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Enhancing Hierarchical Reinforcement Learning
With Symbolic Planning for Long-Horizon Tasks

Jing Zhang , Student Member, IEEE, Emmanuel Dean , Member, IEEE,
and Karinne Ramirez-Amaro , Member, IEEE

Abstract—Long-horizon tasks, such as box stacking, pose a
longstanding challenge in robotic manipulation, especially for
Reinforcement Learning (RL). RL typically focuses on learning
an optimal policy for completing an entire task, rather than
determining the specific sequence of actions required to achieve
complex goals. While RL finds a sequence of actions that
maximizes the total reward of the task, the main challenge
arises when there are infinite possibilities of chaining actions (e.g.
reach, push) to achieve the same task (door-opening). In this
case, RL struggles to find the optimal policy. In contrast, symbolic
planning focuses on determining a sequence of actions to achieve
the desired task. This paper introduces a novel framework that
integrates symbolic planning operators with hierarchical RL. We
propose to change the way complex tasks are trained by learning
independent policies for actions defined by high-level operators
instead of learning a single policy for the complete long-horizon
task. Our approach easily adapts to various tasks by adjusting
the learned operator set on demand. We developed a dual-
purpose high-level operator, which can be used both in holistic
planning and as independent, reusable policies. Our approach
offers a flexible solution for long-horizon tasks, e.g., stacking
and inserting a cube, and door-opening. Experimental results
indicate that our method achieves high success rates of around
95% in policy chaining for comprehensive plan execution and
excels in learning independent policies. Furthermore, it remains
robust and scalable even with a small sample set evaluation,
attaining an 84% success rate for planning and executing a new
task (door-opening) and 85% when dealing with a new operator.
Experiments in dynamic environments further demonstrate the
robustness and adaptability of our approach, which sustains a
high success rate of around 90% and outperforms all baselines.

Note to Practitioners—Tasks requiring multiple steps are
defined as long-horizon tasks, e.g., stacking, inserting, and
door opening, remain challenging to deploy in settings such
as manufacturing, logistics, and service robotics. Conventional
approaches predominantly depend on task-specific engineering
paradigms: either laborious manual policy scripting requiring
explicit kinematic/dynamic modelling, or data-intensive imita-
tion learning frameworks demanding thousands of task-specific
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demonstrations. These methodologies exhibit critical limitations
in scalability and environmental adaptability, particularly when
confronted with novel objects, workspace configurations, or task
variants. Our work proposes an alternative by breaking complex
tasks into smaller and independent sub-tasks, each capturing
a distinct behaviour (e.g., reach, lift, push). Moreover, our
proposed approach demonstrates how to sequence sub-tasks to
accomplish complex, long-horizon tasks. During this process, the
sub-tasks are learned as operators using concepts from symbolic
planning methods. The main benefit of such operators is that
they can be reused; therefore, adding new tasks requires less
re-engineering. Four types of dynamic environment experiments
further demonstrate the robustness and adaptability of our
approach.

Index Terms—Hierarchical reinforcement learning, symbolic
planning, long-horizon task.

I. INTRODUCTION

LONG horizon tasks, such as stacking cubes or assem-
bling products, present a particularly daunting challenge

for autonomous systems. Autonomous agents must learn the
intricate dependencies between actions, understanding how
each action influences subsequent steps (effects), how actions
should be executed, and ultimately how to reach the desired
goal. The core motivation of our work is to develop methods
that can effectively learn and execute long-horizon tasks.
Existing approaches, such as behavioural cloning (BC) [1],
[2], offer an intuitive approach by mimicking human actions;
they heavily rely on either extensive manual coding or large
volumes of demonstration data, both of which hinder scalabil-
ity and adaptability. Deep Reinforcement Learning (DRL) has
emerged as a promising paradigm for learning control policies
through interaction with the environment. The agent iteratively
improves its decision-making to maximize cumulative rewards
over time. However, the effectiveness of DRL in long-horizon
tasks is limited by the probabilistic nature of state transitions.
Random exploration is insufficient for long-horizon tasks, as
the main challenge lies in task sequencing. Early actions can
have long-term consequences, and accumulated uncertainty
over time may result in suboptimal outcomes or task failure.

Learning a sequence of actions is challenging, and the
symbolic planning methods address this problem. Planners
serve as a structured and scalable framework for tackling
complex, long-horizon operations. These approaches enhance
interpretability, as humans typically provide the foundational
knowledge for symbolic structures.

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License.
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Fig. 1. Overview of our approach: We combine reinforcement learning
(RL) with planning operators, allowing for the seamless integration of novel
operators to adapt to evolving tasks.

Symbolic planning involves two main components: a
domain model and a problem description. A domain model
is a formal description of the task environment that defines
the types of objects, predicates, and actions, including their
preconditions and effects that govern which operators1 are
available for execution. The problem description specifies the
initial state and the goal. However, a key limitation lies in
the necessity for an exhaustive and accurate delineation of the
domain model. The manual construction of such comprehen-
sive domains is often impractical or even unfeasible, as pointed
out in [3]. Moreover, an external planner/task solver is required
to select appropriate operators and their sequence to achieve
the task’s goal. Therefore, the challenge remains to find an
efficient, universally applicable solution that is both adaptable
and scalable for diverse long-horizon task executions.

In this paper, we will address the following challenges:

1) Adapting the classical approach in Reinforcement Learn-
ing by decomposing complex tasks into manageable
sub-tasks.

2) Developing an automatic sequencing method to effec-
tively chain learned independent policies.

3) Integrating symbolic planning and policy execution into
a unified, holistic learning framework (see Figure 1).

Particularly, we use the definition of operators from the
symbolic planning domain [4] to enhance the construction
of the action hierarchy used in the hierarchical RL (HRL)
method based on the Schedule Auxiliary Control framework
(SAC-X) [5]. The SAC-X method randomly chooses tasks to
achieve the desired goal/task. In our proposed method, first,
we extract the environmental state and encode its dynamics
as preconditions and effects. These state-based observations
are used to define different planning operators, which in turn
automatically generate a sequence of actions that the agent
should execute to achieve the desired goal. This information is
then used by the RL agent to independently learn and execute

1Operators are also known as actions, here we use the term operators to
discriminate from the action concepts used in RL. In this context, operators
are abstract descriptions that can contain multiple actions to achieve their
execution.

low-level policies, where each policy is trained separately from
the others.

We propose an adaptive mechanism that enables dynamic
operator selection through real-time evaluation of environ-
mental states. Context-aware operators can be reused or
flexibly extended when new long-horizon tasks are requested,
requiring only the addition of new operators if novel inter-
actions are introduced. In this work, we define independent
operators, meaning that each operator will learn its own
independent low-level control policy. The goal is to learn
policies that can be used even without a planning process
(e.g., PDDL). Low-level policies are responsible for executing
specific manipulator translational movements in a physical
context. With our proposed learning approach, robots can
learn the optimal execution sequence of high-level operators2

for accomplishing long-horizon tasks while implementing
these operators through low-level manipulator policies. We
validated our learning method in three different long-horizon
scenarios (cube stacking, cube insertion, and door-opening)
and six independent task polices (reach, lift, move,
stack, insert, push). Furthermore, the door-opening
task demonstrates our method’s scalability in integrating new
operators, showcasing its adaptability to a broader range of
tasks.

