E:I?é electronics

Article

Evaluation of Multi-Model Architecture Against Single-Model
PPO in the MiniGrid Environment

Igor Ciganovi¢ '*(0, Aleksandar Pluskoski !, Milo$ Jovanovi

W) Check for updates

Academic Editors: Alexander Gegov

and Andrea Asperti

Received: 10 May 2026

Revised: 29 June 2026

Accepted: 17 July 2026

Published: 19 July 2026

Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

¢ 230 and Jelena Vasiljevié¢ !

School of Computing, University Union, 11000 Belgrade, Serbia; apluskoski317d@raf.rs (A.P.)
Technical Test Center, Ministry of Defense, 11000 Belgrade, Serbia

Faculty of Information Technology, Belgrade Metropolitan University, 11000 Belgrade, Serbia
Correspondence: iciganovic217d@raf.rs

¥ W N e

Abstract

Reward sparsity is a considerable problem in reinforcement learning when solving complex
problems. In an environment where the reward is given only after successfully solving
a problem in multiple steps, the signals for optimization can be too weak, preventing
the agent from learning. However, this can be solved by breaking the problem into an
array of simpler tasks that the agent can learn to perform. This paper presents a possible
solution that uses a mixture-of-experts architecture. Separate models are used for planning,
routing expert outputs, and solving singular sub-tasks. The solution was implemented in
the MiniGrid environment, which allows for the design of arbitrarily complex problems.
The results presented in this paper show that a multi-model agent can solve more complex
problems comprising multiple steps than a single reinforcement learning agent.

Keywords: machine learning (ML); artificial intelligence (Al); deep learning; reinforcement
learning (RL); neural networks; MiniGrid; large language model; mixture of experts

1. Introduction

Reinforcement learning (RL) is a subset of machine learning (ML) algorithms. As
with other ML algorithms, RL uses large amounts of data to build a statistical model.
The difference is in how the data is generated. Instead of a previously assembled “static”
dataset, RL algorithms generate data during training. RL is mostly used for control tasks.
The agent observes the environment’s state input and produces an action to execute [1].
During training, the agent interacts with the environment and receives a reward signal
for each action it executes. The dataset, consisting of a state, an action, and a reward,
is dynamically constructed and then used to optimize the model weights. This process
repeats for every training step.

One of the major problems with this type of algorithm is the sparsity of the reward [2].
Ideally, the agent would get the reward for every action. In most problems, this is not
possible. The reward can be calculated only at the end of the episode. The reward is then
determined by whether the episode was successful. This poses a significant challenge when
determining how each individual action contributed to the episode’s success. The problem
is exponentially more complex in environments that require multiple sub-tasks [3].

The solution presented in this paper uses the MiniGrid (v3.0.0) environment [4].
MiniGrid is a lightweight, grid-based environment designed to be easily extensible. It
allows the creation of problems (maps) with varying levels of complexity. It was origi-
nally introduced as part of the OpenAl Gym ecosystem, but it is now maintained as a
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Gymnasium-compatible implementation. The state of the environment can be represented
as a parameter matrix or an RGB bitmap. For the solution presented in this paper, the
parameter matrix was used. Each value in the matrix represents a square in the grid and
contains a tuple of the object’s code, color, and state. As shown in Tables 1 and 2, the
states are dependent on the type of object. For example, a door’s state can be open, closed,
or locked.

Table 1. Object codes in the MiniGrid environment.

Object Code

unseen
empty
wall
floor
door
key
ball
box
goal
lava
agent

SO0 ONQURWN RO

Table 2. Color codes in the MiniGrid environment.

Color Code

red 0
green
blue
purple

yellow
gray

Gl WO N -

While solving complex multi-step problems is a considerable challenge, RL algorithms
can effectively solve simpler problems that do not require long-term planning. The solution
proposed in this paper shows that complex problems can be solved by decomposing them
into simpler sub-tasks and using a combination of smaller agents, each trained to solve
a single task, to address those sub-tasks. Single-task agents can be successfully trained
using an RL algorithm. They are then combined into a single agent capable of solving any
sub-tasks using a mixture-of-experts (MoE) strategy. In the end, a large language model
(LLM) is used for high-level planning by decomposing the problem into a set of simpler
sub-tasks.

Mixture of experts (MoE) is a modular learning paradigm in which multiple spe-
cialized subnetworks, referred to as experts, are combined via a gating mechanism that
dynamically selects or weights them for each input [5]. The gating network can perform
soft (weighted combinations) or hard (sparse expert selection) routing. The conditional
computation property of the MoE is particularly attractive for large-scale models and
complex tasks, where it can improve performance, generalization, and interpretability. The
MOoE architecture shows strong performance across diverse domains [6,7]. In the solution
presented in this paper, hard routing was used. Each expert can solve a single task. There-
fore, the gating network must select the correct expert, and only the selected expert’s output
is used as the model output.

LLMs [8] have emerged as a new paradigm in modern artificial intelligence, demon-
strating great capabilities across a wide range of tasks. For example, they can perform
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natural language processing, text generation, question answering, summarization, and
reasoning. They are built primarily on transformer-based architectures. LLMs are initially
trained on large amounts of text from a wide range of sources to build a statistical model
that predicts the next word in a given text. They can then be fine-tuned for a specific task [9].
The progress of LLMs raises important questions and new challenges for interpretability,
efficiency, and robustness, and poses ethical questions, prompting further research into
more controlled, efficient, and reliable approaches to language modeling [10].

