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Abstract—In dynamic open-world environments,
autonomous agents often encounter novelties that hinder
their ability to find plans to achieve their goals. Specifically,
traditional symbolic planners fail when the robot’s planning
domain lacks the operators to interact appropriately with
novel objects. We propose a neuro-symbolic architecture
that integrates symbolic planning, reinforcement learning,
and a large language model (LLM) to learn how to handle
novel objects. In particular, we leverage the common sense
reasoning capability of the LLM to identify missing operators,
generate plans with the symbolic AI planner, and write
reward functions to guide the reinforcement learning agent
in learning control policies for newly identified operators.
Our method outperforms the state-of-the-art methods in
operator discovery as well as operator learning in continuous
robotic domains. Our webpage and code can be access here:
helenlu66.github.io/hybrid LLMguided/

I. INTRODUCTION

Integration of high-level task reasoning with low-level
motion planning within a Task and Motion Planning (TAMP)
framework improves the ability of a robotic system to solve
complex problems. Using its knowledge of the environment
and task structure encoded in the Planning Domain Definition
Language (PDDL) [1], a high-level symbolic task planner
can generate a sequence of operator executions using the
operator’s pre- and post-conditions to achieve the desired
goal [2] while a low-level motion planner can generate
the robot motion for each operator execution (e.g., [3]).
Alternatively, each operator could have a policy that was
learned through Reinforcement Learning (RL) (e.g., [4]).

However, planning failures can occur due to novelties
when the robot cannot find an appropriate sequence of oper-
ators to achieve its goal because the solution is outside the
robot’s planning domain [5], [6]. In fact, common everyday
objects, when introduced into a robot’s controlled environ-
ment, often disrupt the robot’s ability to achieve its usual
goals because the robot’s predefined planning domain lacks
the operators necessary for interacting with these objects.
In this work, we focus on the introduction of common
objects and the challenge of adapting to them, i.e., for the
robot to learn how to manipulate them. As such objects
might appear within the training data of LLMs, an LLM
could effectively reason about interactions involving them
[7]. We thus utilize an LLM to perform common sense
reasoning to structurally define missing plan operators in the
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PDDL format. In addition, to efficiently guide the exploration
of the RL algorithm for learning the associated operator
policies in a continuous space, we prompt the LLM to
write dense reward function candidates that are used in a
sub-goal curriculum. We launch multiple RL agents—one
per dense reward function candidate for each sub-goal—and
periodically prune the worst performing candidate until a
policy is found that can generate robot motion from the
operator’s pre-conditions to its post-conditions. Figure [T
illustrates our approach. Our contributions are as follows:

1) We propose a method that leverages the common-
sense reasoning of LLMs to solve the missing operator
identification problem—a challenge that is intractable
for traditional operator discovery methods in the hybrid
planning and learning literature.

2) We augment a hybrid planning and learning archi-
tecture with LLM generated dense reward functions,
thereby significantly speeding up the learning process.

3) We perform evaluations in continuous robotic manip-
ulation domains in the mimicgen simulation environ-
ment [8].

II. RELATED WORKS
A. Hybrid Planning and Reinforcement Learning

To handle the novelties that might arise in an agent’s
environment, Goel et al. and Sarathy et al. propose hybrid
planning and learning frameworks that extend the definition
of MacGyver problems [5], [4], [9]. In these frameworks,
when the agent fails to plan due to novelties, RL agents are
spawned to bridge the gap by discovering plannable states
from which the goal is reachable. In addition, the structured
knowledge in the symbolic reasoner provides guidance to the
RL agent during its exploration [10], [11], [12], [13], [14],
[15]. However, these works often evaluate their approaches
in discrete action domains. Recent works in robotics have
applied hybrid planning and learning methods to continuous
domains [16], [17], [18], [19]. Notably, LEAGUE [18] in-
tegrates task planning with skill learning for long-horizon
manipulation. These works typically rely on RL agents
to discover the missing operator or recover from operator
failure, spending considerable time during exploration. To
structure this exploration, reward machine-based approaches
have proposed decomposing the reward function according
to task structure [20], [21]. Nevertheless, even when guided
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Fig. 1: The plan-learn-execute loop. The Hybrid LLM Symbolic planner parses the domain and problem PDDL les, prompts
the LLM to de ne the missing operator(s) in PDDL, and nds a plan with grounded operators. It lifts the grounded operators,
and outputs the modi ed domain PDDL le with the added lifted operator de nitions and the plan. The LLM's newly de ned
operators are in blue while the existing ones are in black. The learn-execute loop starts by executing the operators in the
plan. When it encounters a new operator for which an executor policy does not yet exist, it prompts the LLM to generate
dense reward shaping function candidates and launches RL agents to learn the policy. The effects of the operator are treated
as sub-goals for the RL agents. One agent is launched per dense reward function candidate and the worst performing agent
is eliminated periodically based on sub-goal success rates. The sub-goals are trained in phases. Once training is complete,
the best performing policy is saved as the operator's executor. The pseudocode for the algorithm is shown in Algorithm 1.