Previous RL approaches on robotic manipulation have
typically focused on static environments, often overlooking
dynamics and failing to evaluate whether policies trained under
static conditions remain robust and adaptable when exposed
to real-time dynamic movements and perturbations [6]. To
bridge the gap, we designed four dynamic environment tests
to systematically evaluate the robustness of our approach. The
experimental results highlight the novelty and significance of
our contribution to long-horizon manipulation tasks.

In summary, our main contributions are:
1) We introduce a novel learning framework that combines

hierarchical Reinforcement Learning and symbolic plan-
ning to automatically generate action sequences based
on environment observations in the form of precondi-
tions and effects.

2) We design an on-demand high-level decision-making
system capable of chaining independent policies to
achieve complex tasks, while adapting to dynamic envi-
ronmental changes.

3) We develop a method that jointly learns low-level, inde-
pendent policies and enables their automatic sequencing
through the high-level system, facilitating the holistic
execution of long-horizon tasks in dynamic environ-
ments.

Furthermore, we evaluated our approach across various
scenarios, considering both static and dynamic environments.

II. RELATED WORKS

To tackle long-horizon tasks, robots must be equipped with
the ability to anticipate future states. This implies that an

2In our method, the high-level system makes decisions on-demand based on
interactions with the environment, thereby obviating reliance on pre-defined
plans or external planners (e.g., PDDL-based methods).
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abstract representation, including the environment state, the
robot’s capabilities and strategies, and the task objectives, is
essential, since a key feature of intelligent behavior is the
ability to learn abstract strategies that can scale and transfer to
unfamiliar problems [7]. Our research draws inspiration from
the different areas of reinforcement learning and symbolic
planning.

A. Symbolic Approaches in Manipulation

Symbolic planning is central to the aforementioned abstrac-
tion mechanism in robot learning, which has been extensively
explored over many years [8]. This abstraction paradigm
involves representing the world as a set of discrete sym-
bols (e.g., predicates, actions, objects) and using logic-based
methods to determine how those symbols can change from
an initial to a goal state. STRIPS [9] and Planning Domain
Definition Language (PDDL) [10], [11] are formalisms used
within this paradigm. While they demonstrated early suc-
cess in deterministic domains, they heavily rely on strictly
engineered symbolic representations and specialized external
solvers, posing significant scalability challenges [3]. Moreover,
these methods focus on high-level action sequencing without
directly addressing low-level control execution, limiting their
practicality for real-world robotic tasks.

Task and Motion Planning (TAMP) [12] can be categorized
by: (1) sampling-based TAMP, which integrates symbolic
reasoning such as PDDL or Behaviour Tree (BT) with
continuous motion planning methods, (2) optimization-based
TAMP, which adheres to constraints imposed by the robot
kinematics and dynamics at the motion planning level. In
Logic-geometric programming (LGP) [13], [14], the entire
motion planning is optimized based on geometric constraints,
which are transformed into subtasks. These subtasks require
manual specification [15], and the skill library is pre-trained.
Styrud et al. [16] employ Bayesian optimization to fine-tune
the parameters of a behavior tree; a planner is used to obtain
the BT structure. In [15], the authors proposed a hierarchical
planning architecture that integrates an LGP subtask planner,
a TAMP solver, and a subtask scheduler to enable real-time
low-level replanning. However, the computation time required
for logic refinement explodes as objects and predicates
increase.

Several recent studies have sought to integrate symbolic
reasoning with learning-based methods. Reference [17] used
a transformer architecture to encode the progressed Linear
Temporal Logic (LTL) formula as task latent features. They
used hard-coded closed-loop controllers for each action. The
work in [18] used an automaton as experience replay and
policy gradient to learn LTL-satisfying policies, but has sta-
bility problems in LTL and has been tested only in a 2D
grid world. Reward Machine (RM) is an increasingly popular
method in task solving, but predominantly focuses on discrete
low-dimensional state space [19], [20], [21], [22], [23]. The
authors in [24] integrated a decision tree within a high-level
policy and generated skill embeddings to guide the low-level
policy execution. This approach relies on an offline, task-
agnostic dataset and a pre-trained decision tree (DT), making
extension to new tasks labor-intensive. The work [25] requires

an additional PDDL planner, and no environment feedback is
included. Therefore, it is best suited for static environments
rather than dynamic ones.

B. Hierarchical Reinforcement Learning

Hierarchical Reinforcement Learning enables the
autonomous decomposition of challenging long-horizon
decision-making tasks into simpler subtasks [26]. By
decomposing tasks, an originally long-horizon process
is transformed into a series of shorter-horizon subtasks.
HRL algorithms have been demonstrated to outperform
standard RL methods in several long-horizon challenges,
including robot manipulation [27], [28], [29]. To learn the
hierarchy, [30] uses natural language as the abstraction of
a high-level planner, with the limitation that it requires
predefined mappings between natural language instructions
and tasks. Recent work has explored learning hierarchical
policies from expert demonstrations [31], which hinders the
extension of high-level policies to new tasks. The work in
[32] introduces an asymmetric self-play mechanism in which
the low-level policy learns a sub-goal representation space
through self-play. Then, the high-level policy is trained on
this representation, enabling it to generate appropriate sub-
goal vectors to guide the low-level policy in accomplishing
complex tasks. However, this approach relies on having a
pre-trained self-play model. Riedmiller et al. [5] proposed
the Scheduled Auxiliary Control (SAC-X) which learns
low-level policies as auxiliary tasks and schedules them in
search of sparse rewards of externally defined target tasks,
but it struggles to learn long-horizon task and incurs high
computational cost, as evidenced by the total 64.8 M time
steps required for learning a stacking task [33].

C. Integrating Symbolic Planning With HRL

Symbolic planning could provide guidance and has proven
to be a feasible method when combined with RL [34], [35].
These existing approaches have been effective in generating
holistic plans for such tasks [36], [37]. However, they often
encapsulate operators within the planning framework, making
it infeasible to utilize these operators in isolation for other
tasks or scenarios. Mehta and Zarrin [38] used imitation
learning to study high-level planners in dexterous manipulation
tasks, and a Teacher-Student RL framework for the low-level
policies. The inherent structural constraints of the planner
limit its scalability to more diverse tasks. The authors in [39]
employed a Bayesian approach to select the optimal sub-
goal since it requires human intervention to define both the
candidate sub-goal space and the potential correlations among
all sub-goals.

In contrast, our work provides a higher degree of modularity
and flexibility. Specifically, our method not only integrates
high-level operators derived from symbolic methods but also
enables the generated high-level operators to function both
within the scope of a specific plan and as separate, reusable
policies. By incorporating the most recent environmental data,
the agent dynamically selects the operator best suited for
the current context. This design choice further facilitates
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Fig. 2. The left figure shows the traditional RL and a symbolic planning
framework. Here, s describes the state of the cubes (onTable, lifted) and the
gripper (open or close). The right figure illustrates our proposed framework
combining RL and Operators.

straightforward scalability of the operator set to accommodate
new tasks. The unique feature addresses the long-standing
challenge in RL of learning the action sequences for long-
horizon tasks while offering a greater range of applicability.