Sparse reward signals remain a fundamental obstacle in RL, especially when long-term
planning and successful execution of various small interdependent tasks is required, before
any feedback on success is received [1]. Addressing this challenge is critical to scaling RL
methods to more complex problems that better reflect real-world decision-making scenarios.
This paper explores one possible solution to avoid sparsity by dividing a complex task
into simpler ones that can be learned individually. By coordinating agents through an
MOoE architecture and delegating reasoning tasks to an LLM, it achieves reasonable success
in complex tasks that proved impossible for a single model of similar complexity. This
demonstrates the benefits of modularity and specialization in learning systems [6,7]. This
model is evaluated in the MiniGrid environment, a widely used benchmark for studying
hierarchical and long-term planning in RL. This project shows that dividing a single
complex RL agent into multiple simpler agents can significantly improve the ability to solve
multi-step dependent tasks compared to end-to-end RL agents, providing an important
direction for future research on scalable, robust RL algorithms.

In previous work [11], it was already shown that decomposing a complex problem into
simpler ones and solving them can yield comparable results. Articles such as [12-14] demon-
strate that LLMs have strong potential for reasoning and decomposing complex problems.

The solution presented in paper [12] focuses primarily on comparing different LLM
models, and concludes that “llama-2.3” fine-tuned for Korean achieves the best results due
to language-specific characteristics. In the said paper, reinforcement learning was simulated
using LLM prompting. The LLM was given a detailed explanation of the scene, including
the agent’s precise position, the goal, and the current reward, as well as prior learning
experiences. The LLM was expected to provide simple, predefined movement instructions,
which the execution module would then map to environment commands. The execution
module is just a simple mapping from the textual commands to the environment inputs.
The learning process is incorporated into the prompt generation. The prompt itself contains
the acquired knowledge. This solution is an interesting exploration of an LLM’s capabilities,
but it forgoes usability. Reinforcement learning is not leveraged in the solution. The LLM is
used at every step of the episode, introducing significant computational overhead compared
to a simple RL model. The acquired knowledge is severely limited by the LLM’s context
window capacity. Additionally, the LLM is overburdened with very granular outputs and
very precise geometric scene descriptions. The solution presented in this paper combines
the LLM with an RL agent. This allows for the separation of responsibilities. The LLM is
prompted only once at the start of the episode and tasked only with providing a high-level
plan, while the RL agent handles pathfinding, obstacle avoidance, etc. Thus, it reduces
computational cost while leveraging the capabilities of the RL algorithm.

Paper [13] proposes an RL model that incorporates an LLM into the training process.
An LLM is used to define sub-goals that guide the RL agent during training. The envi-
ronment is augmented to provide additional reward for achieving sub-goals. The paper
identifies the high computational cost of prompting the LLM and proposes a solution
by implementing a learned surrogate model to approximate its responses. In addition,
the LLM is prompted only once at the beginning of an episode. This approach results
in a monolithic RL agent expected to learn the entire solution, including the planning
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for that solution. This limits the RL agent’s headroom and significantly complicates and
slows down the training process. The solution presented in this paper leverages the LLM's
planning capabilities during inference, where the impact of computational cost is much
less pronounced. This separates responsibilities and does not require augmenting the RL
algorithm, thus leveraging the strengths of both technologies.

In article [15], the expert agents were already trained, and based on the performance
achieved with a mixture-of-experts model [5-7], an experiment combining an LLM with an
MOoE model was proposed. This integration aims to leverage the LLM’s high-level planning
capabilities while preserving the specialization and efficiency of expert policies. By aligning
natural language task decomposition with learned expert behaviors, the goal is to improve
both sample efficiency and generalization across diverse environments.

Sparse reward signals represent a fundamental bottleneck in scaling reinforcement
learning to real-world tasks. In many practical domains, agents must execute long se-
quences of interdependent actions before receiving any feedback. A single monolithic RL
agent trained under such conditions frequently fails to converge, as the credit assignment
problem becomes intractable across many steps. While prior work [12,13] has explored
curriculum learning and LLM-guided reward shaping as partial remedies, these approaches
either retain a monolithic policy structure or introduce prohibitive computational overhead
by involving the LLM at every decision step.

The proposed architecture differs from prior hierarchical RL methods in three concrete
ways. First, the LLM planner is invoked exclusively at inference time and does not partici-
pate in training. Thus, the training pipeline remains a standard RL procedure. Second, each
expert is a fully independent PPO policy trained on a single sub-task in isolation, requiring
no joint optimization or options-style intra-policy communication. Third, the gating net-
work is trained in a supervised, rather than end-to-end reinforcement, manner. Together,
these choices prioritize modularity and training simplicity over learned compositionality.

Prior to this architecture, established hierarchical reinforcement learning methods
were explored as candidate solutions for the MiniGrid environment. These approaches did
not yield a working solution within the constraints of this study. This difficulty motivated
the present work, which focuses on establishing a functionally effective modular baseline
rather than an exhaustive comparison with hierarchical methods. A systematic comparison
against hierarchical RL baselines is therefore identified as the primary objective of future
work, building on the foundation established here.

The central motivation of this work is therefore twofold. First, to demonstrate that de-
composing a complex, sparse-reward task into a set of individually trainable, dense-reward
sub-tasks, each solved by a dedicated expert policy, substantially alleviates the learning diffi-
culty. Second, to show that an LLM, invoked only once per episode for high-level planning,
can effectively bridge the gap between natural language task specification and low-level ex-
pert execution without imposing high runtime cost. Together, these design choices provide
a modular, computationally efficient, and extensible architecture, whose advantages over a
monolithic PPO baseline are empirically validated in the MiniGrid environment.

2. Related Work

RL defines decision-making as an interaction between an agent and its environment,
while behavior is optimized through trial-and-error feedback [1]. Although deep RL has
achieved impressive results, such as in arcade games and control tasks [16,17], its perfor-
mance significantly deteriorates in tasks with sparse or delayed rewards. In environments
that require a long sequence of correct actions before a reward is obtained, RL agents often
struggle to find a solution, leading to slow training or complete stagnation. These limita-
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tions pushed the research toward decomposing the learning goal into multiple sub-goals
and dividing the monolithic policy into an array of experts.

