. In such settings, relying solely on primitive, one-step actions can often make

RL slow and brittle, especially in environments with large state spaces or sparse

rewards. Hierarchical reinforcement learning (HRL) o”ers a powerful framework to

address this challenge by introducing temporal abstraction, or the ability for agents to

operate using multi-step chunks of behavior rather than individual actions [8]. While

several formalisms have been proposed to implement this idea [24, 25, 26], we focus

here on the options framework [9].

Formally, we introduce a finite set of temporally extended optionsO = {o1, . . . , oK}.

Each option o ↘ O is defined by three components: an intra-option policy ϑo : S ↗

#(A) that selects actions while o is active, a termination function ⇀o : S ↗ [0, 1]
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giving the probability option o terminates upon reaching state s, and an initiation

set Io ↓ S specifying the states from which o may be invoked.

When option o is selected in state st, its intra-option policy ϑo is executed until

termination, producing a trajectory segment of length ⇁ ⇓ 1 and yielding a transition

to state st+ς . Because ⇁ can vary across options and states, decisions are made at

irregular, option-determined time intervals rather than at every discrete step. The

resulting process is a semi-Markov decision process (SMDP) over options defined as:

M
SMDP = (S,O, PO, RO, ε),

where

PO(s↔|s, o) = Pr(st+ς = s↔|st = s, o)

is the probability of transitioning to state s↔ after executing option o from state s

until termination and

RO(s, o) = E
[
ς↗1∑

k=0

εkr(st+k, at+k)|st = s, o

]

is the expected discounted reward accumulated over the option’s execution. The high-

level policy thus operates over this induced SMDP, selecting among options rather

than primitive actions.

We restrict optimization to a hierarchical policy class defined by a high-level policy

µϖ(o|s) over options and a set of intra-option policies {ϑϱo}o↓O:

$HRL = {ϑ : ϑ is induced by (µϖ, {ϑϱo}o↓O)} .

The hierarchical objective is to find a high-level policy and set of intra-option policies

that jointly maximize expected discounted return:

max
ϖ,{ϱo}o↓O

J(µϖ, {ϑϱo}) = Eµε,{εωo}

[
↑∑

t=0

εtr(st, at)

]
.

In our framework, the intra-option policies {ϑϱo} are pretrained and held fixed, and

we optimize only the high-level policy parameters ϱ.
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2.4 Existing Hierarchical RL Approaches

Having established the options framework as our formal basis for hierarchical control,

we now survey existing HRL methods and their relationship to our approach. Across

this work, the key idea is the use of temporal abstraction to decompose complex tasks

into subproblems in order to reduce the burdens of exploration and credit assignment.

Dayan and Hinton [24] formalize this intuition by organizing control into a multi-level

hierarchy of managers and submanagers. In this framework, higher-level managers set

subgoals for the submanagers at the level below, who are then rewarded solely for

satisfying those commands without needing to understand the global objective. Each

level thus operates at its own temporal resolution, enabling high-level components

to reason over longer horizons while delegating fine-grained execution to lower lev-

els. Two principles enforce this modularity: reward hiding, where submanagers are

rewarded only for accomplishing their assigned subgoals independently of the global

objective, and information hiding, where each level observes only the state informa-

tion relevant to its own decisions. Together, these constraints enable more scalable

credit assignment, since each level only optimizes over its own subgoal, and more

e!cient exploration, since subgoals narrow the space each level must search.

While the options framework provides a powerful formalism of temporal abstrac-

tion, early implementations assumed a fixed set of pre-defined options. Bacon et al.

[12] derive policy gradient theorems for both intra-option policies and termination

conditions, allowing options to emerge autonomously from only the high-level task

reward. In this framework, an option is nudged toward terminating whenever contin-

uing it yields lower expected value than switching. In grid-world navigation and Atari

tasks, this produces an interpretable structure, with distinct options specializing into

semantically coherent behaviors. However, in settings where the task reward is sparse

or the state-action space is large, this reliance on the task reward can create a cou-

pling problem: the agent cannot learn when to switch options without already having
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coherent options to execute, and it cannot learn coherent options without meaningful

switching behavior. In high-dimensional continuous control, this circularity is espe-

cially acute, since early-training reward signal is nearly absent.

Vezhnevets et al. [11] subsequently revisited the feudal perspective, extending the

original framework to high-dimensional, partially observable environments by incor-

porating deep neural networks for both goal-setting and control. In this framework, a

high-level manager emits latent vectors in a learned embedding space, and a low-level

worker is trained to align its actions with these goals. In Atari games and discrete,

image-based tasks with long reward delays, this architecture is thus able to leverage

temporally abstracted goals to help propagate sparse rewards across extended hori-

zons. However, because both the goal representation and the skill-conditioned policies

must be learned jointly from high-dimensional observations, this approach places sub-

stantial demands on representation learning and exploration. The manager operates

in a latent space it is simultaneously constructing, meaning that the worker has no

stable target to learn from during early training, and discovering a useful goal space

can become a significant source of sample complexity.

Nachum et al. [10] (HIRO) addresses this key limitation of the feudal approach and

extends HRL to continuous control domains. Rather than operating in a learned la-

tent space, HIRO’s high-level controller emits goals defined as desired relative changes

in raw observation space, immediately giving the lower level a dense intrinsic reward

signal. To enable o”-policy training at both levels, HIRO introduces a goal label-

ing scheme that corrects for the non-stationarity introduced as the lower-level policy

evolves, in which past high-level transitions are relabeled with the goal that would

have made the observed low-level actions most likely under the current policy. On

MuJoCo benchmarks requiring both coordinated locomotion and object interaction

(including Ant Maze, Ant Push and Ant Fall), this proves substantially more ef-

fective than prior HRL methods. We note that these tasks benefit from reachable
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goals that are dense and well-distributed in joint space, as the ant morphology is

quadrupedal and inherently stable, making random goal-directed exploration infor-

mative. For humanoid locomotion, however, this assumption does not necessarily hold.

The reachable state space is vast and much of it dynamically unstable, so undirected

high-level exploration over raw observations provides little useful signal about which

state transitions constitute coherent motor primitives.

A common thread across these methods is that hierarchical structure is something

to be discovered, as the agent must identify useful temporal abstractions through

interaction alone. This works when task reward provides su!cient signal to shape

the decomposition, but this premise may break down in high-dimensional continuous

control, where early training feedback is sparse and the space of possible behaviors

is large. Rather than leaving the hierarchical decomposition to be discovered, our

approach grounds it in the developmental structure of human motor learning, con-

straining the space of skill sequences that the high-level agent needs to consider.

2.5 Designing Good Options

Beyond the question of how hierarchical structure is discovered, a separate line of

work examines what properties make options e”ective once they are in hand. Sutton

et al. [9] illustrate this in a four-room Gridworld using “hallway” options designed to

reliably reach doorways between rooms. When the task goal aligns with these sub-

goals, option-based learning maintains a clear advantage over primitive-action learn-

ing. They attribute this performance gain to more directed exploration, as rather

than di”using probability mass across the full action space, options steer the agent

toward subgoal states, concentrating experience where it is most useful. When goals

and subgoals are misaligned, however, hallway options perform worse because the

optimal solution requires action sequences that the options cannot express. This sug-
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gests that the value of an option set depends not only on how well individual options

are designed, but on whether the set as a whole covers the relevant task structure.

Jong et al. [27] further analyze the utility of temporal abstraction through the lens

of exploration, arguing that how options are integrated into the action space deter-

mines their impact on performance. When options augment the primitive action set,

random exploration becomes biased toward option termination states. If those states

are far from the reward, a single option selection can therefore undo several steps of

primitive exploration, making it increasingly di!cult for the agent to reach the task

reward. When options instead replace primitive actions and are well-designed, they

constrain exploration in a way that substantially accelerates learning by preventing

the agent from exploring irrelevant parts of the state space entirely. In their four-room

experiments, the agent that uses options in the three non-goal rooms and primitive

actions only inside the goal-room learns fastest precisely because the options elimi-

nate three rooms from the exploration problem. This suggests that a central benefit

of temporal abstraction lies in the structure it imposes on where the agent explores.

Beyond exploration, the e!ciency of HRL also depends on the interaction be-

tween temporal abstraction and state abstraction. Konidaris [28] argues that solving

complex tasks requires the joint construction of action abstractions, or options, and

task-specific state abstractions. In particular, temporally extended skills naturally in-

duce compact state representations tailored for higher-level reasoning, and without

such representations, the higher-level policy faces an unnecessarily large and poorly

structured state space. Sutton et al. [9] gesture at a related point, drawing a connec-

tion between temporally extended action and the potential for temporally extended

“perception.” Just as options allow an agent to act over extended time horizons, they

may similarly allow it to perceive and represent the world at a coarser temporal grain.

A complementary perspective is o”ered by Dietterich [25], which assumes that a

useful task decomposition is provided and studies how that structure can accelerate
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learning. Their algorithm, MAXQ, represents hierarchy explicitly as a task graph of

subtasks and derives a corresponding decomposition of the value function across levels,

enabling state abstractions within each subtask that substantially improve learning

e!ciency. The framework requires the designer to supply the task graph, meaning

it does not address where an appropriate decomposition should come from. What

MAXQ does demonstrate, however, is that a principled decomposition is worth hav-

ing, as the gains from well-structured hierarchies are substantial enough to motivate

the harder question of how to obtain one.

Taken together, this work support two claims that guide our approach. First,

temporal abstraction can meaningfully accelerate learning when options are well-

aligned with the high-level task by imposing structure on where the agent explores.

Second, the e”ectiveness of HRL depends not only on the quality of individual options

but on the joint coordination of action and state abstraction, as skills must induce

representations that make higher-level reasoning tractable. To address the former, we

turn to developmental psychology to define a principled task decomposition.

2.6 Human Motor Development

The preceding sections establish that temporal abstraction can meaningfully acceler-

ate learning, but only when the skill decomposition is well-matched to task structure.

This raises a prior question: where should a principled decomposition come from?

Turning to cognitive science, work on human learning suggests that the hierarchies

that humans employ are not arbitrary. Rather, human learners discover task decom-

positions that carve structure at its natural boundaries, favoring hierarchical repre-

sentations that minimize the complexity of encoding adaptive behavior [29]. For the

problem of getting up and walking, we turn to developmental psychology.

The developmental psychology literature o”ers a principled decomposition of lo-
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Figure 2.1: Human Motor Development Timeline, adapted from [6].

comotion into a sequence of postural control problems, each with distinct biomechan-

ical demands and its own learning curve. Figure 2.1 illustrates a canonical timeline of

early motor development, highlighting the sequence of postural transitions that pre-

cede independent walking [1, 6]. Infants begin by developing head and trunk control

in prone positions, first lifting their heads, pushing up with their arms and rolling

over. As they gain strength, infants sit without support, crawl, stand with support

and pull to stand. With greater stability, they progress to cruising, standing alone

and ultimately walking alone. While this sequence is widely recognized as a standard,

motor learning remains flexible: infants may skip stages, reach milestones at di”erent

times or adopt alternative strategies depending on environmental and cultural fac-

tors [6]. Developmental motor research therefore does not prescribe a single invariant

sequence but rather suggests the set of postural control problems that are commonly

solved on the path to upright locomotion.

A key insight is that postures are not arbitrary waypoints. Stable posture pro-

vides the foundation for exploration, manipulation and locomotion, and increasingly

upright postures are acquired by progressively reducing the base of support while

16



raising the center of mass [1]. Each postural transition is therefore especially mean-

ingful, changing the biomechanical demands of control, creating new bases of support

and opening novel opportunities for perception and action. Indeed, developmental ev-

idence suggests that learning is highly posture-specific, as experience in one posture

does not automatically transfer to another. For example, infants who are experienced

crawlers or cruisers must still learn the unique balance demands of walking [1, 30]

Adolph [7] characterizes this process as “learning to learn.” Within each posture,

infants acquire the ability to use perceptual information relevant to that posture-

specific control problem, rather than learning fixed facts or solutions that generalize

across postures. Each postural configuration defines a distinct problem space with

its own relevant parameters, exploratory behaviors and learning curve [7]. The de-

velopmental evidence thus motivates treating each postural transition as a genuinely

distinct subproblem whose boundaries are defined by key discontinuities in the un-

derlying control problem. This is precisely the structure the options framework is

designed to exploit: each posture-specific control problem maps naturally onto an

intra-option policy with a well-defined initiation context, and discontinuities between

postures provide principled boundaries at which a high-level controller can operate.

Rather than modeling the full developmental timeline shown in Figure 2.1, we

focus on the subset of postural transitions directly relevant to the problem of getting

up from the ground and achieving unsupported locomotion. These transitions form

a structured path from contact-rich, stable configurations to upright bipedal locomo-

tion, with each stage incrementally reducing external support, narrowing the base of

support and increasing the demands on balance, coordination and weight transfer.

Key Postural Transitions

Early locomotion emerges in prone configurations that minimize balance demands

and maximize stability through continuous ground contact. Infants adopt a variety
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of prone strategies, including pivoting and belly crawling, which rely on distributed

support across the body and enable movement without requiring extensive balance

[1, 7]. Transitioning to hands-and-knees crawling introduces a qualitatively di”erent

control problem as the torso is lifted o” the ground, requiring coordinated limb activ-

ity to maintain balance [7]. The prone-to-crawl transition captures the shift from fully

supported, low-dimensional movement to coordinated, self-supported locomotion.

The transition from crawling to kneeling represents a further reorganization of

support that begins to approximate upright posture. Moving from crawling to kneeling

removes two points of ground contact and requires greater control of the trunk and

hips to stabilize the body over a smaller support base [1, 31]. The crawl-to-kneel

transition thus marks a shift from using the limbs for distributed support to bearing

body weight more directly in preparation for upright stances.

The importance of the kneel-to-lunge and lunge-to-stand positions is strongly

supported by studies of pulling-to-stand. Infants do not transition directly from the

symmetric support of kneeling to upright standing. Instead, they quickly learn to

adopt an asymmetric half-kneel strategy, in which one leg kneels while the other plants

at a 90-degree angle and pushes into extension [31, 32]. This posture is qualitatively

distinct from symmetric kneeling, requiring dissociation of the lower limbs and an

asymmetric lateral weight shift. Completing the rise then requires a further transition

from the half-kneel posture to full upright standing, in which body weight transfers

entirely onto the feet and balance must be maintained with minimal ground contact.

