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ExploRLLM: Guiding Exploration in Reinforcement Learning with
Large Language Models

Runyu Ma*1, Jelle Luijkx*1, Zlatan Ajanović2, and Jens Kober1

Abstract— In robot manipulation, Reinforcement Learning
(RL) often suffers from low sample efficiency and uncertain
convergence, especially in large observation and action spaces.
Foundation Models (FMs) offer an alternative, demonstrating
promise in zero-shot and few-shot settings. However, they can
be unreliable due to limited physical and spatial understand-
ing. We introduce ExploRLLM, a method that combines the
strengths of both paradigms. In our approach, FMs improve
RL convergence by generating policy code and efficient repre-
sentations, while a residual RL agent compensates for the FMs’
limited physical understanding. We show that ExploRLLM
outperforms both policies derived from FMs and RL baselines
in table-top manipulation tasks. Additionally, real-world ex-
periments show that the policies exhibit promising zero-shot
sim-to-real transfer. Supplementary material is available at
https://explorllm.github.io.

I. INTRODUCTION

Foundation Models (FMs) [1], which refer to models
trained on large-scale data, have shown great potential in
robotics. In particular, language-based FMs, such as Large
Language Models (LLMs) and Vision-Language Models
(VLMs), are increasingly used in the field. Large Language
Models, such as GPT-4 [2], can generate commonsense-
aware reasoning in various scenarios. For instance, LLMs
have demonstrated zero-shot planning capabilities [3], break-
ing down complex tasks into detailed step-by-step plans
without additional training. When integrated with VLMs,
LLMs leverage cross-domain knowledge for robot perception
and planning in manipulation tasks [4]. This synergy allows
for extracting environmental affordances and constraints,
forming a foundation for subsequent robotic planning [5].
Despite the impressive results of FMs, unpredictable failures
in LLM predictions can still lead to robotic errors, and LLMs
generally do not learn from past experiences [6], [7].

On the other hand, Reinforcement Learning (RL) offers
a powerful framework for learning decision-making and
control policies through interaction with the environment [8].
However, RL struggles with the “curse of dimensionality,”
where large observation and action spaces slow down explo-
ration and convergence. To address this, we propose com-
bining FMs and RL by using FMs to guide the RL agent’s
exploration as depicted in Figure 1. While actions generated
by FMs may be suboptimal or fail, they can highlight
meaningful regions in the action space for exploration. Tra-
ditional RL exploration strategies (e.g., ϵ-greedy, Boltzmann
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Fig. 1: Graphical overview of ExploRLLM.

exploration [9]) are stochastic, focusing on exploration-
exploitation trade-offs, but lack mechanisms to incorporate
prior knowledge for faster convergence. Instead, we use
LLMs as few-shot planners, generating actions that serve
as exploration steps in RL, increasing the likelihood of
successful states and gathering more relevant state-action
pairs for off-policy RL agents.

Our method, ExploRLLM, improves performance by com-
pensating for FMs’ sub-optimality and biases through RL,
while FMs accelerate RL training by reducing observation
spaces and guiding exploration. To summarize, our main
contributions are the following.

1) We propose ExploRLLM, which employs an RL agent
with a) residual action and observation spaces based
on affordances identified by FMs and b) LLM-guided
exploration.

2) We introduce a prompting method for LLM-based ex-
ploration using hierarchical language-model programs,
leading to faster convergence.

3) We show that ExploRLLM outperforms policies derived
solely from LLMs and VLMs and generalizes to un-
seen scenarios, tasks, and real-world settings without
additional training.

