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Abstract
Large Language Models (LLMs) have demonstrated strong
reasoning and problem-solving capabilities, making them
promising candidates for autonomous agents. However, they
struggle with long-horizon task planning due to error propa-
gation, limited exploration, and inefficient handling of com-
plex action spaces. Prior approaches either perform flat search
over primitive actions or perform hierarchical subgoal de-
composition with greedy execution, limiting their ability to
explore diverse strategies. In this work, we propose a de-
coupled hierarchical planning framework that separates high-
level planning from low-level execution. At the planning
level, the agent generates structured subgoals with explicit
control flow. At the execution level, we introduce targeted
exploration using Monte Carlo Tree Search (MCTS) within
each subgoal’s action space, allowing the agent to evaluate
alternative action sequences before committing to decisions.
This two-level formulation enables efficient and focused ex-
ploration while mitigating the reliance on long context his-
tories. Our approach combines the strengths of structured
reasoning and search-based optimization, improving adapt-
ability in long-horizon settings. Experimental results on task
planning benchmarks demonstrate that our method outper-
forms existing LLM-based planning frameworks, achieving
higher success rates.

Introduction
Recent advancements in Large Language Models (LLMs)
have showcased remarkable intelligence across a wide range
of domains, including reasoning (Wei et al. 2022; Yao et al.
2022; Kojima et al. 2022), self-verification (Wang et al.
2022; Miao, Teh, and Rainforth 2023; Madaan et al. 2023),
tool usage (Schick et al. 2023; Tang et al. 2023), task plan-
ning (Yao et al. 2023b; Shinn et al. 2023), and instruction-
following. Amongst these proficiencies, task planning has
emerged as a particularly significant aspect, positioning
LLMs as a foundational component for intelligent decision-
making systems. This has opened new avenues in AI-driven
automation, where LLMs can not only generate structured
plans but also dynamically adapt to evolving tasks, mak-
ing them a promising cognitive core for next-generation au-
tonomous agents. There have been significant attempts in
using LLMs as task planning agents as they are equipped
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with extensive amount of knowledge and significant strength
in commonsense reasoning. Several studies have used LLM
agents to solve the standard robotic environment tasks like
BlockWorld(Vavilala et al. 2023), Alfworld(Shridhar et al.
2020b), Shopping environments (Yao et al. 2022; Zhou et al.
2023), and Travel planning (Xie et al. 2024).

The robust solution for designing to solve complex tasks
like web shopping journey, robot navigation requires a step
by step action plan with concrete reasoning/justification for
each action. Initial investigations like (Wei et al. 2022; Yao
et al. 2023b; Shinn et al. 2023), explores the agent’s inter-
nal reasoning abilites and decision making for solving the
task. While these techniques works well with LLMs with
parameters size ∼ 1.8 trillion parameters like gpt-4 (Bak-
tash and Dawodi 2023), but the small models with ∼ 7–
8B parameters like Llama3.1-7B (Grattafiori et al. 2024) of-
ten struggles in solving these tasks due to hallucination and
poor remembering long contexts capabilities. The recent lit-
erature has shown that improving prompting methods alone
won’t improve the planning capabilities of the LLM agent
and hence require an augmented module to support or over-
come certain limitations or challenges faced by the LLMs.
Some papers uses an external memory module to help LLM
remember the long contexts, while some use external heuris-
tic module to score the action chosen by the agent. Other
works uses a separate LLM acting as a critic which can judge
the actor agent and guiding it’s actions(Jang, Lee, and Kim
2022; Springenberg et al. 2024).

Although, the recent literature have made significant
progress towards enhancing task planning abilities using
LLM agents specially for 7 − 8B parameter models. There
are several existing challenges which requires a robust plan-
ning agent framework. Our main contribution lies in propos-
ing a decoupled hierarchical planning framework where we
separate high-level subgoal generation from low-level action
execution, enabling structured reasoning while reducing er-
ror propagation in long-horizon tasks. We apply MCTS se-
lectively within a subgoal’s action space, allowing efficient
evaluation of alternative actions without global search over-
head.



Related Work
Language Models for Task Planning
Preliminary methods explores multiple prompting strategies
ranging from prompting agent to reason and act in a loop
(Yao et al. 2023b), or generating a chain of sequence of de-
cisions along with the reasoning for each step (Wei et al.
2022; Wang et al. 2022) in order to enhance agent’s reason-
ing and decision making abilities.