Finally, walking introduces a new control problem in which balance must be main-

tained dynamically over alternating single-limb support phases [1, 7]. We note that

cruising—sideways locomotion while holding furniture—is an important transitional

behavior. However, empirical evidence shows that it represents a functionally dis-

tinct skill that does not transfer to upright walking, as control is primarily organized

around the arms rather than the legs [30]. For this reason, cruising falls outside the
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scope of our work, which focuses on unsupported transitions to bipedal locomotion.

Taken together, these transitions—prone-to-crawl, crawl-to-kneel, kneel-to-lunge,

lunge-to-stand and stand-to-walk—form a structured progression from contact-rich,

stable configurations with a low center of mass to dynamically stable bipedal lo-

comotion. Each stage introduces a qualitatively new control requirement—whether

distributed support across limbs, trunk control over a reduced base of support, asym-

metric weight transfer, full bipedal support or dynamic balance—such that removing

any stage would skip a necessary reorganization of the control problem.

2.7 Summary

Learning to get up and walk is a challenging task for humanoid control, requiring ex-

tended sequences of coordinated movement in a high-dimensional state space where

most action sequences lead to failure. HRL o”ers a way to decompose this challenge

across temporal scales, reducing the credit assignment burden by organizing behav-

ior into reusable, temporally extended options. The HRL methods reviewed above

largely share a common approach in discovering hierarchical structure from scratch.

While this flexibility enables generalization across tasks, it places substantial demands

on exploration and provides no guarantee that the resulting decompositions will be

aligned with task structure or data-e!cient. Furthermore, the benefits of temporal

abstraction depend critically on whether options are well-matched to task structure

and coordinated with an appropriate state abstraction.

The developmental psychology literature o”ers an alternative starting point to

discovering an emergent hierarchy by documenting the structured sequence of pos-

tural milestones through which humans reliably acquire motor skills. We adopt this

sequence as a principled decomposition of the full locomotion learning problem into

a set of stable, behaviorally meaningful subproblems.
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Chapter 3

Approach

The key novelty of our work lies in using human motor development as a structural

prior for HRL. Most existing HRL methods are designed with generality in mind, as

by discovering skill decompositions through interaction, they can in principle adapt

to a wide range of tasks. This generality comes at a cost: without prior knowledge

of which decompositions are useful, the agent must explore a vast space of possible

hierarchies, and there is no guarantee that the resulting structure will be aligned with

task-relevant boundaries or data-e!cient.

For the specific problem of learning to stand and walk, we argue that this gen-

erality is unnecessary. The developmental sequence through which humans acquire

upright locomotion is well-documented, stable across individuals and grounded in

biomechanical structure [1, 6, 30]. Rather than discovering a skill set through explo-

ration, we impose this developmental decomposition directly, constraining the space

that the high-level policy must search over and providing a coherent starting point

for learning from training onset. While this makes our approach narrower in scope

than general-purpose HRL methods, we argue that this is a feature rather than a

limitation, as the developmental prior is task-aligned and directly addresses the ex-

ploration challenges that make humanoid locomotion di!cult. We also note that the

20



broader strategy of instantiating a known curriculum as a fixed option set within

HRL is not specific to locomotion. Thus, our approach is extensible to any domain

where a principled task decomposition can be identified from prior knowledge.

In this section, we describe how we instantiate this developmental structure within

an HRL framework. We begin by formalizing the developmental sequence as a set of

options. We then introduce the Value Function Spaces (VFS) framework of Shah et al.

[13], which constructs a skill-centric state abstraction for high-level decision-making,

and describe how we instantiate it using our developmental options set. Finally, we

discuss how the imposed developmental hierarchy constrains the agent’s exploration

space, channeling learning along the same stable pathway that humans follow when

acquiring upright locomotion.

3.1 Developmental Transitions as Options

As established in Section 2.6, human motor development proceeds through a well-

defined sequence of postural milestones. We focus on the subset of postural transi-

tions directly relevant to getting up and achieving unsupported locomotion: prone-to-

crawl, crawl-to-kneel, kneel-to-lunge, lunge-to-stand and stand-to-walk. Within this

sequence, each posture corresponds to a biomechanically stable configuration and in-

troduces a qualitatively distinct control requirement. Critically, humans do not solve

these transitions jointly, as developmental evidence suggests that each is acquired

as a separate learning problem, with its own exploratory behaviors, parameters and

learning curve [7]. This is precisely the structure that options are designed to ex-

ploit: temporally extended, task-aligned subproblems whose boundaries correspond

to meaningful discontinuities in the control problem.

We therefore formalize this developmental progression using the options frame-

work introduced in Section 2.3. Each postural transition is treated as a distinct option
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o ↘ O, where:

O = {oprone-to-crawl, ocrawl-to-kneel, okneel-to-lunge, olunge-to-stand, ostand-to-walk}.

The intra-option policy ϑo defines the low-level motor control strategy for executing

each transition. This formulation di”ers fundamentally from previous HRL methods,

which must discover both the skill set and the skill boundaries through interaction—

a circular problem in which meaningful options cannot emerge without reward signal

and meaningful reward signal cannot propagate without coherent options. By specify-

ing the option set directly from human motor development, we bypass this discovery

problem entirely, enabling the high-level policy to inherit a skill decomposition that

is aligned with task structure from the start of training. We note that each phase of

the developmental curriculum induces a distinct termination distribution over states,

corresponding to the completion of a particular postural configuration. This structure

is itself informative, and future work could exploit these termination distributions as

a starting point for more data-driven approaches, such as by learning termination

functions directly from the state distributions at skill boundaries [33].

3.2 Value Function Spaces for Skill Composition

While the developmental hierarchy defines which skills exist, the agent still faces the

problem of deciding which skill to execute at any given moment. A naive approach

might operate directly over the full humanoid state space, which includes joint angles,

joint velocities, center of mass velocities and contact forces. As Konidaris [28] argues,

however, e”ective hierarchical control requires both action abstraction and a corre-

sponding state abstraction that exposes only the information critical to the high-level

decision. Without such a representation, the high-level policy inherits the full com-

plexity of the low-level state space, including potentially task-irrelevant details, thus

undermining the e!ciency gains that temporal abstraction is meant to provide.
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The Value Function Spaces (VFS) framework addresses this by constructing a

compact, skill-centric state representation from the value functions of pretrained skills

[13]. Given a set of options O with pretrained policies {ϑk} and associated value

functions {Vk}, VFS constructs an embedding by stacking these value functions:

Z(s) = [V1(s), V2(s) . . . , V|O|(s)].

The central insight is that a skill’s value function Vk(s) captures not just the expected

return under that skill but also an implicit measure of whether executing skill k from

state s is likely to succeed. A high value indicates that the current state a”ords the

transition that skill k is designed to perform, while a low value suggests the skill is

not currently executable or would lead to failure.

Stacking these value functions thus compresses the high-dimensional state s into

a low-dimensional representation that captures which skills are currently viable, pro-

viding a natural basis for high-level decision-making. Crucially, Z(s) exhibits useful

invariance properties, as states that di”er in task-irrelevant details but a”ord the

same set of transitions will have similar embeddings, while states that support di”er-

ent transitions will be well-separated in embedding space.

3.3 Instantiating the Developmental Hierarchy

We instantiate the VFS framework using the developmental option set O defined in

Section 3.1. After pretraining each intra-option policy ϑo with its skill-specific reward

and initial state distribution, we obtain a corresponding value function Vo(s) and

construct the skill-centric embedding:

Z(s) = [Vprone-to-crawl, Vcrawl-to-kneel, Vkneel-to-lunge, Vlunge-to-stand, Vstand-to-walk].

The high level policy µ operates over this embedding rather than the raw state, ob-

serving Z(s) at each decision point and selecting the next option to execute. Because
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Z(s) is low-dimensional, the high-level policy can learn to sequence skills e!ciently

without reasoning about the full complexity of humanoid kinematics.

Training is structured in two phases. First, each intra-option policy is indepen-

dently pretrained with skill-specific rewards and initial state distributions derived

from the corresponding postural transition. These policies are then frozen, and the

high-level controller is trained to compose them using either DDQN, which treats

option selection as a discrete Q-value problem over O, or PPO, which we evaluate as

an alternative high-level algorithm due to its stability in continuous control settings.

This approach bears structural resemblance to SayCan [34], which uses value func-

tions alongside large language model scores to select skills for robotic manipulation.

Where SayCan’s prior over skill selection comes from a large language model, how-

ever, ours is grounded in developmental psychology, with the structured progression

of human motor milestones constraining the space of valid skill compositions.

3.4 Developmental Constraints and Exploration

Our imposed developmental hierarchy has direct consequences for how the agent ex-

plores the state space. In a generic RL formulation, the agent must search through

the entirety of the high-dimensional observation space without any prior over which

regions are worth visiting. For humanoid locomotion, this is especially acute, as most

states correspond to falls or dynamically unstable configurations, and the reward sig-

nal needed to begin learning is unlikely to be encountered through undirected explo-

ration alone. Existing HRL methods partially address this by decomposing behavior

across temporal scales, but they introduce their own exploration challenges, as HRL

agents must simultaneously discover what skills to learn and how to sequence them.

Without a prior on either, the high-level policy wastes experience on skill combina-

tions that are meaningless or lead to immediate failure, while the low-level policies
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waste experience searching for skills that may not constitute useful motor behavior.

Our developmental hierarchy addresses these exploration challenges in two com-

plementary ways. First, because the option set is specified directly by developmental

structure, low-level policies are trained with skill-specific rewards and initial state

distributions, ensuring that each skill explores the subspace of states relevant to its

transition. This dramatically reduces the e”ective dimensionality of the exploration

problem at the skill level. The resulting skills then constrain the exploration space for

the high-level policy, preventing the agent from wasting experience in regions that do

not contribute to task progress. Second, the developmental sequence naturally con-

strains valid skill orderings, as each skill is trained to operate from a specific postural

configuration, and invoking a skill outside its intended context is likely to fail imme-

diately, particularly given the complex dynamics of the Humanoid environment. The

VFS embedding reinforces this by encoding the feasibility of each skill at the current

state, providing the high-level policy with a stronger signal during skill selection.

Taken together, these constraints eliminate vast regions of the policy space that

would lead to immediate failure, instead directing exploration along the same sta-

ble, incremental pathway that humans follow when learning to walk. Our hypothesis

is that this developmental structure yields improvements in sample complexity and

robustness relative to both flat RL baselines and hierarchical methods that discover

their own skill decomposition from scratch.
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Chapter 4

Experimental Overview

In this chapter, we describe the experimental setup, baseline comparisons and evalu-

ation methodology used to assess our framework.

4.1 Experiments

We evaluate our approach across three environments of increasing complexity [35, 36].

We begin with a modified version of LunarLander, which has simple dynamics and

a discrete action space, making it a tractable testbed for validating our approach.

We next evaluate in BipedalWalker, a continuous-control environment with a 24-

dimensional state and 4-dimensional continuous action space, where coordinating

motor primitives becomes more di!cult. Finally, we apply our framework to the full

Humanoid environment, where the high-dimensional, continuous state-action space

makes exploration especially challenging and the developmental hierarchy directly in-

forms the task decomposition. Together, the three environments allow us to validate

the framework incrementally, first establishing skill coordination before approaching

the full complexity of humanoid motor control.
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4.2 Baselines

We compare against two categories of baselines: monolithic (flat) PPO variants with

di”erent reward functions and exploration mechanisms, and an HRL method that

learns an emergent skill decomposition end-to-end. We describe these baselines below

and summarize the experimental question they isolate in Table 4.1. Specific baseline

details for each environment are provided in the corresponding experiment chapter.

4.2.1 Flat PPO Baselines

All flat PPO variants learn a single monolithic policy over the full action space,

di”ering only in how reward and exploration are structured.

Sparse Reward receives a reward signal only upon task completion, providing no

intermediate feedback. This is the most conservative baseline, establishing whether

the task is solvable without any structural guidance.

Intermediate Goals receives signal at each skill milestone, providing the same struc-

tural knowledge encoded in our task decomposition but without enforcing separate

policies at each level. This tests whether knowing what milestones matter is su!cient,

or whether the constraint of learning dedicated skills is independently necessary.

Distance Reward receives a continuous reward proportional to progress toward

the goal state, with no intermediate milestone structure. This tests whether dense,

continuous feedback alone substitutes for our decomposition, or whether explicitly

decomposing the task into ordered sub-behaviors is useful.

Random Network Distillation (RND) augments the sparse reward baseline with

an intrinsic exploration bonus that incentivizes visiting novel states [37], instantiating

a broader class of approaches that address sparse reward either through reward shap-

ing [38] or intrinsic motivation [39]. Unlike our hierarchy, which channels exploration

through developmental skills, RND’s prior over which regions of the state space are
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worth visiting favors only novelty, with no preference for which of those unfamiliar

regions are task-relevant. This lets us test whether exploration quantity can substi-

tute for our approach, or whether the directed structure of our task decomposition is

the operative factor. We provide algorithmic details of RND in Appendix A.

4.2.2 HRL Baseline: HIRO-PPO

HIRO [10] serves as our primary HRL comparison, representing a strong prior ap-

proach for continuous control and directly testing whether our imposed developmental

hierarchy outperforms an emergent one. In this algorithm, a high-level controller pro-

poses subgoals as desired relative displacements in observation space every C steps,

while the low-level policy receives an intrinsic reward proportional to how closely it

achieves those goals. Both policies are trained o”-policy via Deep Deterministic Pol-

icy Gradient [40] with a replay bu”er, and a goal-relabeling correction accounts for

the mismatch between the goal originally proposed and the goal the low-level policy

actually pursued during stored transitions.

