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Abstract

While reinforcement learning from scratch has shown impressive results in solving
sequential decision-making tasks with efficient simulators, real-world applications
with expensive interactions require more sample-efficient agents. Foundation mod-
els (FMs) are natural candidates to improve sample efficiency as they possess broad
knowledge and reasoning capabilities, but it is yet unclear how to effectively inte-
grate them into the reinforcement learning framework. In this paper, we anticipate
and, most importantly, evaluate two promising strategies. First, we consider the
use of foundation world models (FWMs) that exploit the prior knowledge of FMs
to enable training and evaluating agents with simulated interactions. Second, we
consider the use of foundation agents (FAs) that exploit the reasoning capabili-
ties of FMs for decision-making. We evaluate both approaches empirically in a
family of grid-world environments that are suitable for the current generation of
large language models (LLMs). Our results suggest that improvements in LLMs
already translate into better FWMs and FAs; that FAs based on current LLMs can
already provide excellent policies for sufficiently simple environments; and that
the coupling of FWMs and reinforcement learning agents is highly promising for
more complex settings with partial observability and stochastic elements.

1 Introduction

While reinforcement learning agents have achieved impressive results in mastering complex games
(Berner et al., 2019; Vinyals et al., 2019; Schrittwieser et al., 2020), their applicability is often
limited by sample inefficiency, requiring millions of interactions to learn effective policies. A
promising solution is to incorporate prior knowledge, removing the constraint of learning tabula
rasa. Foundation models (FMs), with their vast pre-trained knowledge and reasoning capabilities, are
natural candidates for this role (Brown et al., 2020; Team et al., 2023; Achiam et al., 2023).

However, it is unclear how to best integrate these powerful models. Prior work has often used them as
auxiliary components for reward shaping (Klissarov et al., 2024) or as high-level planners controlling
a set of abstract skills (Wang et al., 2024a). This paper investigates a more direct form of integration
by asking a fundamental question: to what extent can contemporary FMs serve as zero-shot world
models or low-level actors? We evaluate two competing strategies:

• Foundation World Models (FWMs): Using an FM as a zero-shot simulator to generate
interaction data for pre-training a traditional RL agent.

• Foundation Agents (FAs): Using an FM directly as a decision-making policy, generating
low-level actions at each step.
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To isolate the core simulation and reasoning capabilities of FMs, we conduct our analysis in a
controlled "laboratory": a family of text-based grid-world environments. This deliberate choice
allows us to systematically probe their abilities in handling deterministic and stochastic dynamics
without the confounding complexities of visual perception. Our work contributes a direct, comparative
analysis of the FWM and FA approaches at the level of low-level dynamics simulation and action
selection. By deliberately avoiding intermediate abstractions like planners or predefined skills, we
provide a foundational benchmark of the zero-shot capabilities of the foundation models themselves.

Our results reveal a clear trade-off. In simple, deterministic settings, FAs provide excellent zero-shot
policies. However, for more complex, stochastic, and partially observable tasks, the FWM-RL
approach is far more robust, demonstrating that pre-training on simulated data provides a substantial
sample efficiency gain. Our findings provide a foundational analysis for the burgeoning field of world
models, offering key insights into how these powerful priors can be harnessed to build more efficient
agents.

2 Related Work

Foundation models for simulation. Prior knowledge and generative capabilities can allow foun-
dation models to generate environment dynamics for a broad range of applications. Yang et al.
(2024) developed a high-quality interactive physics simulator trained from video data only. Park et al.
(2023) showed that LLMs can simulate the behavior of autonomous agents deployed in a small town.
Another line of work explores LLM simulations in combination with planning algorithms. Guan et al.
(2023) and Valmeekam et al. (2023) demonstrated that LLMs can produce simulations with a planning
domain definition language (PDDL) that can be combined with standard solvers. Alternatively, LLMs
can directly act as forward models for tree search methods (Hao et al., 2023; Hao* et al., 2024; Yao
et al., 2023a). While these results show that LLM simulations can be successfully used for planning,
their applicability is often limited by domain compatibility with PDDL and the need for perfect
simulations.

Recent work has systematically benchmarked the simulation ability of LLMs. Wang et al. (2024b)
introduced ByteSized32, showing that while GPT-4 can handle simple text-based transitions, it is
unreliable on arithmetic and implicit-physics dynamics. To improve robustness, neurosymbolic
approaches have emerged: Tang et al. (2024) propose WorldCoder, where LLMs iteratively write
Python code to represent environment dynamics, and Dainese et al. (2024) combine LLM-generated
code with MCTS refinement to yield verified executable world models. At the multimodal scale,
DeepMind’s Genie 3 (DeepMind, 2025) demonstrates that foundation world models can now gen-
erate interactive 3D environments at 24fps with persistent object memory and emergent physics,
representing a new frontier for simulation-based pretraining.

Foundation models for decision-making. Beyond simulation, LLMs can act directly as agents.
Liu et al. (2023) proposed Reason for Future, Act for Now (RAFA), where an LLM imagines possible
futures while a policy executes near-term actions, improving robustness over naive direct control.
Other approaches augment decision-making with structured search, such as Tree-of-Thoughts (Yao
et al., 2023b) and Graph-of-Thoughts (Besta et al., 2024), which extend chain-of-thought prompting
into trees or graphs of possible action sequences. These methods highlight that while foundation
agents excel in short, deterministic tasks, more systematic reasoning is needed for long-horizon or
stochastic domains. Multimodal foundation models further expand this scope by enabling agents to
act in environments with both text and images (Driess et al., 2023; Lin et al., 2023).