One possible solution to this problem is curriculum learning. It improves learning
efficiency by guiding the agent through the learning process, first decomposing the solution
into sub-tasks and then ordering them from easier to harder, allowing the agent to gradually
acquire increasingly complex behaviors [18]. These sub-tasks are usually handcrafted
by the operator during the training setup. There have been attempts to automatically
generate sub-tasks during the learning process [19]. Although this method can at least
partially mitigate the effect of sparse rewards by introducing intermediate learning signals,
it typically relies on a single policy and does not explicitly decompose decision-making
into specialized components.

The mixture-of-experts architecture was introduced to split a single large neural
network into an array of simpler networks. Each network is an expert in one of the sub-
tasks of the complex task that the large network was trying to solve [6]. During the inference
phase, the experts” outputs are routed through the gating network. The gating network
can execute either soft or hard gating. In soft gating, the experts’ outputs are weighted,
and the weighted sum is used as the model output. On the other hand, hard gating is
a selection process. Only a single expert is selected, and its output is forwarded, while
all others are discarded. MoEs have shown significant efficiency in the scaling of neural
networks [7,20]. This paper demonstrates the advantage of the MoE architecture over
monolithic agents by using specialized experts, each trained to solve a simple task, which
can serve as building blocks for more complex solutions. Thus, it eliminates the problem of
sparse or delayed rewards.

With the introduction of LLMs, the logical next step was to incorporate them into RL
agents. Since we as humans use natural language to plan our actions, this was the obvious
place to insert an LLM [12-14,21]. The great capacity for learning and abstract reasoning
in LLMs has inspired their application beyond the initial processing of natural language.
The transformer architecture, used in LLMs, has proven effective for RL problems that
require sequence modeling [22,23]. Particularly interesting is the attempt to use only an
LLM for RL by designing prompts that instruct it to perform an RL task entirely in natural
language [24]. The knowledge learned during training is retained in language form within
the LLM’s context window. This solution, while interesting, is prohibitively slow and
computationally expensive.

The solution presented in this paper leverages an LLM to perform high-level reasoning
and solution decomposition. Compared to similar solutions [12,13], our methodology
removes the LLM from the training process. Instead, the LLM is used only in the inference
phase. The experts are trained as pure RL models, enabling faster, more efficient training.
In addition, the complexity of sub-tasks is allowed to rise organically; to that extent, the
agent can learn. For example, tasks such as opening doors and removing obstacles along
the route are ones the RL agent can easily learn. There is no need to strain the LLM further
by designing those actions as potential sub-tasks.

3. Methodology

3.1. Environment

The solution presented in this paper uses the MiniGrid environment. It was extended
to provide greater control over mission complexity. It had to follow predefined rules for
object placement to avoid unsolvable scenes. The environment output (state) was extended
with the textual scene description, which was later used in the LLM prompt generation.
Mission complexity was primarily determined by the number of rooms and the number of
objects in each room. The grid size was fixed at 11 x 11, limiting the maximum number
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of rooms to 4. Except for these extensions, the default environment dynamics and reward
structure were preserved. The only modification was the use of a dedicated “done” action
to signal the completion of a sub-task, rather than the termination being triggered by
satisfaction of the global objective. An example of the execution environment is shown in
Figure 1.

Figure 1. An example of the custom MiniGrid environment. Objects are color-coded. Objects with
the same color relate to one another. The red key unlocks the red door, and the gray box can contain a
gray key. The green square is the goal. The red triangle is the player. The area shaded in light gray is
the player’s field of view.

The number of objects in the environment was configurable. Object placement con-
straints were designed to prevent obstructing the agent, the target location (green tile), or
doorways. In addition, the keys were positioned so that the agent could always find a valid
path to the goal.

The doors could be configured to remain either open or unlocked throughout the
training process. Each door was assigned a specific color and, if locked, could be unlocked
only with the same color key. The keys could be placed inside boxes, requiring the agent
to locate and open the box before picking up the key. Preliminary experiments showed
that the RL model, used by the experts, was unable to learn the full key—door interaction
mechanism although it successfully learned to pass through doors when they were already
unlocked. Consequently, all inter-room doors were kept unlocked during the training.
This design choice later led to generalization issues. The agent exhibited confusion when
encountering locked doors during inference. To resolve this problem, additional doors were
introduced at random locations within rooms (rather than between rooms), exposing the
agent to locked-door observations without requiring them for task completion. Finally, the
benchmark model (RL without LLM) was trained with the environment in its original form.

To enable the LLM to reason about the mission defined by the environment, a struc-
tured textual description of the map was required. This representation was generated
directly during the environment’s scene construction process; an example is shown in
Table 3. The objective of the description was to provide all the information necessary to
develop a strategy for completing the assigned mission. Accordingly, the representation
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comprised the number of rooms, the status of the inter-room doors, the objects present
in each room, and the overall task specification. To avoid overloading the LLM prompt
with unnecessary data, the description was intentionally limited to essential details. This
resulted in improved LLM performance.

Table 3. An example of the textual representation of the environment.

The scene contains:

Three rooms. Upper left, lower left and right.

There is an unlocked red door between the upper left and lower left rooms.
There is a locked yellow door between the upper left and right rooms.
There is a locked gray door between the lower left and right rooms.
Upper left room contains:

-goal

Lower left room contains:

Right room contains:

-robot

-gray box

-yellow box

-yellow ball

Mission: go to goal

3.2. Proximal Policy Optimization

Proximal policy optimization (PPO) [17] was used as a reinforcement learning algo-
rithm for the experts. Proximal policy optimization was proposed as an extension of the
trust region policy optimization (TRPO) algorithm [25]. The primary motivation was to
reduce the computational overhead. Both approaches rely on the trust region method to
constrain the divergence between successive policy updates. This divergence is typically
measured using the KL divergence.

