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Abstract

Reinforcement learning (RL) agents face significant challenges in sparse-reward environ-
ments, as insufficient exploration of the state space can result in inefficient training or
incomplete policy learning. To address this challenge, this work proposes a teacher-student
framework for RL that leverages the inherent knowledge of large language models (LLMs)
to decompose complex tasks into manageable subgoals. The capabilities of LLMs to com-
prehend problem structure and objectives, based on textual descriptions, can be harnessed
to generate subgoals, similar to the guidance a human supervisor would provide. For this
purpose, we introduce the following three subgoal types: positional, representation-based,
and language-based. Moreover, we propose an LLM surrogate model to reduce computa-
tional overhead and demonstrate that the supervisor can be decoupled once the policy has
been learned, further lowering computational costs. Under this framework, we evaluate the
performance of three open-source LLMs (namely, Llama, DeepSeek, and Qwen). Further-
more, we assess our teacher-student framework on the MiniGrid benchmark—a collection
of procedurally generated environments that demand generalization to previously unseen
tasks. Experimental results indicate that our teacher-student framework facilitates more
efficient learning and encourages enhanced exploration in complex tasks, resulting in faster
training convergence and outperforming recent teacher-student methods designed for
sparse-reward environments.

Keywords:
environments

goal-oriented reinforcement learning; teacher—student; sparse-reward

1. Introduction

Imagine trying to master a complex new skill without any guidance or feedback
until the moment the effort is fully completed. No indication of progress, no suggestions
for improvement; only endless trial and error. This is the challenge of reinforcement
learning (RL) agents in sparse-reward environments. The lack of intermediate guidance
makes learning inefficient and exploration highly resource-intensive [1,2]. In such settings,
traditional RL approaches relying on random exploration often fail to scale, especially
when tasks involve multiple stages or dependencies.

To address these challenges, researchers have explored structured learning paradigms,
such as curriculum learning (CL) [3], imitation learning [4], hierarchical reinforcement
learning (HRL) [5], and teacher-student frameworks [6]. While CL provides a progressive
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learning path and HRL decomposes tasks into subtasks, both approaches face limitations in
adaptability and dynamic feedback generation. The teacher—student paradigm, in contrast,
introduces a guiding entity capable of tailoring subgoals to the agent’s current capabilities.

Recent advances in large language models (LLMs) offer a promising avenue for
implementing such dynamic teachers [7]. LLMs possess the ability to interpret textual
descriptions, develop task structures, and generate context-aware subgoals. This capability
aligns with findings in natural language processing, where LLMs improve inferential
reasoning when guided by rationales [8]. Similarly, LLMs can enhance exploration and
generalization in RL by providing structured, human-like guidance.

Motivated by these capabilities, this study proposes a novel teacher—student RL frame-
work that leverages LLMs as expert teachers, guiding agents in sparse-reward environments
by decomposing tasks into different types of subgoals. While prior work has explored the
potential of integrating LLMs into RL, existing approaches often fall short because they
rely heavily on repeated LLM queries, which are computationally expensive and introduce
significant latency. Moreover, prior work often focuses on generating subgoals that broaden
the agent’s knowledge or facilitate exploration, rather than explicitly subdividing a single
task into ordered steps that drive the agent towards successful completion (Figure 1). To
address these limitations, we build upon our preliminary findings presented in [9] to
introduce a scalable surrogate model that approximates the LLM’s behavior while avoiding
overfitting to oracle-like supervision. In addition, we study how subgoals can be gradu-
ally decoupled, allowing the agent to benefit from them during training but ultimately
operating at deployment without any reliance on explicit subgoals or LLM queries.
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Figure 1. Comparison of RL frameworks guided by LLMs. (a) An LLM-based RL approach in
which, at each timestep, the agent receives N non-sequential subgoals directly from the LLM. (b) Our

episode 2

approach is as follows: first (left side), we collect data over M episodes, where the LLM predicts N
subgoals per episode. These LLM-generated subgoal sequences are used to train a surrogate model
that approximates the LLM's behavior. Then (right side), during agent training, we use the surrogate
to predict the entire sequence of task-relevant subgoals at the start of each episode.

We evaluate our framework using three open-source LLMs (Llama, DeepSeek, and
Qwen) across procedurally generated environments from the MiniGrid benchmark [10].
Our results demonstrate that LLM-guided subgoal generation accelerates learning, im-
proves exploration, and enhances generalization to unseen tasks. The results show that
LLM decomposition facilitates faster convergence, enabling our method to solve the evalu-
ated environments in a fraction of the training steps required by other approaches [11,12],
achieving over 90% improvement.

In summary, our contributions are as follows:

*  We perform a detailed evaluation of different LLMs, identifying the most effective
models for the teacher role in our proposed framework.
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*  Weidentify the most effective subgoal encoding that enables agents to perceive and
act on them.

*  We develop a scalable method for LLM integration, reducing computational costs and
ensuring practical applicability in real-world settings.

The rest of the manuscript is structured as follows. In Section 2, we examine the
related literature, providing an overview of existing approaches in the field. Section 3
outlines the proposed framework and methodology, including details of our approach.
Section 4 introduces the experimental setup and Section 5 presents the obtained results,
followed by a discussion of our findings. Section 6 concludes the paper and outlines future
research directions.

2. Related Work

In this section, we review existing research and methodologies relevant to our study.
We begin by exploring CL (Section 2.1), emphasizing the benefits of a well-structured learn-
ing process. Next, we discuss HRL (Section 2.2), which focuses on decomposing complex
RL problems into more manageable subtasks. Finally, we analyze different strategies for
integrating LLMs into the RL training process (Section 2.3).

2.1. Curriculum Learning

Organizing learning tasks in a structured sequence has emerged as an effective strategy
in training agents. Originally conceived as “training from easy to hard”, CL has attracted
attention due to its potential to expedite learning processes [11,13]. However, its efficacy is
not universally consistent across implementations, where the curriculum—i.e., the struc-
tured sequence of tasks, environments, or goals presented to the agent in increasing order
of difficulty to facilitate its learning—must be well-defined in order to be effective [14-16],
suggesting that its application requires careful considerations.

Implementing CL in RL, therefore, requires deliberate design choices, often relying
on teachers to guide the learning process. Randomized task sequences offered initial
improvements over unguided training, but dynamically chosen tasks by a teacher helped
maintain previously acquired skills [14,17]. Beyond these, to make curricula more adaptive,
a buffer of high-potential learning tasks can be used, or tasks can be monitored for changes
in success rates, ensuring training is concentrated where learning is most active [18,19].

Introducing subgoals allowed complex tasks to be decomposed into manageable
objectives, while the teacher adaptively adjusted subgoal difficulty over time, effectively
creating a curriculum tailored to the agent’s knowledge [20]. Adversarial frameworks
complemented this process by evaluating the effectiveness of these subgoals without
relying on environment rewards [21,22]. Subsequent work extended this idea by expressing
subgoals in natural language, which not only provided richer guidance but also made the
learning process interpretable to human observers [12].

2.2. Hierarchical Reinforcement Learning

HRL leverages structured abstractions to decompose complex tasks into manageable
subgoals, improving generalization and sample efficiency [5,23]. Among these abstractions,
language has proven to be especially powerful: high-level policies can use linguistic
instructions to guide low-level controllers, enabling both flexible skill reuse across diverse
tasks and improved interpretability [24]. Policies for these subgoals are typically trained
from demonstrations, feedback, or language, allowing high-level planners to orchestrate
them with structured commands [25,26]. Building on this paradigm, recent work integrates
LLMs into HRL, where a high-level RL policy leverages LLMs to generate intermediate
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subgoals for the low-level agent, further enhancing the adaptability and scalability of its
learning process [27,28].