III. METHOD

A. Preliminaries

1) Reinforcement Learning: A Markov decision process
(MDP) is defined asM = {S,A,P , r, γ}, here S and A are the
sets of state and actions, respectively. P is the state-transition
kernel:

P : S ×A× S → [0, 1], (1)

and
r(s, a) : S ×A→ R (2)

is a possible reward function. γ is the discount factor that
ranges between 0 and 1. The solution of the MDP is a
policy π : S → A mapping a state to an action; actions are
sampled from a policy π(a|s). RL aims at maximizing the value
function:

Vπ = Eπ

" t fX
t=0

γtR (st, at)

#
| at ∼ π (· | st) , st+1 ∼ P (· | st, at)

#
(3)

where t refers to the time step and t f is the target time to
achieve the goal or the period to complete a trajectory. The
RL and MDP cube in Figure 2, shows a simple 5-state MDP.
In long-horizon tasks, such as complex object manipulation
in dynamic environments, RL algorithms face challenges in
identifying the optimal sequence of actions to reach the goal.
One of the primary reasons is the probabilistic nature of state
transitions. The same action can lead to different subsequent
states at different times. This cumulative uncertainty over a
long sequence further complicates the learning process, e.g.,
in Figure 3, starting from s4 : li f ted, the next state could be s5
or s1, s4, leading to optimal and not optimal plans, respectively.
Since RL agents must explore various action sequences with-
out guidance, and MDPs neither retain historical information
nor detect execution failures, learning an optimal sequence

Fig. 3. Illustration of different subsequent states leading to optimal and non-
optimal outcomes in long-horizon tasks. Starting from s4, we can generate
optimal and non-optimal sequences (red lines).

is challenging and may even fail. Thus, improving action
sequencing in reinforcement learning is crucial. To address
this challenge, we propose leveraging the expressiveness of
high-level methods, such as symbolic planning, to facilitate
action sequence learning.

2) Symbolic Planning: focuses on generating a sequence of
high-level operators to achieve a specific goal. Symbolic plan-
ning employs symbolic language to define operators through
preconditions and effects. Then, it reasons about these symbols
to infer a sequence of actions using a planner algorithm. Such
planners require additional information about the initial and
goal states to obtain a plan. A planning task is typically
divided into two main components: the domain model and
the problem description. The problem description contains
the initial condition and goal that needs to be reached while
domain model offers a comprehensive list of all feasible
operators that can be taken to transition from the initial state to
the desired goal state. In this work, we define a list of operators
necessary for learning and executing the tasks. This means
that the observed environment is transformed into symbolic
representations as a set of operators. One advantage of using
the domain model is that it can be applied to multiple problems
as long as they operate within the same set of fluents3 and
operators.

In symbolic planning, operators are templated action
schematics that, when applicable, modify the state of the
environment in a predetermined manner. A unique name
identifies each planning operator and consists of three key
elements:

i Arguments: a collection of objects that serve as parame-
ters for the operator, specifying its context. For example,
moving a cube can be represented by the operator
move(cube), where cube is the argument.

ii Preconditions: these are logical conditions or criteria
that must hold True in the current environment state for
the operator to be applicable. e.g., in the example above,
executing the operator move(cube) requires that certain
preconditions be satisfied: the cube must be graspable;
the cube is lifted and not on the table, etc.

iii Effects: these are the outcomes (or changes) that occur
in the environment state after the execution of the
operator. Similar to preconditions, effects are formally
expressed to predict environmental transitions resulting
from the application of an operator, e.g., once the

3Fluent is an instantiated predicate that describes relationships among
objects in the environment.
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Fig. 4. Operator structure which is composed of preconditions and effects.
In this example, onTable is a fluent with two input variables, cube and table,
describing the state of objects. This fluent is True when cube is on the table.

Fig. 5. How to split and chain policies based on preconditions and effects.
Based on the Precondition, an Operator is selected, in this case Move. After
executing the selected operator, we obtain the observed Effect.

operator move(cube) action has been executed, its effect
is that the cube is now in motion (i.e., it acquires a non-
zero velocity).

Both preconditions and effects use binary fluents, often
referred to as predicates, which help to define the conditions
and consequences in a structured manner. For example, the
operator (lift) with its respective set of preconditions and
effects is shown in Figure 4.

For the definition of domain model, we followed the con-
vention of automated planning [4]. A domain model is defined
as:

Σ = (F ,O,Γ) (4)

where:
• F is the set of propositional symbols referred to as

fluents in the domain Σ. These fluents represent boolean
properties of the environment.

• O is the set of operators available in the domain.
• Γ : F ×O is the state-transition function.
Each fluent in F is an instantiated predicate that describes

relationships among objects in the environment. As shown
in Figure 2, the symbolic description of operators allows
interpretability and transferability at a high level. However,
the obtained operators do not contain information on low-level
parametrization needed for the robot execution. For instance,
consider a cube-stacking scenario where an operator is defined
as move. This operator does not contain the specifics of how
the manipulator should move the target object, for example,
the required position, velocity, or orientation. This limitation
highlights one of the challenges of applying symbolic planning
definitions in scenarios that require low-level control details.
Therefore, in this paper, we are proposing a solution for
combining high-level operators and low-level control policies.
In Figure 5, the precondition determines whether move is
the appropriate choice for the next step based on the current
environment state. The low-level policy (a) attempts to execute
move. In our case, a is a 4-dimensional vector, where the
first three dimensions represent delta changes in positions

relative to the end-effector frame, and the fourth dimension
describes the gripper action—either open or close. Since the
action a changes the environment state, if move is successfully
achieved, the current environment state will reflect the effects
of the operator move, see Figure 5.

B. Task Decomposition

Definition 1 (Task Decomposition): The task decomposition
problem can be defined as:

D = {〈 πOi , L(sOi ) 〉}Ki=1 , ∀ i, sOi , (sOi
0 , sOi

T ) (5)

We assume that a long-horizon task T can be decomposed
into K atomic sub-tasks, each corresponding to an operator
{O1,O2, · · · ,OK}. For each operator Oi, let πOi : S → A
denote the corresponding low-level policy responsible for
executing operator Oi, where A is the action space and
P : S × A → S is the state transition function. Then, giving
an initial state sOi

0 ∈ S, the execution of πOi generates a
trajectory:

τOi = {sOi
0 , sOi

1 , · · · , sOi
T }, for t = 0, 1, · · · ,T (6)

sOi
T is the goal state of Oi. To ensure proper sequencing, the

execution of operator Oi+1 is conditioned on the initial state
sOi+1

0 satisfied by the goal state achieved by the preceding
operator Oi, i.e.,

sOi+1
0 = sOi

T (7)

To bridge the gap between continuous state spaces S and
their symbolic representations, which are required to select
an operator, we introduce a translation function for grounding
fluents:

L : S → 2F , (8)

which maps a continuous state s to a set of pre-defined fluents
F . The operator Oi is associated with a precondition φ(Oi) and
a effect ψ(Oi), denoted as:

φ(Oi) ⊆ L(sOi
0 )

ψ(Oi) ⊆ L(sOi
T ) (9)

When operator Oi is triggered, it induces changes in the
environment state. The function ψ(Oi) then verifies whether
these expected changes occur by examining their associated
fluents. Specifically, ψ(Oi) does not capture the complete
resulting state sOi

T after successful execution of Oi; rather, it
includes only the subset of fluents affected by Oi. Any fluent
not included in ψ(Oi), its value either remains unchanged or is
not relevant to assessing the success of Oi. This is critical for
scalability, because we only record the information relevant to
Oi rather than the entire state.