Textual Feedback or Improving Context
While prior work leverage LLMs for planning but they do
not incorporate the agent’s past experiences to refine ac-
tion decisions. Incorporating techniques like reflections and
refinement enables agent’s to correct their errors. (Madaan
et al. 2023) introduces a cyclic framework involving gen-
eration, evaluation, and refinement. Recent studies (Shinn
et al. 2023; Zhang et al. 2023; Wang and Li 2023; Zhao et al.
2024; Wang et al. 2022; Miao, Teh, and Rainforth 2023) ex-
plore mechanisms for integrating an agent’s previous expe-
riences into the input context, enabling iterative learning. By
allowing agents to reflect on past mistakes and adjust their
strategies accordingly, these approaches enhance adaptabil-
ity and improve long-term planning effectiveness. Shinn
et al. (2023) builds upon ReAct by integrating an evaluation
module to analyze task trajectories. Upon detecting errors,
the LLM generates self-reflective insights, enabling system-
atic corrections and improved decision-making termed as
verbal reinforcement learning.

Augmenting LLMs with External Modules and RL
Incorporating past experience into an agent’s input con-
text can improve planning performance; however, such ap-
proaches are constrained by the limited context length of
LLMs, making it impractical to retain full interaction his-
tories. Reinforcement learning (RL), which has long been
used for sequential decision-making, has therefore been ex-
plored as a complementary mechanism for extending LLM-
based agents. Several methods train LLMs directly as pol-
icy models using RL-based objectives (Jang, Lee, and Kim
2022; Yang et al. 2024). For instance, Jang, Lee, and Kim
(2022) fine-tunes GPT-2 via behavior cloning from critic-
guided, self-generated feedback, preserving fluency while
improving decision quality. Instead of embedding past ex-
perience in context, Xiang et al. (2024) combines LLM-
generated action likelihoods with value estimates produced
by an external RL critic. Other approaches incorporate clas-
sical planning components to enhance reasoning and long-
horizon planning (Liu et al. 2023). Beyond RL-based train-
ing, memory-augmented architectures offer an alternative by
enabling LLMs to retrieve and reuse past experiences (Lewis
et al. 2020; Mao et al. 2020; Cai et al. 2022). By leveraging
external memory modules, agents can maintain relevant in-
formation across interactions, reduce forgetting, and gener-
ate more coherent and context-aware plans over time.

Hierarchical Planning
Hierarchical task planning has emerged as an effective
paradigm for addressing complex long-horizon decision-

making problems by decomposing the given task into man-
ageable subgoals. By organizing the problem at multiple
levels of abstraction, this decomposition allows an agent to
reason and act in a more structured and systematic manner.
AdaPlanner (Sun et al. 2023) and DEPS (Wang et al. 2023)
adopt bi-level hierarchical planning architectures.

HiPlan (Li et al. 2025) achieves hierarchical planning
through milestone-based goal decomposition, while STEP
Planner (Zhou et al. 2025) uses a leaf termination model that
relies on real-time environment feedback to regulate sub-
goal expansion. Choi et al. (2025) introduces hierarchical
taks planning framework where a complex goal can be re-
cursively decomposed into manageable subgoals, whose ex-
ecution is coordinated via control-flow nodes in a dynami-
cally constructed agent tree.

Search Based Planning with LLMs
Search-based planning methods augments Large Language
Models(LLMs) with search algorithms to explore multiple
reasoning or action trajectories before committing to a final
decision. By integrating the generative and reasoning capa-
bilities of LLMs with systematic exploration strategies such
as tree search or Monte Carlo methods these approaches
(Besta et al. 2024; Hao et al. 2023; Wang et al. 2022; Xie
et al. 2023; Yao et al. 2023a), demonstrates reduced brittle-
ness compared to greedy LLM execution and improved exe-
cution and improve robustness in complex decision-making
tasks. Zhuang et al. (2024) employ an A* search algorithm
to explore the space of tool functions, enabling the discovery
of effective sequences of tool calls that achieve a given goal.
Zhou et al. (2024) applies MCTS over flat ReAct-style tra-
jectories using LLM-powered value function while Xu et al.
(2025) also applies MCTS to explore flat React-style trajec-
tories and collect preference pairs from searched rollouts,
which are subsequently used for preference optimisation.