2.3. LLM-Enhanced RL

Leveraging the power of LLMs has become an emerging strategy in the field of RL,
exploiting the capabilities of natural language processing for RL frameworks. Models
like the proprietary GPT series [29-31] or open-source alternatives such as Llama [32],
Qwen [33], and DeepSeek [34] are nowadays being harnessed to guide RL agents.

Recent surveys in the field [7,35] have provided substantial insights into the diverse
capabilities of LLMs, highlighting various studies that integrate them into RL frameworks.
One prominent approach involves preprocessing RL environments into textual represen-
tations, including goals, histories, and observations, allowing LLMs to predict actions
either in a zero-shot manner [36] or through fine-tuning on these textual environments [37].
Beyond acting as decision-makers, LLMs can play a central role in shaping reward func-
tions, leveraging their ability to reason. By interpreting user-provided task descriptions,
they can generate reward signals that reflect desired behaviors [38,39]. They can also elicit
preferences over candidate behaviors to iteratively refine reward functions, guiding agents
toward the acquisition of complex skills [40,41]. In addition, LLMs can serve as powerful
information processors, offering new ways to simplify tasks. They can decompose tasks
into smaller steps, suggest meaningful goals, and update plans based on outcomes, en-
abling agents to act effectively in diverse environments [42—44]. LLMs can also evaluate
potential actions, combining natural language descriptions with value estimates to select
the most promising behaviors [45], or leverage multimodal inputs and memory to generate
and execute comprehensive plans, achieving state-of-the-art performance [46].

2.4. Contribution

Our approach leverages a pretrained teacher to generate subgoals, avoiding the need
for the teacher to learn subgoal generation from scratch [12,21,27]. In contrast to methods
that focus on diverse, non-sequential skills [43], we concentrate on sequential, task-specific
subgoals that guide the agent through a structured learning sequence. Beyond simply
assessing whether the LLM can generate subgoals [44], we examine their impact on RL
training, including how the integration of these subgoals into the agent’s observations
influences learning performance. Table 1 summarizes prior subgoal generation methods
and highlights key differences in sequentiality, task-specificity, LLM usage, and RL inte-
gration. As shown in this table, our work differs from previous approaches in that we
employ a LLM to train a surrogate model that acts as a teacher to decompose episodic,
time-sensitive tasks, thereby enabling more efficient agent training and guiding learning
through structured, sequential subgoals.

Table 1. Comparison of prior subgoal generation methods and our approach. Columns indicate
(1) whether subgoals are sequential and task-specific; (2) whether an LLM is used as a teacher;
(3) whether the method trains an RL agent; and (4) the main contribution.

Method om @ & @

Trains an adversarial teacher to generate subgoals that
guide the agent to explore the state space efficiently.

AMIGO[21] X X /

Extends AMIGO by representing subgoals as natural
language instructions, enabling text-based guidance.

LAMIGO [12] X X v

Leverages an LLM to provide commonsense priors,
LLMxHRL [27] X 4 which guide a hierarchical agent in generating and
interpreting subgoals.
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Table 1. Cont.

Method m @ 6 @

v Uses LLM to propose non-sequential, diverse skills,
without task-specific sequencing.

ELLM [43]

RS
N

LLM to decompose tasks into subgoals, evaluating only
CALM [44] v X the accuracy of proposed subgoals without assessing RL
performance.

Generates sequential, task-specific subgoals with
Ours v v v surrogate models from LLMs, guiding agents while
reducing computational cost.

3. Proposed Framework and Methodology

Our framework integrates an LLM as an omniscient teacher that supervises an RL
agent through sequences of subgoals. At the start of each episode, the LLM, with full

access to the initial environment state sy € S and the global objective g°%/

, generates a
fixed sequence of N subgoals go, g1, . ..,gn—1. These subgoals are designed to be unique
(gi+1 # gi) and progression-dependent, ensuring the agent advances toward the global
goal ¢°. During interaction, the RL agent only observes partial states o, and at each
time step it receives the triplet (o, ¢, §;), where r¢ is the environment reward and g; is the
current subgoal provided by the teacher. Once a subgoal is achieved, such as reaching
or interacting with the specified target, the agent immediately receives the next subgoal
Qi+1- The agent thus learns a student policy 7,40+ that maps (0¢, g;) to actions, while the
LLM provides the teacher policy 7ty by generating subgoals. The teacher remains static
throughout training, serving as a source of prior knowledge, while the student adapts by
learning how to effectively use the subgoals to achieve the global objective.

In this section, we first outline the methodology for generating subgoals (Section 3.1)
and defining their representations (Section 3.2). Then, we describe our approach to prompt
engineering, optimizing LLM performance for effective subgoal decomposition. Finally, we
introduce a surrogate model that approximates LLM-generated subgoals, enabling efficient
training without the need for repeated LLM queries (Section 3.3).

3.1. Subgoal Generation

Subgoal generation takes place at the beginning of each episode, where the LLM, with
the complete environment state sy, creates a sequence of subgoals {0, g1, - .., gN}, which
progressively guide the agent toward the final goal of the RL task. These subgoals reduce the
reward horizon by decomposing the problem into intermediate steps, thereby facilitating
and shaping the learning process. In doing so, our approach constitutes an intermediate
setup between sparse-reward cases (where feedback is limited to task completion) and
dense-reward cases (where feedback is provided at a high frequency, e.g., at every step).

To incentivize both subgoal achievement and task completion, we augment the ex-
trinsic reward r{ with an auxiliary subgoal reward r‘f . The total reward at each time step
isdefined asr; = r{ + « - rf , where « € RT balances the emphasis on subgoal completion
versus overall task success. The subgoal reward r$ is structured to encourage efficient
progress. It is computed as 18 =1 — %, where #¢ is the time step at which subgoal g is
achieved, and tmax, which depends on the environment, is the maximum number of steps
allowed in an episode and must be chosen carefully as it can strongly impact learning.
Using this formulation, we penalize excessive time spent on individual subgoals while
rewarding timely progression.
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3.2. Subgoal Representation

The form in which subgoals are presented plays a crucial role in how effectively the
agent can use them. In our framework, we consider the following three distinct encoding
strategies to represent teacher-provided subgoals:

1. Position-based subgoals are defined in terms of coordinates provided by the envi-
ronment (e.g., {x,y} in 2D or {x,y,z} in 3D). In discrete domains, these subgoals
represent a point in space, whereas in continuous domains they denote a target region.
While intuitive, this approach assumes the agent can infer directional relationships and
may suffer from misalignment when the LLM inaccurately predicts object positions.

2.  Representation-based subgoals are defined in terms of identifiable components or
features of the environment’s state, which the agent perceives through its observa-
tions o;. In object-based domains, this could correspond to the representation of a
specific object, while in image-based domains, it could correspond to an element de-
tected through perception modules. This approach can be limited in novel or unseen
scenarios since subgoals are tightly linked to predefined state representations.

3. Language-based subgoals are derived from LLM-generated text, which is especially
effective when the task cannot be directly expressed as an element of the environment.
The text is then converted into embeddings using a pretrained language encoder,
allowing the subgoals to be represented in a continuous vector space. To reduce the
complexity of handling diverse natural language instructions, we first construct a
fixed pool of environment-relevant subgoals. This pool is generated by enumerating
all objects and their attributes and combining them with a set of predefined actions.
Each resulting subgoal phrase is then converted into a vector embedding. When a
new instruction is received, it is similarly converted into an embedding and matched
to the closest canonical subgoal in the pool using cosine similarity.