Foundation models as auxiliary components. In reinforcement learning, foundation models can
also guide agents indirectly through reward shaping and goal generation. Klissarov et al. (2024)
introduced an intrinsic reward model based on LLM preferences, substantially improving exploration
in sparse-reward environments. Ma et al. (2024a) demonstrated that if environment code is available,
an LLM can program and refine a reward function based on agent feedback. Du et al. (2023) used
an LLM to generate plausible goals for a goal-conditioned agent, while Yang et al. (2023) trained a
multimodal RL agent to imitate an expert LLM policy defined via PDDL. More recently, Ma et al.
(2024b) proposed Foundation Model Exploration, where a vision-language model intermittently
proposes exploratory actions, yielding substantial gains in sparse-reward domains with minimal
prompting.
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In our work, we specifically focus on the direct integration of LLMs in reinforcement learning via
low-level action selection and environment dynamics simulation.

3 Methods

In this section, we introduce the methodology proposed to evaluate the direct integration of LLMs
within the reinforcement learning framework. Section 3.1 describes the family of grid world environ-
ments used for evaluation. Section 3.2 describes how we induce LLMs to simulate these grid worlds
to facilitate a foundation world model and delineates the challenges involved. Finally, Section 3.3
integrates LLMs in the decision-making process of reinforcement learning through two strategies:
combining the LLM-based world model with reinforcement learning agents and directly querying
LLMs for low-level action selection.

3.1 Grid World

In this paper, we specifically focus on grid world environments, which is one of the most commonly
used environment types in reinforcement learning (Chevalier-Boisvert et al., 2023). In addition
to the simplicity of encoding them in textual representation, grid worlds have the advantage of
being sufficiently simple to allow in-depth investigations and can be adapted to include substantial
difficulties. Furthermore, grid worlds inherently pose interesting challenges for LLMs, as simulation
and planning require the handling of numerical operations and constraints such as grid boundaries.

We define a grid world as a square grid of size n× n, where n is a positive integer. A state is defined
as a tuple of two integers [x, y] encoding the coordinate position of the agent inside the grid. The
agent’s starting position is fixed at the bottom-left corner. The maximum number of time steps is set to
2n2. The agent has a set of four possible actions to move within the grid: A = {up, down, left, right}.
When the agent takes an action that attempts to go outside of the boundaries, it has no effect. There
exists a single reward location that yields a reward of 1, all other locations yield a reward of 0.

We consider two grid world instances designed to highlight the strengths and weaknesses of LLMs
for simulation and decision-making. The first one is deterministic and fully observable. The reward
location is fixed in the top-right corner, and this information is included in the input for the decision-
making agents. This allows us to examine the ability of LLMs to simulate the environment dynamics
and how well they can utilize their reasoning abilities to locate and navigate to the reward. The
second setting is stochastic and partially observable. The reward location is randomly sampled every
episode, and its location is not provided to the agents. This setting is significantly more challenging
to solve for both simulation and decision-making. For simulation, the LLMs are now also required to
reproduce a uniform sampling distribution of reward locations. Additionally, while in the previous
setting, a decision-making agent is only required to navigate to the reward location, in this setting
they need to systematically explore the grid. In Appendix A we consider further variations of the grid
world, such as adding a key or incorporating sticky actions.

3.2 Foundation World Models

Simulating environment dynamics. A world model is composed of a transition function, which
describes how the environment state changes in response to an action of the agent, and a reward
function, which specifies the immediate rewards corresponding to state transitions. To reproduce
these functions with an LLM, we can design a prompt template containing a description of the
environment, the transition function, and the reward function. The variables in the template are
the grid size <n>, the location of the reward <REWARD LOCATION>, the current state of the
environment <OBSERVATION>, and the agent action <ACTION>.

Prompt template. To provide a brief contextualization of the problem, we first describe the grid
world environment.

Imagine a gridworld of size <n> by <n> with an observation system of
coordinates , where [0,0] is the bottom left corner.

For the reward function, we can simply list the two possible outcomes, such that the LLM is tasked
with associating the current location of the agent with the reward location.
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Determine which reward condition the next observation meets , and
respond the corresponding reward and terminal status:
- The observation is the same as <REWARD LOCATION > - 1 and True
- The observation is not the same as <REWARD LOCATION > - 0 and
False

The transition function of the grid world is the most challenging component as it is not limited to
comparison but also requires the execution of bounded mathematical operations. For this reason, we
consider two prompt templates for the grid world transition function that we refer to as Tminimal and
T . The former only provides a minimalist description of the transition function and more heavily
relies on the LLMs’ prior knowledge of grid worlds and inference capabilities:

Determine the next observation after taking action <ACTION > from <
OBSERVATION > with the following rules:
- The location [0,0] is the bottom -left corner , and [<n-1>,<n-1>]
it the top -right corner.

The latter includes a more detailed description of the transition function and the mathematical
constraints that can be leveraged by the LLMs reasoning capabilities:

Determine the next observation after taking action <ACTION > from <
OBSERVATION > with the following rules:

- The x and y values are always non -negative and lower than <n
-1>.

- ’right ’ means increment x
- ’left ’ means decrement x
- ’up’ means increment y
- ’down ’ means decrement y.
- Actions have no effect when they go outside the boundaries.