In contrast to TRPO, which requires explicit computation of the Hessian matrix and
is therefore computationally intensive, PPO enforces this constraint through a clipping
mechanism that provides a practical approximation. Both algorithms belong to the class of
policy gradient methods, in which an estimate of the policy gradient is computed and used
within a standard gradient ascent optimization framework. In general, the policy gradient
estimator is in the form:

¢ = Ei[Volog g (ar[se) Ay]. 1)

where E; is the average expectation over a finite batch of samples; 74 represents the current
policy parameterized by 6; a; is the action taken at time-step £; s; is the environment state
at time-step #; and Ay is the value of the advantage function at time t. Policy gradient
estimates may have very large magnitudes, leading to unstable or excessively large updates
to the policy parameters. Trust region techniques are therefore employed to constrain the
update step. PPO achieves this constraint through a simplified clipping mechanism defined
as follows:

L(0) = £ {min <”9(‘”|Sf) clip (W 1—e1+ e) At> } . @)

7te,,,(atlst)’ 76, (at|st

where € is the clipping factor, a small predefined constant.

For the implementation of the algorithm, the “stable baselines 3”7 (v2.7.0) [26]
framework was used. A custom neural network was designed to support the specific
environment-state format.
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3.2.1. Policy

The custom neural architecture employed in the experiments operated on three dis-
tinct inputs at the feature extraction stage, corresponding to the environment outputs
summarized in Table 4. The directional input encoded the agent’s orientation, the image
input consisted of a matrix representation of the agent’s local observation window, and
the mission input was a vector derived from the tokenized textual description of the active
goal. The image input consisted of a matrix representation of the agent’s local observation
window. Specifically, the default MiniGrid partially observable 7 x 7 egocentric view
(array (3, 7, 7), uint8), centered on the agent and aligned with the agent’s current direction.
This partial observability means the agent has no access to global state information. It
cannot directly observe objects outside its immediate field of view, which is particularly
relevant for multi-room configurations where keys or doors may lie in unvisited rooms.
Originally, the agent was trained in a fully observable environment. This proved to be
extremely detrimental to learning performance due to very small differences between
consecutive states.

Table 4. Single environment state.

Value Type
direction uint8

image array (3,7, 7), uint8
mission array (32), int64

Feature extraction was performed using three separate subnetworks, each dedicated to
processing one input modality. The resulting latent vectors were concatenated and fed into
both the policy and value function heads. An overview of the network design is provided
in Figure 2. The network produced two outputs: a policy output, representing a probability
distribution over the environment’s action space, and a value output, corresponding to the
estimated value of the current state. Additional model details are shown in Appendix A.3.

Policy Value

0 4

( Linear ) ( Linear )
i 7

[ Linear ] [ Linear ]
I ;

MaxPool2d

( ReLU ] | GRU )

f ;

( Linear ) | Conv2d ] [ Embedding ]

i f F

Direction Image Mission

Figure 2. The neural network architecture.
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3.2.2. Hyperparameter Search

Manual hyperparameter tuning can be impractical, especially in reinforcement learn-
ing, where small changes in hyperparameter values can lead to drastically different learning
performance. Evolutionary population-based techniques are often used to optimize pa-
rameters. In the solution presented in this paper, the “Hydra” (v1.3.2) population-based
hyperparameter sweeper [27] was used, with proposed default values [28] as an initial
setup. Hyperparameter optimization was performed using the PB2 algorithm, which lever-
ages a Bayesian surrogate model to select effective mutations for the highest-performing
agents within the population. Compared to conventional population-based training, this
approach offers improved sample efficiency and enables the use of smaller populations.
The parameter search intervals used by the sweeper are shown in Appendix A.1.

During experimentation, training instability was observed in later phases due to an
excessive number of update steps. To address this issue, the training procedure was seg-
mented into multiple consecutive phases, with the number of epochs per update reduced.
The configurations used at each training phase are shown in Appendix A.2.

3.3. Mixture of Experts

Mixture of experts is an ensemble learning technique [6]. In general, the neural
network is partitioned into experts, which the gating network aggregates into a single
output. In this setup, the entire network is optimized in a single training process. During
training, the gating network focuses on a particular expert for a given task or task family.
This creates a soft gating mechanism, in which a weighted linear combination of expert
outputs is presented as the network’s output, usually in the following form:

flx) = Zwi(x)fi(x) 3)

where w; is the weight of the i-th expert, and f; is the output of the expert. In the solution
presented in this paper, a hard gating mechanism was used, in which a single expert is
selected by the gating network, and the expert’s output is propagated as the network’s
output. This was achieved by representing the weights in Equation (3) as one-hot vectors.
Given that the experts were pretrained on a predefined set of problems, the logical conclu-
sion was to let a particular expert alone control the agent to solve the problem for which
that expert was trained.

The gating network was trained in a supervised manner to output a one-hot vector
selecting the predefined expert, while the experts were trained using the PPO algorithm to
solve predefined problems. A deterministic string-matching rule would be functionally
equivalent to the implemented gating network in the current fixed vocabulary setting.
However, a trainable network was preferred because it operates on continuous token
embeddings rather than exact string equality. Thus, it provides robustness to minor
phrasing variations in LLM output and allows future extension to soft gating without
architectural modification. Each of those problems was designed as a possible sub-goal
for the LLM planning stage. Given this, it was necessary to design sub-goals to maximize
the LLM’s reasoning capability while leveraging the PPO algorithm’s learning capacity.
Additionally, every environment mission had to be solvable by decomposition into only
those sub-goals. Through experimentation, the following sub-goals were identified as
appropriate: “go to goal”, “go to <object>", “toggle <object>", “pick up <object>".

Each expert is trained independently using the PPO algorithm described in Section 3.2.
During expert training, the chosen sub-task (e.g., “pick up yellow key”) is treated as the
complete episode mission. The reward formula in Equation (4) applies directly at the
sub-task level, providing a dense-enough signal compared to the original sparse global
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mission. Sub-task completion is detected implicitly. The expert signals completion by
executing the dedicated “done” action, at which point control is returned to the gating
network for the next sub-goal assignment. No external completion oracle is required.