II. RELATED WORK

A. Foundation Models for Planning in Robotics

Researchers have shown that LLMs can exhibit reasoning
capabilities and generate plans in zero-shot or few-shot
settings [3], [10], which is crucial for high-level planning
in robotics. These models facilitate task-level planning by
integrating environmental groundings, such as affordance
value scores [11] or feedback [12], with their language
groundings. Furthermore, LLMs can generate robot-centric
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Fig. 2: Implementation structure of ExploRLLM for tabletop manipulation, combining the strengths of RL and FMs.

code programs as representations for both task-level [13]
and skill-level planning [14]. Additionally, VLMs are in-
creasingly integrated into robotics as a perception module of
environmental context. The integration of knowledge from
LLMs and VLMs can facilitate the creation of perception-
planning pipelines [4] and the construction of 3D value maps
for zero-shot planning frameworks [5]. However, due to real-
world uncertainty, directly applying VLMs and LLMs to
zero-shot tasks may not guarantee success or safety. There-
fore, in our research, we treat these actions as exploratory
behaviors within an RL framework.

B. Foundation Models and Reinforcement Learning

Incorporating FMs into RL frameworks has notably im-
proved RL’s effectiveness. In [15], the authors have imple-
mented LLMs as proxy reward functions, demonstrating their
utility in RL. In the context of RL for robotics, LLMs are
also capable of generating reward signals for robot actions
by connecting commonsense reasoning with low-level ac-
tions [16], self-refinement [17] and evolutionary optimization
over reward code to enable complex tasks such as dexterous
manipulation [18]. Regarding exploration, authors in [19]
reward RL agents toward human-meaningful intermediate
behaviors by prompting an LLM. LLMs are also utilized as
an intrinsic reward generator to guide exploration for long
horizon manipulation tasks [20]. Contrary to these studies,
our approach employs LLM-generated code policies as ex-
ploratory actions rather than focusing on reward shaping.
Simultaneously with our study, [21] introduced a method for
improving the sample efficiency of reinforcement learning
with LLM-generated rule-based controllers. In [21], the RL
policy is regularized towards replay data generated with
the LLM policies. Our method instead uses LLM-generated
policies for exploratory actions and does not promote the RL
agent to be close to the LLM-generated policies.

III. PROBLEM FORMULATION

In this study, we focus on language-conditioned tabletop
manipulation tasks and a detailed overview of the method
is shown in Figure 2. Each manipulation task begins at
timestep t = 0 with a linguistically described goal, denoted

by lt. The agent receives an observation ot, consisting of an
overhead RGB-D image and the state of the end-effector.
Similar to existing methods (e.g., Transporter [22]), the
action space involves a pick and a place primitive, denoted
as {Ppick,Pplace}, with each action parameterized by pick
and place positions in a top-down view. We simplify this
to a single motion primitive—either pick or place. This
simplification makes the RL problem more tractable by
eliminating the need to learn a feature representation for each
primitive individually. The pick or place action is defined as
a tuple containing the primitive index k (0 for pick, 1 for
place) and a top-down view position, expressed as x, i.e.,
at = (kt,xt). At each time step, the agent receives a reward
rt consisting of a dense reward component rdt and a sparse
reward rst .

IV. FRAMEWORK: EXPLORLLM

A. Observation and Action Spaces

Our method leverages the strengths of LLMs and VLMs
to reduce the observation space used for the RL frame-
work. First of all, the LLM reformulates user-provided
language commands into predefined templates and highlights
the objects within these templates to form an interpreted
command vector l̃t. An example is shown in Figure 2a,
where “Put the green block in the blue bowl” is interpreted
into the template “Pick the [pick object] and place it in
the [place object]”. It is important to note that, within a
given task setting, the number and category of objects do not
change. Utilizing VLMs as open-vocabulary object detectors,
our system identifies and encloses objects relevant to the
task within bounding boxes from the image, represented
by their locations Xt = [x0

t ,x
1
t , ...]. RGB-D visual inputs

are segmented into crops based on bounding box positions,
denoted as Mt = [m0

t ,m
1
t , ...]. This method improves the

system’s robustness to detection-inaccuracies and varying
object shapes. The interpreted commands l̃t, the positional
data Xt and the image patches Mt are then integrated into
the reformulated RL observation st together with the robot
gripper state (open/closed).