However, because our framework trains low-level skills with PPO, we implement

an adapted version of HIRO that we call HIRO-PPO. This implementation maintains

the original goal-proposal and intrinsic reward structure but conducts both high-

and low-level policy updates on-policy, eliminating the need for the goal-relabeling

correction. PPO has demonstrated strong performance in continuous control settings

[22], and using a consistent optimization algorithm across both our framework and this

baseline ensures that any performance di”erences reflects the decomposition rather

than the optimizer. We provide implementation details of HIRO-PPO in Appendix A.

We note that other HRL baselines exist within the continuous-control domain,

namely Option-Critic [12]. However, Option-Critic jointly optimizes both intra-option

policies and termination conditions from task reward alone. This is a non-trivial prob-

lem [41], and it risks conflation with the question we wish to answer, as performance
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di”erences could reflect the di!culty of learning termination conditions rather than

the value of the developmental decomposition. HIRO-PPO provides a cleaner com-

parison by varying only whether the task decomposition is imposed or emergent.

Category Baseline Experimental Question

Flat PPO Sparse Reward
Is the task solvable without any
structural prior?

Flat PPO Intermediate Goals
Are intermediate goal signals su!cient
without our imposed hierarchy?

Flat PPO Distance Reward
Is reward density su!cient
without our imposed hierarchy?

Flat PPO Random Network Distillation
Is intrinsic motivation su!cient
without our imposed hierarchy?

HRL HIRO-PPO
Does our imposed hierarchy
outperform an emergent one?

Table 4.1: Overview of baselines and their corresponding experimental question.

4.3 Evaluation Methods

We evaluate on three axes: task success rate, sample complexity [42] and movement

quality. Task success rate is measured as the fraction of evaluation episodes in which

the agent achieves the target behavior within the episode horizon. Sample complex-

ity is measured by the total number of steps required to reach a given performance

threshold, including both low-level and high-level policy training. Finally, for the

Humanoid environment only, we additionally consider movement quality metrics in-

cluding center-of-mass stability, energy expenditure and qualitative assessments of

learned postural progressions.
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Chapter 5

Lunar Lander Experiment

5.1 Methods

Before applying our framework to humanoid locomotion, we first validate its core

components in the simpler LunarLander environment. This experiment serves as a

controlled test of whether the high-level controller can learn to coordinate indepen-

dently pretrained skills using only a sparse task reward and the VFS embedding.

5.1.1 Environment

We use a modified version of the LunarLander-v2 environment [35], which features

a lander that operates in a 2D world with an 8-dimensional state space consisting

of position, velocity, angle, angular velocity and leg contact and a 4-dimensional

discrete action space. The standard task—descending from a fixed spawn position

and landing between two flags—can be solved by a flat policy with a dense reward.

To make the task more challenging and necessitate multi-stage behavior, we introduce

a hard variant shown in Figure 5.1, in which the landing pad is placed on an elevated

platform and the agent spawns on the ground to one side.
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(a) Takeo! (b) Center (c) Land

Figure 5.1: Modified LunarLander environment and initial state distribution for each
skill. The agent must take o”, center and land between the flags.

5.1.2 Skill Design and Training

We define three low-level skills aligned with the modified task structure, as shown in

Figure 5.1: takeo”, in which the agent lifts o” the ground and maneuvers vertically

upwards; center, in which the agent moves horizontally over the landing pad; and

land, in which the agent descends carefully onto the landing zone. Each skill is trained

using PPO with a skill-specific reward and initial state distribution, described below.

Hyperparameters are provided in Appendix C.

Takeo!: The takeo” skill is initialized with the agent resting on the ground at a fixed

horizontal position from the landing pad. Its reward function uses inverse-distance

shaping toward a target position directly above the initial position, encouraging the

agent to ascend vertically. Horizontal velocity is penalized to encourage stable ascent,

and episodes terminate if the agent moves out of bounds or crashes.

Center: The center skill is initialized with the agent airborne above and to one side

of the platform. Its reward function uses inverse-distance shaping toward a target

position centered above the pad. Vertical velocity is penalized to encourage stable

horizontal translation. Episodes terminate if the agent moves out of bounds or crashes.

Land: The landing skill is initialized with the agent positioned directly above the pad.

Its reward function uses inverse-distance shaping toward the pad surface, with an

additional bonus for simultaneous leg contact. A sparse success reward is given when

both legs contact the ground within a tight horizontal tolerance and with su!ciently
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low velocity. Episodes terminate if the agent lands, crashes or moves out of bounds.

5.1.3 High-level Policy Training

Given three trained skill policies, we train a high-level selector to choose which skill

to execute at each decision point. The selector observes the VFS embedding Z(s) =

[Vtakeo!(s), Vcenter(s), Vland(s)], where each component is the value estimated by the

corresponding skill’s frozen critic. It selects one of the three skills, which then executes

for a fixed number of environment steps Toption before the selector is queried again.

The selector receives a sparse reward of +1000 only upon successful landing and ⇒100

upon termination (crashing or moving out of bounds), receiving no intermediate signal

about skill ordering or transition quality. It uses the same initial state distribution as

the takeo” skill, beginning on the ground.

We evaluate two selector algorithms—DDQN and PPO—and vary the option hori-

zon Toption ↘ {50, 75, 100}, for a total of six conditions. In all cases, the high-level

policy must discover the correct skill ordering—takeo”, center, land—using only the

sparse landing reward and the structure implicit in Z(s).

5.1.4 Baselines and Evaluation

We compare against the baselines described in Section 4.2, instantiated for the Lu-

narLander environment. The sparse reward baseline receives a success signal only

upon landing safely, as during selector training. The intermediate goal reward base-

line receives incremental rewards at manually specified target positions, which corre-

spond to the goal locations of each of our skills. The distance reward baseline receives

continuous feedback proportional to proximity to the landing pad. The RND baseline

augments the sparse reward with an intrinsic motivation bonus. Finally, we compare

to HIRO-PPO under a dense distance reward. Hyperparameters are provided in Ap-

pendix C. We evaluate on task success rate, averaged across 5 training seeds and 5
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evaluation episodes per seed, and report total environment training steps.

5.2 Results

5.2.1 Skills

Figure 5.2: Filmstrips of learned skill policies on a representative episode in LunarLan-
der. Top: Takeo”. Middle: Center. Bottom: Land.

Figure 5.2 shows a filmstrip of each skill’s learned behavior across a representative

episode. The takeo” skill learns the intended upward motion, the center skill moves

horizontally over the landing platform and the landing skill descends carefully to the

landing pad. As shown in Table 5.1, all three skills achieve a 100% evaluation success

rate, confirming that the skill decomposition renders each subproblem tractable in

isolation. We note that takeo” and center require slightly longer training than land,

as their target regions are spatially adjacent and the policies must develop su!ciently

distinct behaviors to avoid ambiguity in downstream skill composition.
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Table 5.1: LunarLander skills performance across 5 training seeds, each averaged over
5 episodes. Success rate is defined as reaching the target (x, y) location.

Skill Steps (Millions) Evaluation Success Rate

Takeo” 0.8M 1.0
Center 0.8M 1.0
Land 0.4M 1.0

Table 5.2: LunarLander selector performance across algorithms and option horizons
Toption. Success rate, defined as landing safely, is averaged over 5 training seeds, each
evaluated on 5 episodes.

Algorithm Toption Steps (Millions) Evaluation Success Rate

DDQN 50 0.3M 1.0
DDQN 75 0.25M 1.0
DDQN 100 0.3M 1.0
PPO 50 0.8M⇔ 1.0
PPO 75 0.4M 1.0
PPO 100 0.3M 1.0

↘
Required extended skill training (0.2M additional steps for takeo! and center)

for PPO T = 50, which is included in this quantity.

5.2.2 Selector

Given the three trained skill policies, we train a high-level selector that chooses which

skill to execute at each decision point. Table 5.2 summarizes selector performance

across algorithms and option horizons Toption. Both DDQN and PPO achieve 100%

success across all values of Toption, with DDQN converging in as few as 0.25M steps

and PPO requiring up to 0.4M steps. The exception is PPO at Toption = 50, which

required 0.2M additional training steps for the takeo” and center skills beyond the

standard budget, reflected in the 0.8M total reported.

Figure 5.3 shows the resulting trajectories across all conditions. Both algorithms

produce consistent behavior: the lander rises from the platform (takeo”, blue), tra-

verses horizontally to align with the pad (center, green) and descends onto it (land,

red). Notably, the selector recovers the correct skill ordering without any explicit

supervision on transition structure, relying only on a sparse success reward.
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Figure 5.3: Learned skill sequencing for the LunarLander task. Each subplot shows
the trajectory of the lander across evaluation episodes, colored by the active skill
option: Takeo” (blue), Center (green) and Land (red). Columns correspond to the
option duration T ↘ {50, 75, 100} and rows correspond to selector algorithm (DDQN,
PPO). Bold lines show the mean trajectory averaged across episodes across training
seeds, while faint lines show individual training seed means. Both DDQN and PPO
reliably learn coherent skill sequences across all option durations.

At Toption = 100, trajectories are compact across seeds, with the selector reliably

invoking each skill exactly once. At shorter horizons, greater variation is visible across

seeds as the selector resamples mid-execution, producing sequences such as T, C, C,

C, L or T, T, C, C, L. This reflects the selector compensating for incomplete skill

execution within the shorter option horizon and suggests that the VFS embedding

provides a meaningful signal at each decision point regardless of where within a skill’s

execution the selector is queried.

Taking a closer look at the VFS embedding, Figure 5.4 shows how it evolves over

the course of a representative training seed. Vtakeo! (blue) rises sharply as the agent

ascends early in the episode, peaking near timestep 40 before declining as the agent

moves to the top of the environment boundary and stabilizes. Vcenter (green) begins

at a lower value and rises as horizontal movement becomes viable, remaining elevated

until the agent centers over the landing pad. Vland remains low during takeo” and
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Figure 5.4: Normalized VFS values over a representative training seed, with mean
and standard deviation computed across 5 evaluation episodes. Each value Vk(s) is
normalized to [0, 1] within its own range to facilitate comparisons across skills. Values
match the structure of the task: the takeo” critic peaks early as the lander gains
altitude, the center critic remains elevated as the lander traverses horizontally, and
the land critic rises once the lander is positioned over the target zone.

rises gradually as the lander approaches the pad, spiking sharply once positioned

over the landing zone. This pattern confirms that the VFS embedding captures a

task-relevant state abstraction, with each value function peaking in the states for

which its corresponding skill becomes most executable and aligning with the learned

sequences of Figure 5.3. We note that the hselector observes the raw VFS values rather

than the normalized values shown here, which are presented solely for analysis.

5.2.3 Baseline Comparisons

Table 5.3 summarizes the performance of baselines against our approach, while Fig-

ure 5.5 illustrates baseline trajectory outcomes across success, truncation and termi-

nation categories. While all baselines fall short, ranging from 0 to 0.72 success rate,

our approach achieves consistent success.

Flat PPO with a sparse reward fails entirely, achieving zero success across train-

ing seeds. Figure 5.5 reveals how, without any intermediate signal, the agent never
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Table 5.3: Comparison of our approach against baselines on LunarLander. Total train-
ing steps for VFS include skill pretraining plus selector training. Success rate is defined
as landing safely and is averaged across 5 seeds and 5 evaluation episodes per seed.

Approach Steps Eval Success Rate

VFS + DDQN Selector 2.3M 1.0
VFS + PPO Selector 2.3M 1.0
Flat PPO + Sparse Reward 5M 0
Flat PPO + Intermediate Goal Rewards 3M 0.4± 0.49
Flat PPO + Distance Reward 3M 0.72± 0.3
Flat PPO + Random Network Distillation 3M 0.48± 0.45
HIRO-PPO 5M 0.44± 0.49

discovers the landing behavior and instead terminates frequently. This underscores

a fundamental task di!culty: landing is not merely a matter of reaching the correct

(x, y) position but also requires landing safely, a combination of constraints that is

unlikely to be stumbled upon by random exploration under a sparse reward.

Augmenting the reward with intermediate goals partially mitigates this, achiev-

ing an average success rate of 0.4, though with high variance across seeds (±0.49).

Examining Figure 5.5, truncation episodes show the agent consistently reaching the

vicinity of the pad but failing to complete the landing, while termination episodes

show it crashing upon approach. This pattern suggests that intermediate goals are

e”ective at discovering the landing zone but still insu!cient for landing safely.

RND achieves a moderate success rate of 0.48 (±0.45), with a notably consis-

tent hover pattern in truncation episodes wherein the agent discovers the pad region

through exploration but struggles to execute the precise touchdown required for a

safe landing. Similarly, termination episodes show an identification of the landing

pad region but occasional crash landings.

The distance reward achieves the highest flat baseline success rate at 0.72 (±0.30),

with notably di”erent failure characteristics than the other conditions. Failed episodes

are almost exclusively terminations from landing with high velocity rather than time-

outs. This reflects the nature of the reward: continuous proximity feedback produces
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Figure 5.5: Trajectory outcomes for baselines on LunarLander, where each row corre-
sponds to a baseline and each column to an outcome category: Success (green), Trun-
cation (orange) and Termination (red). Because the variation in trajectories makes it
di!cult to average, we instead display individual evaluation episodes across all train-
ing seeds. n denotes the number of evaluation episodes in each category (25 total).

more directed trajectories but may still send the agent into the pad at incorrect angles

or velocities, resulting in crash landings.

Finally, HIRO-PPO achieves a success rate of 0.44 ± 0.49, comparable to the

flat PPO baselines. Examining the trajectories, successful episodes show the agent

discovering a coherent lifto” and approach path, though at a noticeably lower altitude

than other baselines. Termination episodes reveal a consistent failure mode of flying

into the right boundary of the platform, as well as a less frequent failure mode of rising
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too high and crashing onto the landing pad. This suggests that while the emergent

goal-directed hierarchy discovers the landing zone, the emergent goal space does not

reliably align with the task of landing, producing high variance across seeds.

Together, these results illustrate that neither reward engineering, intrinsic moti-

vation nor emergent hierarchical structure reliably solve the task. In contrast, our

approach achieves perfect success in only 2.3M total timesteps by first defining skills

that render safe movement and landing tractable in isolation before composition.