with symbols, these works never explicitly reason abouhese prior works that focus on plan synthesis, our approach
missing operators, instead relying on RL agents to discovércuses on domain expansion and leverages the LLM to infer
them incidentally through exploration, a strategy that scaldhe missing operator(s) when a novel object is injected.
poorly in continuous domains where plannable states are

dif cult to reach by chance. In this work, we explore whether
the common sense encoded in LLMs can be utilized t&
structurally de ne the missing operators and guide the RL

agents via reward shaping, thereby saving exploration time. _ )
LLMs can be used to either suggest goals for exploration

B. LLM for Planning or provide reward signals. For example, LLMs can suggest

Recent works in robotics planning seek to leverage thilne next goal to explore when the RL agent is faced with a
semantic understanding, common sense knowledge and thew task [32], suggest sequences of sub-goals as potential
code generation capability of LLMs. For example, Silvepaths to the goal [33], or suggest auxiliary tasks for learning
et al. propose a prompting pipeline and evaluate LLMsto maximize the use of previous experiences collected during
ability to write code that solves general problems in a giveRL training [34]. In addition, LLMs can provide reward
PDDL domain [22], Singh et al. prompt LLMs to write signals either by writing reward function codes or by di-
functions that call available robot actions to achieve a goakctly evaluating an episode's outcome [35], [36], [37], [38].
[23]. Some works aim to increase the executability of th€losest to our work is LEAGUE++ [39], which shares our
LLM's proposed plan by grounding the plan in the robot'smotivation of leveraging LLM-generated reward functions to
executable actions [24], [25], [26], [23]. To plan in dynamicguide the acquisition of new robot skills. Despite this con-
and partially observable environments, some works introdu@@ptual proximity, two important limitations set it apart from
interactive methods of prompting the LLMs to incorporateour approach. First, LEAGUE++ assumes a fully specied
environment feedback and self-correct [27], [28], [29], [30]planning domain, meaning it has no mechanism to reason
Hybrid approaches combine the capabilities of the LLM&bout or recover from the absence of operators needed to
with the reliability of symbolic planners to overcome thehandle novel objects — a critical shortcoming for open-world
lack of exibility of symbolic planners and the tendency todeployment. Second, it commits to a single LLM-generated
hallucinate of the LLMs. For example, Liu et al. leverage theeward function per skill, leaving the agent exposed to the
LLMs' natural language understanding to translate naturaisk of investing substantial training time following a funda-
language problems into a PDDL problem based on the givenentally misguided signal. Our work addresses both gaps:
PDDL domain and use a symbolic planner to generate thvee introduce an LLM-guided symbolic search to explicitly
plan [31], and Dagan et al. leverage the common sengg#entify missing operators, decompose their effects into an
encoded in LLMs to make assumptions about the trutbhrdered sub-goal curriculum, and generate multiple reward
value of predicates in partially observable environments [29function candidates in parallel, applying a genetic algorithm-
A common assumption made in these works is that th@spired elimination strategy to progressively retain the most
existing operators are enough to reach the goal state. Unlikffective reward signal throughout training.

