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ABSTRACT

We introduce Plan-and-Execute (PLEX), a novel framework that
synergies the abstract reasoning capabilities of large language mod-
els (LLMs) with the grounded reinforcement learning (RL). In this
architecture, an LLM serves as a dynamic planner, iteratively de-
composing complex language instructions into structured subgoal
sequences. A dedicated RL agent, leveraging cross-modal atten-
tion mechanism, then executes these subgoals by fusing language
instructions with high-dimensional visual observations to learn
and optimize its decision-making policies. This hierarchical coordi-
nation enables our agent to master long-horizon tasks through a
tight loop of reasoning and grounded interaction. Comprehensive
evaluation in the MiniGrid and MiniHack environment confirms
that PLEX achieves a significant performance improvement over
existing methods across diverse scenarios. The PLEX exhibits supe-
rior sample efficiency, particularly in complex, long-horizon tasks
that require sustained reasoning and action sequences.
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1 INTRODUCTION

Deep reinforcement learning (RL) [10] has achieved remarkable
progress in recent years, demonstrating human-level or even su-
perior performance in controlled environments with well-defined
reward signals, ranging from game playing [2, 8, 11, 14] to robotic
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control [3, 5, 7, 15]. However, developing autonomous agents ca-
pable of natural collaboration with humans remains a central chal-
lenge in artificial intelligence. This goal not only requires agents
to perform complex tasks but also necessitates their ability to un-
derstand and respond to natural language instructions, enabling
flexible decision-making in open, dynamic, and highly uncertain
environments.

While existing solutions show promise, recent advances in large
language models (LLMs)[1] provide new opportunities to address
these challenges by enabling strong semantic understanding, task
planning, and step-by-step reasoning from natural language instruc-
tions [13]. Building on these capabilities, several LLM-based agent
frameworks have been proposed. For example, ELLM [6] lever-
ages LLM-generated goals to guide the training and fine-tuning of
reinforcement learning agents, and Voyager [12] uses an LLM to
generate exploration curricula and corresponding skill code, achiev-
ing impressive performance in Minecraft. Despite these advances,
existing methods still rely on manually designed low-level poli-
cies, limiting true end-to-end control, and are largely evaluated
in closed-game environments, with limited validation in complex
open-world scenarios.

To address these challenges, we propose PLEX (Plan-and-Execute),
an interactive planning architecture that synergizes large language
models with reinforcement learning. In this framework, an LLM acts
as a dynamic planner, translating natural language instructions into
logically structured and temporally constrained subtask sequences.
This design directly addresses the challenge of long-horizon rea-
soning by providing explicit subgoals that mitigate sparse reward
issues and establish coherent task progression.

2 METHODS

We propose an interactive plan-and-execute paradigm called PLEX,
which integrates LLMs and RL methods. In this framework, the LLM
serves as the core "planner” for task planning, enabling semantic
understanding and decomposition of natural language instructions
into sequences of subtasks with strict logical order and temporal
constraints. Simultaneously, the RL module acts as the "executor”
of the agent, responsible for learning and optimizing the execution
policies of each subtask.

For the processing of the two modalities, the observed image I €
REXHXW ¢ dliced into patches and flattened into v € RNX(PZXC),
where (P, P) is the patch resolution, and N = HW /p? represents
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the total number of patches. Subsequently, a linear projection V €
R(P*XC)xH jg applied to v, which is then augmented with positional
embeddings VP%5 € RIN*DXH requlting in the final embedded

representation § € RN*H,

0= [v1V;..;oNV] + ypos (1)

For the language instruction g, it is processed using sentence
embedding, resulting in the corresponding feature vector g. This
approach enables a more accurate capture of the overall seman-
tic meaning, reducing the bias caused by differences in linguistic
expression and thereby enhancing the agent’s understanding of
instructions and its generalization capability.

To enable the agent to jointly attend to information from different
representation subspaces, we employ a multi-head cross-attention
mechanism. The language embedding g serves as the Query to
attend over the visual feature sequence v. Specifically, the input
projections are first split into h heads. For each head i, we compute
a scaled dot-product attention:

head; = Attention(g'Wi , EWIQ, 5w‘3)

gwhaw)’
Vi

where the projections are parameter matrices Wé € RAxdk,

wi e REXde wi e REXdo and dj = dy = dpodel /.
The outputs of all heads are then concatenated and projected to
yield the final state representation:

= softmax ( (2)

) awy,

s = Wolhead;; ... ;heady] 3)

where Wy € R(Pdo)Xdmodel jg the output projection matrix. This

multi-head design allows the model to capture diverse relation-

ships between the language instruction and different visual regions

simultaneously, leading to a more robust and informative state
representation s for policy learning.

3 EXPERIMENTS AND RESULTS

We conducted experiments on the Minigrid [4] and Minihack [9]
benchmarks to validate the performance of PLEX. We first evaluated
the performance of PLEX and baseline algorithms in for MiniGrid
scenarios, the experimental results of compared performance are
shown in Figure. 1.

By integrating LLMs with RL, PLEX effectively addresses

long-horizon tasks. In challenging environments such as KCmedium,

and KChard, traditional RL algorithms like PPO and A2C struggle
to learn effective policies. In contrast, PLEX demonstrates superior
performance. Notably, curiosity-driven methods like NovelD can
learn effective strategies in many scenarios. In simpler tasks, their
performance is comparable to that of PLEX. However, in complex
environments (KChard), NovelD’s reliance on intrinsic rewards
limits its sample efficiency. In contrast, PLEX, guided by its planner,
quickly learns core strategies and reduces ineffective exploration
steps, achieving the highest average reward. This success stems
from the LLM’s strong reasoning capabilities, which extract key
information from task descriptions and combine it with the agent’s
state to decompose complex tasks into executable subtasks. This
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Figure 1: The results of four algorithms in MiniGrid.

hierarchical approach improves learning efficiency and enhances
adaptability in diverse and challenging environments.

Consider that A2C and PPO exhibit similar performance, we
focus on comparing PPO with NovelD and PLEX in the MiniHack
environments, the results across four tasks are presented in Table 1.

PLEX consistently outperforms both PPO and NovelD across
challenging task settings. While PPO succeeds in simpler config-
urations such as LC-medium—where the objective is reduced to
goal navigation once a key item is pre-equipped—it fails to develop
coherent strategies in scenarios requiring sequenced skill execu-
tion (e.g., potion retrieval, wand activation, and kill the monster).
Notably, PLEX sustains robust performance even in the demanding
Wod-hard environment, where NovelD achieves no meaningful
progress, underscoring PLEX’s capacity to integrate reasoning with
high-dimensional visual inputs under sparse reward conditions.

Table 1: Comparative Performance Evaluation in MiniHack
Environment.

LCmedium LChard WoDmedium WoDhard

PPO 0.9 0.42 0.01 0.0
NovelD 0.91 0.54 0.15 0.1
PLEX 0.91 0.71 0.68 0.62

4 CONCLUSION

In this work, we propose Plan-and-Execute, a novel framework
that integrates large language models with reinforcement learning
to tackle long-sequence task with sparse rewards. The framework
employs an LLM-based planner to iteratively decompose natural
language instructions into logically structured subtask sequences,
while a multi-head cross-attention mechanism dynamically grounds
these instructions in visual observations to guide policy learning.
This hierarchical design significantly enhances the agent’s ability
to interpret and execute language-guided tasks, while improving
generalization in open-domain settings.
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