Temperature. In this paper, we assume T and R to be deterministic. This means that even though
we use generative models that are inherently non-deterministic, we need to encourage as little diversity
in the responses as possible. The primary factor that affects the variability in the responses of large
language models (LLMs) is the temperature parameter, denoted as τ , which generally ranges from
0 to 2. This parameter essentially determines the likelihood that the model will choose the token
with the highest probability instead of selecting among other possible tokens. Thus, we can use
τ = 0 to encourage the simulation of deterministic functions T and R. However, reinforcement
learning environments may contain stochastic elements. For instance, in the second variation of our
grid world the reward location is randomly sampled from a uniform distribution in each episode. To
simulate this through FWMs is non-trivial, as ensuring that the distribution of outcomes produced by
an LLM matches a specified distribution is challenging (Papamarkou et al., 2024). Nonetheless, we
investigate the ability of LLMs to facilitate this stochastic element by setting τ = 1.8 to introduce
significantly more variability and uncertainty into the model’s responses. We then prompt the LLM
with a specification of the desired distribution as:

Generate a random location on an <n> by <n> grid and respond it as a
coordinate [x,y].

We investigate the simulation of stochastic elements with non-uniform distributions in Appendix A.2.

3.3 Decision-making agents

FWM-based reinforcement learning. Model-based reinforcement learning agents aim to learn
an explicit model of the environment dynamics. Utilizing these world models, agents can simulate
environment interactions, which often results in significantly better sample efficiency compared to
their model-free counterparts (Ha & Schmidhuber, 2018; Kaiser et al., 2020; Janner et al., 2019;
Schrittwieser et al., 2020; Sasso et al., 2023; Hafner et al., 2023). In our approach, we pre-train
the agents using simulated interactions from the FWM before letting the agent interact with the
real environment. This integration leverages the prior knowledge of LLMs along with the adaptive
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decision-making capabilities of reinforcement learning algorithms. We focus on Policy Gradient (PG)
agents (Sutton & Barto, 2018), being a popular choice among practitioners. More specifically, we use
Trust Region Policy Optimization (TRPO) (Janner et al., 2019) for the deterministic grid and Proximal
Policy Optimization (Schulman et al., 2017) with a recurrent neural network (RecurrentPPO), for the
stochastic and partially observable grid world.

Foundation agents. The prior knowledge and reasoning abilities encoded in LLMs provide the
potential to induce zero-shot optimal policies. For example, common sense naturally suggests that the
action ’up’ induces a unitary increase of the y coordinate and that the grid should be systematically
explored to find a random reward location. Therefore, we investigate how well LLMs can exploit their
capabilities to directly act in the environment as such Foundation Agents (FAs). We do so through
three different prompt templates, that include the description of the environment, the objective, and
the full history of previously visited locations, but differ in the level of guidance to utilize this
information:

• Action Only (AO): The agent is asked to respond with an action given the current state and
information available.

• Simple Plan (SP): The agent is encouraged to first reason about what it should do next given
the current state and information available, then decide on an action based on that plan.

• Focused Plan (FP): The agent is explicitly told to use its memory to determine what position
it wants to go next, then analyze which action is best to efficiently reach that position, and
finally respond with that action.

These three prompts aim to encourage the agent to use different levels of reasoning and planning
strategies, helping to assess how effectively LLMs can navigate decision-making tasks and adjust
their behavior based on varying levels of guidance and complexity. Particularly in the stochastic
setting used in this paper, the agent should utilize its memory to know what locations it previously
visited to consistently find the reward. The AO prompt provides minimal guidance and relies on
the model figuring out itself that it should utilize its memory to decide on the next action. The SP
prompt increases the level of guidance by encouraging the model to first reason with the available
information and generate a plan accordingly. Finally, the FP prompt explicitly tells the model to
generate a plan by utilizing its memory of previously visited states and respond with an action based
on that plan. The corresponding prompt templates and further implementation details can be found in
Appendix B.3.

4 Experiments

In this section, we perform an in-depth examination of the FWM and FA concepts through empirical
experiments. Section 4.1 provides an in-depth study of FWMs through simulation experiments and
Section 4.2 examines FAs and the combination of FWMs with reinforcement learning agents through
decision-making experiments.

Foundation models. The LLMs used for all examinations in this paper include GPT-3.5 and GPT-4
(Achiam et al., 2023), Gemma 2b and Gemma 7b (Team et al., 2024), and Gemini 1.0 and Gemini 1.5
(Team et al., 2023). This diverse collection enables us to assess the simulation and decision-making
abilities of LLMs across various model types and generations. Although the exact parameter counts
for the GPT and Gemini models are unknown, performance benchmarks suggest that Gemini 1.0
aligns closely with GPT-3.5, and Gemini 1.5 with GPT-4 in terms of parameter range (Chiang et al.,
2024). The Gemma models, rooted in the same research and technology as the Gemini models, serve
as a reference point for smaller model sizes.