5.3 Discussion

The LunarLander results provide a clean proof of concept for the VFS framework

across several dimensions. All three skills achieve 100% success in isolation, confirming

that the chosen decomposition renders each subproblem tractable. This is non-trivial:

the landing skill in particular requires satisfying simultaneous velocity and contact

constraints that the baselines often fail to discover. The downstream implication is

that the quality of the skill decomposition is a primary determinant of overall per-

formance. We note that it may be possible to achieve similar success with a coarser

decomposition, such as by combining takeo” and center into a single skill. For our

purposes, however, using three skills o”ered a more rigorous test of the selector.

The selector then recovers the correct skill ordering from a sparse task reward

alone, without any explicit supervision on transition structure. This is possible be-

cause the VFS embedding evolves coherently with task progress, peaking for each skill

at precisely the states where that skill is most executable. The fact that the selector

exploits this structure consistently across both algorithms and all option horizons

suggests that value functions of pretrained skills constitute a robust state abstraction

for high-level decision-making, validating a core component of our framework.

Turning to the e”ect of Toption, the option horizon a”ects the structure of learned
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sequences but not final performance. At shorter horizons, the selector produces longer

sequences as it resamples mid-execution, while at T = 100 it reliably invokes each

skill exactly once. That all Toption values converge to the same behavior again suggests

the VFS embedding provides a consistent feasibility signal regardless of where within

a skill’s execution the selector is queried.

Turning to the selector algorithm, DDQN converges slightly faster than PPO in

this setting, consistent with its suitability for small discrete action spaces. With only

three options, φ-greedy exploration directly samples all skills within a few steps, ensur-

ing diverse experience in the replay bu”er even early in training. PPO’s entropy-based

exploration is softer and more dependent on the policy gradient signal to encourage

option diversity, which may be a disadvantage when early rollouts are uninformative.

The interaction between algorithm and option horizon becomes apparent at T = 50,

where the option horizon is only one fourth of the skill training horizon. The selector is

therefore frequently queried on partial skill executions that have not yet reached their

subgoal states and may be less informative to the VFS embedding. The requirement

of additional skill training at this horizon for PPO suggests that the option horizon

and skill training budget interact, and that shorter horizons place greater demands

on skill behavioral clarity and quality.

Finally, the baseline comparisons confirm that neither reward engineering, intrin-

sic motivation, nor emergent hierarchical structure reliably solves the task within the

training budget. We qualify this conclusion on three grounds. First, the flat baselines

were trained for 3M steps, which is within the range of our total pipeline cost, but

some conditions show non-zero variable success that may consolidate with further

training. Secondly, while we tuned key hyperparameters for each baseline, our search

was non-exhaustive. Finally, HIRO-PPO faces an additional challenge in this envi-

ronment, as LunarLander introduces boundary terminations that are not present in

the continuous control settings for which HIRO was originally designed, potentially
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making it more di!cult for the low-level policy to learn stable goal-directed behavior

before hitting boundaries. Taken together, however, the baselines still demonstrate

a fundamental struggle to overcome the simultaneous challenges of discovering task

structure and learning to execute within it, whereas our approach separates these

problems entirely. Looking forward, the remaining question is whether our framework

scales to higher-dimensional continuous control settings, where both the skill policies

and VFS embedding are more complex.
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Chapter 6

Bipedal Walker Experiment

6.1 Methods

The BipedalWalker experiment extends the validation from LunarLander to a con-

tinuous control setting with a larger state space and task horizon. This experiment is

designed to test whether our approach holds in a more demanding setting before we

apply it to humanoid locomotion.

6.1.1 Environment

We use a modified version of the BipedalWalker environment [35], which features a

bipedal robot with a 24-dimensional continuous state space including hull angle, angu-

lar velocity, joint angles, joint velocities and Light-Detection-And-Ranging (LIDAR)

range measurements alongside a four-dimensional continuous action space controlling

hip and knee torques. The original task requires the walker to traverse flat terrain,

which a flat policy can solve without multi-stage behavior. To necessitate skill compo-

sition, we introduce two terrain variants that require qualitatively di”erent locomotion

strategies (Figure 6.1). The grass variant places a low overhang obstacle above flat

terrain, requiring the walker to crouch and pass underneath. The stairs variant places
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a staircase, requiring the walker to coordinate stepping behavior.

(a) Grass terrain with overhang obstacle (b) Stairs terrain with staircase

Figure 6.1: Modified BipedalWalker Environment

6.1.2 Skill Design and Training

We define two low-level skills corresponding to the two terrain variants: grass, which

navigates the walker underneath the overhang obstacle while maintaining forward

velocity, and stairs, which requires coordinated leg-lifting and single-leg balancing.

Each skill is trained independently using PPO with a skill-specific reward function

and terrain obstacle described below. Hyperparameters are provided in Appendix D.

Grass: The grass skill is initialized on flat terrain before an overhang obstacle. Its

reward function augments the base environment reward with a bonus proportional to

forward velocity, encouraging the walker to pass underneath the obstacle. A sparse

success reward is issued when the walker clears the far edge of the obstacle.

Stairs: The stairs skill is initialized on flat terrain before a stairs obstacle. Its reward

function augments the base environment reward with a bonus proportional to forward

velocity and a penalty discouraging too wide of a hip joint angle to encourage upright

posture. An additional success reward is issued upon completing the obstacle.

6.1.3 High-level Policy Training

Given the two trained skill policies, we train a high-level selector to choose which

skill to execute at each decision point. The selector observes the VFS embedding
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Z(s) = [Vgrass(s), Vstairs(s)], where each component is the value estimated by the

corresponding skill’s frozen critic. The selector chooses a skill, which then executes

for a fixed number of environment steps Toption before the selector is queried again.

The selector is evaluated in a sequential environment in which both obstacles appear,

requiring the selector to select the correct skill at each stage using only the task reward

and the structure implicit in Z(s). The selector receives a sparse success reward upon

completing the full sequence and a termination penalty for falling. We evaluate two

selector algorithms—DDQN and PPO—with Toption ↘ {100, 200, 250}, reflecting the

longer execution horizon required for BipedalWalker as compared to LunarLander.

6.1.4 Baselines and Evaluation

We compare against the flat PPO baselines described in Section 4.2, instantiated

for the modified BipedalWalker environment. The sparse reward baseline receives a

success signal only upon completing the full sequence. The intermediate goal reward

baseline receives incremental rewards throughout the sequence, providing additional

incentive to move forward, as well as a bonus for maintaining a closed hip angle

when on the stairs. The distance reward baseline follows the original environment

reward, but we append an additional reward for forward velocity and remove the

penalty for excessive energy expenditure. The RND baseline augments the sparse

reward with an intrinsic motivation bonus. Finally, due to time limitations, we do not

compare to HIRO-PPO for this domain, as our primary goal is to test the scalability

of our approach to continuous control rather than evaluate the quality of the skill

decomposition compared to an emergent one. Baseline hyperparameters are provided

in Appendix D.

We evaluate on task success rate, averaged across 5 training seeds and 5 evaluation

episodes per seed, and report total environment training steps. For our approach, total

steps include skill and selector training. Because BipedalWalker involves continuous
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action spaces and longer episode horizons than LunarLander, this experiment provides

a stronger test of whether our framework scales to more demanding settings.

6.2 Results

6.2.1 Skills

Figure 6.2 shows a filmstrip of each skill’s learned behavior on a representative episode.

The grass skill successfully learns to crouch and maintain forward velocity while

passing underneath the overhang obstacle. The stairs skill learns to lift its legs and

step upward and downward through the staircase. Noticeably, the two skills produce

behaviorally distinct policies, with the grass skill adopting a wider hip angle and

lower body position than the stairs. As shown in Table 6.1, both skills achieve 100%

success averaged across 5 training seeds and 5 evaluation episodes per seed. Stairs

require more training than grass, reflecting the greater coordination demand.

Figure 6.2: Filmstrips of learned skill policies on a representative episode in Bipedal-
Walker. Top: Grass. Bottom: Stairs.

Table 6.1: BipedalWalker skills performance. Success rate, defined as successful ob-
stacle completion, is averaged across 5 training seeds, each evaluated over 5 episodes.

Skill Steps (Millions) Evaluation Success Rate

Grass 1M 100%
Stairs 1.5M 100%
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6.2.2 Selector

Table 6.2: BipedalWalker selector performance across algorithms and option horizons.
Success rate, defined as successful completion of the obstacle sequence, is averaged
across 5 training seeds, each evaluated over 5 episodes.

Algorithm Toption Steps (Millions) Evaluation Success Rate

DDQN 100 1.1M 1.0 ± 0
DDQN 200 0.6M 0.92 ± 0.109
DDQN 250 0.6M 0.96 ± 0.089
PPO 100 1.1M 0.92 ± 0.109
PPO 200 0.6M 0.92 ± 0.109
PPO 250 0.5M 1.0 ± 0

T = 100 requires extended training time for the stairs skill by 0.5M steps, which we

include in the training steps above.

Table 6.2 summarizes selector performance across algorithms and option hori-

zons. Both DDQN and PPO achieve high success rates across conditions, with DDQN

Toption = 100 and PPO Toption = 250 achieving perfect success (1.0± 0). The remain-

ing conditions cluster between 0.92 and 0.95, indicating consistent but occasionally

imperfect sequencing and skill execution. The shorter Toption = 100 requires extended

stair training, as more frequent option selection means the stair skill is invoked from a

broader range of states, demanding greater recovery ability from the low-level policy.

Figure 6.3 shows the skill selection heatmap across a fixed terrain, in which an

overhang obstacle is followed by a stairs obstacle. The selector reliably applies the

grass skill on the overhang segment and the stairs skill on the stairs segment, demon-

strating clear terrain-skill correspondence. This correspondence is slightly asymmet-

ric: the stairs skill is never selected on the overhang terrain, while grass is occasionally

selected on the stairs terrain. This asymmetry is consistent with the structure of the

skills themselves, as the upright stepping behavior of the stairs skill is entirely ill-

suited to the low-clearance overhang, while the grass skill may occasionally be able

to succeed on the stairs, particularly on the descent to flat terrain.

Figure 6.4 shows the normalized VFS values over a representative training seed.
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Figure 6.3: Skill selection heatmap against the sequential terrain for all algorithm and
option horizon conditions. Each cell shows the fraction of timesteps the grass (blue) or
stairs (orange) skill was selected on each terrain segment. The selector reliably applies
the grass skill on the overhang segment and the stairs skill on the stairs segment, with
occasional grass selection on the descending stairs portion.

Vgrass begins elevated and remains high throughout the overhang segment before drop-

ping sharply at approximately timestep 300, where the terrain transitions to stairs.

Vstairs remains relatively stable during the flat and overhang phase before dipping

briefly around timestep 300, then rising to its highest values over the stairs terrain.

This dip reflects the agent’s postural adjustment out of the crouched grass configu-

ration: because the stairs critic was trained on upright stepping behavior, the transi-

tional crouched posture is both outside its expected distribution and associated with

lower reward, resulting in a lower value estimate. As the agent recovers its stepping

gait, Vstairs rises and stabilizes, as visible in the transition filmstrip (Figure 6.5).

The greater noisiness of the VFS signal here relative to LunarLander is worth

noting. In LunarLander, the observation space directly encodes global task progress

through (x, y) position and velocity, and the reward structure of each skill encour-

ages attaining a fixed target position and stable velocity. The resulting value func-

tions therefore evolve smoothly with task phase, as previously shown in Figure 5.4.

In BipedalWalker, by contrast, the observation space consists of joint angles, joint

velocities, hull orientation and LIDAR range measurements. Furthermore, the skill
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Figure 6.4: Normalized VFS values over a representative evaluation episode, with
mean and standard deviation computed across five evaluation episodes. Vgrass remains
elevated throughout the overhang segment before dropping sharply at the terrain
transition around timestep 300. Vstairs dips briefly at the transition before rising to
its highest values over the stairs terrain.

Figure 6.5: Filmstrip of a sample skill transition at timestep 300 from Figure 6.4, with
the corresponding Vstairs value annotated at each frame. The agent enters the stairs
skill in a crouched posture (step 300, Vstairs = 0.65), adjusts through an intermediate
configuration and recovers to an upright stepping gait by step 375 (Vstairs = 0.90).

reward functions reward proximity to target joint positions and successful completion

of obstacles. The value functions therefore reflect both terrain context and the agent’s

current postural state simultaneously. This, combined with the fact that each skill’s

critic is trained only on its own terrain and thus encounters out of distribution states

during sequencing, may contribute to the greater noisiness of the VFS signal.

However, the skills themselves are relatively well-di”erentiated, meaning that the

selector can quickly learn from experience, for example, that executing the stairs skill

on the overhang terrain leads to failure. Additionally, the selector learns an arbitrary
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function over the VFS embedding, meaning that as long as the value functions pro-

duce consistent patterns given an observation, the selector can learn to exploit those

patterns. Thus, the noisiness of the embedding reduces its transparency in this setting

but does not necessarily undermine its utility as a basis for decision-making.

6.2.3 Baseline Comparisons

Table 6.3: Comparison of our approach against flat PPO baselines on Bipedal Walker.
Total training steps for VFS include skill pretraining plus selector training. Mean
sequence progress represents the fraction of the total obstacle sequence completed
per episode, computed as the mean final x position divided by the total sequence
length, averaged across 5 seeds and 5 evaluation episodes per seed.

Approach Steps Mean Sequence Progress

VFS + DDQN Selector (Toption = 200) 3.1M 0.95± 0.09
Sparse Reward 4M 0.13± 0.001
Intermediate Goal Rewards 4M 0.63± 0.26
Distance Reward 4M 0.82± 0.28
Random Network Distillation 4M 0.15± 0.02

Based on the consistent results across algorithms and option horizons reported

in Table 6.2, we select DDQN with Toption = 200 as our representative configuration

for baseline comparisons. Table 6.3 summarizes performance across all approaches.