9012
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Algorithm 1: Exploration strategy πEXP

Input: state st, high-level LLM policy πH
LLM,

low-level LLM policy πL
LLM, RL policy πRL

Output: action ãt

1 Parameter: threshold ϵ
2 j ∼ U[0,1) // Uniform sampling
3 if j ≤ ϵ then
4 aH

t = (kt, it)← πH
LLM(st) // High-level

5 xr
t ← πL

LLM(st,a
H
t ) // Low-level

6 ãt = (kt, it,x
r
t)

7 else
8 ãt ← πRL(st) // RL policy

9 return ãt

As the VLM already extracts each object’s position xi
t,

the action space is converted into an object-centric residual
action space (see Figure 2b). The reformulated action space
consists of a primitive index k, an object index i and a
residual position xr, expressed as ãt = (kt, it,x

r
t). This

residual position is then added to the position of object i, i.e.,
xt = xi

t + xr
t. This residual action allows the agent to pick

or place objects at specific locations. This is, for example,
needed when picking the letter O, and xi

t denotes the center
of the bounding box. In this case, the residual action xr

t is
needed to prevent picking the letter O at its empty center.

B. LLM-Based Exploration

Traditional deep RL algorithms (e.g., SAC [23], PPO [24])
do not inherently promote frequent visits to high-value states
in high-dimensional state-action spaces, making vision-based
tabletop manipulation tasks particularly challenging. In such
cases, RL agents may struggle when successful outcomes are
rare. Leveraging the planning capabilities of LLMs and the
perception strengths of VLMs can help guide the exploration
process more effectively by tapping into the rich prior
knowledge within these FMs. The LLM-based exploration
strategy, denoted as πEXP in Algorithm 1, draws inspiration
from the ϵ-greedy strategy. Specifically, during the rollout
collection at each timestep, the off-policy RL agent employs
the LLM-based exploration technique if a sampled random
variable falls below the threshold ϵ. Otherwise, the action is
selected according to the current RL agent’s policy, πRL, as
detailed in Algorithm 1.

Inspired by Code-as-Policy (CaP) [14], our method em-
ploys the LLM to generate hierarchical language model
programs, which are executed during the training phase as
exploratory actions. The hierarchical language model pro-
grams include high-level πH

LLM and low-level πL
LLM policy

code programs. A high-level plan primarily involves select-
ing robot action primitives and the objects to interact with
based on the current state of the robot and the objects.

In contrast to high-level tasks, instructing low-level actions
poses a more significant challenge because high-level states
and actions are more accessible and can be represented as

language. When dealing with low-level actions, the com-
plexity of the state becomes considerably more intricate,
particularly for image-based problems. Therefore, instead
of a deterministic code policy, we instruct the LLM to
produce a code policy πL

LLM for generating an affordance
map according to the input image. The low-level exploration
behavior is derived from a stochastic policy that relies on
the values within this affordance map. Although the code
generated by LLMs lacks guaranteed feasibility and accuracy
in robot environments, these models can generate potentially
useful policy candidates, with the one exhibiting the highest
success rate being selected as shown in Figure 3.

V. IMPLEMENTATION

A. RL Agent

We use the Soft Actor-Critic (SAC) algorithm with mod-
ifications in the collecting rollout phase, detailed in Algo-
rithm 1. Other implementation aspects remain consistent with
the standard SAC approach in stable-baselines3 [25]. We
employ two convolutional layers to transform every image
patch into a vector ϕ ∈ Rn×d, where n is the number
of objects captured by VLM and d the dimension of each
patch as encoded by the CNN. The vector is subsequently
concatenated with the position, robot gripper state, and the
extracted episodic language goal l̃ to form a new vector
ϕ′ ∈ Rn×d′

, where d′ denotes the dimension of each patch’s
vector following encoding and concatenation. It then goes to
a self-attention layer. The output features from this layer then
go into a two-layer MLP. The structure mentioned above is
consistently utilized across all actor and critic networks.