Visual examples of these subgoal representations and the language subgoal pool for
the RL environments considered in this work can be found in Appendix D.

3.3. Modeling LLM—-Surrogate Subgoal Generation

While LLMs excel at decomposing tasks into subgoals, their direct integration into
RL training poses scalability challenges. Many RL problems require training across hun-
dreds of thousands of episodes, making real-time subgoal generation with LLMs compu-
tationally and economically impractical. For instance, modern environments can run at
1000-3000 frames per second, making a 1000-step task complete at roughly 1-3 Hz [47].
In contrast, end-to-end LLM queries might run at 0.2-0.5 queries per second [48]. This gap
means that using an LLM inside the training loop would slow data collection by one to
two orders of magnitude. Moreover, continuously running LLMs is often impractical due
to resource constraints, making RL training both costly and unstable.

Beyond scalability and high resource demands, another key challenge arises when
agents are trained with perfect subgoals but must be deployed under imperfect guidance.
Training under flawless supervision, whether from a hypothetical perfect LLM or manually
specified subgoals, creates a distribution mismatch: at deployment, agents encounter noisy
or incomplete subgoals, rather than the ideal guidance seen during training. This can lead
to overfitting, where agents rely on unrealistic guidance and fail to generalize properly
when deployed. Moreover, generating perfect supervision through LLM prompting for
every training step is costly and infeasible at the scale required for many RL tasks.

To address this issue, we introduce an offline surrogate framework (Algorithm 1)
that approximates LLM-guided subgoal generation while avoiding repeated LLM queries
during training. The surrogate is designed to mimic the variability of real LLM outputs,
allowing agents to train under deployment-like conditions and improving robustness when
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oracle supervision is no longer available. Results in Appendix B confirm the effectiveness of
this strategy for the RL environment later described in the experiments of this manuscript.

To take this idea to practice, we sample M levels from the environment’s level distri-
bution and collect a set of subgoal sequences by prompting the LLM. Using an oracle, we
label the optimal subgoal sequences as ground truth—the only supervision needed—and if
no oracle is available, a human could provide the annotations. Finally, we statistically char-
acterize the deviations of the LLM proposals from the oracle decompositions to construct a
surrogate model, focusing on two error types:

1. Positional errors: For position-based subgoals, we measure the distance between the
LLMs’ proposed coordinates G™ and the oracle’s optimal coordinates O™.

2. Semantic errors: For representation-based and language-based subgoals, we evaluate
mismatches in object type, state, or sequence.

Algorithm 1 Surrogate LLM framework

1: M: The number of levels considered in the evaluation.

2: G™: The set of subgoal proposals at iteration m.

3: (O™: The set of optimal subgoals at iteration m.

4: E={eg,e1,...,en}: The set of all errors accumulated over all levels.

5: €: The accuracy for the LLM, computed based on E.

6: S: The surrogate model, created based on the accuracies of the subgoals.
7. // Accuracy evaluation

8: form =1to M do

9:  Prompt the LLM for subgoal proposals G" < LLM(L™, s)
10: Label the optimal subgoals using the oracle O" «+ {w{', wl’,..., w}}
11: fori =0to N do
12: (87" wi") < (G™[i], A"[i])
B n ) Manhattan distance(g", w!"), if position-based,

' 4T Lmatch (87, w!™), if semantic-based.

14: Append ¢} to E
15: end for
16: end for

17: € < ComputeMean(E)

18: // Surrogate model application
19: for each episode do

20: Sample level from environment

21: for each w; € ) do

22: e; ~U(0,1)

s m §(w{”,modify), e; <e,
' 8 = SA(w}",retain), el > e.

24: end for R

25: Train RL agent with subgoals from S

26: end for

Once trained, this surrogate can generate imperfect but realistic subgoals across the
full distribution of levels, not just the M sampled ones. In doing so, it removes the
scalability bottleneck of repeated LLM queries while preserving the benefits of LLM-guided
task decomposition.

4. Experimental Setup

To evaluate the effectiveness of our proposed method, we conduct experiments across
several challenging environments from the MiniGrid framework [10], a widely used bench-
mark for RL research. MiniGrid, part of the Farama Foundation ecosystem, provides
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lightweight, grid-based environments that simulate navigation, object interaction, and
task completion tasks. MiniGrid environments are procedurally generated, meaning that
each episode presents a unique level layout while maintaining consistent task structures
(e.g., retrieving keys, unlocking doors, and navigating mazes). This procedural generation
ensures that agents must learn to generalize across diverse instances rather than memoriz-
ing specific layouts, making MiniGrid an ideal testbed for evaluating the robustness and
adaptability of our approach. We focus on six environments of varying complexity:

*  MultiRoomN254 and MultiRoomN4S5: Navigation tasks requiring the agent to traverse
multiple rooms.

*  KeyCorridorS3R3 and KeyCorridorS6R3: Tasks involving key retrieval and door unlock-
ing in increasingly complex layouts.

*  ObstructedMazelDIh and ObstructedMazelDIhb: Challenging maze navigation tasks
with obstructed paths and objects.

We first investigate how different LLMs affect subgoal generation and, consequently,
agent training. To this end, we evaluate three open-source models (Llama3-70b [32],
Qwen1.5-72b-chat [33], and DeepSeek-coder-33b [34]), using zero-shot chain-of-thought
reasoning [30,49,50] to generate position-, representation- and language-based subgoals
(for details on prompt design, see Appendix A). For language-based subgoals, embeddings
are generated using all-MiniLM-L6-v2 [51]. We also examine the effect of reward balance
on agent performance, as it can influence the agent’s ability to prioritize certain tasks
over others. Finally, we conduct an ablation study to evaluate the impact of each subgoal
component, specifically the subgoal representation in the agent’s observation and the
associated reward, on overall performance.

4.1. Algorithm and Model Architecture

We train agents using the PPO [52] implementation by [53] with an actor—critic archi-
tecture tailored to the grid-based observation space. The model begins with three convolu-
tional layers, each comprising 32 filters, a 3 x 3 kernel, a stride of 2 x 2, and padding of
1, followed by ELU activations to extract spatial features. The resulting 32-dimensional
representation is mapped through a shared, fully connected layer to a 256-dimensional
latent vector. From this shared representation, two separate fully connected networks
parameterize the policy (actor) and the value function (critic).

4.2. Hyperparameter Configquration

Table 2 summarizes the hyperparameters used in our PPO implementation. These
values are based on extensive tuning for MiniGrid tasks [53], ensuring optimal performance
across diverse environments.

Table 2. Hyperparameter values used for PPO in our experiments.