3.4. Large Language Model

An LLM was employed for the planning stage. As described, the environment output
was augmented to produce a textual representation of the scene. For the first step of the
episode, this textual representation, along with the global mission, was fed into the LLM to
generate a step-by-step plan consisting of predefined sub-goals. After this first step, the
LLM was not engaged again until the next episode. These sub-goals are then given to the
MOoE agent, one at a time, as the current mission. This mission was then executed until the
agent performed the “done” action, signaling that the mission was over. Table 5 shows the
expected output from the LLM for the input given in Table 3.

Table 5. Response provided by the LLM.

1. toggle yellow box
2. pick up yellow key
3. toggle yellow door
4. go to goal

The LLM used in this project was “qwen3:30b”, which demonstrated the strongest
performance. Model evaluation followed a straightforward procedure. The LLM was
prompted using a fixed set of predefined scenes paired with the user-specified solutions.
The LLM output was assessed against the expected responses. Additionally, the parameters
used to run the LLM, along with the system prompt and a limited LLM benchmark are
provided in Appendix B. The LLM evaluation is limited to manual verification of outputs
on 100 episodes. Prompt sensitivity, the impact of alternative phrasings, hallucination
failure modes, and model size effects are not analyzed and represent important avenues for
future investigation.

As a benchmark, an end-to-end agent was trained using the PPO algorithm alone,
without incorporating an LLM-based planning component.

4. Experimental Results

The PPO models for the experts were trained first. As stated earlier, the training
was divided into multiple consecutive steps and continued until satisfactory results were
obtained. We observed different numbers of required runs for different problems. The
easiest proved to be “go to goal”, achieving maximum possible performance after only
two runs. The training timeline is shown in Figure 3, with consecutive runs presented in
different colors.

Figure 4 shows the same data for the “pick up” expert. It can be observed that the
training took considerably longer. Five training runs were needed to finish the training.
After the first two, the subsequent runs showed diminishing returns. Training was stopped
after the fifth run as the results showed little improvement. It can also be observed that
the average reward achieved after the training was considerably lower than that of the “go
to goal” expert. Consecutive runs were executed with fewer epochs and a lower learning
rate, as presented in Appendix A.2 and achieved stable, gradual improvement throughout
training. In the first couple of steps of the later runs for the “pick up” expert, we observe a
small drop in performance, but the run ultimately finished with a higher score than the
previous one.
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Figure 3. The training timeline for the “go to goal” expert. The y-axis shows the average reward
received in the hundred episodes, and the x-axis shows the training step. The graph shows training
performance converging to a stable value. Further training would not improve performance.
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Figure 4. The training timeline for the “pick up” expert. The y-axis shows the average reward
received in the hundred episodes, and the x-axis shows the training step. The graph shows training
performance converging to a stable value. Further training would not improve performance.

Reinforcement learning is known to produce different results with different random
seed values. To assess training stability, all four experts were trained across four randomly
chosen seed values. The results can be seen in Figure 5. The highest-performing expert
shows very tight convergence across all four seeds. The final smoothed value spread was
less than 0.015. This indicates that training stability for simpler, well-defined sub-tasks is
largely seed independent. The remaining three experts exhibit greater variance in final
performance levels. This is consistent with the known sensitivity of reinforcement learning
to initialization conditions under more challenging learning problems. Importantly, all four
seeds across all four experts exhibit the same qualitative learning trajectory, monotonic
improvement and eventual convergence. No seed failed to learn or diverge. The observed
variance is therefore in the final performance level rather than in the fundamental stability
of the training process.
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Figure 5. The training timeline for the different random seed values. The top left shows the “go to
goal” expert, the top right shows the “go to object” expert, the bottom left shows the “pick up” expert,
and the bottom right shows the “toggle” expert. The y-axis shows the average reward received over
one hundred episodes, and the x-axis shows the training step. The graph shows the initial training
run of each expert with different seed values. Runs are named by the value of the random seed.

The benchmark model used to compare results from introducing the LLM into the
planning stage was also trained with the PPO algorithm. It was trained to solve the global
environment mission, including planning. Figure 6 shows the training timeline. It shows
improvement during training but ultimately plateaus at a relatively low level. It can be
observed that subsequent runs show no improvement. This behavior was expected, since
not all missions require long-term planning. Ultimately, the agent cannot solve more
complex problems that require multiple steps.

The results achieved by different experts during the training are shown in Table 6. The
experts were tested on all of the problems. As expected, they achieved zero reward on
problems they were not trained on. The “toggle” and “pick up” experts show considerably
lower performance than the other two. Consequently, this reduces the agent’s ultimate
performance. When used in combination with the LLM, the agent must solve every sub-task
the LLM assigns to successfully complete the global mission. The agent can fail any of
those sub-tasks, resulting in episode failure.

Table 6. The average reward achieved by experts during the training was measured across all problems.

Model Go to Goal Go to Object Pick Up Toggle
Go to goal 0.86 0.0 0.0 0.0
Go to object 0.0 0.72 0.0 0.0
Pick up 0.0 0.0 0.57 0.0
Toggle 0.0 0.0 0.0 0.47
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Figure 6. The training timeline for the “no language model” agent. The y-axis shows the average
reward received over one hundred episodes, and the x-axis shows the training step. The graph shows
training performance converging to a stable value. Further training would not improve performance.

The results are shown in Table 7. The “PPO” model is just PPO, without an LLM,
trained on the single-step problems. As expected, this model performs the worst on
complex, multi-step problems. “LLM + PPO” is the same model but paired with an LLM.
A significant uplift in the performance can be observed. In this setup, the PPO model
handles only the simple tasks on which it was trained, while the LLM decomposes the
complex problem into those simple tasks. “LLM + Mixture of Experts” shows the best
results. This was the expected outcome because the experts were trained on a single, simple
task. This enabled better performance compared to a model trained on multiple tasks
simultaneously. “No Language Model” was used as a benchmark. This model was the only
one trained on complex problems. It is implemented as an end-to-end PPO model, trained
to solve multi-step problems. Additionally, Table 7 shows the average reward achieved as
a function of the number of sub-tasks. The number of sub-tasks was determined by the
LLM decomposition of the global mission. As expected, all the models have similar results
on a single sub-task. With a higher number of sub-tasks, a significant reduction in achieved
reward can be observed, with models paired with an LLM leading by a wide margin.