. LLM for Reinforcement Learning



Fig. 2: Problem domains and hybrid LLM-symbolic planner outputs. Domains are ordered by the dif culty of discovering a
plannable state via random exploration. Green arrows indicate injected novelties: a lid (Kitchen), a round peg (Nut Assembly),
and a drawer or box (Coffee). In the planning graph, green nodes represent states reached via LLM-suggested operators, blue
nodes denote existing operators, and orange nodes indicate where the search-ahead algorithm nds a valid plan. Identi ed
missing operators (shown in blue text) include: pick-up-lid-from-pot (Kitchen), pick-up-nut-from-peg (Nut Assembly), pick-
up-from-open-box (Coffee-Box), and open-drawer and pick-up-from-open-drawer (Coffee-Drawer).

D. Prompting Techniques for Reasoning the learning of low-level controls and the abstraction of tasks

Wei et al. demonstrate that reasoning can be elicitdl high-level planning.
from LITMs when they emulate .t'he chaln—of—.thought Process. o\ lem Formulation
shown in their prompts [40]. Kojima et al. point out that sim-
ilar thought process can be elicited by simply adding “let's Given a planning task P= (E %F;0;s;s) after in-
think step by step” to the prompt [41]. The self-consistencjection of a novel entity e where & E [e, obtain an
approach demonstrates that the accuracy of the output candsgmented set of operators’®y adding the missing op-
further improved if multiple chains-of-thoughts are sample@rators Ghissing that can be applied to e so that a plar®P
and the most frequent output is chosen [42]. Tree-of-thoughe&n be found from the initial statey g0 the goal state
(ToT) takes this one step further by prompting the LLMSy. Furthermore, learn the neural skili gssociated with
to generate multiple next states in a given problem stagach new grounded operatof 2Omissing We assume that
and evaluate the progress each thought makes. Inspired thg available predicates are enough to de ne the missing
the exploratory nature of ToT, we employ self-consistencgperators and the robot is able to detect and categorize the
prompting to sample the most frequently proposed missingovel object. For example, since the robot can detect the
operator in each planning state, and we use the symbolfigith value of the predicate open(container), we assume that
planner as a binary state evaluator that searches ahead #rhin recognize that a drawer is a container type and detect
reports whether a plan can be found with the added operathether the drawer is open after it is injected as a novelty.

IIl. PRELIMINARIES IV. THE PLAN-LEARN-EXECUTE LOOP

A. Symbolic Planning The loop of plan-learn-execute shown in Figure 1 and

Given a formal de nition of a problem domain s = Algorithm 1 begins by calling the search-and-prompt algo-
hE;F;S;0i, where E is a set of typed entities in the fithm of the hybrid planner to solve the missing operator
environment, F a set of detectable Boolean predicateilenti cation problem. The search and prompt algorithm
applicable to entities, S a set of states represented asaggments the problem domain PDDL with de nitions of

set of grounded predicates, and O a set of operators, Waissing@nd returns a plan that contains grounded operators
seek to nd a solution P = [oy;:::;0p; ] for the planning of Omissingfor which the robot does not know how to execute.

task T = (E;F;0;s0;%)- P is a sequence of grounded The plan-learn-execute algorithm learns the neural control

operators that when applied transforms the initial state $olicy for each operator in Qssingthrough the LLM guided

into the goal state s Each operator 0 2 O is de ned as Sub-goal learning process.

the entities it operates on, the preconditions y that must ) . )

be satis ed before it can be applied, and the effects w that- HyPrid LLM and Symbolic Planning

become true once it is applied [1]. The Hybrid LLM Symbolic Planner takes a PDDL domain

specifying the available operators O, predicates F, object

types and a PDDL problem le specifying the set of entities
Neuro-symbolic planning and control retain the symboli€? including the novel entity e, the initial statg and the

planning problem formulation above. For each operai@ o goal state gas grounded predicates over entities. The hybrid

B. Neuro-symbolic Planning and Control

skill p; is executable when the preconditions 9f the cessto nd a plan to the goal as illustrated by Figure 2 and
operator are met, and interacts with the environment taAlgorithm 2. In the search-and-prompt algorithm, the LLM
realize the operator's effects;wrhis formulation captures is prompted in each search state to suggest up to one missing