Given the condition:

φ(Oi+1) ⊆ ψ(Oi), ∀ i ∈ {1, 2, · · · ,K − 1}, (10)

we ensure the seamless initiation of each operator upon
completion of the preceding one.
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TABLE I
DEFINITIONS OF THE FLUENTS AND THEIR RESPECTIVE GROUNDINGS

1) Introducing New Operators: A crucial challenge is
systematically determining which operators are indispensable
for effectively representing diverse long-horizon tasks. In
Zanchettin’s work [40], skill semantics and waypoints are
extracted from kinesthetic demonstrations. Then, the system
compares its state before and after each demonstration, using
predefined fluents or predicates (as shown in Table II), to
identify which predicates remain unchanged, are activated, or
deactivated. This analysis provides insight into the underlying
state transitions and the necessary semantic descriptors.

Inspired by that work, we selectively introduce new oper-
ators whenever the current operator set cannot capture the
transitions required by the target task. Specifically, we assess
completeness by comparing the symbolic state transitions
needed by the task with the effects provided by the existing
operators. Let f ⊆ F denote a symbolic state, where F is
a set of fluents, and Ω denotes the current set of operators.
Each operator Oi ∈ Ω can be defined as Oi = (φ(Oi), ψ(Oi))
according to eq. 9. An operator Oi is applicable in a symbolic
state f if φ(Oi) ⊆ f . We now provide the definitions of Cover
and Task Completeness:

Definition 2 (Cover): Given a transition
τ = ( finit, f1, · · · , fk, fgoal), we say that “Ω covers τ” (or
τ is realizable by Ω) iff. there exists a sequence of length k
consisting of n operators from Ω,

(Oi1 ,Oi2 · · · ,Oik ), il ∈ {1, 2, · · · , n} (11)

which results in finit → fgoal after the following rules are
executed. Formally:

1) φ(Oi1 ) ⊆ finit.
2) φ(Oil+1 ) ⊆ fl, l = 1, 2, · · · , k − 1.
3) The final state fk after the last operator in the sequence:

fk = fgoal.

In this definition, transition τ encodes both the desired
final fluent set fgoal and the actual fluent set fk reached after
executing a candidate operator sequence. By including them
separately, we can distinguish successful realizations (where
fk = fgoal) from failed ones (where no sequence achieves that
equality). This means that if no sequence of operators in Ω

can achieve fgoal, then the transition τ is not covered by Ω.
Definition 3: [Task Completeness]If ∀τ ∈ T , τ is covered

by Ω, then Ω is complete for T ; otherwise, it is incomplete,

i.e.,

Cover(Ω, τ) =

(
1, if τ is covered by Ω

0, otherwise
(12)

Then Ω is complete for T if.Y
τ∈T

Cover(Ω, τ) = 1 ⇐⇒ ∀τ ∈ T ,Cover(Ω, τ) = 1 (13)

If transition τ ∈ T is not covered by the current operator
set Ω, we need to account for that transition to ensure Task
Completeness. Then, one or more additional operators {Onew}

must be introduced, and the operator set Ω must be updated
as: Ω← Ω ∪ {Onew}.

This definition is enforced at the high-level system. In our
experiments, condition (13) is guaranteed by ensuring that the
final goal fgoal of task T is captured by at least one operator’s
effect.

Moreover, the introduction of new operators may necessitate
the incorporation of new fluents into our symbolic planner.
These additional fluents extend the expressive power of the
operator set by capturing semantic aspects that were previously
unmodeled. Importantly, the newly introduced fluents are
designed to correlate directly with waypoints in the continuous
state space, thereby establishing a concrete linkage between
the symbolic planning and the underlying state transitions.

In our hybrid HRL method, the standard operator set
is {open, close, reach, lift, move}, which gen-
erally suffices for simpler manipulation tasks such as picking
something. However, in more complex tasks, such as the
cube-stacking scenario, the operator move is not sufficient to
execute that task. This operator only places the end-effector
with an object at an arbitrary position in the workspace with-
out imposing the relational requirement needed for stacking.
Hence, we introduce a task-specific operator called stack
that defines waypoints to lift the end-effector above the
target cube and release it. Therefore, we need a new fluent
(above) to correctly learn the stacking sequence. Hence, the set
Ω = {open, close, reach, lift, move, stack}
is complete for cube stacking T .

In a different task, involving door opening, the existing
fluent set lacked a predicate capable of characterizing the
door’s open state, which, in this context, is defined by a
rotation exceeding a certain angular threshold. To address
this limitation, we introduced a new fluent, rotated, which
explicitly captures the door’s angular displacement, and cor-
respondingly defined a new operator, push. Consequently,
as we expand our method to new tasks and objects, we can
systematically update the operator and fluent sets rather than
redesign our entire planner structure to address new tasks.

C. Hierachical Reinforcement Learning Based on Operators

In this work, we introduce a new method, inspired by SAC-
X [5], to learn the agent’s hierarchy by integrating the concepts
of planning operators as part of the MDP definitions. The
operator set O is the result of the decomposition of a long-
horizon task, as explained in Section III-B. In contrast with the
standard MDP, these new Operator-based MDPs (OpMDP), in



ZHANG et al.: ENHANCING HIERARCHICAL RL WITH SYMBOLIC PLANNING FOR LONG-HORIZON TASKS 3175

TABLE II
TRUTH TABLE OF THE OPERATORS’ PRECONDITIONS (φ, SHOW IN BLUE) AND EFFECTS (φ, SHOW IN ORANGE)

eq. 14, include the set of operators O and their associated low-
level policies, instead of the action set A in eq. 1. Furthermore,
the OpMDP extends the dimension of the reward function
to include multiple operators. Our method uses planning
operators to define our on-demand high-level decision-making
system based on the interaction with the environment. Since
the high-level system selects O dynamically, we do not impose
a fixed scheduling period, as done in SAC-X [5]. The planner
has the important role of maximizing the expected return (see
eq. 15) of the obtained plan by selecting the sequence of
low-level control policies at run-time, instead of manually
providing them as originally proposed.

M = {S,O,P , a, r, γ} (14)

Eπ(a|s,O)
�
RO(πt:t f )

�
= Eπ(a|s,O)

" t fX
t=0

γtR(st, at)

#
(15)

To learn the low-level policies, we used the Soft Actor-Critic
(SAC) method [41] to maximize the task return. This method is
a model-free off-policy algorithm that maximizes the entropy
(H) of the policy:

H(X) = E(x∼p)
�
− log p(x)

�
, (16)

where X indicates a stochastic variable with p(·) representing
the variable probability density function. In RL, H(π(·|s))
measures the randomness of the policy π under state s, and the
regularized entropy in SAC is the second term in the objective
function, eq. 17.