B. VLM Detection

Utilizing an open-vocabulary object detector ViLD [26],
objects in the environment can be identified by given specific
labels. However, implementing this model online during
training is time-consuming, so ViLD is utilized solely in the
evaluation phase. In the training phase, the ground truth in
the simulation is used to determine the center positions of the
bounding boxes. It is important to note that ViLD’s position
detection in real-world scenarios is not always flawless. To
simulate this imperfection, Gaussian noise with a standard
deviation equal to half the radius of the image crop is applied
to the ground truth positions.

C. LLM Code Policy Generation

The policy code for executing high-level behavior is
obtained using a few-shot prompt in GPT-4 [2]. It includes
a list of available robot motion primitives to demonstrate
the robot’s actions. A custom API is also provided to aid
the LLM in reasoning, such as determining whether an
object is held in the robot’s gripper or understanding the
relationships between different objects. Following the ap-
proach demonstrated by [14], where LLMs have been shown
capable of generating novel policy codes with example
codes and commands, our prompt also includes examples.
They are designed to guide the LLM in formulating plans

9013
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[Task description]

A robot wants to pick up this letter with a suction gripper as shown in the first figure. The second

image is a top-down view of a block with the shape of the [letter V]. We want you to design a function

to sample the pick position in 2D to ensure successful picking.

[You should do]

Finish function: generate_pick_probability_map(img, threshold=100), img is the input image and

threshold is a threshold from 0 to 255.

1. Assume the input image size is [28, 28].

2. Detect the letter, position, and orientation of the letter.

3. Based on the position and orientation of the letter, draw a 2D probability map [28, 28] for the robot

to sample the pick position in Python.

[Rules]

You can only use Python libraries (numpy, opencv), input of the function is the image of the picked

object and the image of the placed object. Some threshold parameters are allowed and can be optional

inputs of the function, for example: the threshold of the gray scale.

2. Do not always use the center of mass as the pick position, you should consider the shape of the

letter. For example, get the contour of the letter and assign a higher probability to the area inside the

contour.

3. Provide only 1 Python function with a brief explanation, you cannot use undefined functions in your

code.

[Give 6 candidate python codes completing this template]

 import cv2

 import numpy as np

 def generate_pick_probability_map(img, threshold=100):

 # you should finish

 return prob_map

[candidates]

#1 #2 #3 #4 #5 #6

Prompt

Fig. 3: Based on an exploration prompt, candidate policy code is generated. The exploration policy is selected after evaluation.

and conducting geometric reasoning for our specific task
scenarios.

For low-level exploration actions, we employ GPT-4 with
Vision [2], which generates code using prompts that combine
example images with language descriptions, enriching the
context with visual information, as shown in Figure 3. The
provided example images include a depiction of the envi-
ronmental setup featuring the robot, a simulated background,
objects, and a specific example of image patches inside VLM
bounding boxes. The prompt describes the requirements and
guidelines, enabling generated code to create a probability
affordance heatmap for the specified image patch, utilizing
external libraries like OpenCV and NumPy. However, as
indicated in Figure 3, there are instances where the generated
affordance map may not be optimal. For example, the optimal
pick position for the letter O should be at its rim, whereas
the heatmap suggests the center.

To address sub-optimality, we use a stochastic policy
based on the affordance map instead of a deterministic
one that selects the point of highest affordance. Since RL
improves through rewards from environmental interactions,
sub-optimal exploration policies can be corrected via learn-
ing. This approach also allows for the generation of counter-
examples during replay buffer collection.

VI. EXPERIMENTAL SETUPS

A. Simulation Setup

We evaluated the proposed method on a simulated tabletop
pick-and-place task, as shown in Figure 2. Similar to [22]
and [27], we use a UR5e, and the input observation is a
top-down RGB-D image. Inspired by [27], we increased
the task difficulty by replacing simple blocks with various
objects, such as letters. We assess our method in two tasks:
a short-horizon (SH) task, “Pick the [pick letter] and place
it in the [place color] bowl”, and a long-horizon (LH) task,
“Put all letters in the bowl of the corresponding color”, as
shown in Figure 6a. In the SH task, each episode starts with
three letters and three bowls randomly placed on the table,

with pick-and-place actions generated from random language
commands. The task is completed when the robot places the
chosen letter in the specified bowl. In the LH task, all letters
and bowls are randomly arranged, and the task is completed
when each letter is placed in a bowl that matches its color.