4.1 Foundation World Models

Experimental setup. We examine the ability of LLMs to simulate transition functions, reward
functions, and stochastic elements with a set of prompts designed to evaluate these components
independently. First, we analyze the effect of abstraction by comparing T and Tminimal, which query
the model with a detailed and a minimalist description of the transition function, respectively. Then,
we analyze the effect of adding additional operations by also querying the LLMs for the reward
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Figure 1: Simulation performance for LLMs with various prompt approaches. The bar plots show
the simulation accuracy for each combination. Below each model’s bar plot, the corresponding
errors are visualized as red arrows in the grid. Prompt T queries the transition function with detailed
descriptions, T +R queries both the transition and reward function with detailed descriptions, Tminimal
queries only the transition function with a minimal description, and prompt Tminimal + R adds the
reward function to the latter.

function in both variants, i.e. T + R and Tminimal + R. We report the accuracy of the next state
predictions, i.e. the model’s predictions compared to the true environment outcomes across the entire
state-action space. We consider a grid world where n = 5, meaning we predict |S|·|A| = 52 ·4 = 100
transitions for each of the model-prompt combinations. Additionally, to evaluate the ability of FWMs
to facilitate stochastic elements, we challenge each LLM to generate 1000 random grid world (reward)
locations. Additional results on larger grid sizes can be found in Appendix C.2 showing that increasing
the grid size does not impact the accuracy of the models.

Deterministic results. Figure 1 shows the simulation accuracy and visualizes the corresponding
errors across all prompt-model combinations. The data shows a clear correlation between model
capacity and the ability to accurately simulate the environment dynamics. There is a noticeable
decline in accuracy between detailed T and minimalist prompts Tminimal. This indicates that inferring
transition rules from prior knowledge of grid world dynamics is more challenging than logical
reasoning on explicit mathematical constraints. However, we see that the decline is considerably
smaller for the models of greater size. Similarly, adding the reward function induces a drop in
performance in the medium and small models, but it does not significantly affect the large models.
The visualization of the location of errors in the grid shows that the models particularly struggle with
transitions around the edges of the grid. While the LLMs mostly respect the constraint that actions
have no effect when they attempt to move the agent outside the boundaries, they sometimes incorrectly
apply this restriction to other actions taken in those locations. For large models, this happens with
Tminimal but not with T meaning that they can handle all mathematical constraints involved when
clearly specified. In other cases, the models increment or decrement the wrong coordinate. Additional
results that can be found in Appendix C.2 show that increasing the grid size does not impact the

6



0

1

2

3

4

20.3% 1.6% 2.0% 2.2% 11.4%

0.6% 1.7% 3.7% 4.1% 2.8%

0.4% 1.3% 2.7% 8.9% 9.5%

0.5% 1.8% 4.3% 1.9% 8.5%

0.6% 0.5% 3.8% 2.9% 2.0%

Gemma 2b

0.0% 0.1% 0.2% 0.3% 0.3%

0.0% 0.0% 0.4% 2.6% 1.1%

0.2% 1.6% 0.2% 10.8% 18.7%

1.4% 20.2% 19.6% 0.3% 6.0%

0.6% 4.0% 7.5% 4.0% 0.1%

GPT-3.5

1.5% 0.6% 0.4% 0.5% 1.0%

0.4% 1.4% 3.2% 4.5% 3.0%

1.0% 5.6% 2.8% 15.0% 11.8%

0.9% 7.3% 19.1% 1.6% 5.9%

1.4% 2.3% 4.5% 2.6% 1.7%

Gemini 1.0

0 1 2 3 4

0

1

2

3

4

0.6% 0.1% 0.2% 0.0% 8.1%

0.0% 0.5% 2.7% 0.9% 0.0%

0.8% 5.5% 3.0% 65.5% 5.0%

0.1% 0.9% 5.0% 0.1% 0.4%

0.0% 0.1% 0.1% 0.2% 0.0%

Gemma 7b

0 1 2 3 4

0.0% 0.0% 0.0% 0.0% 0.1%

0.0% 0.0% 0.5% 1.9% 2.2%

0.1% 1.3% 0.1% 6.1% 19.1%

0.1% 9.8% 24.6% 0.1% 6.6%

0.2% 5.6% 17.5% 3.9% 0.0%

GPT-4

0 1 2 3 4

0.5% 0.0% 0.0% 0.0% 24.9%

0.0% 0.0% 0.0% 0.0% 0.0%

0.0% 5.3% 0.0% 58.9% 0.0%

0.0% 9.8% 0.5% 0.0% 0.0%

0.0% 0.0% 0.0% 0.0% 0.0%

Gemini 1.5

Figure 2: Visualization of the distribution of 1000 random grid locations generated by various LLMs.

accuracy of the models. In summary, these results indicate a positive trend where the capacity of a
model significantly influences its ability to accurately simulate environment dynamics and handle
more complex prompts.

Stochastic results. Figure 2 shows the density of the sampled reward locations by the LLMs.
Although no model achieves a distribution that aligns closely with the intended uniform distribution
across grid locations, the smaller versions of the same LLMs technology (Gemma 2b, GPT 3.5, and
Gemini 1.0) can sample each location at least once. Conversely, Appendix A.2 shows that larger
models can simulate binary distributions more accurately. This suggests that smaller models, which
are characterized by a larger output variance, can handle larger sample spaces better compared to the
larger models, and vice versa.