J(πO) = EπO

"
∞X

t=0

γt(RO(st, at) + αH(πO(·|st)))

#
, (17)

where α is a regularization coefficient that determines the
importance of the entropy, also called temperature. The
entropy regularization increases the degree of exploration of
the RL. A larger value of α enhances exploratory behaviour
early in the learning process, helping to prevent premature
convergence to local optima. The soft Q-function is defined
as:

QO(st, at) = RO(st, at)

+ EπO

"
∞X

t=0

γt(RO(st+1, at+1) + αH(πO(·|st+1)))

#
. (18)

SAC models two action-value functions Q and a policy
function π. Based on the idea of Double DQN [42], a network
with a smaller Q value is selected to alleviate the problem of
overestimation of the Q value. The loss function is defined in
eq. 19 and aims to maximize the joint policy objective, similar
to [33]:

L(π)=
X

O∈Oall

Es∼B,a∼πO(·|s)
�
QO(s,a)−αlogπO(a|s)

�
, (19)

where π refers to the set of policies {πO1 , πO2 , · · · , πOK }, B is
the buffer that contains all of the transitions from interactions
with the environment, starting from an initial state s0 ∼ p0,
following the policy π(·|s). By training each policy on states
sampled according to the state visitation distribution of each
possible task, these policies can successfully complete their
respective tasks, regardless of the state in which the system
was left by the policy for the previous task [5]. Therefore, it
is safe to combine these learned policies.

For policy evaluation, soft Q functions aim to minimize the
joint Bellman residual:

L(Q) =
X

O∈Oall

E(s,a,s′)∼B,a′∼πO(·|s′)
�
(QO(s, a) − δO)2�

δO = RO(s, a) + γ(QO(s′, a′) − α log πO(a′|s′)) (20)

D. Combining RL and Symbolic Planning

For complex tasks, often the RL algorithm struggles to
learn the right action sequence that could achieve the goal
[43]. It has been demonstrated that RL can effectively learn
policies for simpler tasks [44]. We hypothesise that complex
tasks should be split into simple and independent actions,
which could be learned with RL methods. Then, a different
approach should be used to chain the actions to achieve
the desired task. In this paper, we propose a method that
demonstrates the above hypothesis by combining RL with
symbolic planning for a hierarchical RL approach as shown in
Figure 2. In our method, the chaining of low-level actions is
performed automatically based on changes in the environment.
The high-level agent selects an operator by matching the
current preconditions. After executing its corresponding low-
level policy, the observed effects define new preconditions,
which guide the selection of the next suitable operator.Oi is



3176 IEEE TRANSACTIONS ON AUTOMATION SCIENCE AND ENGINEERING, VOL. 23, 2026

defined further as (φ(Oi), ψ(Oi)), where the precondition φ(Oi)
must be True to be able to apply the operator Oi, and the effect
ψ(Oi) is the set of corresponding effects that describe a new
environment state after the successful execution of the operator
Oi. The fluents used in this work are listed in Table I.

Environmental information is represented in a three-
dimensional Cartesian coordinate system, where x represents
the horizontal axis, y represents the depth axis, and z represents
the vertical axis. p is the position of an object or the gripper,
represented as g. The gripper position is defined in the middle
point between two fingers, denoted as pg. α and β are two
variables that can be instantiated by the objects of interest in
the environment. Furthermore, we define the contact between
two objects as:

contact(α, β) ⇐⇒ min
u∈Sα,v∈Sβ

||u − v|| 6 ε, with lim
ε→0

, (21)

where for each object γ ∈ {α, β}, Sγ ⊂ R3 denotes the set
of points on its surface. Here ε > 0 is a small tolerance
value that, ideally, approaches zero, ensuring that the objects
are considered to be in contact only when their surfaces are
essentially touching.

1) Details About Operators: Table II shows the relationship
between the fluent and the operators. Table II only shows
the must-satisfied conditions for each operator, where a dash
(“–”) indicates a trivial fluent value. For example, consider the
operator open from Table II.

open :
[1ex]φ : (¬openGripper ∧ ¬graspable ∧ onTable) ∨ above

[1ex]ψ : openGripper

This definition implies that the operator open can be acti-
vated only when its preconditions are satisfied. In particular,
at the current time step, the gripper must be closed (i.e.,
¬openGripper), the object must not be graspable (indicating
that it is not in contact with the gripper), and the object
must be on the table. We include the disjunctive condition ∨
to accommodate scenarios encountered in long-horizon tasks,
such as STACK and INSERT, where the object is positioned
above the target location; in these cases, the gripper should
be opened to release the object regardless of the values
of the other fluents. Upon successful execution, the fluent
openGripper transitions from F → T as the effect of the
operator open, while the values of the other fluents do not
affect the main outcome under consideration.

Based on the operator definitions, some of the fluents are
mutually exclusive. For example, in the operator lift, the
fluents onTable and lifted are mutually exclusive.

2) Learning Method and Evaluation: The proposed learn-
ing algorithm is shown in Algorithm 1. HL and LL represent
high-level and low-level respectively. Where the input variable
ttra j has two meanings: i) the maximum number of total
trajectory time steps to terminate the RL episode, if the goal
is not achieved; ii) time steps used to successfully achieve
the goal within the maximum total steps. In Algorithm 1,
GetTargets (line 9) identifies potential targets based on
whether the objects are in contact with the table. Our method

Algorithm 1 Hierarchical Training and Execution

is adapted from the RL sandbox,4 which is a framework for
RL algorithms. Optimization of the low-level policy in section
III-C is done through reparameterization [45]. To mitigate
overestimation bias in the Q-value estimates, the clipped
double Q-learning algorithm [46] is used during training.

When evaluating a single operator’s performance, the pro-
cedure differs from the training phase because no planning
is involved. Instead, we manually specify the operator ID
and compute its success rate. More details are shown in
Algorithm 2.

3) Reward and Success Criteria: This section introduces
the reward function and the success criteria used in our

4B. Chan, “Rl sandbox,” https://github.com/chanb/rl sandbox public,
2020
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Algorithm 2 Evaluation for Single Operators

TABLE III
REWARD AND SUCCESS CRITERIA FOR EACH OPERATOR

method. Here, ag ∈ R refers to gripper action, and a ∈ R3

is the distance from the target position to the end-effector.
Generally, reward functions contain sparse and dense rewards
because dense rewards could increase the speed of learning
[33]. The following Reward function elements are used to
formulate different operators’ reward functions:

1) binary check for gripper action ag < 0 means open
otherwise means close

2) shaping term on Euclidean norm of a
3) binary reward if the distance between the end-effect and

the target object < 0.1m
4) dense reward based on the distance between the end-

effector and a target object, given by a linear or
hyperbolic tangent function, defined heuristically

5) dense object height reward, given by a linear function
6) binary reward if the object reaches a certain height
7) object velocity reward, given by a linear function
8) object acceleration penalty, given by a linear function
9) dense reward based on the distance between the target

position and the object’s current position, given by a lin-
ear or hyperbolic tangent function, defined heuristically

The detailed reward function structures for each operator
are listed in Table III.