In this work, we propose to combine the search-based
exploration with the hierarchical planning by integrating
Monte Carlo Tree (MCTS) which enables LLM agent to ex-
plore actions across multiple thinking direction. By Com-
bining MCTS with hierarchical task planning, the agent
can solve complex and long horizon problems by divid-
ing in manageable subgoals while using simulation-based
search to optimise decision making. This approach bridges
knowledge-driven decomposition with data-driven search.

Methodology
ReAct-based hierarchical planning frameworks like Choi
et al. (2025) significantly improves the reasoning structure
by introducing the recursive subgoals decomposition, they
typically commits greedily to a single decomposition (f,S)
at each agent node and resolves primitive actions via a one-
shot ReAct loop without explicit search. This greedy com-
mitment can be suboptimal in complex, long-horizon tasks,
where an early decomposition choice or an initial primi-
tive action may lead to irreversible failures, and alterna-
tive action sequences within the same subgoal are never ex-
plored. We propose ReAcTree-MCTS, a decoupled hierar-
chical framework that separates high-level planning from
low-level execution. The method operates in two stages:
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Figure 1: ReAcTree-MCTS. The agent recursively decomposes a goal into subgoals with control flow, while applying MCTS
to primitive action execution within subgoals.

• Hierarchical subgoal generation via ReAcTree
• Targeted action optimization via Monte Carlo Tree

Search (MCTS)

Hierarchical subgoal generation via ReAcTree Each
agent node n operates as an LLM-based task plan-
ner with a specific natural language subgoal Sn, re-
sponsible for decision-making to achieve that goal.
At each time step t, it access its context cnt =
(on1

, an1
, on2

, an2
, . . . , ant−1

, ont
), where oni

and ani
rep-

resent the observation and action at time step i. It then sam-
ples an action ant

from LLM policy pLLM(·):

ant
∼ pLLM(·|Pn, Sn, cn−1), (1)

where the initial prompt Pn = Psys is a system prompt.
The action space is extended to include the subgoals, Ânt

=
Ant

∪ L ∪ E , where Ant
is the set of executable or low-

level actions provided by the environment, L is the language
space for self-reasoning; and E = F×L is the expand space,
with L and F represent the language space used to express
subgoals and set of control flow types, respectively. Control
flow nodes are responsible for coordination between the se-
quence of subgoals generated by the agent node. There are
three types of supported control flow: sequence (→), fall-
back (?), and parallel (⇒). The sequence node executes the
subgoals sequentially and return success only when all of the
subgoals returned success and returns failure immediately if

any of the subgoals fails. The fallback node executes the sub-
goals sequentially but returns success as soon as one child
returns success and returns failure only when all subgoals
fails. The parallel node executes all subgoals sequentially ir-
respective of their success and failure and then aggregates all
outcomes. Once, the execution of control flow nodes is com-
pleted it returns it success or failure to it’s parent node. The
details of the approach can be found at (Choi et al. 2025).

Targeted action optimization via Monte Carlo Tree
Search (MCTS) At each node, when an LLM agent node
decides to resolve a subgoal Si directly via primitive actions,
ReAcTree (Choi et al. 2025) selects this action greedily –
sampling a single action ant

∼ pLLM (·|Pn, gn, cnt ) and
executing it in the environment without evaluating alterna-
tives. While ReAcTree’s fallback control flow node pro-
vides a mechanism for subgoal-level recovery by attempt-
ing alternative subgoals after failure, it operates one level
above primitive action space and only activates reactively
after a subgoal has already failed in the environment. Criti-
cally, no mechanism exists in ReAcTree to evaluate compet-
ing primitive actions before committing to one at timestep
t. This greedy commitment is particularly harmful in long-
horizon tasks where single suboptimal primitive action can
irrecoverably alter the environment state, rendering subse-
quent subgoals unachievable. To address this, we apply a
policy-guided MCTS (Xu et al. 2025) at the primitive action
level. The search proceeds through four phases: selection,



expansion, simulation, and back-propagation.

Selection. Each node in the MCTS tree represents an
environment state si for subgoal Si and each edge repre-
sents a candidate primitive action a ∈ Ant

. The Ant
is pro-

vided by the evironment for each state si. The MCTS al-
gorithm recursively selects child nodes until reaching a leaf
node using Predictor + Upper Confidence bounds applied to
Trees(PUCT):

a∗t = argmax
a
(k)
t ∈Ct

[
Q(si, a

(k)
t )

+ cpuct · pLLM

(
a
(k)
t | si, ot

)
·

√
N(si)

1 +N(si, a
(k)
t )

]
(2)

where Q(st, a) is the estimated action value, N(st) is the
visit count of state st, N(st, a) is visit count of action a at
state st, cpuct is a coefficient, pLLM(·|st) is action distribution
given st.