Table 7. The average reward achieved during testing. Rewards shown for different complexity
brackets are calculated on a sample of 100 episodes.

Average Average
Model Reward (1000 Episodes) = Reward (100 Episodes) 1Sub-Task 3 Sub-Tasks 4 Sub-Tasks
PPO 0.33 0.35 0.63 0.0 0.0
LLM + PPO 0.55 0.58 0.81 0.15 0.09
LLM + Mixture of Experts 0.57 0.60 0.89 0.22 0.1
No Language Model * 0.43 0.39 0.63 0.04 0.06

* The model was the only one trained using PPO on complex problems. All others encountered only single-step
problems during the training.

The first 100 episodes were recorded and manually verified. Table 8 shows the per-
centage of episodes that models successfully completed across different complexity levels.
Table 9 shows individual rewards for the first 10 runs. We observe comparable results for
episodes with relatively simple objectives. The episodes with higher-complexity objectives
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show significantly better performance by the models paired with the LLM. The results for
episodes with 4 or more sub-tasks are relatively less informative due to the small number
of episodes in the recorded sample. As a result, episodes with more than 4 sub-tasks
were omitted from the results. Of the 100 manually recorded episodes, approximately
64 involved a single sub-task, 21 involved three sub-tasks, and 14 involved four sub-tasks.
The small number of four-sub-task episodes limits the statistical reliability of the results in
that bracket, and those figures should be interpreted as indicative rather than conclusive.

Table 8. Percent of the episodes successfully completed based on a sample of 100 episodes.

Model 1 Sub-Task 3 Sub-Tasks 4 Sub-Tasks
(64 Episodes) (21 Episodes) (14 Episodes)
PPO 68.75% 0.00% 0.00%
LLM + PPO 89.06% 23.81% 14.29%
LLM + Mixture of Experts 98.44% 28.57% 14.29%
No Language Model 68.75% 4.76% 7.14%

Table 9. The reward received by both models during the first 10 episodes.

Number of LLM + Mixture of No Language
Sub-Tasks PPO LLM + PPO Experts Moc;gel ®
3 0 0.7422334 0.74710745 0
1 0.9486359 0.9579439 0.9469437 0.9553719163
4 0 0.7147534 0.7237845 0
4 0 0 0 0
1 0.7127631 0.7543476 0.7157412 0.7247933745
1 0.7322314 0.7423315 0.7214331 0.8289256096
3 0 0.56623106 0 0
3 0 0 0.87412578 0.8661156893
3 0 0 0 0
1 0.9436017 0.9528192 0.9518792 0.9553719163

The environments in which the LLM decomposed the solution into one sub-task were
solvable by all agent configurations. These environments provided a clear path for the
agent to go to the goal. No additional tasks were required. The goal tile was either in the
same room or had unlocked doors along the path. The environments with three sub-tasks
had a locked door on the path to the goal. The agent had to pick up the key, unlock the
door, and then go to the goal. In this setup, “LLM + PPO” and “LLM + MoE"” show, as
expected, comparable results. This similarity propagates to the aggregate results shown in
Table 7. One interesting anomaly can be observed. The “No Language Model” successfully
solved one environment with three sub-tasks. This is the result of an unexpected emerging
behavior. The model learned that it takes fewer actions to pick up an object on the path
than to go around it. In this specific example, the object that was on the path was the key
needed to unlock the door to the room where the goal tile was. The environments with
four sub-tasks had the key inside the box. The example is shown in the provided video.

In the first 100 recorded episodes, LLM outputs were manually verified. No error was
observed. This result has an important implication for the interpretation of the experimen-
tal results: since the planning component introduced no failures, all observed performance
differences between model configurations in Table 8 are attributable entirely to the exe-
cution module. Consequently, the comparison between LLM + PPO and LLM + MoE in
Table 8 constitutes a direct measure of the benefit of expert specialization, with the planner
effectively held constant as a zero error component across both conditions. Not all outputs
were optimal, but all were valid solutions to the global mission. Extrapolating from this, it
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can be assumed that most of the observed failures were due to the execution model failing
to execute one of the tasks. Since every task has some chance of failure, missions with
more sub-tasks are expected to have a higher chance of failure. Given the expert success
rates in Table 6, a rough upper bound on three-sub-task success can be estimated as the
product of the relevant expert rates. For a pick-up + toggle + go-to-goal sequence this
yields approximately 0.57 x 0.47 x 0.86 ~ 0.23, which is relatively close to the observed
28.57% success rate, indicating that execution failure rather than planning failure is the
dominant bottleneck.

The gating network was not tested individually. It was trained to overfit to a small set of
inputs and consequently has 100% accuracy. It was left as a network due to performance reasons.

The reward is calculated using the following formula:

Re1— 0'9(num_steps> )
max_steps

Consequently, a score of 1.0 is practically impossible. Even the optimal solution will
have a reduced reward, depending on the number of steps taken. The reward was awarded
to the agent only upon successful completion of the global mission. This was true regardless
of the number and success of the sub-goals.

The absolute reward values are bounded below the theoretical maximum by the step-
count penalty in Equation (4) and by the individual expert performance ceilings reported in
Table 6. However, the results show the relative improvement of the proposed architecture
over the flat baseline model on multi-step missions, thus providing a method for potentially
solving any MiniGrid scenario.

The source code for the implemented solution can be found at the address provided
in the Supplementary Materials section. In addition, a video demonstrating the proposed
solution is available at the YouTube link in the Supplementary Materials.