Hyperparameter Description Value

« Subgoal magnitude 0.2

v Discount factor 0.99

AGAE Generalized Advantage Estimation (GAE) factor 0.95

PPO rollout length Number of steps to collect in each rollout per worker 256

PPO epochs Number of epochs for each PPO update 4
Adam learning rate Learning rate for the Adam optimizer 0.0001
Adam e Epsilon parameter for numerical stability 1x10°8

PPO max gradient norm  Maximum gradient norm for clipping 0.5

PPO clip value Clip value for PPO policy updates 0.2

Value loss coefficient Coefficient for the value function loss 0.5
Entropy coefficient Coefficient for the entropy term in the loss function 0.0005
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4.3. Metrics

We evaluate our model’s performance using distinct metrics for LLM-based subgoal
generation and policy execution. On one hand, to assess the accuracy of subgoal prediction,
we consider the following four metrics:

1. Accuracy: The ratio of correct subgoal predictions to total predicted subgoals:

#correct subgoal predictions
#predicted subgoals

Accuracy =

)

2. Correct SGs/Iotal: The number of correct subgoals identified by the LLM compared to
the total number of subgoals.

3. Correct EPs/Iotal: The number of complete episodes where all subgoals were correctly
predicted.

4. Manhattan distance: Average distance between predicted and actual subgoal positions:

1

1 M
Manhattan distance = M pBESS red _ xire| 4+ |yP red yie| @)
i=1

with standard deviation:

1 M red red 2
Onntatan =\ 37 2o (|57 =7 4[5 ]~ mean) ©

A position-based subgoal is correct if the predicted position matches the object’s
true location; otherwise, error is measured by Manhattan distance. Representation-based
subgoals are correct if the object (and color, if relevant) is accurately described. Metric
computation, including data cleaning and validation, is detailed in Appendix C.

For position-based subgoals, training errors are simulated by sampling alternative
grid points, including infeasible ones, to reflect LLM inaccuracies (Figure 2—right). For
representation- and language-based subgoals, training errors are approximated by selecting
incorrect objects to mimic typical LLM mistakes (Figure 2—Ileft).

REPRESENTATION
LANGUAGE

RELATIVE

Figure 2. An episode belonging to the environment KeyCorridorS3R3 from MiniGrid, where the

possible subgoals subject to the error are shown. Here, the first subgoal is assumed to be the key
located at the bottom left position of the grid. (left) Possible subgoals for representation- or language-
based subgoals, which are circled with a green circle; (right) possible position-based subgoals
according to a Manhattan distance error of 2, indicated with a big green dot.

With respect to the policy trained via RL with LLM subgoal proposals, we measure
the expected return over the following episode:

[ee)

Y e )| 4)
k=0

G =E =FE

— K
2 Y Tk
k=0
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5. Results

In this section, we present our results based on the experimentation introduced in
Section 4. We begin by analyzing the performance of the surrogate LLM (Section 5.1), then
evaluate RL training outcomes under this framework (Section 5.2), and conclude with an
ablation study that isolates the contributions of individual subgoal components (Section 5.3).

5.1. Surrogate LLM Evaluation

We begin our experimental analysis by conducting a comprehensive evaluation by
querying the aforementioned three LLMs across M = 1000 distinct levels in each of the
six environments under consideration. These levels are sampled uniformly at random
from the full environment-level distribution. Prior work [4,47] has demonstrated that
M = 1000 levels are sufficient to capture the variability of the environment.

As summarized in Table 3, Llama consistently outperforms the other models, achieving
the highest accuracy in five out of six position-based tasks and three out of six semantic-
based tasks. On average, Llama’s accuracy in position-based tasks exceeds Qwen’s by
approximately 10% and DeepSeek’s by roughly 50%. For semantic-based tasks, Llama
maintains a similar advantage, outperforming Qwen by about 10% and DeepSeek by
around 25%. Across all models, performance tends to be higher on semantic tasks than
on position-based tasks, with DeepSeek showing the largest discrepancy, losing nearly
25% accuracy on position tasks. Additionally, accuracy generally decreases in larger,
more complex environments, but Llama’s performance declines more gradually, indicating
greater robustness and scalability.

Table 3. Performance comparison of Llama, DeepSeek, and Qwen based on position (white back-
ground) and semantic (gray background) accuracy across six environments, in terms of accuracy; the
number of correct subgoals (SGs) out of the total SGs; the number of correct episodes (EPs) out of the
total EPs; and the average Manhattan distance with standard deviation. The model with the highest
average performance in each environment is highlighted in bold.

Environment LLM  Accuracy Correct SGs Correct EPs Manhattan

/Total /Total Distance

MultiRoomN25s Llama 09210  1842/2000 859/1000 026 + 1.01

uwitiRoom DeepSeek 03310  662/2000  125/1000 291 +2.54
(Position)

Qwen 07135  1427/2000  581/1000 1.12 + 2.05

I Llama 0.9295  1859/2000 871/1000 -

witRoom. DeepSeek 02570  514/2000 21/1000 -
(Semantic)

Qwen 05585  1117/2000  286/1000 -

MultiRoomNeS Llama 0.5397  2159/4000 179/1000  3.69 + 4.65

ti 5

wtoom DeepSeek 01200  480/4000 3/1000 7.92 + 4.64
(Position)

Qwen 03600  1440/4000 56/1000  5.23 4 4.94

MultiRoomNaS Llama 0.5480  2192/4000 166/1000 -

wltiRoomNASS 1 opSeek  0.1625  650/4000 7/1000 -
(Semantic)

Qwen 03517  1407/4000 38/1000 -

KovCortidorSaR Llama 09743 2923/3000 962/1000  0.18 + 1.20

idorS3R3

ey’-orrcor DeepSeck 03337  1001/3000 18/1000  2.57 & 2.54
(Position)

Qwen 0.9810  2943/3000  958/1000 0.07 % 0.63

KovCorridorS3RS Llama 09847  2954/3000  963/1000 -

ey ormcor DeepSeek 09063  2719/3000  770/1000 -
(Semantic)

Qwen 0.9957 2987/3000 993/1000 =
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Table 3. Cont.

Correct SGs Correct EPs  Manhattan

Environment LLM  Accuracy / Total / Total Distance
KevCorridorS6R. Llama 0.9137 2741/3000 802/1000 1.47 +5.02
i 6R3
ey’-ornicor DeepSeck 03650  1095/3000 44/1000 7.24 +7.47
(Position)

Qwen 0.8810 2643/3000 732/1000 1.34 +£4.25
Llama 0.9323 2797/3000 806/1000 =

KeyCorridorS6R3 DeepSeek 07617  2285/3000  536/1000 -
(Semantic)
Qwen 09587  2876/3000  895/1000 :
o MarelDIh Llama 09870  2961/3000  984/1000 0.08 - 0.82
truct
s r‘g;(fsiﬁoxe DeepSeek 04300  1290/3000  155/1000 298 + 3.41
Qwen 06687  2006/3000  486/1000 2.18 + 3.53
o MaselDIh Llama 09877  2963/3000  986/1000 -
structedMaze DeepSeck 07390  2217/3000  452/1000 -
(Semantic)
Qwen 07417  2225/3000  561/1000 -
o MarelDIRD Llama 04485  1794/4000 0/1000 4.33 + 421
structedMaze DeepSeck 02288  915/4000 2/1000  4.49 + 3.39
(Position)
Qwen 04050  1620/4000 1/1000  3.85 + 371
o P Llama 04858  1943/4000 0/1000 -
structedMaze DeepSeek 05182  2073/4000 14/1000 -
(Semantic)
Qwen 04820  1928/4000 1/1000 -

5.2. Policy Training Evaluation

Building on the surrogate LLM, we next evaluate the performance of agents trained
using these subgoal proposals across the six MiniGrid environments.

As shown in Figure 3, Llama consistently outperforms the other models across most
environments. Agents trained with Llama-generated subgoals reach task completion
significantly faster, achieving reductions in required training steps of up to 45% relative
to DeepSeek in position-based subgoals. On the other hand, in representation-based and
language-based subgoals, Llama increases the sample efficiency by 20%. Moreover, in
most of the considered tasks, Llama also surpasses Qwen by 10-30% sample efficiency,
depending on the environment and subgoal type. The gains are even more pronounced
compared to LAMIGO and AMIGO: Llama required 90-99% fewer training steps to reach
equivalent performance. This extreme difference occurs because in several environments,
AMIGO and LAMIGO do not achieve task completion even after 1,000,000,000 steps, which
highlights the improved learning when following the subgoal proposed by the LLMs.
These results align with the findings in Table 3; higher subgoal proposal accuracy translates
into more sample-efficient agent training.