4.2 Decision-Making

Experimental setup. To evaluate the integration of FAs and FWMs in the decision-making process
of the reinforcement learning framework, we evaluate the two strategies introduced in Section 3.3 in
both deterministic and stochastic settings. For the FWM-based agents, we choose the best-performing
FWM from the simulation experiments, i.e. GPT-4 with the T +R prompt. We pre-train a TRPO
agent for the deterministic setting and a RecurrentPPO agent for the stochastic setting, after which
their policies are fine-tuned in the true environment. This allows us to examine the consistency
between the simulation and the true environment in both training and testing settings. In the stochastic
setting, the FWM is also asked to generate a random reward location of the grid before the start of
each simulated episode. As a baseline comparison, we also train the agents from scratch in the true
environment. Both pre-training and true environment interactions are done for 1500 and 1e6 steps for
the deterministic and stochastic setting, respectively. The agents are evaluated every 125 environment
steps with a single episode (with a random reward location in the stochastic setting) across 5 random
seeds. For the FAs, we evaluate all LLMs with the three different prompt approaches as described in
3.3. Each model-prompt combination is evaluated for 100 independent episodes with τ = 0.
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Figure 3: Decision-making results for the deterministic (left) and stochastic (right) setting. The
learning curves are visible for the reinforcement learning agents learning from scratch (RL) and the
FWM-based agent that first learns through world model interactions (RL + FWM). For each FA the
performance of the best prompt approach is reported as a horizontal bar.

Deterministic results. The results for the deterministic setting can be viewed on the left Figure
3 (see Appendix for the numerical results of all FA agents D). We observe that the Gemma models
never manage to reach the reward location as they consistently get stuck in the first row or column
of the grid. However, the GPT- and Gemini-based FA agents excel in this environment regardless
of the prompt strategy used. Despite having explicit information about the reward location, the
reinforcement learning agents need several hundred environment interactions to learn the optimal
policy as they are not able to relate the reward location in the observation with the objective of the
problem. In contrast, the reasoning abilities of LLMs allow them to instantly solve the problem.
This demonstrates that for problems with clear goals and information, an LLM agent can perform
extremely well, allowing one to avoid the expensive trial-and-error process inherent in reinforcement
learning agents. However, the results do show that the TRPO agent is able to learn the optimal policy
solely through interacting with the GPT-4 FWM. When fine-tuning the policy in the true grid world
we also observe no further perturbations in the learning curve.

Stochastic results. The decision-making performances in the stochastic setting can be found on
the right in Figure 3. We observe that the Gemma models perform slightly better in this setting, as
the randomly generated reward locations may appear in the initial row or column they get fixated
on. We also observe that the FA agents based on larger models struggle significantly more than
in the deterministic setting. Figure 4 shows the individual performances per prompt strategy in
the stochastic setting. Regardless of prompt strategy or model capacity, none of the agents can
consistently search the entire grid within the time limit (see Appendix E for example trajectories).
However, we do see significant jumps in performance as the model capacity increases, since GPT-4
and Gemini 1.5 yield policies that search the majority of the grid. Moreover, in contrast to the smaller
models, the larger models seem to benefit significantly from being incentivized to generate plans and
utilize their memory through the SP and FP instructions. This suggests that the enhanced reasoning
abilities resulting from increased model capacity and more sophistication show potential for FAs to
dynamically adapt and plan in increasingly complex problems. Furthermore, although we saw that
contemporary FWMs may not be able to facilitate a uniform distribution over possible grid locations,
the GPT-4 FWM is still able to provide a sufficient variation of reward locations for the agent to
learn a policy that searches the majority of the grid. The policy learned by the RecurrentPPO agent
smoothly transfers to the true grid environment where it quickly learns a policy that systematically
searches the entire grid for the reward, yielding substantially better sample efficiency compared
to training from scratch. In summary, the results show that planning agents are likely to remain
preferable in the foreseeable future for tasks that require more sophisticated planning and uncertainty
handling, but FWMs can help improve sample efficiency.
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5 Conclusion

In this paper, we made a case in favor of directly integrating foundation models within the reinforce-
ment learning framework. While previous works focused on using foundation models for simulation
and decision-making with intermediate abstractions, we showed that they have promising potential
for simulating environment dynamics and low-level action selection. Our experiments focus on a
variety of LLMs and highlight that they can significantly improve sample efficiency in reinforcement
learning tasks.

First, we thoroughly evaluated the ability of the current generation of LLMs to simulate the envi-
ronment dynamics of a family of grid worlds. We found that large models perform exceptionally
well at simulating these environments, regardless of the level of detail provided to them about the
environment in the instruction prompts. Additionally, we explored the performance of these models
in simulating probabilistic elements, where we found that smaller models perform better in larger
sampling spaces, whereas larger models can more accurately simulate smaller sampling spaces.

To understand the potential of the integration of foundation models in the decision-making process,
we devised two promising strategies: FWM-based agents and foundation agents (FAs). The former
strategy couples traditional reinforcement learning agents with an LLM-powered world model to pre-
train their policies. The latter directly utilizes LLMs as low-level action selectors. Our experiments
showed that in the deterministic setting, FAs excel at navigating and solving grid worlds when
the objective is clearly stated in the prompt and may be preferred over traditional reinforcement
learning agents. However, in the stochastic setting, we found that FAs struggled to solve the problem
effectively regardless of the model or prompt used, suggesting reinforcement learning agents are still
preferable for complex settings. However, even though we observed LLMs are limited in facilitating
such stochastic elements, we found that the FWM-based agents still achieved substantial sample
efficiency improvements over training traditional reinforcement learning agents from scratch.

Across the experiments conducted in this paper, we found that larger model capacity is associated with
better performance. Considering the rapid advancements and widespread availability of foundation
models in various fields the potential for these technologies in reinforcement learning is significant.
Future research could explore optimizing FWMs with environment data, employing language model-
driven prompt optimization for FWMs, leveraging FWMs for planning while interacting with the
environment, and combining FAs with FWMs. Furthermore, the anticipated development of frame
prediction foundation models offers an exciting extension to visual environments.