Fig. 3: The Prompt-LLM-for-New-Operator Pipeline. We sample ve operator candidates and select the majority [42]. The
prompt is dynamically lled in with the current state, goal, and existing operators. The LLM suggests names and parameters
for missing operators. Preconditions are automatically lled with grounded predicates involving these parameters, while the
LLM de nes and orders the effects. For example, if preconditions for open-drawer include not open drawerl and not grasped
drawerl, the LLM generates grasped drawerl and open drawerl as ordered effects, which subsequently serve as sub-goals
for the guided learning stage. We observe that errors in effects ordering and operator generation are greatly reduced through
self-consistency [42]. Finally, the grounded operator is lifted into a general PDDL de nition by mapping speci ¢ entities to
their variable types (e.g., drawerl to ?d - drawer), enabling domain-wide generalization.

Fig. 4: The LLM Guided Sub-goal Learning Pipeline. Three reward shaping function candidates are sampled from the LLM.
We use a temperature of 1.0 to encourage diversity in the samples. We Iter out semantically identical candidates by passing
in test values to the candidates and eliminating duplicates that output the same reward. The prompt contains the template for
a reward shaping function. The de nition of the grounded operator and the observation space of the robot are dynamically
lled into the prompt. The LLM writes a function to compute a velocity based progress using the relevant observations in
the robot's observation space. For example, the function computes the progress for open drawerl using the distance between
the drawer handle and the cabinet. During each sub-goal's training phase, the reward shaping for the sub-goal is unlocked.
The worst performing candidate is periodically eliminated.

executable operator shown in Figure 3. We employ the self- V. LLM GUIDED SUB-GOAL LEARNING
consistency prompting technique to increase the accuracy ofiye |aunch Proximal Policy Optimization (PPO) agents
the output [42]. To minimize LLM calls, a purely symbolic 1o |earn the continuous control for each grounded operator
search-ahead algorithm evaluates whether a plan can alregglyine plan [43]. Our RL pipeline is implemented using
be found from the current state forward with the additionnhe staplebaselines3 [44] library. We guide the PPO agents
of the suggested operator. The search-ahead algorithm igo@vard each sub-goal via reward shaping functions written
breadth- rst search that searches for the goal state given tB9 GPT-04-mini with a temperature of 0.3. We choose GPT-
available operators. If no plan can be found, the operatogy-mini instead of GPT-03 for the function writing due to its
whose preconditions are satis ed in the current state afgst and cost-ef cient code generation. We employ a genetic
applied to reach next states, and the reachable next staifSorithm inspired approach to Iter the candidates by elim-
are added to the search-and-prompt tree. The search-ahg@dling the non-runnable ones and iteratively eliminating the
algorithm terminates the search-and-prompt process early|dfast successful ones.
a plan with the currently available operators is found. The Figure 4 illustrates the generation and Itering of reward
search-and-prompt tree grows until a plan is found or thgnaping functions. The robot receives numeric observations
max search depth is reached. We choose GPT-03 for theq. relative distances between the gripper and task-relevant
planning stage for its advanced reasoning capabilities.  entities) and binary observations (grounded predicate truth
values). These, along with the operator de nition and max-
imum end-effector displacement, are used to prompt the