Although DeepSeek generally exhibits the lowest subgoal accuracy across envi-
ronments, as shown in Table 3, an intriguing exception arises in KeyCorridorS6R3 for
representation- and language-based subgoals. Based on the data, DeepSeek does not al-
ways select the optimal subgoal, but in KeyCorridorS6R3, the environment’s larger size
means that incorrect subgoals often lie closer to the agent’s current position. We hypothe-
size that this behavior can actually benefit learning: by offering intermediate waypoints
that are easier for the agent to reach, DeepSeek effectively facilitates early-stage subgoal-
following behavior. Furthermore, this mechanism is moderated by the fact that DeepSeek
still proposes optimal subgoals with a non-negligible probability (approximately 75% for
this environment and subgoal types, see Table 3), creating a balance between easier-to-reach
subgoals and task-aligned subgoals. This combination may explain why, despite overall
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lower subgoal accuracy, DeepSeek achieves the highest task performance in these specific
cases. Experimental results supporting this hypothesis are detailed in Appendix E.

Oracle — Qwen —— Llama —— DeepSeek —— AMIGO —— LAMIGO
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Figure 3. Training curves for the proposed LLM-assisted RL training framework, showing the
average return over training steps for the six environments using three methodologies: position
relative to the agent’s position (first column), representation-based (second column), and language-
based (third column). The analysis includes the three LLMs under consideration (Qwen, Llama, and
DeepSeek) against optimal (oracle-provided) subgoals. Additionally, we compare our framework
to AMIGO and LAMIGO to evaluate its performance against existing approaches. The shaded area
represents the variability in the average return across 3 runs of the agent’s training process.

To assess whether the observed differences in accuracy across LLMs reported in Table 3
are statistically significant, we conduct pairwise comparisons using a Wilcoxon signed-rank
test. This non-parametric test evaluates whether two related samples differ significantly
in their distributions, making it suitable for comparing algorithmic performance across
multiple environments. Given the small number of environments considered (six), we
report exact p-values rather than relying on asymptotic approximations. Additionally, we
do not apply any correction for multiple comparisons, as the limited sample size would
render such corrections overly conservative and potentially obscure meaningful differences.

The results of this test are summarized in Table 4 for both position-based and semantic
encoding strategies. Each row compares two algorithms, reporting their average ranks
(lower values indicate better performance) and the exact p-value of the test. A p-value below
a significance value of 0.05 suggests a statistically meaningful difference in performance.
The average ranks provide a useful summary of overall performance across environments,
while the p-values quantify the confidence in these differences.

As can be concluded from this table, Llama significantly outperforms DeepSeek in
position-based subgoals (p = 0.0312), and shows a trend toward outperforming Qwen
(p = 0.0625). Qwen significantly outperforms DeepSeek in position-based subgoals
(p = 0.0312). For semantic-based subgoals, none of the comparisons reach statistical
significance, although Llama tends to rank better on average. These findings support the
conclusion that Llama generally performs best, especially in position-based subgoal tasks,
and that DeepSeek consistently underperforms relative to the other models.
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Table 4. Wilcoxon signed-rank test between the accuracy scores reported in Table 3 for every pair
of LLMs.

LLM1 LLM 2 Exact p-Value Exact p-Value
AvgRank (pos/Semantic) AvgRank (pos/Semantic) (Position) (Semantic)
L N o MR
i N o

26200 250216 00512 00935

5.2.1. LLMs’ Lack of Spatial Reasoning

A key insight from Table 3 results is that LLMs excel at tasks involving logical se-
quences (e.g., “pick up key — unlock door — retrieve ball”) but struggle with tasks
requiring a deep understanding of spatial hierarchies and topological dependencies among
subgoals. In the MultiRoom suite, the agent must traverse a series of interconnected rooms,
where access to later rooms depends on resolving spatial relationships and progression
constraints. According to our experiment (Table 3), LLMs seem to lack these capabilities,
as they do not seem to infer geometric or topological relationships from static state de-
scriptions. Nevertheless, as shown in Figure 3, agent training in environments requiring
spatial reasoning appears to succeed despite these limitations. We hypothesize that training
succeeds in these environments because their small size limits the impact of occasional
subgoal errors. Moreover, subgoals almost always correspond to doors, the only interactive
objects, so the task reduces to repeatedly opening doors to progress. This simplicity ensures
that even imperfect subgoal proposals provide a sufficiently useful signal, allowing the
agent to learn effective behavior despite the LLMs’ limited spatial reasoning.

5.2.2. Analysis of Subgoal Strategies

Table 3 compares position- and semantic-based subgoal strategies across Llama,
DeepSeek, and Qwen. Overall, semantic subgoals provide better accuracies for DeepSeek
(+4.2% to +57%) and moderate accuracy gains for Llama (+0.07% to +1.86%) and Qwen
(+7% to +8%).

To better understand how differences in accuracy translate into learning, we analyze
the training performance of position- and semantic-based (representation- and language-
based) subgoals. As shown in Figure 3, the effectiveness of subgoal types depends on the
reward horizon, defined as the distance from the agent’s starting position to the first sub-
goal and between subsequent subgoals. In smaller environments like MultiRoomN254 and
N4S5, where targets lie within or near the agent’s 7 x 7 observation window, semantic sub-
goals improve over position by 6-48%, enabling direct navigation using local information.
By contrast, in long-horizon environments such as KeyCorridorS6R3, semantic subgoals
achieve higher accuracy (Table 3) but are less effective during training due to limited obser-
vations. Position-based subgoals provide explicit stepwise guidance, improving navigation
and sample efficiency—requiring 40% fewer samples than language-based and 7% fewer
than representation-based subgoals, with Llama showing 84% and 27% gains, respectively.
In the case of ObstructedMazelDlhb, representation-based subgoals outperform position-
and language-based subgoals, while language performs worst (Figure 3). We hypothesize
this is because overall accuracy in this environment is low (Table 3) and language-based
subgoals, being higher-dimensional, make training more difficult for the agent.

The difference between the different subgoal strategies highlights a key trade-off: for
local guidance, when subgoals are close or visible within the agent’s observation window,
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both representation- and language-based subgoals are highly effective. Representation-
based subgoals allow the agent to immediately recognize and act upon the target object,
accelerating task completion. Similarly, although more complex, language-based subgoals
perform almost as well as representation-based ones and provide the added benefit of
abstract, human-readable guidance. On the other hand, for global guidance, when subgoals
are distant, position-based subgoals become more effective. By providing relative position
information, these subgoals help the agent navigate toward far-off targets, even in situations
where the agent cannot directly perceive the subgoal in its field of view.

Despite these advantages, all subgoal types face challenges under partial observability.
While position-based subgoals mitigate long-horizon navigation, they risk leading agents
into obstacles (e.g., walls) due to static instructions. Representation-based subgoals, on
the other hand, fail to guide agents when targets are outside their perceptual field. In
such cases, the agent must rely on its exploratory behavior and may reach the intended
subgoal just by serendipity. Similarly, language-based subgoals share limitations with
representation-based subgoals. While they offer an abstract form of guidance, they can
still struggle when the agent cannot directly perceive the target object or when the subgoal
requires more complex spatial reasoning beyond the provided language instructions.