6 Limitations

This work serves as a foundational analysis of FMs as world models and agents. Our experiments are
limited to text-based grid-worlds, chosen to isolate core reasoning and simulation abilities before
moving to visual or embodied domains. We do not compare against learned-from-scratch world
models, as our focus is on the zero-shot capabilities of pre-trained FMs. Finally, our FWM-RL
method follows a simple pretrain–finetune scheme; more advanced interleaving approaches, such as
Dyna-style architectures, remain an important direction for future work.
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A Simulating Additional Environment Elements

In this section, we discuss two further possible environment elements that pose an interesting
challenge for FWMs in terms of simulation. We discuss adding a key to the gridworld environment,
which requires the model to take a history into account in section A.1, and also discuss stochastic
elements that follow a non-uniform binary distribution in Section A.2.

A.1 History: Gridworld with Key

Describing environment dynamics for an FWM is relatively quick and intuitive as natural language is
used. For instance, if we were to add a key to the gridworld environment we would need to add two
relatively simple conditions to the prompt: the agent picks up a key when at a certain location, and
the agent can only access the reward when it possesses the key:

Imagine a gridworld of size <N> by <N> with an observation system of
coordinates , where [0,0] is the bottom left corner.

Determine the next observation after taking action <ACTION > from <
OBSERVATION > with the following rules:

- The x and y values are always non -negative and lower than <N
-1>.

- ’right ’ means increment x
- ’left ’ means decrement x
- ’up’ means increment y
- ’down ’ means decrement y.
- Actions have no effect when they go outside the boundaries.

There is a key located at <KEY_LOCATION >, if this location was
previously visited it was acquired.

Determine which reward condition the next observation meets , and
respond the corresponding reward and terminal status:
- The observation is the same as <REWARD_LOCATION > and the key was
acquired - 1 True
- The observation is not the same as <REWARD_LOCATION > or the key
was not acquired - 0 and False

Please format your response without any further tokens as:
...

An interesting thing to note here is that for the FWM to successfully simulate this environment
it will need access to the history of previously visited locations. Thus, to facilitate this we could
append all previous responses of the LLM within a given episode to the current prompt. However,
for environments with extremely long episode durations, this may not be feasible. Although this can
be seen as a limitation of FWMs, the processing speed and context length of LLMs are increasing
rapidly as of writing, as the Gemini 1.5 model can already process millions of tokens (Reid et al.,
2024).

A.2 Non-Uniform Distributions: Gridworld with Sticky Actions

In this paper, we considered randomized reward locations as the stochastic element of the environment.
Another common stochastic element in reinforcement learning environments is sticky actions. Sticky
actions repeat the previously taken action with a probability of ϵ. Rather than generating a location
across an n× n grid, simulating the sticky action requires sampling one of two possibilities from a,
usually, non-uniform distribution. This incentivizes an interesting experiment: how do LLMs perform
when asked to simulate non-uniform distributions? We investigate this with a simple experiment
using GPT-3.5 and GPT-4 with the following prompt template:

Respond with 1 with a probability of <P_1 > and respond with 0 with a
probability of <P_2 > with no further tokens.
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We experiment with p1 ∈ [0.6, 0.8, 0.9] and p2 = 1 − p1, and prompt the model 1000 times per
combination with τ = 1.8.

As can be seen in Table 1 and Figure 5, it is clear that the LLM tends to overestimate the likelihood of
choosing the higher probability p1. However, despite not exactly matching the requested distributions,
the resulting distributions yielded by the LLMs do follow a progressively increasing discrepancy
trend similar to the expected true distributions (dotted lines in the figure). This indicates that the
LLMs are able to adjust the likelihood of sampling each element such that the discrepancy increases
accordingly. Furthermore, GPT-4 yields discrepancies that match the true distributions significantly
more than GPT-3.5 does. This suggests that larger models are increasingly better at simulating
stochastic elements with small sample spaces.

Table 1: Non-uniform distribution experiment numerical results for GPT-3.5 and GPT-4 computed
from 1000 samples.

p1 − p2 1 - GPT3.5 0 - GPT3.5 1 - GPT4 0 - GPT4

0.6− 0.4 85% 15% 75% 25%
0.7− 0.3 91% 9% 86% 14%
0.8− 0.2 97% 3% 92 % 8%
0.9− 0.1 98% 2% 97% 3%

Figure 5: Non-uniform distribution experiment results for GPT-3.5 and GPT-4. The x-axis shows the
four probability distributions that were requested. The blue lines represent the frequencies of element
’1’ belonging to p1, and the orange lines represent the frequencies of element ’0’ belonging to p2.
The triangle markers belong to GPT-3.5, the squares to GPT-4, and the circles to the true expected
frequencies.
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B Implementation

B.1 Reinforcement Learning Agents

As reinforcement learning agents the Trust Region Policy Optimization (TRPO) (Schulman et al.,
2015) and Recurrent Proximal Policy Optimization (RecurrentPPO) (Schulman et al., 2017) were
used. We used the default implementations provided by Stable Baslines 3 (Raffin et al., 2021). We
used the default hyperparameters, except for the update frequency that was changed to 125, and the
learning rate for RecurrentPPO was decreased to 3e-5.