Algorithm 1: Plan-Learn-Execute Algorithm 3: LLM-sub-goal-Reward

1: Input: T © maxiter 1: Input: o, prev.num.obs, curtnumobs, curtbinary.obs
2: Output: goal_achieved 2: Output: reward
3: iteration O 3: reward O
4: goalachieved false 4: for i=1!jo.effectsj do
5: while iteration < maxiter and :goal _achieved do 5:  sub-goabonus 10'
6:  ResetEnvironment() 6:  maxrewardshaping 10'!
7: P9 Search-And-Prompt(T 9 7:  effect o.effects[i]
8 while jP §>0 do 8: if :CurrTrainingPhase(effect) then
9: o PopFirst(P 9 9: break favoid giving rewards for locked sub-goalsg
10: success; executor ExecuteOperator(o) 10: end if
11: if :executor then 11: if CheckEffectSatis ed(effect, currbinary.obs) then
12: executor LLMGuidedSubgoallLearning(o) 12: reward reward + sub-goalbonus
13: success; executor ExecuteOperator(o) 13: else
14: end if 14: reward reward + maxrewardshaping LLM-Reward-
15: if :success then Shaping(prevnum.oobs, curtnum.obs,effect)
16: break frestart the main loopg 15: break fstop as soon as a sub-goal is not satis edg
17: end if 16: end if
18: end while 17: end for
19: iteration iteration+1 18: return reward
20: goalachieved jPj=0 and success
21: end while . . . .
22: return goal_achieved TABLE I: Hybrid LLM Symbolic Planner vs Operator Dis-
covery (OD)
Algorithm 2: Search-and-Prompt . Hybrid oD Hybrid ob_
’ Domain Successes  Successes Time Time
1 Input: T % maxdepth Kitchen 10=10  10=10 75.19sec 8551 sec
2: Output: O"=0[O missing P Nut Assembly 10=10 0=10  120.76 sec >7h
3: openqueue [so;0)] Coffee (box) 10=10 0=10  45.26 sec >7h
4: closed [(s0;0)] Coffee (drawer) 7=10 0=10 68183 sec >7h
5: depth 0
6: while jopenqueuej >0 do
7: s;0 PopFirst(open _queue)
S QO*EJSSC";Q[ OPror_nPt"‘LM'For'NeW'Operator(s'O) focus. The CheckEffectSatis ed function veri es that an ef-
. missing . . . . ..
10: PO Search-Ahead(s, O ° maxdepth) fsearch symbolically to fect is satis ed without unintended changes to other entities.
1 rff-‘tliauge_l-l?\lM Ca"ﬁg Once a phase is complete, rewards for the subsequent sub-
1o ! retﬁ’r_n g’&eptoe” goal are unlocked. When an effect is not achieved, the agent
13:  end if receives a progress reward from the LLM-generated function,
14: if dt;%pthk max_depth then scaled by a factor mareward.shaping that increases ten-
o e fold per sub-goal. This results in exponentially larger rewards
17: SO Applicable(s;0 9 as the agent advances. For instance, in the grasped-drawer
18 fOI’_fSDS%g fdod A phase, the agent receives an LLM-shaping reward in [ 1;1]
. | closed then H
20" openqueue open_queue[[(s209] or a 10 point sub_-goal bonus. In the subsequent _open-drawer
21 closed closed[[(s ¢09] phase, the shaping reward scales to [ 10;10], with the nal
ggi g«‘?d if sub-goal bonus reaching 100.
. ena for . - .
24 depth depth+1 Up_on comple_tmg a_tralnlng phgse, the best-performing
25: end while candidate and its policy are retained. For the subsequent
26: return None, None sub-goal, three new candidates are generated; these reuse the

“best” logic from previous phases (e.g., the optimal grasp-

drawer-handle snippet) while providing diverse new logic
LLM to generate three reward function candidates. Eacfor the current sub-goal (e.g., open-drawer). We currently
candidate outputs a linear, velocity-based reward in the rangge a rule-based function with ground-truth state to verify
[ 1;1] based on the change in numeric observations betweesffects to decouple planning performance from perception
timesteps. For example, in the open-drawer task (Fig. 4), th@rors. However, real-robot deployment would interface with
LLM-generated code calculates and normalizes the distanaeperception module for grounding. Episode horizons start
change between the cabinet and handle, returning a clamp&d100 steps, increasing by 50 per subsequent stage.
progress reward towards the open-drawer sub-goal.

As effects i.e. sub-goals of an LLM de ned operator in VI. EVALUATION

Figure 3 are expected to be achieved in order, the sub-We compare our hybrid planner with the Operator Discov-
goals are trained in phases. As detailed in Algorithm 3, ary (OD) method. After encountering a planning impasse,
PPO agent is launched for each reward candidate with sumany of the existing hybrid planning and RL approaches
goal bonuses increasing ten-fold per stage. Crucially, ager&inch RL agents to discover a solution. As the RL agent
receive no reward for progress beyond the current sub-goaliimeracts with the environment, state changes are tracked. If
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