5.2.3. Sensitivity Analysis of Subgoal Reward Balance

The balance between subgoal rewards and the overall task reward is critical for
effective training. We evaluate this balance through the reward coefficient &, which scales
the subgoal reward 7§ relative to the extrinsic task reward 7. Our experiments (Figure 4)
reveal that a low « value (e.g., « = 0.2) strikes an optimal balance, ensuring that subgoals
guide the agent without overshadowing the primary task objective.

The effect of « varies substantially across task suites. In the MultiRoom environments,
the task is simple—traverse a few rooms and open doors—so even with low subgoal
accuracy, a high « does not severely hinder training. Nevertheless, as shown in Figure 4,
Llama tends to struggle with higher alpha values. On the other hand, in ObstructedMaze
environments, where tasks involve more intricate dependencies, high « values amplify
the impact of incorrect subgoals. This issue is evident in ObstructedMazelDlhb, where
Llama achieves 44-48% accuracy and DeepSeek 22-52% (Table 3), making high « values
impractical. By contrast, in the KeyCorridor suite, subgoal accuracy is much higher—above
90% for most models except DeepSeek (Table 3)—which allows the agent to benefit from
larger « values, despite reduced sample efficiency in low alpha values (about 40% lower
in KeyCorridorS6R3 with « = 0.2). Taken together, our experiments indicate that setting
« = 0.2 provides the best balance across environments, offering sufficient guidance from
subgoals without allowing subgoal errors to dominate learning, and ensuring consistent
task performance even in more complex or error-prone settings.

e llama e DeepSeek o Qwen
108 N4S5 %107 1Dlhb X107 S6R3

€ 075 £o08

£ &
0.50 y 06
025 : o4

01 02 03 04 05
a

Training Steps
b o5 w5 &

5

°

06 07 08 09 10 01 02 03 04 05 06 07 08 09 10 01 02 03 04 05 06 07 08 09 10
Value aValue aValue

Figure 4. Average number of training steps required for agents to achieve a mean success rate
exceeding 99%, aggregated across all subgoal types and environments. Each color represents the
average performance of a specific LLM (Llama, DeepSeek, Qwen). Lower values indicate faster and
more desirable learning.
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5.3. Ablation Study: Impact of Subgoals and Rewards

To further understand the role of subgoals and rewards in agent training, we con-
duct an ablation study across all evaluated LLMs using representation-based subgoals
(representation-based subgoals were chosen, as they demonstrated the most consistent
performance across environments). We analyze two specific training conditions:

*  No Reward: In this setup, agents receive representation-based subgoals in their obser-
vation, but no supplementary rewards for achieving them. Results show that agents
fail to learn in environments with long reward horizons, namely, MultiRoomN4S5,
KeyCorridorS3R3, KeyCorridorS6R3, and ObstructedMazelDlhb (Figure 5, first and
third columns). This highlights the critical role of rewards in guiding exploration and
reinforcing task completion, particularly in complex scenarios where subgoals alone
are insufficient to bridge the reward gap. However, in environments with shorter
reward horizons, such as MultiRoomN254 and ObstructedMaze1Dlh, agents success-
fully learn the task even without supplementary rewards, as the reduced complexity
allows subgoals to provide sufficient guidance.

*  No Subgoal: Agents receive supplementary rewards for subgoal completion but do
not have access to subgoals in their observation space. Agents still perform well
in this condition, achieving convergence comparable to setups where subgoals are
explicitly provided (compare Figure 5, which shows training without subgoals, to
Figure 3, which shows training with subgoals). For example, in ObstructedMaze1Dlh,
access to subgoals leads to substantially faster convergence, with Qwen and Llama
improving by roughly 20% and DeepSeek by about 12.5%. A similar trend is ob-
served in KeyCorridorS6R3, where all models converge approximately 15% faster
when subgoals are available. However, once the underlying policy has been fully
acquired, subgoals in the observation space are no longer necessary for successful task
completion, suggesting that incorporating subgoals into the agent’s observation space
primarily serves to accelerate training.

Oracle — Qwen —— Llama —— DeepSeek

No Reward No Subgoal No Reward No Subgoal

o

(%]

4]

o
Avg. return

°

@

0.0 1
0.00 0.250.50 0.75 1.00 1.25 1.50 1.75 2.

I

er

-
o

Training steps

x10°

0 0.000.250.50 0.75 1.00 1.25 1.50 1.75 2.
Training steps x108

1DIh

Avg. return

m

£
1DIhb £

Avg

S6R3

Avg. return

o
o

o
°

o

0.5

o
o

o

°
o

°
°

Yy
(
|
o

o
°

3.0
x107

12 18 24

Training steps

0.6

n

0.0

3.0
x107

12 18
Training steps

0.6 2.4

Figure 5. Performance comparison for different training scenarios using representation-based sub-
goals. The figure displays results for no-reward training (subplots in the first and third columns) and
no-subgoal training (subplots in the second and fourth columns). The no-reward training scenarios
depict the agent’s performance when rewards are absent and representation subgoals are present,
while the no-subgoal training condition shows the performance when subgoals are absent, but
rewards are still present. Plots of each training scenario are split into two columns for the sake of
visual readability.

These findings reveal that subgoals significantly reduce training time by providing
intermediate milestones, particularly in environments with sparse rewards or long horizons.
More importantly, supplementary rewards are essential for effective learning, especially
in complex tasks where subgoals alone cannot bridge the reward gap. As a consequence,
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an important observation is that agents can be decoupled from subgoals once training is
complete, reducing computational overhead and operational costs during deployment.

6. Conclusions and Future Work

This work has shown that LLMs can be effectively leveraged as subgoal generators
to help RL agents learn in sparse environments, without requiring any fine-tuning of the
language models. By providing structured guidance, LLMs help agents overcome reward
sparsity and improve learning efficiency, particularly in long-horizon tasks.

We have conducted an extensive analysis of three different LLMs, evaluating their
effectiveness in generating useful subgoals for RL agents. Our results demonstrate supe-
rior performance over recent teacher-student baselines within the MiniGrid benchmark.
Additionally, we have explored three distinct subgoal-generation strategies, each tailored
to different task requirements.

Furthermore, we have shown that our method can override the need for an LLM in
deployment when the subgoal is not considered in the agent’s observation space. That
is, we use the LLM to accelerate the training while maintaining scalability for real-world
applications, where querying an LLM at inference time may not always be feasible. In
addition, by not relying on perfect guidance, this approach improves the agent’s robust-
ness and generalization, particularly when the quality of subgoals is degraded, which is
critical in real-world scenarios such as robotic exploration in novel environments, content
recommendation with shifting user preferences, or vehicular traffic management under
varying inflow rate [54].

Future Work

We aim to extend our framework to a broader set of benchmarks. While our current
results demonstrate the benefits of LLM-generated subgoals, testing on a wider variety
of domains would provide deeper insights into their general applicability. Additionally,
incorporating real-world tasks, like robotic assemblies or autonomous drone flights, could
further validate the robustness of our approach.