B.2 Foundation World Models

In order to construct a connection between a reinforcement learning agent and a FWM, we ask the
LLM to format its response as follows:

Please format your response without any further tokens as:
[x, y, <n>-1, <n>-1], reward , terminal

or in the stochastic setting:

Please format your response without any further tokens as:
[x, y], reward , terminal

The responded string can conveniently be converted to a tuple that is typically returned by reinforce-
ment learning environments. In the case of reward generation with τ = 1.8, the LLM could respond
with nonsensical content occasionally, for which we were required to employ regex expressions to ex-
tract the generated reward location. As the transition functions of the environments are deterministic,
we also used caching to reduce the number of required prompts for the FWM.

The full prompt templates used for T , T + R, Tminimal, and Tminimal + R can be found in Listing 1,
Listing 2, Listing 3, and Listing 4, respectively.

Listing 1: Prompt template for T .
Imagine a gridworld of size <n> by <n> with an observation system of

coordinates , where [0,0] is the bottom left corner.

Determine the next observation after taking action <ACTION > from <
OBSERVATION > with the following rules:

- The x and y values are always non -negative and lower than <n
-1>.

- ’right ’ means increment x
- ’left ’ means decrement x
- ’up’ means increment y
- ’down ’ means decrement y.
- Actions have no effect when they go outside the boundaries.

Please format your response without any further tokens as:
...

Listing 2: Prompt template for T +R.
Imagine a gridworld of size <n> by <n> with an observation system of

coordinates , where [0,0] is the bottom left corner.

Determine the next observation after taking action <ACTION > from <
OBSERVATION > with the following rules:

- The x and y values are always non -negative and lower than <n
-1>.

- ’right ’ means increment x
- ’left ’ means decrement x
- ’up’ means increment y
- ’down ’ means decrement y.
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- Actions have no effect when they go outside the boundaries.

Determine which reward condition the next observation meets , and
respond the corresponding reward and terminal status:
- The observation is the same as <REWARD LOCATION > - 1 and True
- The observation is not the same as <REWARD LOCATION > - 0 and
False

Please format your response without any further tokens as:
...

Listing 3: Prompt template for Tminimal +R.
Imagine a gridworld of size <n> by <n> with an observation system of

coordinates.

Determine the next observation after taking action <ACTION > from <
OBSERVATION > with the following rules:
- The location [0,0] is the bottom -left corner , and [<n-1>,<n-1>]
it the top -right corner.

Please format your response without any further tokens as:
...

Listing 4: Prompt template for Tminimal +R.
Imagine a gridworld of size <n> by <n> with an observation system of

coordinates.

Determine the next observation after taking action <ACTION > from <
OBSERVATION > with the following rules:
- The location [0,0] is the bottom -left corner , and [<n-1>,<n-1>]
it the top -right corner.

Determine which reward condition the next observation meets , and
respond the corresponding reward and terminal status:
- The observation is the same as <REWARD LOCATION > - 1 and True
- The observation is not the same as <REWARD LOCATION > - 0 and
False

Please format your response without any further tokens as:
...

B.3 Foundation Agents

The prompt templates used for the deterministic and stochastic LLM agents are almost identical.
While the deterministic agent receives the exact position where the reward is located, the stochastic
agent is only told the following: Your goal is to reach the reward located at a random coordinate
as quickly as possible. See Listing 5 for the full prompt used by the deterministic LLM agent.
The agent’s memory is filled as it interacts with the game. Whenever an action is executed, we
add the following line to the memory: Executed <ACTION> at <LOCATION> resulting in <NEW
LOCATION> and no reward. Additionally, as seen in Listing 7, whenever an agent chooses an action,
it outputs a plan representing its thoughts. We add each plan to the memory as well.

Listing 5: The prompt template for the deterministic LLM agent.
** Context **
You are an agent in a <n>x<n> grid.
The bottom left corner is at <BOTTOM LEFT >, top left at [0, n-1], top

right at [<n-1, n-1>], and bottom right at [<n-1>, 0].
The x-axis increases as you move rightward , and the y axis increases

as you move upwards.
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Your goal is to reach the reward located at a coordinate [<n-1>,<n-1>]
(the top -right corner).

** Memory **
[...]

** Observation **
Your current location is <OBSERVATION >

** Available Actions **
up
right
down
left

**Task**
Choose an action from the given list of actions. Output your response

using the following JSOn format and do not use markdown.
<OUTPUT FORMAT >

The three prompting approaches described in section 4.2 are implemented using different JSON
output formats. Note that since the action-only agent outputs no plan, its memory will only contain
the results of the executed actions. Note that in the stochastic setting, we do not mention that the
reward is located in the top-right corner.

Listing 6: The output format used by the Action Only agent.
{

"action ": "<The action you want to take >"
}

Listing 7: The output format used by the Simple Plan agent.
{

"plan": "<Think about what you want to do next to fulfill your
goal.>",
"action ": "<The action you want to take >"

}

Listing 8: The output format used by the Focused Plan agent.
{

"plan": "<Use your memory to determine which position you want to
go next.>",
"analysis ": "<Using your plan analyze which action is best to
efficiently reach the position.>",
"action ": "<The action you want to take >"

}
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C Additional Simulation Results

C.1 Numerical Results

Table 2 shows the numerical values for the simulation of the transition function experiments performed
in Section 4.1.

Table 2: Simulation accuracy results for all prompt-model combinations. Prompt T queries the
transition function with detailed descriptions, T +R queries both the transition and reward function
with detailed descriptions, and prompt Tminimal and Tminimal + R the former prompts with minimal
transition function descriptions.