4) Training Procedure: In our hierarchical framework, both
high-level and low-level policies draw upon the same set of

Fig. 6. Example of executing the learned sequence and policies for the
task of stacking two cubes. At step 1, the agent reaches the red cube,
then at step 2, since reach is finished, the next chosen operator would be
close (step 3), then the operator lift is executed (step 4), but at step 5, an
unexpected situation happens and the cube is dropped. Therefore, the agent
infers that the next operator should be reach (6) and lift (7), finally the
agent successfully move the cube and stack it on top of the blue cube
(8), now the whole STACK task is finished. Note that this sequence was
automatically determined by the agent.

fluents as their reward basis in general, yet they differ in how
these fluents are instantiated. At the high level, each fluent
is treated as a binary predicate, evaluated via first-order logic
formulations as detailed in Table II, for instance, the successful
execution of the low-level policy reach changes the value of
the fluent graspable to true. At the low level, each operator
is equipped with an effect-driven reward function (Table III),
such that the reach policy receives a reward proportional to
the inverse distance between the gripper and the target. During
the experiment, we didn’t train a high-level policy; rather, we
proposed an on-demand high-level system to define the next
operator to execute, which calls the next low-level policy. The
high-level decision-making system determines which high-
level operator to execute by first grounding all fluents in
the current environment state (as defined in Tables I and II).
Each fluent is evaluated as either true or false based on the
observations from the environment, and these truth values are
then matched against the precondition set to define the next
operator to execute at the low-level.

IV. EXPERIMENTAL VALIDATION

A. Environment Setting

Our environment was adapted from the well-known
manipulator-learning environment5 (see Figure 6). Which con-
tains a Franka Emika Panda manipulator, two cubes with
dimensions 4cm× 4cm× 4 cm, one tray (30cm× 30 cm) with
two slots (4.1 cm × 4.1 cm × 1cm), and sloped edges that
keep the cubes within a reachable workspace. The range of
motion of the end-effector, measured from the centre point of
the tool, which is located directly between the gripper fingers,
is confined within a 30cm × 30 cm × 30 cm box. The lower
limit of this boundary is set to enable the gripper to engage
with objects while avoiding collision with the bottom of the
tray.

Actions related to movement involve three degrees of free-
dom (3)-DOF) for translational position shifts (∆p). This ∆p

5T. Ablett, “manipulator-learning,” https://github.com/utiasSTARS/
manipulator-learning, 2022
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is relative to the robotic arm’s end-effector frame, and it is cal-
culated by the difference between the target position, provided
by the operator, and the current position of the end-effector.
Then, this action is transformed into the robot’s end-effector
poses and mapped to joint positions. To achieve this, we
use PyBullet’s integrated function for position-based inverse
kinematics, which generates the appropriate joint commands
for the robotic arm.

In addition to these three dimensions, the action space
includes a fourth dimension dedicated to the gripper’s opera-
tion. This extra dimension is designed to be compatible with
policy models that only produce continuous output values.
Specifically, any positive real number commands the gripper
to close, while any negative real number commands it to open.

The system operates at a rate of 20Hz. For cube stacking and
insertion tasks, each training episode is limited to 18 seconds,
which is equivalent to 360 time steps for each episode. The
positions of the cubes within the tray are randomized between
episodes.

Another task analyzed in this work is the door-opening task.
For this task, the door’s position is fixed in each episode.
Additionally, the end-effector’s initial position is randomized
to be located anywhere between 5 cm and 14.5 cm above the
tray, adhering to previously defined bounds. Moreover, the
gripper starts in a fully open state at the beginning of each
episode. In this experiment, due to fewer operators, each
training episode is limited to 13.5 seconds, which is equivalent
to 270 time steps for each episode.

The operators we used in all our experiments are listed
in Table II: open, close, reach, lift, move, stack,
insert, and push with their own preconditions and effects.
Note that we will use capital letters to indicate the name
of the whole planning process, for example, “STACK” refers
to stacking two cubes, which consists of different sequential
operators, e.g., reach, stack, etc. (all labels in lowercase),
i.e., STACK = {reach, move, . . ., stack}. This symbolic
structure of operators is a set of causal rules that outline the
features of objects and environments, given by human experts.

During the training process, after the execution of one
operator, there are two possible outcomes: success or failure.
If successful, the next operator will be generated. In case of
failure, the current operator will be executed for a maximum
of 45 time steps. Afterwards, the environment state will be
evaluated, and a new operator will be selected. This dynamic
selection may trigger the same operator or a different one,
depending on the measured environment.

B. Experiment Results

We assessed the efficacy of our proposed approach through
a dual-metric evaluation framework, focusing on both the
chained policy execution success rate and the independent
operator success rate.

1) Chained Policy Execution Success Rate: Chained pol-
icy execution for STACK and INSERT involves a sequence
of operators. The construction of STACK is based on
the specific set of operators: {open, close, reach,
lift, move, stack}. We reuse the high-level structure
to organize the order of operators for various tasks. For

instance, in the INSERT task, we introduce an additional
special operator, insert, to create holistic plans based on
preconditions and effects, as presented in Table II. Thus,
INSERT is constructed using the set of operators {open,
close, reach, lift, move, insert}. By introduc-
ing task-specific operators and simple logical judgments in the
high-level structure, it is possible to efficiently reuse, scale,
and adapt to new tasks without having to redesign the entire
system.

We test our method on three different seeds, and the chained
policy execution success rate is presented in Figure 7. The
experiment results achieved a near-perfect success rate of
around 95% for the chained policy to stack two cubes after
training for 1.5 M environment interaction steps. Figure 6
represents a typical example that shows how our method
uses chained policies for the STACK task. To ensure the
planning process remains stable, we consider the execution
of an operator to be successful only if it achieves its intended
effect and this effect persists for at least 0.5 s.

INSERT is a task that requires a manipulator to insert one
cube into a slot, depicted as a light-coloured area on the tray,
as shown in Figure 8. The success rate of chained policy
execution can reach approximately 85%.

2) Individual Operator Success Rate: Our method also
learns independent low-level policies. Then, it is possible
to evaluate individual operators, which can also be treated
as a single policy. In figures 9 and 10, we show the per-
formance comparisons between our method and 5 different
baselines:
• PFSM [47]: A probabilistic finite-state machine (PFSM)

employs conditional transition probabilities to determine
and order the next high-level operator based on the current
one.

• QL [48]: Use Q-learning to learn the high-level planner.
Since in our method, operators are manually defined, this
setting aims to learn a high-level plan automatically, as
Q-learning is suitable for discrete variables.

• SAC [41]: Use flat SAC6 as an ablation study.
• BC [2]: Though our method did not require human

demonstrations directly. Symbolic representations and
relations are knowledge that comes from humans, thus
drawing an implicit relation with human experts. We
further compare our method with the imitation learning
baseline Behavioural Cloning (BC) [2], which learns a
mapping from states to actions from human demonstra-
tions (gathered from an RL expert [33]) explicitly.

• Pretrained: Pretrained a move model with operator
set {open, close, reach, lift, move} for 1 M
time steps, achieved a success rate above 0.9 on move,
then based on this model to train long-horizon tasks
stack and insert with PFSM planner.