Our approach achieves a mean sequence progress of 0.95 ± 0.09, outperforming all

flat baselines. In contrast, the sparse baseline nearly fails entirely at 0.13 ± 0.001,

confirming that the task is too long-horizon for a sparse success reward alone to

provide meaningful signal. As Figure 6.6 illustrates, the sparse baseline ultimately

adopts a stationary position, choosing to avoid falling rather than progressing forward.

The RND result is similar, with a mean sequence progress of 0.15±0.02 and a similar

stationary position reflected in its corresponding filmstrip.

The intermediate goals and distance baselines perform considerably better, with a

mean sequence progress of 0.63 ± 0.26 and 0.82 ± 0.28 respectively. One notable

di”erence between them is the speed at which they accomplish the sequence, as
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demonstrated in Figure 6.6. The distance baseline, which is rewarded proportion-

ally to forward movement, reaches the end of the staircase much earlier and therefore

advances further before falling. In contrast, the intermediate goals baseline is only

rewarded at intermediate waypoints, and it frequently fails due to truncation rather

than termination, thus not progressing quite as far through the obstacle sequence.

Taking a closer look at the learned policies of the intermediate goals and distance

baselines in Figure 6.6, we note that both adopt a wider hip angle when ascending

the staircase, and the distinction between their body configurations on the di”erent

obstacles is overall less pronounced than in our approach, where each skill is trained

to specialize in a particular terrain regime. This mirrors an observation from our se-

lector results, where the grass skill occasionally succeeds on the stairs obstacle despite

never being trained on it, suggesting that a su!ciently capable general locomotion

policy may constitute a kind of universal motor primitive across terrain types. Taken

together, these observations raise the possibility that our chosen skill decomposition,

while beneficial within our training budget, may not be strictly necessary given suf-

ficient flat training time and reward shaping.

6.3 Discussion

The BipedalWalker results extend the pattern observed in LunarLander to a more

demanding continuous control setting. The core finding is consistent: our approach

produces more reliable sequence completion than any flat baseline given the same

training budget.

The failure of the RND baseline suggests that even intrinsic motivation cannot

bridge the credit assignment gap imposed by the full obstacle sequence under a sparse

reward. One potential explanation is the nature of the observation space, which con-

tains no positional references and consists only of joint angles and LIDAR readings.
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Figure 6.6: Representative filmstrip sequence comparisons between our approach and
baselines. Top to bottom: Our approach (DDQN selector with Toption = 200, sparse
baseline, intermediate goals baseline, distance baseline and RND baseline.

While RND may incentivize exploration of diverse body states and positions, those do

not immediately translate to improved task performance, and indeed, many will lead

to falls and incur a termination penalty. The long horizon of the task compounds this

problem, as the agent must chain together many correct actions before any extrinsic

reward is received, making it unlikely that intrinsic bonuses alone can guide meaning-

ful progress. In this setting, only the distance and intermediate goal baselines achieve

reasonable performance, suggesting that dense rewards are more useful for reducing

the credit assignment burden in long-horizon continuous control tasks.

Looking ahead, one additional takeaway for the Humanoid experiments concerns

the role of skill distinctiveness. In this experiment, the grass skill could occasion-

ally succeed on the stairs obstacle despite not explicitly training on it, suggesting

a certain degree of shared structure between the terrain skills. While this does not

compromise our approach’s performance in this setting, it does complicate the skill
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selection decision that the selector has to solve and may have an increasingly large

impact with a larger skill set size. In the Humanoid setting, however, we anticipate

that this potential problem will be mediated by the highly distinct initial state dis-

tributions of each skill and increased complexity of the environment, which will likely

make it more di!cult for skills to generalize to unseen states. Having validated the

core components of our framework in both LunarLander and BipedalWalker, we now

turn to the Humanoid environment itself with these takeaways in mind.
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Chapter 7

Humanoid Experiment

7.1 Methods

The Humanoid experiment represents the fullest instantiation of our approach and

the central test of our hypothesis. Where LunarLander and BipedalWalker served

as validation environments, the Humanoid skill decomposition is grounded directly

in human motor development, with each skill corresponding to a postural transition

that human infants reliably traverse on the path to upright locomotion. The high-

dimensional state and action space also makes this a substantially more di!cult

exploration problem than the preceding environments.

7.1.1 Environment

We use a modified version of the Humanoid-v4 environment [36] extended to support

custom initial state distributions and reward functions. The humanoid model has

a 376-dimensional observation space—including joint positions, velocities, center-of-

mass inertia and velocities, actuator forces and external contact forces—and a 17-

dimensional continuous action space controlling joint torques.
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7.1.2 Skill Design and Training

We define five low-level skills corresponding to the five postural transitions of the de-

velopmental sequence: prone-to-crawl, crawl-to-kneel, kneel-to-lunge, lunge-to-stand

and stand-to-walk. Because the humanoid state space is high-dimensional and the

target postures are geometrically specific, each skill uses a goal-conditioned policy

architecture in which the policy receives both the current observation and a fixed

goal vector encoding the target joint configuration. Hyperparameters are provided in

Appendix E.

(a) Prone-to-crawl (b) Crawl-to-kneel (c) Kneel-to-lunge

(d) Lunge-to-stand (e) Stand-to-walk

Figure 7.1: Initial State Distributions for Humanoid Skills

54



Initial State Distributions

The initial starting positions are illustrated in Figure 7.1. Each skill’s target posture

is the starting position of the subsequent skill in the sequence, in order to encourage

that successful completion of one skill places the agent in a valid starting configuration

for the next. To further improve robustness to imperfect skill hando”s during compo-

sition, noise is injected into the initial state distribution at the start of each episode,

perturbing the relevant joints around the reference pose. Noise ranges were calibrated

per skill by characterizing the terminal state distribution of each trained policy and

setting the magnitude to cover the empirically observed variance at hando”.

Reward Functions

All skills share a common reward structure:

r = ⇒5 · Lheight ⇒ Ljoint ⇒ cvel · Lqvel ⇒ 0.1 · Lctrl

where Lheight = |z⇒z↘| penalizes deviation from the target torso height, Ljoint = |q⇒q↘|

penalizes deviation from the target joint configuration, Lqvel = |qvel|2 penalizes joint

velocity to discourage erratic movement and Lu = |u|22 is the standard control cost

penalizing joint torques. The joint error penalty operates over a task-relevant subset

of joints, excluding arms and root orientation joints. For stand-to-walk, the joint

velocity penalty is omitted, and a healthy reward rhealthy = 5 and forward velocity

bonus rfwd = vx + vy are appended to encourage forward motion.

Skill Training

Individual skill training required substantial iterative tuning of reward weights, noise

injection ranges and PPO hyperparameters. The primary challenge lies in balancing

the height and joint configuration penalty against the joint velocity penalty. Achieving

a target posture requires minimizing joint error while also limiting residual motion,
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since the initial state distribution of each subsequent skill is defined not only over joint

positions but also over velocities and contact forces. An overly strong velocity penalty,

however, encourages the agent to remain stationary and results in sub-optimal joint

configurations. Due to this sensitivity of skill training, we report results for the three

seeds for which stable sets of skill policies were obtained.

The prone-to-crawl skill also provided particularly di!cult to train reliably within

our timestep budget. We therefore report results for the four-skill sequence beginning

at crawl-to-kneel, and we treat prone-to-crawl as a separate preliminary skill result.

7.1.3 High-level Policy Training

Given the trained skill policies, we train a high-level selector to choose which skill to

execute at each decision point. The selector observes the VFS embedding:

Z(s) = [Vcrawl-to-kneel(s), Vkneel-to-lunge(s), Vlunge-to-stand(s), Vstand-to-walk(s)],

where each component is the value estimated by the corresponding skill’s frozen critic.

The selector chooses one of the four skills, which executes for a fixed number of

environment steps Toption before the selector is queried again. We evaluate DDQN

and PPO selectors with Toption = 150, as our noise calibration procedure limits the

range of option horizons we can evaluate with a single set of skills. The selector

is initialized from the crawl position and must coordinate the full skill sequence to

achieve upright locomotion. It receives a reward and forward velocity bonus only when

its torso height exceeds z ⇓ 1.2 meters.

7.1.4 Baselines and Evaluation

We compare against the baselines described in Section 4.2. For the flat PPO base-

lines, the sparse baseline receives the same indicator reward as our selector, namely a

reward only when the torso height exceeds z >= 1.2 meters. The intermediate goals
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baseline augments the observation with the joint error to each of four target sub-

postures and provides incremental rewards upon reaching each target height, giving

the agent additional directional signal without imposing hierarchical structure. The

distance-based baseline uses the original environment reward, which provides a dense

reward proportional to torso height ( z

”t
). The RND baseline augments the sparse

reward with an intrinsic exploration bonus to encourage coverage of the state space.

Finally, HIRO-PPO represents our HRL baseline. As part of our hyperparameter tun-

ing, we evaluate HIRO-PPO under the sparse, distance-based and intermediate goal

reward formulations and report distance-based reward as the best-performing variant.

Baseline hyperparameters are provided in Appendix E.

We evaluate our approach on two metrics: target height rate, or the fraction of

episodes in which the agent achieves torso height z ⇓ 1.2m, and forward motion rate,

or the fraction of episodes in which the agent proceeds to full bipedal locomotion. For

baseline comparisons, we report average torso height per episode over training and

torso height progression over evaluation episodes. We also assess movement quality

through energy expenditure, center-of-mass stability and qualitative analysis of rep-

resentative postural progressions. We define energy expenditure as the sum of squared

torques applied to each joint per timestep,
∑

i
u2
i
, measuring total control e”ort. We

define the center-of-mass (COM) stability margin as the signed distance from the

projected COM to the nearest edge of the convex hull of ground contact points. A

positive COM stability margin indicates the COM lies within the support polygon

and suggests postural stability, while a negative value indicates it has fallen outside

the support base and suggests the agent is o”-balance.

Finally, given the challenges described in Section 7.1.2, the results that follow

should not be considered statistically significant. Skill performance is reported over

three training seeds, each evaluated across five evaluation episodes. For our selector

results, we train our high-level selector on three seeds per skill set and evaluate over
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five evaluation episodes per seed. We then average across seeds within each skill

set before computing the mean and standard deviation across the three skill sets.

Baselines are also reported over three seeds, given their computational cost.

7.2 Results

7.2.1 Preliminary Prone-to-Crawl Skill

Table 7.1: Comparison of original prone-to-crawl skill versus decomposed prone-to-
pushup and pushup-to-crawl skills. Terminal joint error is the distance between the
agent’s final joint configuration and the target pose, computed over twelve relevant
joints. Terminal joint velocity is the L1 norm of all final joint velocities.

Skill Steps Terminal Joint Error Terminal Joint Velocity

Prone-to-Crawl 8M 1.46± 0.57 50.58± 12.44
Prone-to-pushup 8M 0.37± 0.05 2.84± 0.90
Pushup-to-crawl 8M 0.51± 0.03 30.61± 6.79

The prone-to-crawl transition proved the most di!cult to train reliably. A single

policy attempting the full transition from a flat prone configuration to a crawl position

achieved a terminal joint error of 1.46± 0.57 and terminal joint velocities of 50.58±

12.44, indicating both poor postural accuracy and high residual motion. We therefore

experimented with decomposing this transition into two subskills—prone-to-pushup

and push-up-to-crawl—where the first learns to lift the head and upper torso o” the

ground and the latter learns to reposition the limbs from this supported position into

a crawl configuration, as demonstrated in Figure 7.2. This two-stage decomposition

is inspired by the progression observed in human motor development, as pushing up

onto the arms is a distinct milestone observed in human infant development [1, 6].

Despite convergence to more reasonable joint errors (0.37 ± 0.05 and 0.51 ± 0.03),

the full two-step chain still lacks the robustness required for reliable composition,

particularly with respect to the high joint velocities in the terminal state of pushup-
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to-crawl. We therefore omit the prone-to-crawl transition from the composed sequence

and report it as a preliminary result.

Figure 7.2: Representative filmstrips comparing the original prone-to-crawl skill (top)
and the decomposed prone-to-pushup (middle) and pushup-to-crawl (bottom) skills.

7.2.2 Skills

Turning to the skills that make up our implemented developmental sequence, Table 7.2

summarizes training steps and terminal joint metrics across three training seeds. We

note that some residual velocity is expected, particularly in postures with a higher

center-of-mass where more balance is required, so a nonzero terminal velocity is not

necessarily indicative of failure but rather greater balancing demands.

Table 7.2: Humanoid skill performance. Terminal joint error is the distance between
the final joint positions and target joint positions, computed over twelve relevant
joints. Terminal joint velocity is the L1 norm of all final joint velocities.

Skill Steps Terminal Joint Error Terminal Joint Velocity

Crawl-to-kneel 10M 0.43± 0.09 0.99± 2.13
Kneel-to-lunge 10M 0.24± 0.03 4.99± 8.30
Lunge-to-stand 10M 0.39± 0.09 38.05± 14.5
Stand-to-walk 10M 0.42± 0.03 26.78± 4.41
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Crawl-to-Kneel and Kneel-to-Lunge

To contextualize these metrics with a qualitative analysis, Figure 7.3 shows represen-

tative filmstrips of the crawl-to-kneel and kneel-to-lunge transitions. The crawl-to-

kneel policy successfully lifts the torso from a four-limb support configuration into an

upright kneeling posture, achieving a terminal joint error of 0.43± 0.09 and low ter-

minal joint velocity (0.99± 2.13). The kneel-to-lunge policy achieves the lowest joint

error of all skills (0.24 ± 0.03), though the high variance in terminal joint velocity

reflects some residual motion in the extended leg.

Figure 7.3: Representative filmstrips. Top: Crawl-to-kneel. Bottom: Kneel-to-lunge.

Lunge-to-Stand and Stand-to-Walk

Figure 7.4 shows the lunge-to-stand and stand-to-walk skills across a representative

evaluation episode. The lunge-to-stand policy moves the agent to an upright position,

adopting a slight split stance to maintain stability. While the terminal joint error is

low (0.39 ± 0.09), the high terminal velocity (38.05 ± 14.5) indicates that the final

standing posture carries residual momentum. As a result, we train stand-to-walk

under substantially higher initial state noise than the preceding skills in order to

make it robust to noisy hando”s produced by the lunge-to-stand skill. The resulting

policy learns to stabilize from these perturbations–an example of which is shown in

Figure 7.4, where the skill begins at a noticeable tilt with nonzero joint velocities.
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Figure 7.4: Representative filmstrips. Top: Lunge-to-stand. Bottom: Stand-to-walk,
showcasing an example starting configuration after noise injection.