Another promising direction is to make the proposed framework more adaptive to the
agent’s knowledge progression. This can be approached in two ways. First, by dynamically
adjusting the complexity of subgoals: breaking tasks into smaller, manageable steps and
progressively increasing their difficulty as the agent improves. Second, by training agents to
follow LLM-generated subgoals more closely, either by applying higher weighting factors
(e.g., « = 1) or by using dynamically adjusted weighting factors. These strategies could
enhance the agent’s ability to generalize to entirely new environments. Consequently, the
following key question arises: can an agent leverage LLM guidance to solve novel tasks in
completely unfamiliar settings? Investigating this question could provide insights into how
well LLM-driven subgoal generation supports cross-domain transfer and rapid adaptation
in open-world settings

Finally, our current framework includes an LLM surrogate component, which serves
as an approximation of the reasoning capabilities of large models. While this surrogate
approach is already effective, refining it could lead to even better subgoal quality and
alignment with the agent’s capabilities.
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Appendix A. Prompts Used for Subgoal Generation

In this appendix, we detail the prompts used to instruct the LLM for subgoal gener-
ation at the start of each episode. These prompts are provided sequentially, using a CoT
approach to maintain context and build upon previous responses.

Figure Al illustrates the initial prompt, where the LLM is asked about its knowledge
of MiniGrid. This step establishes a foundational understanding of the environment, which
is crucial for generating relevant subgoals.

Similarly, Figure A2 shows a prompt that provides detailed information about the
MiniGrid environment, including the encoding of different objects and the representation
of the agent’s direction. This prompt ensures that the LLM has a clear understanding of
the environment’s state and object semantics. Finally, Figure A3 presents the final prompt,
where the LLM is explicitly instructed to generate subgoals based on the current state. The
LLM is guided to focus on specific objects of interest rather than movement patterns and is
asked to provide the subgoals in a structured format.

These prompts are delivered sequentially at the first time step of each episode in state
sp, with the LLM's responses building on the information provided in the previous prompts.
This method leverages Chain of Thought reasoning, allowing the LLM to maintain memory
and coherence throughout the prompting process.

Subgoal Generation Prompting

User:
Tell me about your knowledge of MiniGrid, Farama-Foundation’s grid world environments
for reinforcement learning.

Figure A1. Initial prompt input to the LLM about its knowledge of MiniGrid, establishing a founda-
tional understanding of the environment under consideration.
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Subgoal Generation Prompting

User:
Each environment in MiniGrid is defined by a grid. I will provide you a matrix representing
this grid.

Each tile in the grid is encoded with a number, and each number represent the following:

0: Wall, walls are not movable objects, that cannot be overpassed.
2: Key, the key is used to unlock locked doors.

x: Floor, the agent can walk of these.

3: Ball, the ball is the final goal of the environment.

7: Closed door, these doors can be opened without a key.

8: Locked door, these doors need a key to be opened.

9: Opened door, these doors can be overpassed.

Also the agent is represented by:
>: Looking right

V: Looking down

<: Looking left

A: Looking up

With all of this in mind, describe the semantics of the state, using only information from the
state and your knowledge of MiniGrid.

.

Figure A2. Prompt providing detailed information about MiniGrid’s grid encoding scheme and
object representation, ensuring the LLM understands the state semantics.

Subgoal Generation Prompting

User:
Now, respond by explicity declaring which subgoals would be optimal to progress toward
the goal. Remember that keys are needed to open locked doors.

Do not provide subgoals related to movement patterns. Instead, focus on subgoals involving
specific objects of interest. Also, provide the final goal as subgoal.

For the subgoals, follow the following format:

<subgoals>

1. instruction (str) (x (int), y (int))

2. instruction (str) (x (int), y (int))

3. instruction (str) (x (int), y (int))

</subgoals>

The instruction must be text without any number. The x and y are the coordinates of the
subgoal. Do not add any more information.

The state the agent is seeing is the following: {state}

\.

Figure A3. Final prompt instructing the LLM to generate specific subgoals based on the current state,
focusing on object-related goals and providing subgoals in a structured format.

Appendix B. Training Solely with Oracle Data Is Insufficient

In this appendix, we delve into the experimental setup and results that explore the
benefits of using surrogate LLMs for training agents, as compared to training solely on
oracle-generated data. We analyze the implications of different training—evaluation con-
figurations and present a detailed comparison of agents trained with oracle data versus
surrogate LLM data.
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Appendix B.1. Experimental Setup

The primary objective of this experiment is to explore the benefits of surrogate LLMs.
Specifically, we aim to determine whether training an agent on data generated by surrogate
LLMs provides advantages over training exclusively on an oracle-generated data set. The
hypothesis is that training an agent solely on oracle-generated data may result in poor
performance when exposed to a real LLM with inherent errors and variability. This is
because the agent becomes too reliant on perfect subgoal guidance, and the introduction
of errors in a real LLM may disrupt its ability to succeed. By training the agent on data
generated by a surrogate LLM, we avoid the need for continuous LLM queries during
training, ensuring scalability. However, we hypothesize that this approach will lead to
better generalization over time, with improved performance when the agent is eventually
exposed to a real LLM that can handle errors more effectively. To achieve this, we train
agents using the following two data sources:

*  Oracle-generated data: The agent is trained on a perfectly curated data set.
*  Surrogate LLM data: The agent is trained on data generated by a surrogate LLM (e.g.,
Llama or DeepSeek).

After training, the agents are evaluated on real-world LLMs to assess their performance
in practical scenarios where no surrogate models are available. The experiments performed
for this evaluation consist of the following two phases:

e Training: Agents are trained on either oracle-generated data or surrogate LLM data.
*  Evaluation: The trained agents are evaluated on real-world LLMs to measure their
effectiveness.

Performance is assessed based on three subgoal types: position, representation, and
language. This results in twelve distinct configurations, producing the results summarized
in Table Al and Figure A4.

Trained on
[ Oracle [ Llama [0 DeepSeek

Evaluated on Llama Evaluated on DeepSeek

1001

.................................................................................................... ]

801

60 1

40

Success Rate (%)

204

Figure A4. Violin plots comparing the success rates of agents trained on oracle-generated data versus
surrogate LLM data (Llama or DeepSeek) and evaluated on real-world LLMs. The left plot shows
results for agents evaluated on Llama, while the right plot presents results for agents evaluated
on DeepSeek. The distribution of success rates highlights the performance gap between training
exclusively on oracle data and incorporating surrogate LLM data, emphasizing the advantages of the
latter in real-world generalization.
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Table A1. Success rates (%) and percentiles for different subgoal types and training—evaluation config-
urations. The columns have four different configurations, where the first value in each configuration
refers to the language model used for training (either oracle or a surrogate LLM) and the second
value represents the LLM evaluated in the real-world scenario, without any surrogate approach.

Oracle — Llama Oracle — DeepSeek Llama — Llama DeepSeek — DeepSeek

Metric Subgoal Type
Position 72.77 55.15 97.87 99.79
Mean Representation 62.95 73.87 89.61 91.88
Language 63.01 72.07 78.21 85.54
Position 83.60 53.50 99.50 99.80
Median Representation 81.35 84.60 98.70 99.80
Language 93.30 87.00 99.70 100.00
Position 36.58 34.75 1.47 0.30
IQR Representation 66.93 43.55 3.60 1.75
Language 90.32 50.20 38.15 0.30

Appendix B.2. Insights and Implications of Training with Surrogate LLM Data

The results reveal that agents trained on data from surrogate LLMs (Llama or
DeepSeek) consistently outperform those trained solely on oracle-generated data and
evaluated on LLMs. This suggests that while oracle data provides a high-quality, curated
data set of subgoals, it may lack the diversity and complexity inherent in real-world data.
Surrogate LLM data, on the other hand, better captures the nuances and variability of
real-world scenarios, leading to improved generalization and performance.