In the following part, we use the planner name PFSM and
QL to represent the whole HRL model.

These comparisons demonstrate that our method not only
improves training time and stability but also achieves higher

6We used the adapted version of [33] which made it compatible in a
hierarchical structure, but with a uniform sampler to ablate the high-level
decision-making system.



ZHANG et al.: ENHANCING HIERARCHICAL RL WITH SYMBOLIC PLANNING FOR LONG-HORIZON TASKS 3179

Fig. 7. Chained policy execution success rate for STACK 2 cubes and INSERT cube into a slot.

Fig. 8. Task for inserting the cube into the slot. From left to right, the images
illustrate: (1) the initial randomized position, (2) the manipulator moves the
blue cube to the target position, and (3) the manipulator inserts the blue cube
in the light-coloured blue slot.

success rates on both standard single-operator tasks (e.g.,
reach, lift, move) and long-horizon single-operator tasks
(e.g., stack, insert). We chose these specific algorithms
because they represent the current state-of-the-art in hierar-
chical reinforcement learning, imitation learning, and transfer
learning for robotic manipulation, thus providing a compre-
hensive benchmark to validate the efficacy of our approach.

For single low-level control policies like reach, lift and
move in Figure 9, both our method and baselines learned the
policies successfully, but our method is superior on training
time and success rate, after training for 0.8 M time steps, the
success rate on average is: reach - 98.9%, lift - 99.7%,
move - 97.4%. Our method shows a high task performance
within a very short period and also a much more stable
performance.

As for long-horizon manipulation, such as stack and
insert, original SAC-X [5] needs 64.8 M to learn (thus not
included here), PFSM could not learn the tasks (see Figure 10),
which further demonstrates our hypothesis discussed in
section III-D.

Figure 6 (label 8) depicts the outcome of the operator
stack in our method. The results in Figure 10 show that
our method’s success rate for stacking quickly surpassed 5
baselines, maintaining a high rate with a peak of 92% and
an average of 85% after 0.8 M training time steps. It is
important to notice that even through transfer learning, the
Pretrained model still needs 2.5 M (including pre-training) to
learn stack with a success rate over 80%. An additional
experiment on the insert task also illustrates a better

TABLE IV

TRUTH TABLE OF OPERATOR PUSH

performance, and the success rate for our method would even
increase if trained for a longer time. All experiments are tested
over five different seeds.

3) Scalability With a Small Sampling Experiment: While
our previous experiments (see Figures 7 to 10) demonstrated a
competitive performance for complex long-horizon tasks such
as stacking or insertion, within 2 M environment interaction
steps, we further evaluated our approach on a new door-
opening scenario (Figure 11), considering smaller sampled
experiment. This new experiment demonstrates the robust
performance of our hybrid HRL method under substantially
reduced sampling and with fewer operators, illustrating its
ability to adapt across tasks of varying complexity. Specif-
ically, we defined four essential operators for the door
manipulation task (i.e., {open, close, reach, push}).
It is worth noting that the standard operators open, close,
reach were reused from previous scenarios, maintaining the
same precondition and effect structure as in earlier experi-
ments. We also introduce a new task-specific operator push,
whose details can be found in Table IV, its success criterion
is in Table. III.

In this new setting, we trained our hierarchical RL agent
for only 0.1 M time steps - a 95% reduction compared to
our previous experiments. The door’s position was initialized
at a fixed location at the start of each episode. Despite
this substantially smaller sampling, the agent successfully
learned the strategy to chain individual operators to achieve
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Fig. 9. Single operator success rate for standard tasks. Note that Figure 9 and Figure 10 share the same legend notation.

Fig. 10. Single operator success rate for long-horizon tasks.

Fig. 11. Door-opening scenario. From left to right, the images illustrate:
(1) the initial closed-door position, the highlighted area is the door; (2) the
manipulator pushing the door, the grasping point is circled in the figure;
and (3) the final state in which the door’s angular displacement exceeds the
specified threshold.

the long-horizon goal of opening the door. As shown in
the left plot of Figure 12. The overall success rate reached
approximately 84%.

As for individual operator evaluations, experiment results
indicate that the newly introduced operator, push, also
achieved an 85% success rate. Other operators (e.g., reach)
similarly maintained a high success rate.

These results highlight the robustness and scalability of
our proposed method: with a relatively small set of operators
(four in this case) and reduced training steps, the agent still
converges to a high success rate in both chained policies and
individual operator executions. This is primarily attributed to
the definition of operators, each operator only focuses on a
narrowly defined goal and leverages symbolic preconditions
to guide low-level policy selection. Consequently, even in
tasks with fewer operators and simpler dynamics, our method
maintains efficient exploration and fast convergence, reducing
overall training demands without sacrificing performance.

4) Operator Ablation: To quantify the effect of the operator
set size, we further performed an ablation study on the

two-cube stacking task. Specifically, we compared a coarsened
operator set, created by removing: (1) the lift operator
and its associated lifted fluent; (2) the move operator and its
moving fluent; (3) the reach operator, against the full, finer-
grained operator set. Figure 13 illustrates the success rate of
the individual stack operator when trained on operator sets
with varying granularity. Although the ablated configuration
involves fewer operators, the complete operator set converges
to high success rates more rapidly, demonstrating superior
learning efficiency. These findings corroborate those from our
small-sample experiment in Section IV-B.3, demonstrating
that the observed acceleration in convergence is not merely
due to fewer operators but arises from the integration of
symbolic abstractions with low-level policy learning, which
yields denser reward feedback and improved sample efficiency.

5) Dynamic Environment (Non-Static conditions): Next,
we rigorously assess the adaptability of our learned models
(trained in static environments) in dynamic environments.
We implemented four types of dynamic test scenarios to
robustly evaluate our method under changing environmental
conditions. Each test introduces a distinct dynamic behavior
to examine the models’ ability to adapt in real-time, recover
from unexpected state changes, and maintain long-horizon task
objectives under conditions not encountered during the static
training.

We implemented four different types of dynamic test sce-
narios, which changed the behaviour on the target cube, base
cube, or both, by continuously changing its velocity as follows:

1) Random: Application of continuous random linear veloc-
ity to one cube, vx, vy ∈ [−0.2, 0.2]

2) Sinusoid: Sinusoidal velocity applied to the designated
cube (base, target, or both) along the x-axis with
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Fig. 12. Chained policy execution success rate for door-opening and single operator success rate.

Fig. 13. Operator ablation studies. Ω = {open, close, reach, lift,
move, stack}.

linear velocity along the y-axis, generating a sinusoidal
trajectory.

vx(t) = 0.4 sin(2πt/T )
vy(t) = 0.1 (22)

t denotes the current time step and T is the period, here
T = 20 s.

3) Circle: Sinusoidal velocities applied to both x and y axes,
generating a cube that moves on a circular trajectory.
The trajectory is defined as:

x(t) = x0 + 0.05 cos(2πt/T )
y(t) = y0 + 0.05 sin(2πt/T ) (23)

here T = 50 s, radius is 0.05, x0 and y0 is the randomized
initial position of the cube.

4) Disappear (discontinuous state): During execution, one
of the cubes temporarily disappears for 20 time steps and
then reappears in its original location. This condition
simulates a momentary error in the robot’s perception
system.