Taking a closer look at the quality of the resulting upright locomotion, we show

foot contact statistics in Table 7.3, confirming a near-symmetric and alternating gait.

The slight favoring of the left leg may be a result of the split stance, in which the

left leg begins slightly forward. Furthermore, because we do not penalize upper limb

position, the arms adopt an arbitrary configuration that best serves balance. Including

a target arm position in the reward function would help reduce this slight visual

unnaturalness, and we leave this as a straightforward extension.

Table 7.3: Gait statistics for stand-to-walk show near-regular bipedal locomotion.

Metric Left Foot Right Foot

Contact Fraction 0.49± 0.03 0.44± 0.02
Contact Duration 3.45± 0.06 3.04± 0.11
Number of Strides 25.6± 0.5 26.0± 0.6
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Table 7.4: Humanoid selector performance with option duration Toption = 150. Steps
denotes the number of selector training steps, excluding skill pretraining. Target
Height Rate denotes the fraction of episodes in which the agent reaches the up-
right posture (z ⇓ 1.2m). Forward Motion Rate measures the fraction of successful
episodes that successfully initiate forward motion. The gap between these metrics
reflects quasi-failure cases where upright posture but not forward motion is attained.

Algorithm Toption Steps Target Height Rate Forward Motion Rate

DDQN 150 1.25M 0.933± 0.094 0.86± 0.02
PPO 150 2.5M 0.911± 0.12 0.81± 0.03

7.2.3 Selector

Table 7.4 summarizes the performance of the DDQN and PPO selectors, where we dis-

tinguish between two notions of success. The target height rate measures the fraction

of episodes in which the agent reaches the upright posture (torso height z ⇓ 1.2m), re-

flecting the selector’s ability to coordinate the postural transitions leading to standing.

In contrast, the forward motion rate captures whether the full intended progression

of skills from crawl-to-kneel through stand-to-walk is fully executed, thus initiating

forward motion. The gap between these metrics reflects occurrences where successful

upright standing is achieved but forward motion is not initiated.

Both approaches achieve high target height rates, with DDQN slightly outper-

forming PPO and converging in significantly less time. However, the slightly lower

forward motion rates reveal occasional failures to transition from lunge-to-stand to

stand-to-walk. Notably, the variance across seeds suggests that a single skill training

seed accounts for the majority of these errors. In particular, this seed exhibits reduced

robustness in the lunge-to-stand skill, leading to more episodes where the agent either

falls or remains upright without initiating forward locomotion. Consequently, the ob-

served performance di”erences appear to be driven more by variability in skill quality

than by deficiencies in the high-level selector itself.

Taking a closer look at the selector behavior, Figure 7.5 plots skill activations

as a function of torso height for both DDQN and PPO. On the left, solid curves
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Figure 7.5: Torso height trajectories for DDQN (top) and PPO (bottom) selectors.
Left: Solid lines show the mean torso height over successful evaluation episodes, with
shaded regions denoting one standard deviation. Right: Dashed lines show individual
trajectory failures, mainly due to lunge-to-stand failures. Colors indicate active skill.

represent the mean torso height over successful trajectories, where both selectors

exhibit a clear and consistent progression through the developmental sequence. On

the right, individual failed trajectories show cases where the developmental sequence

is not fully executed. Here, we can clearly see that most failures arise from skill-level

instabilities occurring mid skill-execution rather than errors in high-level sequencing.

In particular, unsuccessful executions of the lunge-to-stand skill frequently lead to

falls, as indicated by the dashed green trajectories that drop sharply.

A second failure mode occurs near the upright threshold and illustrates the cases

in which the stand-to-walk skill is not executed (as captured by the forward motion

rate in Table 7.4). Because both lunge-to-stand and stand-to-walk receive reward for

achieving the target torso height, the selector may struggle to discriminate between

them. Additionally, as noted in Section 7.2.2, the transition between lunge-to-stand

63



Figure 7.6: Representative filmstrips illustrating selector behavior. Top: Successful
episode executing the full developmental sequence. Middle: Fall due to an unstable
lunge-to-stand transition. Bottom: Non-fall failure that reaches the target height but
does not initiate forward motion. Borders indicate active skill: crawl-to-kneel (red),
kneel-to-lunge (orange), lunge-to-stand (green) and stand-to-walk (blue).

and stand-to-walk is particularly di!cult and required injecting substantial noise into

the initial state distribution of the latter. Thus, it is also possible that the selector

occasionally avoids transitioning to stand-to-walk when it has learned that transition

to be less stable. In other words, this quasi-failure mode, in which the target height

is achieved but the stand-to-walk skill fails to execute, may also be related to the

quality of skills rather than failures in the high-level selector.

Figure 7.6 provides qualitative examples of these behaviors. The top row shows

a successful episode in which the selector executes the full developmental sequence

and transitions to walking. The middle row illustrates a failure caused by an unstable

lunge-to-stand transition that results in a fall. The bottom row depicts a non-fall

failure in which the agent remains upright but continues executing lunge-to-stand
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instead of transitioning to stand-to-walk and initiating forward motion.

Overall, these results suggest that the selector is e”ective at coordinating pre-

trained skills to achieve upright locomotion. The high target height rates confirm

reliable sequencing of early postural transitions, while the gap between target height

and forward motion rates highlights residual challenges in the lunge-to-stand to stand-

to-walk hando”. This finding underscores the importance of stable and consistent skill

policies for hierarchical control and suggests that further improvements in skill ro-

bustness are likely to yield corresponding gains in overall system performance.

7.2.4 Baseline Comparisons

To contextualize the performance of our proposed approach, we compare it against

the flat and hierarchical baselines defined in Sections 4.2 and 7.1.4. We begin by com-

paring learning curves, for which we use average torso height per episode, given the

di”ering reward functions across methods. We then compare the final learned policies

of each baseline to our approach, considering torso height, center-of-mass stability

and qualitative comparisons of postural progressions. We note that for the move-

ment quality analysis, we show only the DDQN-based selector in order to generate

cleaner comparisons within figures; however, both selector algorithms produce simi-

lar movement quality results given the shared underlying skills. We relegate energy

expenditure evaluation to Appendix B.

Learning Dynamics

Figure 7.7 presents the learning curves for baseline methods over the first 40M steps

of training on the left, while providing a zoomed-in view of the final 5M steps of

training on the right. We place our approach, which we refer to as DevVFS-DDQN

and DevVFS-PPO throughout this section, on the x-axis at 40M steps to account

for the cost of skill pretraining and enable a fair comparison with baselines that are

trained end-to-end. Our approach demonstrates rapid and stable convergence, quickly
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Figure 7.7: Average torso height per episode during training for all methods. Left:
Training from 0-40M steps. Right: Final 5M training steps, with our approach ap-
pended at 40M steps to account for the cost of skill pretraining.

achieving and maintaining torso heights consistent with a fully upright posture. We

note that due to the nature of our skills and the selected Toption = 150, our approach

has an upper bound limit of average torso height near 1.0m, as it must progress

through the developmental sequence and does not reach a standing posture until

after halfway through the episode. Even despite this, we still see a clear learning

advantage from our approach.

In contrast, the sparse and RND baselines plateau around 0.2 and 0.3m respec-

tively. The distance based reward perform slightly better, achieving an average torso

height near 0.6m by the end of training. The intermediate goals baseline performs no-

ticeably better, achieving and maintaining an average torso height above 0.6m much

earlier in training. Finally, HIRO-PPO initially learns relatively quickly as well but

eventually plateaus around 0.6m and does not improve from there.

Sparse Baseline

As shown in Figure 7.8, the sparse reward baseline exhibits minimal progress toward

upright posture, with torso height dropping almost immediately to around 0.2m dur-

ing evaluation episodes, indicating a fall. This deficiency is further reflected in the

COM stability margin, which frequently falls below zero, signaling poor balance until

the agent falls completely to the ground. The representative filmstrip corroborates
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these findings, showing the agent falling almost immediately before spending the rest

of the episode on the ground, making little upward progress. Overall, this suggests

that the task is not solvable for the sparse baseline, which lacks any structural prior.

Figure 7.8: Comparison of sparse baseline and our approach over evaluation episodes.
Upper Left: Torso height progression. Upper Right: Center of mass stability mar-
gin, where a positive value indicates a stable COM and a negative value indicates an
unstable COM. Bottom: Representative baseline postural progression.

Intermediate Goals Baseline

As shown in Figure 7.9, the intermediate goals baseline demonstrates improved learn-

ing relative to the sparse setting, achieving evaluation torso heights in the range of

0.6-0.7m, though still failing to reach or sustain a fully upright stance. The COM

stability margin notably remains above zero for most of the episode, indicating that

the COM remains well-placed within the agent’s base of support. Qualitatively, the

representative filmstrip reveals that the agent progresses to a kneeling position, which

enables it to achieve a slightly higher reward than in the initial crawl position. These

results suggest that the intermediate goal signals provide some useful guidance in

discovering the next milestone, namely the kneeling position. However, they remain

insu!cient alone to ensure the sequential coordination of the multiple transitions re-

quired for full upright locomotion, suggesting the presence of the two-level hierarchy
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and temporal abstraction of skills are themselves useful.

Figure 7.9: Comparison of intermediate goals baseline and our approach over evalua-
tion episodes. Upper Left: Torso height progression. Upper Right: Center of mass
stability margin, where a positive value indicates a stable COM and a negative value
indicates an unstable COM. Bottom: Representative baseline postural progression.

Distance Baseline

As shown in Figure 7.10, the distance baseline achieves torso heights similar to the

intermediate goals approach, though it fails to maintain that position for quite as

long. The COM stability margin noticeably drops below zero towards the end of the

episode, indicating more frequent and immediate falls. The representative filmstrip

illustrates that while the agent’s e”orts are not coordinated into a fully upright posi-

tion, suggesting that reward density alone cannot compete with our approach.

RND Baseline

The RND baseline encourages broader exploration and is the only flat baseline to

occasionally achieve torso heights exceeding 1.0m during evaluation, as shown in Fig-

ure 7.11. However, these successes are transient and not well-sustained when compared

to the stable performance of our approach. The COM stability margin is particularly

telling, showcasing a significant drop below zero corresponding to the instability of
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Figure 7.10: Comparison of distance baseline and our approach over evaluation
episodes. Upper Left: Torso height progression. Upper Right: Center of mass
stability margin, where a positive value indicates a stable COM and a negative value
indicates an unstable COM. Bottom: Representative baseline postural progression.

its e”orts to stand. The qualitative filmstrip further illustrates a rather precarious

jump to a standing position early in training, followed by a near immediate fall and

subsequent persistent e”orts to lift the torso o” the ground. We note that this stand-

ing position is not consistently achieved across all evaluation episodes, as indicated

by the high variance of the torso height in Figure 7.11.

HIRO-PPO Baseline

Finally, the HIRO-PPO baseline achieves a uniquely distinct policy as compared to

the other baselines. While it initially learns far faster than all but the intermediate

goals baseline, its average torso height plateaus around 0.6m and remains consistent at

evaluation time (Figure 7.7 and Figure 7.12). This suggests that it settles on a policy

that achieves lower but consistent reward, rather than risking an upwards movement

and falling to the ground. The COM stability index is slightly below zero but quite

stable, suggesting a narrow but balanced base of support. The corresponding filmstrip

corroborates these findings, showcasing a maintenance of the crawl position.
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Figure 7.11: Comparison of RND baseline and our approach over evaluation episodes.
Upper Left: Torso height progression. Upper Right: Center of mass stability mar-
gin, where a positive value indicates a stable COM and a negative value indicates an
unstable COM. Bottom: Representative baseline postural progression.

We note two alternative explanations that might account for HIRO-PPO’s inferior

performance to our approach: insu!cient exploration due to suboptimal hyperparam-

eter choices and rewarding-hacking, wherein the reward given for maintaining a crawl

position distracts from the potentially greater rewards of more upright postures. To

address the possibility of the former, we conducted a comprehensive sweep across

C, or the number of environment steps between high-level goal proposals, as well as

the entropy coe!cients for both the high- and low-level policies. To investigate the

possibility of reward hacking, we also ran HIRO-PPO with the intermediate goal re-

ward function and the sparse reward function. These experiments yielded comparable

or worse outcomes, suggesting that the observed performance limitations are not a

consequence of either case. The full results of these ablation studies are provided in

Appendix B, and we discuss other explanations further in Section 7.3.
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Figure 7.12: Comparison of HIRO-PPO baseline and our approach over evaluation
episodes. Upper Left: Torso height progression. Upper Right: Center of mass
stability margin, where a positive value indicates a stable COM and a negative value
indicates an unstable COM. Bottom: Representative baseline postural progression.

7.3 Discussion

The Humanoid experiments demonstrate that our developmental hierarchy enables

reliable coordination of complex postural transitions leading to upright locomotion.

Our approach consistently achieves and maintains a stable standing and walking pos-

ture, significantly outperforming both flat and hierarchical baselines with respect to

evaluation torso height, center-of-mass stability and qualitative postural progression

analysis. Our approach also achieves this performance gain within the same range

of total environment steps. These results support our hypothesis that leveraging the

developmental sequence as a structural prior can substantially reduce the exploration

burden and improve both performance and sample complexity for the task of learning

to stand up and walk.

The Success of the Developmental Sequence

A key insight form our results is the e”ectiveness of the developmental sequence as

a principled task decomposition. Compared to all baselines, the imposed progression
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from crawl-to-kneel through stand-to-walk provides a structured pathway that guides

both learning and execution. Because each transition corresponds to a biomechanically

meaningful and locally stable subproblem, low-level policies can specialize in well-

defined control regimes. In turn, the selector is a”orded a set of skills that bias its

exploration toward meaningful subgoals, and it only need learn to compose a much

short sequence of temporally extended skills rather than several hundred steps worth

of primitive actions. With the help of the VFS embedding, the high-level selector thus

operates over a reduced and semantically meaningful decision space.