Expansion. It introduces new candidate actions pro-
posed by the LLM.

Simulation. Rolls out trajectories using the LLM as a
policy prior.

r0(sterminal) =


1.0, if sT = True,

renv, else if renv(sT ) > 0,

Rh(g,O), otherwise.
(3)

where g is the current subgoal, renv ∈ [0, 1] is reward
returned by the environment, and Rh is a partial reward as-
signed over the full observation history O = o1, o2, · · · , ot.

Back-propagation. Rewards are propagated back
through action path.

From a computational standpoint, our framework lowers
the effective search complexity relative to flat MCTS. A flat
MCTS approach has an exponential cost of O(bd) over the
entire action space, where b denotes the branching factor
and d the planning horizon. In contrast, our method decom-
poses the task into smaller subproblems, leading to a total
complexity approximated by

∑
i O(bdi), where each sub-

goal horizon di ≪ d. This localized exploration improves
practical efficiency, with some additional overhead due to
repeated MCTS executions within individual subgoals.

Experiments and Discussion
In our experiments, we evaluate the proposed approach on
the ALFWORLD benchmark (Shridhar et al. 2020a), a text-
based embodied environment derived from the ALFRED
dataset. ALFWorld models household tasks in interactive in-
door scenes, where an embodied agent follows natural lan-
guage instructions to complete multi-step goals. At each
step, the agent receives a textual state description and ex-
ecutes discrete high-level actions such as navigation, ob-
ject manipulation, and environment interaction. We evaluate
all task-planning frameworks using the Goal Success Rate

Method Goal Success Rate
React 19%

Reactree 24%

MCTS 28%

Reactree-MCTS 65%

Table 1: Comparison of different task planning agent frame-
works for ALFWorld dataset.

(GSR) metric. GSR is defined as the percentage of tasks in
which the agent successfully achieves the final goal, com-
puted over all goal instructions in the test dataset. For our
experiments, we compare our approach against ReAct, Re-
AcTree, and a flat MCTS baseline on a held-out test set of
100 goal instructions from the ALFWorld dataset. We sam-
ple 100 problems by selecting one representative instance
from each grounded task template directory in the ALF-
World valid seen set, which collectively span a large number
of distinct task variations.

We use Llama-3.1-8B-Instruct as our agent interacting
with the ALFWorld environment. In stage 1: Hierarchical
subgoal generation via ReAcTree, we set parameters to
(max depth = 4,max steps = 20andmax decision =
30), where max depth is maximum depth of control-flow
node tree, max steps is maximum number of environ-
ment steps allowed per node-budget and max decisions is
the maximum number of Think/Act/Expand calls per agent
node.

In stage 2: Targeted action optimisation via MCTS, We
configure (computation budget = 3,max sim steps =
10), where computation budget specifies the number of
MCTS iterations per Act decision, and max sim steps con-
trols the maximum number of environments steps per simu-
lation rollout.

From our analysis over 100 goal instruction, we observe
that the number of environment steps required to success-
fully complete the task ranges between 4 and 12, In only
two cases, the agent did not perform subgoal expansion and
instead directly selected Act actions. In one such instance,
the agent entered a loop and failed to make progress, while
in other, it successfully completed the task using only 4 con-
secutive Act steps without hierarchical decomposition.

Conclusion
In this work, we introduced a decoupled hierarchical plan-
ning framework for LLM-based agents that separates high-
level planning from low-level execution. By generating
structured subgoals with explicit control flow and perform-
ing targeted exploration using MCTS within each subgoal,
our approach enables more effective decision-making in
long-horizon tasks. This formulation allows the agent to bal-
ance abstraction and exploration, reducing error propaga-
tion and improves the efficiency of search. Our results high-
lights the advantages of combining hierarchical decomposi-
tion with localized search, the approach still depends on the



quality of subgoal generation and introduces computational
overhead. Future work will focus on improving decompo-
sition strategies, optimizing search efficiency, and extending
the framework to more complex and dynamic environments.
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