We implemented the above types of dynamic test scenarios
to robustly evaluate the models obtained with our method
under different environmental conditions. These environments
were not used during the learning phase. This means that the
learned policies obtained from a static environment were tested
in four different dynamic conditions to assess the adaptability
of our method.

Fig. 14. Dynamic test scenarios for the base cube. From top to bottom,
the images illustrate four different dynamic behaviours on the base cube:
(1) random velocity, (2) sinusoidal trajectory, (3) circular trajectory, and
(4) temporary disappearance. The agent has to handle these perturbations and
successfully stack the target cube (red) on the base cube (cyan). Applying the
dynamic behaviors to the target cube or both cubes produces similar effects.

In these experiments, the presence of tray slots and
collisions between cubes further exacerbate unpredictable sit-
uations, requiring the agent to adapt continuously in order
to successfully complete the cube-stacking task. Figure 14
presents representative instances of the dynamic behaviors
applied to the base cube. These behaviors can also be applied
to the target cube, or both cubes simultaneously, resulting in
a total of 12 environment settings. The agent’s objective is to
grasp the target cube (shown in red in Figure 14) and stack
it on top of the base cube (cyan). Both cubes are randomly
initialized within the tray area. Specifically, disappear is
applied to the base cube at time step t = 25. This value was
chosen empirically, as by this point, the robot has typically
grasped the target cube and begun its approach toward the
base cube. If the base cube disappears at this moment, the
robot must detect the change and adapt its strategy accordingly.
For the target cube, the disappear perturbation (discontinuous
state) is introduced at time step t = 5, which corresponds
to the moment just before the robot reaches and attempts to
grasp it. When the perturbations are applied to both cubes,
the base cube vanishes at t = 65, which is the empirical
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TABLE V

SUCCESS RATES OF DIFFERENT METHODS UNDER DYNAMIC ENVIRONMENTS

interval after the target cube’s disappearance, reappearance,
and successful grasp. These dynamical conditions force the
agent to generalize its low-level policy to unstructured, time-
varying, and previously unseen conditions.

Since previous baselines (from Section IV-B.1 and IV-B.2)
failed to achieve stacking, we did not apply these dynamical
tests to them. Instead, for comparative purposes, we imple-
mented three different baselines: (1) Pretrained model as RL
baseline, for completeness, and given that our proposed system
incorporates concepts from TAMP, we also implemented (2)
the PDDLStream (linear) method [49], and (3) the PDDL-
Stream (PRM) method [50] as representative TAMP baselines
for a direct comparison in terms of action and motion plan
generation. In both PDDLStream implementations, the domain
is constructed to align with our formalization of fluents as
predicates, and streams are employed to perform sampling-
based motion planning. At the beginning of each operator
execution, the trajectory generator retrieves the current target
position, thereby allowing the system to adapt to dynamic
environments where target states may vary due to external
perturbations.

1) The Pretrained model was trained in the static cube-
stacking environment for a total of 3M time steps,
achieving an 85% average success rate, thus serving as
a baseline.

2) In PDDLStream (linear), we implemented a simple
Cartesian trajectory generator with a linear velocity pro-
file. The trajectory generator is defined as the following,
where p0 and pg are the initial and goal positions,
respectively. The trajectory is discretized into N steps.

∆p = pg − p0

pk = p0 +
k
N

∆p, k = 0, 1, · · · ,N (24)

3) In PDDLStream (PRM), we utilize the Probabilistic
Roadmap (PRM) [50] as the trajectory generator.

The results from these dynamical tests are detailed in
Table V. For each situation, we ran 50 episodes over 5
random seeds, Static means no dynamic tests were applied.
As shown in Table V, when the cubes remain static, our
method and the baselines achieve a high success rate; the
performance of our method is comparable to the best achieved
by PDDLStream (linear) and PDDLStream (PRM). However,
it is important to note that both PDDLStream methods require
an additional user-defined stream model to support motion
planning and other geometric constraints, and that they gen-
erate plans offline. Consequently, the performance of these
baseline methods is significantly affected by environmental
dynamics and perturbations occurring at runtime. In contrast,
our method makes decisions dynamically during operation,
which allows it to maintain a high success rate with only
minor or no degradation in performance. Moreover, ablation
experiments conducted in the absence of a high-level system
(i.e., only individual operator stack) remain at a stable high
success rate under dynamic conditions. This finding suggests
that incorporating an on-demand high-level decision-making
system may enable the low-level policies to implicitly learn
latent environmental variables from static environments that
reflect the main operators’ objectives. This, in turn, makes
them inherently more robust to uncertainty and dynamic
settings. Overall, these evaluations demonstrate the robustness
of our method in handling dynamic environments.

V. DISCUSSION

Performance comparisons between our approach and vari-
ous baselines, depicted in the Figures. 9- 10, and shown in
Table V, further underline the limitations of existing tech-
niques in both long-horizon manipulation and adaptability to
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dynamic environments. The stochastic nature of the underlying
MDP often yields suboptimal state transitions and cumulative
uncertainty, hindering RL from identifying optimal actions
over long sequences. By contrast, our method dynamically
selects the most appropriate policy via continuous integra-
tion of up-to-date environmental information and real-time
feedback. As a result, it doesn’t require an additional plan
solver (e.g., PDDL) and could quickly adapt to dynamic
environments, thereby enabling more informed and adaptive
task execution. This underscores the critical importance of
adaptive sequencing of low-level policies for achieving robust
performance in dynamic and unpredictable settings.

The experimental results raise an intriguing question that
will be considered in future work: is there a direct correlation
between the number of operators and the sample complexity
of learning? Another potential improvement is to capture
more nuanced physical interactions, such as force or torque
feedback. In the current door-opening setup, our agent relies
on position-based actions. Incorporating force/torque sensing
into the state space and reward function could greatly enhance
robustness in tasks that require correct force control. Bridg-
ing symbolic operators with force/torque would thus be a
natural next step, broadening the range of tasks that can be
learned under our framework. Additionally, we will address
the sim2real experiments in future work.

VI. CONCLUSION

Our method tackles the challenge of long-horizon tasks
in robotic manipulation by integrating symbolic planning
with hierarchical reinforcement learning methods through
operators. We introduced dual-purpose high-level operators,
contributing both to generating holistic sequencing of actions
with the possibility of executing them as independent policies.
Experiments confirm a 97.2% success rate for the STACK
chained policy execution and 85% for INSERT. Even an 85%
average success rate is achieved for the individual operator
stack in the absence of a holistic planning context. The small
sampling experiment involved scaling down the operator sets
by using fewer operators for the ‘open the door’ task. The
results further highlight the robustness and scalability of our
method, demonstrating a success rate of 84% for planning
and executing the new long-horizon task and 85% for the
individual operator push, all while reducing training time by
up to 95%. We further tested four different dynamic settings,
and our method holds a stable, high success rate of around
90% even without the need for re-training, surpassing different
baselines. This indicates that high-level planning enhances the
inherent robustness of low-level policies to disturbances. Our
method thus offers a promising avenue for achieving both high
task performance and efficient learning in the complex domain
of long-horizon robotic manipulation.7
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