Interestingly, insights from human motor development proved useful even during

di!culties with the prone-to-crawl transition. We initially defined this transition as

moving directly from prone to crawl, grouping multiple prone strategies exhibited

by humans into a single transition. However, human motor development specifically

identifies the milestone of pushing up with arms as distinct from the task of mov-

ing to a crawl position [6, 1]. When we decomposed the prone-to-crawl transition

into two corresponding skills—prone-to-pushup and pushup-to-crawl—the ability to

learn the overall transition dramatically improved. This further reinforces that the

developmental milestones carve the problem at natural discontinuities, defining sub-

problems that are not only meaningful to humans but tractable for learning agents.

More broadly, these findings reinforce the notion that leveraging domain knowledge

to define skill boundaries can yield decompositions that are more aligned with the

underlying biomechanics of the task than those discovered purely through interaction.

The Challenge of Skill Chaining

While individual skills perform reliably in isolation, our experiments highlight the per-

sistent challenge of chaining these skills into a seamless behavioral sequence. Failure

cases in our approach are predominantly attributable to instabilities at skill bound-

aries, particularly surrounding the lunge-to-stand skill. This is reflected in the gap

between the target height rate and the forward motion rate from Table 7.4, where
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agents occasionally achieved an upright posture but failed to initiate locomotion.

These findings underscore a broader and well-established challenge in HRL: skill-

chaining, wherein the terminal state distribution of one skill must fall within the viable

initiation set of the next [43]. In continuous domains, this overlap is not guaranteed

and must be actively engineered, as small discrepancies in termination states can

place the agent outside the initiation region of the subsequent skill entirely, causing

the chain to fail even when each skill is reliable in isolation. Our calibration of initial-

state noise ranges to the empirical terminal distributions at each skill boundary is

an attempt to address precisely this: by expanding each skill’s e”ective initiation

set to cover the variance introduced by its predecessor, we reduce the probability of

hando” failure at composition time. However, this problem is further complicated

by variability across training seeds, as the terminal state distributions themselves

di”er across runs. Noise ranges therefore need to be well-calibrated to the average

termination behavior across seeds, and even then it may fail to fully cover the tails

of this distribution.

Beyond discrepancies in terminal joint positions, skill composition is further sen-

sitive to residual joint velocities and contact dynamics at skill boundaries. The lunge-

to-stand transition illustrates this most clearly: while the terminal joint error is low for

both this skill and the preceding kneel-to-lunge skill, the high and variable terminal

joint velocities compound across the transition boundary. In turn, this occasionally

places subsequent skills in the sequence in states that, although positionally within

their initiation set, carry residual momentum that destabilize the transition. While

our primary skill reward signal—the distance between the current positional configu-

ration and target positional configuration—o”ers a dense and well-defined objective

for achieving the desired posture, the appropriate treatment of joint velocities is less

straightforward. Excessive regularization can discourage the exploratory movements

necessary to reach the target configuration, whereas insu!cient regularization results
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in residual momentum that compromises the stability of subsequent skill transitions.

Future work could further refine the velocity regularization weights and calibration

of initial-state noise ranges to the empirical terminal distribution at each boundary.

Comparison to An Emergent Hierarchy

Turning to the comparison with our baselines, we first consider the performance of

an emergent hierarchical structure, as represented by HIRO-PPO, relative to our

imposed developmental hierarchical structure. Although HIRO-PPO initially demon-

strates faster learning than most flat baselines, its performance plateaus at an inter-

mediate torso height near the crawl position and fails to achieve upright locomotion.

This suggests the learned policy settles on a conservative strategy, maintaining a low

but stable posture rather than attempting a more challenging upward transition.

A key factor underlying this outcome is the reliance of HIRO on emergent subgoals

proposed by the high-level policy, which must be executed by a learned low-level

policy. When these subgoals are di!cult to achieve or inconsistently realized, the

high-level policy experiences increased uncertainty, wherein it is di!cult to distinguish

whether a proposed subgoal was poorly chosen or whether the low-level policy simply

failed to execute it correctly. One plausible explanation for HIRO-PPO’s behavior,

then, is that the high-level policy converges to risk-averse behaviors by proposing

more easily achievable subgoals that avoid failure, leading to conservative strategies

that preserve stability over upward movement. A second contributing factor is the

inherent di!culty of jointly optimizing the high- and low-level policies, as instability

in one level can impede the other’s ability to discover e”ective strategies.

In contrast, our approach equips the high-level policy with a set of pretrained skills

designed to reliably achieve specific and biomechanically grounded objectives. This

allows the high-level policy to make decisions with greater confidence in the expected

outcome of each skill selection. This advantage is particularly pronounced in the Hu-

manoid domain, where each skill is tailored to a specific initial state distribution and
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incorrect skill selection typically results in immediate failure, enabling clearer credit

assignment for the high-level policy. Collectively, these findings suggest that our im-

posed developmental hierarchy provides more reliable and e”ective coordination than

an emergent hierarchical structure, enabling consistent progression through complex

postural transitions toward upright locomotion.

We note that, while HIRO has been successfully implemented under various contin-

uous control MuJoCo environments—including Ant Maze, Ant Push and Ant Fall—

to our knowledge it has not been previously evaluated in the Humanoid domain.

One remaining limitation of our work concerns our decision to reimplement HIRO

using an on-policy PPO formulation. This choice was motivated by our desire to pro-

vide an “apples-to-apples” comparison with our skill training framework, and PPO is

widely used and well-suited for continuous control. Nevertheless, this choice removes

one potential benefit of the original HIRO algorithm: its o”-policy replay bu”er. In

settings where successful transitions are sparse, replay allows those rare experiences

to be reused, potentially facilitating more e”ective learning. This represents a poten-

tially important deviation from the original HIRO formulation, and future work could

reimplement the original o”-policy HIRO algorithm as an additional baseline.

Comparison to Alternative Reward and Exploration Mechanisms

Turning to the flat PPO baselines, our results suggest that none of the individual

formulations are alone su!cient to solve the task. The sparse baseline demonstrates

that, without any structural guidance, the task is e”ectively intractable due to the

di!culty of discovering long-horizon postural transitions without reward signals or

more sophisticated exploration mechanisms. The distance baseline provides denser

feedback to encourage incremental progress toward upright posture, yet it lacks the

sequential structure suggesting plausible intermediate waypoints, resulting in only

slight progress toward upright locomotion.

The intermediate goals baseline o”ers additional structure by incorporating milestone-
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based signals corresponding to the developmental subpostures. While this enables the

agent to more reliably achieve a relatively stable kneeling position, a single monolithic

policy struggles to progress through multiple transitions sequentially. This suggests

that, although intermediate goal information provides some useful context, the ab-

sence of the two-level hierarchy and specialized, temporally abstracted skills limits

the agent’s ability to coordinate complex, multi-stage behavior.

Finally, as the only flat method that occasionally achieves an upright posture

during evaluation, the RND baseline underscores the importance of exploration. These

successes are transient and reflect the undirected nature of RND’s intrinsic motivation:

the agent learns which spaces of the state space are valuable under a sparse reward,

but it does not learn a policy robust enough to consistently transition through to

those upright postures.

In comparison to the flat baselines, our approach can be understood as incorpo-

rating a form of directed exploration. Rather than searching broadly over the state

space (RND), coordinating multiple transitions within a single monolithic policy (in-

termediate goals) or following a dense but structurally neutral gradient (distance), the

developmental hierarchy channels learning toward task-relevant regions by decompos-

ing the problem into tractable, biomechanically meaningful subproblems. Combined

with the VFS representation, which o”ers a task-relevant state abstraction for the

high-level policy decision-making, our approach overcomes the fundamental failure to

coordinate complex behavior shared by all monolithic policies.

Summary

Taken together, these results demonstrate that our approach can substantially reduce

the exploration burden of complex locomotion learning, enabling reliable upright lo-

comotion where flat and emergent hierarchical baselines fail. The primary remaining

bottleneck lies in skill robustness at transition boundaries and suggests that further

refinement of skills may provide additional performance gains.
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Chapter 8

Conclusions and Future Work

This thesis investigated whether structural priors derived from human motor devel-

opment could reduce the exploration burden of hierarchical reinforcement learning

for humanoid locomotion. We instantiated this hypothesis through the options and

Value Function Spaces frameworks, imposing a fixed developmental skill sequence and

constructing a compact, skill-centric state abstraction for high-level decision making.

Validated first in LunarLander and BipedalWalker, where the framework achieves

near-perfect task success across selector algorithms and option horizons, our approach

scales to Humanoid. It reliably coordinates the postural sequence from crawl to up-

right locomotion, substantially outperforming both flat and HIRO-PPO baselines

across torso height progression and movement quality evaluations.

Our work focuses specifically on the problem of getting up and walking, for which

the developmental sequence o”ers a principled decomposition. We note, however, that

the broader strategy of instantiating a known task decomposition as a fixed option

set within an HRL framework is not specific to locomotion. Any domain in which

a principled decomposition can be identified from prior knowledge is in principle

amenable to this approach, and extending this framework to other such domains is

one natural direction for future work.
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Several concrete directions also remain within the Humanoid setting itself. The

most immediate concerns skill chaining robustness, which is the primary bottleneck

on overall system performance. Here, we suggest two pathways for future work. The

first continues to pull on existing levers: more systematic reward engineering, tun-

ing of velocity regularization weights and calibration of initial state noise injection

ranges against empirical terminal state distributions at each skill boundary. The sec-

ond pursues a more data-driven treatment of skill transitions altogether based on

the observation that each skill in the developmental sequence induces a characteristic

termination distribution over states. Future work could exploit these distributions

directly, for instance by learning termination functions from the empirical state dis-

tributions at skill boundaries rather than relying on handcrafted noise pertubations.

The prone-to-crawl transition represents the other outstanding thread. While the

two-stage decomposition into prone-to-pushup and pushup-to-crawl demonstrated

meaningful progress, the high terminal joint velocities at skill boundaries prevented

reliable integration into the composed sequence. Bringing this transition to the robust-

ness standard of the remaining skills–through reward refinement, extended training or

the termination-distribution approach above—would complete the full developmental

hierarchy from the ground to bipedal locomotion.

Finally, two directions would strengthen the empirical picture. First, expanding

the set of HRL baselines—including a full o”-policy reimplementation of HIRO and

additional hierarchical methods—would more thoroughly characterize the advantages

and limitations of an imposed versus emergent decomposition. Second, an ablation

isolating the contribution of the VFS representation, such as by comparing our selector

with access to the full raw state against the VFS embedding, would directly assess

how much of the performance gain is attributable to the state abstraction versus the

skill decomposition alone. Together, these experiments would sharpen the conclusions

of this thesis and clarity the relative contributions of each component.
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Appendix A

Baseline Implementations

HIRO-PPO. The high-level policy proposes a goal gt ↘ Rd every C environment

steps, representing a desired displacement in the agent’s observation space [10]. The

low-level policy conditions on (st, gt) and receives intrinsic reward

rlo
t
= ⇒↖st[: d] + gt ⇒ st+1[: d]↖2,

which measures how closely the transition matches the proposed displacement. Be-

tween high-level proposals, the goal is updated via the transition function

h(st, gt, st+1) = st[: d] + gt ⇒ st+1[: d],

which keeps the absolute target fixed while re-expressing it as a new displacement

from the current state. The high-level policy receives extrinsic reward only. Both levels

are trained with PPO on-policy, updated once per rollout length.

RND. A fixed, randomly-initialized target network f : S ↗ Rk maps observations

to embeddings, and a learned predictor network f̂ is trained to match it [37]. The

intrinsic reward at each step is

rint
t

= ↖f̂(st+1)⇒ f(st+1)↖
2,
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which is large for novel states the predictor has not yet seen and decays as the agent

revisits familiar regions. A separate intrinsic value head and non-episodic intrinsic re-

turn are maintained alongside the standard extrinsic PPO update, with the combined

advantage weighted by intrinsic and extrinsic coe!cients. Observations are normal-

ized before being passed to the RND networks to stabilize training.
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Appendix B

Additional Humanoid Results

Figure B.1: Comparison of Energy Expenditure Across All Methods.

Figure B.2: HIRO-PPO Hyperparameter and Reward Formulation Tuning. We select
the best performing trial, colored in red.
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Appendix C

LunarLander Hyperparameters

Table C.1: LunarLander PPO skill hyperparameters.

Hyperparameter Value Tuned / Default

Network architecture MLP [32, 32], Tanh [16, 32, 64]
Actor learning rate 3e-4 [1e-3, 3e-4, 1e-4]
Critic learning rate 1e-3 [1e-3, 1e-4]
Rollout length 1024 [256, 512, 1024]
PPO epochs per update 5 Default
Clip parameter φ 0.2 Default
Discount factor ε 0.999 [0.99, 0.995, 0.999]
GAE parameter ↼ 0.98 [0.95, 0.98]
Entropy coe!cient 0.0001 [0.01, 0.001, 0.0001]
Max grad norm 1.0 [0.5, 1.0, 5.0]

Table C.2: LunarLander PPO selector hyperparameters.

Hyperparameter Value Tuned / Default

Network architecture MLP [16, 16], Tanh Default
Actor learning rate 1e-3 [1e-3, 3e-4, 1e-4]
Critic learning rate 1e-4 [1e-3, 1e-4]
Rollout length 128 [64, 128, 256, 512]
PPO epochs per update 5 [5, 10]
Clip parameter φ 0.2 Default
Discount factor ε 0.999 Default
GAE parameter ↼ 0.95 Default
Entropy coe!cient 0.01 [0.01, 0.001]
Max grad norm 1.0 [0.5, 1.0, 5.0]
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Table C.3: LunarLander DDQN selector hyperparameters.