5. Discussion

The results presented in this paper show that the modular architecture offers a promising
direction for sparse reward and long-horizon problems in RL. By explicitly separating planning
and execution, the proposed solution enables specialized learning and reduces interference,
a known problem in monolithic RL agents. However, the proposed solution raises new
questions, such as how to define experts, how to connect an LLM with experts, and how to
input the environment state into an LLM without an explicit textual representation.

The primary goal of this study was to compare the proposed framework against a
widely adopted flat RL baseline, PPO. In order to isolate the benefits of introducing modular
planning and execution components within the same general training paradigm, PPO was
selected due to its broad applicability and strong performance. However, we acknowledge
that other hierarchical reinforcement learning approaches, including options-based frame-
works, feudal-style architectures, and subgoal-driven strategies, represent an important
family of methods that share conceptual foundations with the proposed architecture. It
should be noted that hierarchical reinforcement learning methods were explored as candi-
date solutions during the development of this work. These approaches did not produce a
functioning agent in the MiniGrid environment under the sparse reward conditions used
in this study, which was a key motivation for the architecture presented here. The primary
goal of this paper is therefore to establish a working modular baseline that solves multi-step
MiniGrid tasks. Future work will use this baseline as the foundation for a systematic
comparison against established hierarchical reinforcement learning approaches.

In the current implementation, the experts are defined manually, which simplifies the
analysis but may limit generalization and transferability to other environments. Future
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work could include experimentation with a soft-gating MoE model. This could allow for
self-defined experts.

In the current solution, the LLM prompt is hard-coded. This could also be learned [24],
potentially improving planning performance. Additionally, the sub-tasks (experts) are
predefined. This could be improved by using a small LLM for textual input to the agent
network, rather than a simple GRU unit. This would improve the execution module’s task
comprehension, in turn making the connection to the planning module simpler.

Many LLM models are multi-modal. They can work with the image as input. Using
this ability would render it unnecessary to modify the environment to output a textual
representation of the state. In our experiments, models small enough to be self-hosted
performed poorly at understanding the image input. However, using one of the more
robust, commercially available models (such as GPT) could solve this.

Current experiments are limited to the MiniGrid environment, which is suitable for
long-term planning studies but remains very simple. Further work should evaluate the
scalability of this solution across different environments and with more complex control
mechanisms. This approach could prove especially beneficial in transferring the learned
behavior from a simulator to a hardware robot. One possible extension of this approach
is its application in swarm robotics [29]. The experiments were conducted with a drone
simulator but had not produced conclusive results as of the writing of this article. The
addition of multiple drones is an interesting avenue for further research, especially the
swarm orchestration module that connects LLM global planning to single-drone execution.

In this study, an LLM was used as a planning module. An interesting avenue for
further research would be to introduce an oracle planning module. A symbolic planner
with guaranteed accuracy could be used. This would allow for an investigation into the
benefits and compromises of using a more flexible but inherently not 100% accurate planner.
A formal ablation comparing the LLM planner against a deterministic rule-based planner is
not pursued in this work, as the zero planning errors observed across 100 episodes indicate
that both approaches would yield equivalent results within the current experimental scope.
The more informative avenue for future ablation work is therefore a broader evaluation of
planning reliability under more varied and complex task configurations, where LLM errors
are more likely to emerge.

Future research in hierarchical models should improve the adaptability, scalability, and
efficiency of learning, while preserving modularity. Advances in the automatic discovery
of sub-tasks and integration with an LLM should address this approach’s shortcomings.
As proved in this paper, hierarchical models have the potential to significantly improve the
performance of intelligent agents in complex environments with sparse rewards.

6. Conclusions

This paper presents research on the challenges posed by sparse rewards in RL and
proposes a solution via a hierarchical architecture. This solution effectively addresses the
problem by training RL agents in a dense-reward environment and combining them with
an LLM to address sparsity.

Another benefit of this approach is the agent’s modularity. New LLM models are
coming out every day. Improving the planning module would be as easy as modifying a
single configuration parameter, enabling the solution of even more complex tasks. Given
the versatility of LLMs, we believe most problems in the MiniGrid environment can be
solved with an agent like this. Additionally, transferring the agent to a different envi-
ronment should require only a relatively trivial amount of training on the basic skills in
that environment.
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Compared to similar works [12,13], potential problems were identified. The solution
in the paper [12] forgoes the RL agent entirely, allowing the LLM to control the agent
directly. This puts unnecessary strain on the LLM. RL models have repeatedly demonstrated
the ability to solve complex environments. By leveraging that capability, the solution
presented in this paper delivers better results, regardless of the language used. In the
paper [13], a different solution was implemented. In this work, an LLM was used during the
training of an RL agent. This opens up additional possibilities but at a significantly greater
computational cost. In accordance with the previous work [11], the complexity of both
the agent and the training process was reduced. This provides much faster training times
and greater accessibility due to lower hardware requirements. Additionally, by employing
the LLM during inference, the RL agent is not overburdened with planning tasks. This
allows the strengths of both technologies to be leveraged, with each supplementing the
other’s weaknesses.