Prompt Gemma 2b Gemma 7b Gemini 1.0 GPT-3.5 GPT-4 Gemini 1.5

T 13% 40% 84% 98% 100% 100%
T +R 12% 32% 82% 94% 100% 100%
Tminimal 22% 28% 58% 89% 96% 97%

Tminimal +R 4% 31% 75% 88% 96% 96%

C.2 Larger Grids

Table 3 shows the simulation accuracy for the GPT-3.5 and GPT-4 models with grid sizes n ∈ [5, 8, 16].
Figure 6 shows the errors made by the models. As can be observed, the models remain consistent in
terms of accuracy despite the grid size increases.

Table 3: Simulation accuracy results for the GPT models with varying grid sizes. Prompt T queries
the transition function with detailed descriptions, T + R queries both the transition and reward
function with detailed descriptions, and prompt Tminimal and Tminimal + R the former prompts with
minimal transition function descriptions.

Prompt GPT-3.5 5x5 GPT-4 5x5 GPT-3.5 8x8 GPT-4 8x8 GPT-3.5 16x16 GPT-4 16x16

T 98% 100% 99% 100% 99% 100%
T +R 94% 100% 95% 100% 97% 100%
Tminimal 89% 96% 95% 97% 96% 99%

Tminimal +R 88% 96% 88% 97% 94% 98%
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Figure 6: Visualization of the errors for GPT-3.5 and GPT-4 for grid sizes of 8x8 and 16x16.
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D Additional Foundation Agent Results

The full list of numerical results for the FA performances from the experiments in Section 4.2 can be
found in Table 4. Further, a visualization of the deterministic gridworld performances can be found
in Figure 7.

Table 4: LLM Agent performances for an empty 5× 5 grid with a fixed reward location and random
reward location, averaged over 100 episodes.

Model Fixed Reward Random Reward
Gemma 2b (AO) 0% 13%
Gemma 2b (SP) 0% 13%
Gemma 2b (FP) 0% 13%
Gemma 7b (AO) 0% 14%
Gemma 7b (SP) 0% 27%
Gemma 7b (FP) 0% 27%
Gemini 1.0 (AO) 100% 68%
Gemini 1.0 (SP) 100% 27%
Gemini 1.0 (FP) 100% 50%
GPT-3.5 (AO) 100% 43%
GPT-3.5 (SP) 95% 49%
GPT-3.5 (FP) 99% 44%
GPT-4 (AO) 100% 70%
GPT-4 (SP) 99% 84%
GPT-4 (FP) 100% 78%
Gemini 1.5 (AO) 100% 68%
Gemini 1.5 (SP) 100% 86%
Gemini 1.5 (FP) 100% 86%
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Figure 7: Performances for the FA with prompt strategies Action Only (AO), Simple Plan (SP), and
Focused Plan (FP) for the deterministic setting with a fixed and known reward location.
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E Decision-Making Trajectories

In Figure 8 and Figure 9 example trajectories of the various decision-making agents in the determin-
istic and stochastic setting can be found, respectively. Although all agents successfully learn to find
the rewards in various ways in the deterministic setting, in the stochastic setting the FAs tend to get
stuck in certain regions of the grid. The reinforcement learning agents learn to successfully search
the grid systematically in the stochastic setting. Note that there are no visualizations of the Gemma
models as they simply got stuck in the first row or column.

Figure 8: Example trajectories of various decision-making agents in the deterministic setting.

Figure 9: Example trajectories of various decision-making agents in the stochastic setting.
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F Compute

We use OpenAI’s APIs for GPT-3.5 and GPT-4 and Google Studio’s APIs for Gemini 1.0 and Gemini
1.5. For Gemma 2b and Gemma 7b, we made use of the Pytorch implementation provided by Google
AI for Developers. We ran these Gemma models on a single NVIDIA A100 GPU, as 8GB+ RAM on
GPU for the 2b and 24GB+ RAM on GPU for 7b are recommended. For training the PPO and TRPO
agents we also used a single NVIDIA A100 GPU in all environments, but when using the API-based
models this could also be run on a CPU.

For the GPT models, we used ’gpt-4-0613’ and ’gpt-3.5-turbo-0613’ cutoffs, which cost US$ 0,50 /
1M tokens US$ 1,50 / 1M tokens and US$ 30,00 / 1M tokens US$ 60,00 / 1M tokens, respectively,
as of writing. The Gemini and Gemma models can be used freely as of writing, although the
Gemini models have a relatively low limit for queries per minute. For the Gemini models we used
’gemini-1.0-pro-001’ and ’gemini-1.5-pro’. For the Gemma models, we used ’Gemma-2b-it’ and
’Gemma-7b-it’ without quantization.

The runtime for a RecurrentPPO agent in the stochastic setting using a GPT-4 FWM with caching
and an NVIDIA A100 GPU for 1e6 environment steps, followed by 1e6 fine-tuning steps in the true
gridworld, takes under 2 hours.

G Societal Impact

The methodologies proposed in this paper are primarily benign in isolation but, crucially, when future
LLMs and other foundation models are leveraged as simulators or action selectors in sequential
decision-making problems for real-world applications, specific cautionary measures are necessary.
For instance, the use of these models in dynamic, real-time decision-making environments such
as autonomous driving would introduce significant ethical and societal challenges. To address
these risks rigorous validation processes to ensure that models behave as intended in varied and
unforeseen circumstances should be used, similar to the extensive experimentation performed in this
paper where we pinpoint and investigate the errors made by these models. Conversely, the ability
of foundation models to simulate environments has major positive potential as this would enable
accessible simulation of real-world scenarios in which decision-making agents can extensively be
optimized and evaluated.
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