Hyperparameter Value Tuned / Default

Network architecture MLP [16, 16], ReLU Default
Learning rate 1e-3 [1e-3, 3e-3, 1e-4]
Batch size 256 [64, 128, 256, 512]
Replay bu”er size 2000 Default
Discount factor ε 0.999 [0.99, 0.995, 0.999]
Updates per option 2 [1, 2]
ε-start 1.0 Default
ε-end 0.0 Default
ε-decay fraction 0.5 [0.5, 0.75]

Table C.4: LunarLander PPO hyperparameters shared across PPO baselines.

Hyperparameter Value Tuned / Default

Network architecture MLP [16, 16], Tanh Default
Actor learning rate 3e-4 [1e-3, 3e-4, 1e-4]
Critic learning rate 1e-3 [1e-3, 1e-4]
Rollout length 1024 [256, 512, 1024]
PPO epochs per update 5 Default
Clip parameter φ 0.2 Default
Discount factor ε 0.999 Default
GAE parameter ↼ 0.98 Default
Entropy coe!cient {1e-3, 1e-4} [1e-2, 1e-3, 1e-4]
Max grad norm 1.0 Default

Table C.5: LunarLander RND-specific hyperparameters.

Hyperparameter Value Tuned / Default

RND embedding dimension 256 [16, 32, 128, 256]
RND target hidden size 256 [64, 256]
RND predictor hidden size 32 [16, 32, 64]
RND learning rate 1e-4 Default
Predictor update fraction 0.25 [0.1, 0.25]
Intrinsic coe!cient 1.0 [1, 5, 10]
Extrinsic coe!cient 1.0 [1, 2]

Table C.6: LunarLander HIRO-PPO-specific hyperparameters.

Hyperparameter Value Tuned / Default

Low-level network architecture MLP [32, 32], Tanh Default
High-level network architecture MLP [16, 16], Tanh Default
Rollout length 2048 [1024, 2048, 4096]
Entropy coe!cient 1e-4 [1e-2, 1e-3, 1e-4]
High-level re-proposal period C 100 [10, 50, 100]
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Appendix D

BipedalWalker Hyperparameters

Table D.1: BipedalWalker PPO skill hyperparameters.

Hyperparameter Value Tuned / Default

Network architecture MLP [64, 64], Tanh [32, 64]
Actor learning rate 3e-4 [1e-4, 3e-4, 1e-3]
Critic learning rate 3e-3 [1e-4, 3e-3, 1e-3]
Rollout length 256 [128, 256, 512, 1024]
PPO epochs per update 5 Default
Clip parameter φ 0.2 Default
Discount factor ε 0.99 Default
GAE parameter ↼ 0.95 Default
Entropy coe!cient 0.01 [0.01, 0.001]
Max grad norm 1.0 Default

Table D.2: BipedalWalker PPO selector hyperparameters.

Hyperparameter Value Tuned / Default

Network architecture MLP [16, 16], Tanh Default
Actor learning rate 1e-3 [1e-3, 3e-4, 1e-4]
Critic learning rate 1e-4 [1e-3, 1e-4]
Rollout length 128 [64, 128, 256]
PPO epochs per update 5 Default
Clip parameter φ 0.2 Default
Discount factor ε 0.999 Default
GAE parameter ↼ 0.95 Default
Entropy coe!cient 0.01 [0.01, 0.001]
Max grad norm 1.0 Default
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Table D.3: BipedalWalker DDQN selector hyperparameters.

Hyperparameter Value Tuned / Default

Network architecture MLP [16, 16], ReLU Default
Learning rate 1e-3 [1e-3, 1e-4]
Batch size 128 [64, 128, 256]
Replay bu”er size 2000 Default
Discount factor ε 0.999 [0.99, 0.995, 0.999]
Updates per option 2 [1,2]
ε-start 1.0 Default
ε-end 0.0 Default
ε-decay fraction 0.75 [0.5, 0.75]
Target network sync period 1000 Default

Table D.4: BipedalWalker PPO hyperparameters shared across PPO baselines.

Hyperparameter Value Tuned / Default

Network architecture MLP [64, 64], Tanh [32, 64]
Actor learning rate 3e-4 [1e-4, 3e-4, 1e-3]
Critic learning rate 3e-3 [1e-4, 3e-3, 1e-3]
Rollout length 256 [128, 256, 512, 1024]
PPO epochs per update 5 Default
Clip parameter φ 0.2 Default
Discount factor ε 0.99 Default
GAE parameter ↼ 0.95 Default
Entropy coe!cient 0.01 [0.01, 0.001]
Max grad norm 1.0 Default

Table D.5: BipedalWalker RND-specific hyperparameters.

Hyperparameter Value Tuned / Default

RND embedding dimension 256 Default
RND predictor hidden size 256 Default
RND target hidden size 256 Default
RND learning rate 1e-4 Default
RND update fraction 0.25 Default
Intrinsic reward coe!cient 10.0 [1, 5, 10]
Extrinsic reward coe!cient 1.0 [1, 2]
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Appendix E

Humanoid Hyperparameters

Table E.1: Humanoid PPO skill hyperparameters.

Hyperparameter Value Tuned / Default

Network architecture (base) MLP [256], Tanh Default
Network architecture (goal) MLP [32], Tanh Default
Actor learning rate 1e-4 [1e-3, 1e-4, 3e-4]
Critic learning rate 1e-3 [1e-3, 1e-4]
Rollout length 1024 [64, 256, 512, 1024 ]
PPO epochs per update 5 Default
Clip parameter φ 0.2 Default
Discount factor ε 0.99 [0.99, 0.995]
GAE parameter ↼ 0.95 Default
Entropy coe!cient 1e-3 [1e-2, 1e-3]
Max grad norm 1.0 [0.5, 1.0, 5.0]

Table E.2: Humanoid PPO selector hyperparameters.

Hyperparameter Value Tuned / Default

Network architecture MLP [16, 16], Tanh Default
Actor learning rate 1e-3 Default
Critic learning rate 1e-4 Default
Rollout length 128 [64, 128, 256]
PPO epochs per update 5 Default
Clip parameter φ 0.2 Default
Discount factor ε 0.999 [0.99, 0.999]
GAE parameter ↼ 0.95 Default
Entropy coe!cient 0.01 [0.01, 0.001]
Max grad norm 1.0 Default
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Table E.3: Humanoid DDQN selector hyperparameters.

Hyperparameter Value Tuned / Default

Network architecture MLP [16, 16], ReLU Default
Learning rate 1e-3 Default
Batch size 128 [64, 128, 256]
Replay bu”er size 2000 Default
Discount factor ε 0.999 [0.99, 0.999]
Updates per option 1 [1,2]
ε-start 1.0 Default
ε-end 0.0 Default
ε-decay fraction 0.75 [0.5, 0.75]
Target network sync period 1000 Default

Table E.4: Humanoid PPO hyperparameters shared across PPO baselines.

Hyperparameter Value Tuned / Default

Network architecture MLP [256, 256], Tanh Default
Actor learning rate 1e-4 Default
Critic learning rate 1e-3 Default
Rollout length 1024 [256, 1024]
PPO epochs per update 5 Default
Clip parameter φ 0.2 Default
Discount factor ε 0.99 Default
GAE parameter ↼ 0.95 Default
Entropy coe!cient 0.001 [0.001, 0.01]
Max grad norm 1.0 Default

Table E.5: Humanoid RND-specific hyperparameters.

Hyperparameter Value Tuned / Default

RND embedding dimension 256 Default
RND target hidden size 128 Default
RND predictor hidden size 128 Default
RND learning rate 1e-4 Default
Predictor update fraction 0.25 Default
Intrinsic coe!cient 10 [1, 5, 10]
Extrinsic coe!cient 1.0 [1, 2]

Table E.6: Humanoid HIRO-PPO-specific hyperparameters.

Hyperparameter Value Tuned / Default

Low-level network architecture MLP [256, 256], Tanh Default
High-level network architecture MLP [256, 256], Tanh Default
Low-level entropy coe!cient 1e-3 [1e-2, 1e-3]
High-level entropy coe!cient 1e-2 [1e-2, 1e-3]
Rollout length 2048 [1024, 2048, 4096]
High-level re-proposal period c 100 [10, 50, 100]

87



Bibliography

[1] K. E. Adolph and J. M. Franchak, “The Development of Motor Behavior,” Wiley

Interdisciplinary Reviews: Cognitive Science, vol. 8, no. 1-2, p. e1430, 2017.

[2] Y. Tassa, Y. Doron, A. Muldal, T. Erez, Y. Li, D. de Las Casas,

D. Budden, A. Abdolmaleki, J. Merel, A. Lefrancq, T. P. Lillicrap, and

M. A. Riedmiller, “DeepMind Control Suite,” CoRR, 2018. [Online]. Available:

http://arxiv.org/abs/1801.00690

[3] T. Haarnoja, A. Zhou, P. Abbeel, and S. Levine, “Soft Actor-Critic: O”-Policy

Maximum Entropy Deep Reinforcement Learning with a Stochastic Actor,”

2018. [Online]. Available: https://arxiv.org/abs/1801.01290

[4] X. He, R. Dong, Z. Chen, and S. Gupta, “Learning Getting-Up

Policies for Real-World Humanoid Robots,” 2025. [Online]. Available:

https://arxiv.org/abs/2502.12152

[5] T. Tao, M. Wilson, R. Gou, and M. van de Panne, “Learning to Get Up,” ACM

SIGGRAPH 2022 Conference Proceedings, 2022.

[6] K. E. Adolph and S. R. Robinson, “The Road to Walking: What Learning to

Walk Tells Us About Development,” in The Oxford Handbook of Developmental

Psychology, Vol. 1: Body and Mind, P. D. Zelazo, Ed. Oxford University Press,

2013.

88



[7] K. E. Adolph, “Learning to Move,” Current Directions in Psychological Science,

vol. 17, no. 3, pp. 213–218, 2008.

[8] A. G. Barto and S. Mahadevan, “Recent Advances in Hierarchical Reinforcement

Learning,” Discrete Event Dynamic Systems, vol. 13, pp. 41–77, 2003.

[9] R. S. Sutton, D. Precup, and S. Singh, “Between MDPs and semi-MDPs: A

Framework for Temporal Abstraction in Reinforcement Learning,” Artificial In-

telligence, vol. 112, no. 1–2, pp. 181–211, 1999.

[10] O. Nachum, S. Gu, H. Lee, and S. Levine, “Data-E!cient Hierarchical Reinforce-

ment Learning,” 2018. [Online]. Available: https://arxiv.org/abs/1805.08296

[11] A. S. Vezhnevets, S. Osindero, T. Schaul, N. Heess, M. Jaderberg, D. Silver, and

K. Kavukcuoglu, “FeUdal Networks for Hierarchical Reinforcement Learning,”

2017. [Online]. Available: https://arxiv.org/abs/1703.01161

[12] P.-L. Bacon, J. Harb, and D. Precup, “The Option-Critic Architecture,” 2016.

[Online]. Available: https://arxiv.org/abs/1609.05140

[13] D. Shah, P. Xu, Y. Lu, T. Xiao, A. Toshev, S. Levine, and B. Ichter, “Value

Function Spaces: Skill-Centric State Abstractions for Long-Horizon Reasoning,”

2022. [Online]. Available: https://arxiv.org/abs/2111.03189

[14] R. Bellman, “A Markovian Decision Process,” Journal of Mathematics and Me-

chanics, pp. 679–684, 1957.

[15] M. L. Puterman, Markov Decision Processes—Discrete Stochastic Dynamic Pro-

gramming. New York: John Wiley & Sons, 1994.

[16] C. J. C. H. Watkins and P. Dayan, “Q-learning,” Machine Learning, vol. 8, pp.

279–292, 1992.

89



[17] V. Mnih, K. Kavukcuoglu, D. Silver, A. Graves, I. Antonoglou, D. Wier-

stra, and M. A. Riedmiller, “Playing Atari with Deep Reinforcement

Learning,” arXiv preprint arXiv:1312.5602, 2013. [Online]. Available:

https://arxiv.org/abs/1312.5602

[18] H. van Hasselt, “Double Q-learning,” in Advances in Neural Information Pro-

cessing Systems, vol. 23, 2010.

[19] H. van Hasselt, A. Guez, and D. Silver, “Deep Reinforcement Learning with

Double Q-learning,” 2015. [Online]. Available: https://arxiv.org/abs/1509.06461

[20] R. S. Sutton, D. McAllester, S. Singh, and Y. Mansour, “Policy Gradient Meth-

ods for Reinforcement Learning with Function Approximation,” in Advances in

Neural Information Processing Systems, vol. 12, 1999.

[21] L. C. Baird III, “Advantage Updating,” Wright Laboratory, Wright-Patterson

Air Force Base, Tech. Rep., 1993.

[22] J. Schulman, F. Wolski, P. Dhariwal, A. Radford, and O. Klimov,

“Proximal Policy Optimization Algorithms,” 2017. [Online]. Available:

https://arxiv.org/abs/1707.06347

[23] J. Schulman, P. Moritz, S. Levine, M. Jordan, and P. Abbeel, “High-Dimensional

Continuous Control Using Generalized Advantage Estimation,” 2015. [Online].

Available: https://arxiv.org/abs/1506.02438

[24] P. Dayan and G. E. Hinton, “Feudal Reinforcement Learning,” Advances in Neu-

ral Information Processing Systems, vol. 5, 1992.

[25] T. G. Dietterich, “Hierarchical Reinforcement Learning with the

MAXQ Value Function Decomposition,” 1999. [Online]. Available:

https://arxiv.org/abs/cs/9905014

90



[26] R. Parr and S. Russell, “Reinforcement Learning with Hierarchies of Machines,”

in Advances in Neural Information Processing Systems, vol. 10. MIT Press,

1997.

[27] N. K. Jong, T. Hester, and P. Stone, “The Utility of Temporal Abstraction in

Reinforcement Learning,” in Proceedings of the 7th International Conference on

Autonomous Agents and Multiagent Systems (AAMAS 2008). International

Foundation for Autonomous Agents and Multiagent Systems, 2008, pp. 299–306.

[28] G. Konidaris, “On the Necessity of Abstraction,” Current Opinion in Behavioral

Sciences, vol. 29, pp. 1–7, 2019.
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