Supplementary Materials: The source code for the solution presented in this paper can be found
at https:/ /github.com/Idokorro/MiniGrid-RL, accessed 20 March 2026, and the video demonstrat-
ing the results is available at https:/ /www.youtube.com/watch?v=EfYVCSxA6Gw, accessed 20
March 2026.
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The following abbreviations are used in this manuscript:

ML Machine learning

Al Artificial intelligence

RL Reinforcement learning

MoE  Mixture of experts

LLM  Large language model

PPO Proximal policy optimization
TRPO  Trust region policy optimization
PB2 Population-based bandits

GRU  Gated recurrent unit
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Appendix A
Appendix A.1
Table Al. The ranges used for the Hydra parameter search.
Parameter Type Range
initial_learning_rate uniform_float 0.000001-0.01
final_learning_rate uniform_float 0.000001-0.01
batch_size categorical [32, 64,128, 256]
gamma uniform_float 0.8-0.9997
horizon categorical [256, 512, 1024, 2048]
n_epochs uniform_float 4-10
gae_lambda uniform_float 0.9-1.0
clip_range categorical [0.1,0.2,0.3]
clip_range_vf uniform_float 0.0-1.0
normalize_advantage categorical [true, false]
ent_coef uniform_float 0.0001-0.1
vi_coef uniform_float 0.5-1.0
max_grad_norm uniform_float 0.1-1.0

Appendix A.2

Each training run was 20 million steps long, and in each step, 16,384 samples were

processed. The number of epochs for different training runs is shown in Table A2. All

training runs used a fixed random seed of 42. Training was performed on a single MSI
NVIDIA RTX 4070 Ti GPU (sourced in Belgrade, Serbia). Each 20-million-step training
run required between 4 and 7 h of wall-clock time. Training used 16 parallel environment

instances. The LLM was served locally via Ollama (v. 0.30.0) on the same machine.

Inference time per episode was between 3 and 15 min, due to the thinking phase. Training

and evaluation environments were strictly separated. Experts were trained on randomly

generated scenes and evaluated on a freshly sampled set of 1000 episodes with no overlap.

The evaluation distribution matched the training distribution in terms of map structure

and object placement rules.

Table A2. Hyperparameter values in consecutive runs.

Initial Learning  Final Learning

Model Run  Nb. of Epochs Rate Rate
Go to goal 1 6 0.001 0.00003
Go to goal 2 4 0.0003 0.000003
Pick up 1 9 0.001 0.00003
Pick up 2 9 0.0003 0.000003
Pick up 3 9 0.0003 0.000003
Pick up 4 9 0.0003 0.000003
Pick up 5 6 0.0002 0.000003
Go to object 1 7 0.001 0.00003
Go to object 2 7 0.0003 0.000003
Go to object 3 4 0.0003 0.000003
Toggle 1 4 0.001 0.00003
Toggle 2 4 0.0003 0.000003
Toggle 3 4 0.0003 0.000003
Toggle 4 4 0.0003 0.000003
No language model 1 6 0.001 0.00003
No language model 2 6 0.001 0.00003
No language model 3 4 0.0002 0.000003
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Appendix A.3

The mixture-of-experts model consisted of 4 experts and a hard gating network. Each
expert had an extractor and a policy network. The extractor would process the raw input
data and provide an embedding vector as input for the policy network. The policy network
would be based on the extractor’s input, outputting a policy distribution for the input and
an expected value (actor and critic policies).

The gating network consisted of 1 embedding layer with a 32-character input and a
1024-dimensional output, a gated recurrent unit with 128 neurons, and a linear layer with
4 neurons.

Each extractor network had 3 sub-modules for 3 inputs. Textual input consisted of
2 layers for processing the current mission. These layers were an embedding layer with a 32-
character input, outputting an embedding vector with 1024 dimensions (32 per character),
and a gated recurrent unit with 128 neurons. The direction input module consisted of 1
linear layer with 16 neurons. The structure of the image module is shown in Table A3.

The policy network had 2 outputs: policy and value. Both had 1 linear layer with
64 neurons.

Table A3. The image sub-module structure from the extractor network.

Layer Layer Type Num. Kernels Strides
1 Conv2d 16 2,2
2 ReLU / /
3 MaxPool2d / 2
4 Conv2d 32 2,2
5 ReLU / /
6 Conv2d 64 2,2
7 ReLU / /
8 Flatten / /
Appendix B

Table A4 shows configuration parameters used for running an LLM using Ollama
software, and Table A5 shows the system prompt used by the LLM.

Table A4. LLM configuration.

Parameter Value
model qwen3:30b
arch qwen3moe
quantization Q4_K M
num_ctx 40960
repeat_last_n -1
repeat_penalty 2.0
temperature 0.0
top_k 20
top_p 0.95
min_p 0.0
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Table A5. LLM system prompt.

You are giving instructions to a robot.
Available instructions are: “go to”, “pick up”, “toggle”, “go to goal”.
Available objects are: “key”, “door”, “ball”, “box”.

v v

Available colors are: “red”, “green”, “yellow”, “blue”, “purple”, “grey”.

Give a simple answer, consisting only of available instructions, colors and objects.
Don’t look for alternative routes.

Give your answer in a step by step format. Try to have as little as possible steps in your
answer.

If the door is locked, a key of the same color is needed. Doors are unlocked by toggling
them while holding the key.

Keys can only toggle locked doors of the same color. The robot must first pick up a key
before toggling the door.

Boxes do not need keys to be toggled.

Consider everything directly accessible unless it is in another room.

Boxes can contain other objects with the same color. If the object you are looking for is
not present but there is a box, try opening the box.

Make sure to reference only objects present in the scene.

Do not tell the robot to go into the room or to open the unlocked door.

Examples:

The scene contains:
-green ball

-yellow ball

-blue key

-purple door
-yellow door

-green key

-goal

Mission: go to goal’

Answer:
1. go to goal

The scene contains:

-green ball

-purple ball

-red box

-purple box

-green box

-blue key

Mission: pick up purple box’

Answer:
1. pick up purple box

The scene contains:
Two rooms. Left and right.
There is a locked gray door between the rooms
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Table A5. Cont.

Left room contains:
-goal

-green ball

-yellow key

Right room contains:
-robot

-gray box

-red key

-gray ball

Mission: go to goal

Answer:

1. toggle gray box
2. pick up gray key
3. toggle gray door
4. go to goal

A comparison of the tested open-source models is shown in Table A6. Benchmarking
of different LLM models was not the focus of this work. The first model with 0 errors on
the test set was used.

Table A6. LLM benchmark.

Model Match (Out of 14)
Qwen3:30b * 14
llama3:8b 9
deepseek-r1:32b 11
gemma2:27b 13
* Selected model.
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