A particularly notable observation is the significant performance gap in the DeepSeek
surrogate model. The oracle, being a perfect data set, appears to overly influence the
DeepSeek agent, which normally exhibits poor accuracy. This overfitting to the oracle’s
perfection results in suboptimal performance when the agent is evaluated on real-world
DeepSeek data. In contrast, training directly on surrogate DeepSeek data yields signifi-
cantly higher success rates, as the agent learns to adapt to the inherent characteristics and
limitations of DeepSeek.

These findings underscore the importance of incorporating surrogate LLM data in our
training pipeline to enhance the robustness and applicability of agents in practical settings.

Appendix C. LLM Accuracy Evaluation

In this appendix, we present the detailed algorithm (Algorithm A1) used to evaluate
subgoal predictions generated by language models. The LLM evaluation is conducted
on a data set containing entries with both oracle-provided ground truth subgoals and
LLM-generated predictions, where each subgoal is represented by a prompt (descriptive
text) and a position (coordinates in the environment). The process is designed to assess the
accuracy of these predictions in two key aspects: position correctness and semantic correctness.

Position correctness assesses how closely the predicted coordinates match the ground
truth locations. To measure this, we compute the Manhattan distance between each pre-
dicted and true position, which quantifies the step-wise spatial discrepancy along grid
axes. The mean Manhattan distance (Equation (2)) captures the average alignment error
across all subgoals, while the standard deviation (Equation (3)) reflects the variability of
these errors.
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Semantic correctness, by contrast, evaluates whether the predicted subgoal descrip-
tions explicitly reference the key elements of the ground truth prompt. In practice, this
requires that the predicted text includes the correct object name and, when relevant, its
associated attributes such as color. A prediction is considered semantically correct if these
essential components are present, ensuring that representation-based and language-based
subgoals preserve the intended meaning and context.

Algorithm A1 LLM Accuracy Evaluation

1: Input: Data set D = {entryy, ..., entryy}, where each entry contains:
2 ground_truth position and prompt

3 predicted position and prompt

4: Output: Position accuracy, semantic accuracy, and distance metrics
5: Initialize: Initialize accuracy counters and distance metrics to 0.
6
7
8
9

: for each entry € D do
Standardize predicted prompts (e.g., replace “goal” with “ball”)
Remove redundant subgoals and merge close-position ones
: Pad prediction list to match length of ground truth
10: for each (y,7) in (ground_truth, prediction) do

11: if y_pos == §j_pos then

12: position_correct <— position_correct +1

13: Append 0 to manhattan_distances

14: else

15: Compute and append Manhattan distance between y_pos and §_pos
16: end if

17: if y_prompt matches §j_prompt (including attributes like color) then
18: semantic_correct < semantic_correct + 1

19: end if

20: total_subgoals < total_subgoals + 1

21: end for

22: if all subgoals are correct then

23: position_correct_episodes <— position_correct_episodes + 1

24: semantic_correct_episodes <— semantic_correct_episodes + 1

25: end if

26: total_entries < total_entries + 1

27: end for

28: Compute accuracy, mean, and standard deviation of manhattan_distances
29: return Position and semantic evaluation metrics

Appendix D. Subgoal Types with Illustrative Examples

In this appendix, we present examples of the different types of subgoals used through-
out our experiments, including position-based, representation-based, and language-based
subgoals. In this study, we assume MiniGrid as our testbed for the different types of
subgoals, although it can be extended to any other environment (not all environments can
represent every type of subgoal considered; however, the vast majority can implement at
least two of them).

Appendix D.1. Position-Based Subgoals

As shown in Figure A5a, relative position subgoals are represented as a two-dimensional
vector. The first value corresponds to the distance along the x-axis, while the second value
represents the distance in grid blocks along the y-axis. With this type of subgoals, the
agent learns to interpret the direction it must move in to reach the subgoal, adjusting its
navigation based on the relative position provided.
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Language

Relative

Representation

(@) (b) (©)
Figure A5. Subgoal representations in KeyCorridorS3R3 in MiniGrid. (a) Relative position: subgoal
is the offset from the agent’s current position (X, y). (b) Object representation: subgoal as a 3D vector
(type, color, state). (c) Language embedding: subgoal as a 384D embedding from LM. The current
subgoal (the key) is indicated with a green circle.

Appendix D.2. Representation-Based Subgoals

As shown in Figure A5b, representation subgoals are encoded as three-dimensional
vectors. The first value denotes the type of object, the second represents the object’s color,
and the third indicates its state. There are 11 possible object types, including unseen (0),
empty (1), wall (2), floor (3), door (4), key (5), ball (6), box (7), goal (8), lava (9), and agent (10).
Since representation subgoals are limited to interactable objects within the environment,
the subgoal space is restricted to doors, keys, balls, boxes, and goals. For colors, six options
are available: red (0), green (1), blue (2), purple (3), yellow (4), and gray (5). The state value
is particularly relevant for doors, with options for open (0), closed (1), and locked (2).

Appendix D.3. Language-Based Subgoals

As shown in Figure A5c, language-based subgoals are represented as embeddings
retrieved from a language model based on the output text of the LLM. We use all-MiniLM-
L6-v2 as the language model, which generates a 384-dimensional vector for each subgoal.
For instance, in the subgoal illustrated in Figure A5c, the embeddings correspond to the
output text “Go to the yellow key.”

However, to reduce the complexity and variability of natural language, this subgoal
(e.g., “Go to the yellow key.”) is not generated freely but retrieved from a language
subgoal pool. To construct this pool, we first enumerate all possible combinations of objects
and attributes. For example, doors are combined with colors and states: “Red closed
door.”—*“go to the closed red door”, “Green locked door.”—*“go to the locked green door.”.
Other objects are paired with appropriate verbs, such as “yellow key”—“pick up the yellow
key”, “red ball”—“pick up the red ball.”. Second, each phrase in the pool is converted
into an embedding using the all-MiniLM-L6-v2 language model. Finally, when the LLM
outputs a new instruction, we compute its embedding and retrieve the closest match in the
subgoal pool using cosine similarity. The closest embedding from the pool is then used as
a subgoal.

Appendix E. Adaptive Closer Subgoals

In environments where the first subgoal is too distant for the agent to reach by serendip-
ity, we observe an intriguing phenomenon: less accurate LLMs can sometimes outperform
more accurate ones during early training. This counterintuitive result arises because in-
accurate LLMs tend to generate “random” subgoals that are closer to the agent’s starting
position. These closer subgoals provide denser rewards, making it easier for the agent
to learn how to follow LLM-generated subgoals effectively. To investigate this effect, we
implement a two-phase training process:

1. Pretraining phase: The RL agent is initially trained for 1 million steps using subgoals
that are close to the agent’s starting position, making them easily achievable. This
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phase mimics the behavior of a less accurate LLM by providing subgoals that are

relatively simple, ensuring the agent can achieve them with minimal effort.

2. Training phase: After pretraining, the agent transitions to standard training using sub-
goals generated by the surrogate LLM. By this stage, the agent has already developed
an understanding of how to follow subgoals provided by the LLM, which enhances
training efficiency.

Results shown in Figure A6 highlight an important consideration for LLM-generated
subgoal decomposition. While breaking down a task into smaller steps is essential, it may
not always be sufficient for effective learning. Our findings suggest that investigating
methods to assess whether a decomposition provides reachable subgoals could be valuable.

— Llama —— DeepSeek o Llama Pretrain - DeepSeek Pretrain

1.0

° o
o ©
L f

o
i
L

End of Pretraining

Avg. Return

°©
N
N

o
o

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
Training steps x107

Figure A6. Training curves comparing runs with and without pretraining. The two dashed lines
represent runs with pretraining, while the two solid lines correspond to runs without pretraining.
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