B. Real-World Setup

We validated our approach on a Franka Panda robot
equipped with a suction gripper and an RGB-D camera, as
shown in Figure 6a, implementing our policy and code in
the EAGERx [28] framework. Given the potential risks to
hardware and the time-intensive nature of direct training, we
completed training in simulation, with real-robot applications
limited to evaluation. We used ViLD to identify bounding
boxes based on object names. To simulate real-world condi-
tions more accurately, we introduced noise to the bounding
box center’s position during the training phase in the simula-
tion, mimicking the positional uncertainty inherent in VLM
detection. We also added noise to bounding box positions
and image inputs, simulating VLM detection uncertainty and
camera noise, including lighting variations.

VII. RESULTS

A. Simulation Results

We investigated the effect of varying LLM-based ex-
ploration frequencies on training convergence, using ϵ ∈
{0.0, 0.1, . . . , 0.9}, as shown in Figure 4. An ϵ of 0 cor-
responds to standard SAC. We trained the agents with six
random seeds per frequency, and each session began with
a 20,000-step warm-up phase without LLM exploration, as
no significant policy improvements were observed during
this phase. Post-warm-up results, shown in Figure 4 and
detailed in Table II for both short- and long-horizon tasks,
indicate that ExploRLLM consistently outperforms LLM-
only policies across various exploration frequencies.

In the short-horizon task (Figure 4a), training without
LLM-based exploration is often unstable, resulting in either
a successful policy or failure to converge within the duration
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TABLE I: Results of 50 evaluation episodes for short-horizon (SH), long-horizon (LH), and different initialization methods:
no object overlap (NO) and allowed overlap (AO). ExploRLLM standard deviations are shown for 6 seeds.

Method Overall success rate Low-level error rate
SH NO SH AO LH NO LH AO SH NO SH AO LH NO LH AO

ExploRLLM (20%) 0.86±0.05 0.80±0.06 0.70±0.11 0.54±0.09 0.14±0.05 0.20±0.06 0.18±0.10 0.22±0.9
ExploRLLM (0%) 0.56±0.40 0.48±0.36 – – 0.32±0.24 0.42±0.30 – –

CaP∗ 0.60 0.48 0.38 0.30 0.38 0.52 0.42 0.48
Socratic Models + CLIPort 0.78 0.64 0.50 0.36 0.22 0.28 0.22 0.28
Inner Monologue + CLIPort 0.82 0.72 0.58 0.42 0.18 0.26 0.20 0.24
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(b) Put all letters in the bowl of the corresponding color (LH).

Fig. 4: Training curves for varying exploration rates in SH and LH tasks. ExploRLLM outperforms the exploration policies
(dashed lines) and RL without LLM-based exploration (ϵ = 0). In the LH task, LLM-based exploration is crucial for success.

TABLE II: ExploRLLM training returns for varying ϵ.

Explore ϵ (%) SH Task (25k steps) LH Task (75k steps)
0 −0.03± 1.13 −3.22± 0.29
10 0.74± 0.13 −0.73± 0.40
20 0.79± 0.06 −0.42± 0.31
30 0.76± 0.16 −0.23± 0.26
50 0.70± 0.17 −0.40± 0.23
70 −0.29± 0.98 −1.71± 1.38
90 −0.52± 1.12 −2.51± 1.09

Exploration Policy 0.53 -1.2

TABLE III: Success rate (%) of SH ExploRLLM with [4].

Task Settings Seen Unseen Color Unseen Letters
Socratic Models + ExploRLLM 74 68 56

Socratic Models + CLIPort 72 50 34

of our experiments. Training stabilizes and converges faster
when the exploration frequency is within 0 < ϵ ≤ 0.5,
with minimal variation across different ϵ values. However,
increasing ϵ beyond 0.5 reduces the proportion of online
data, slowing progress and introducing greater instability into
the training. For long-horizon tasks, Figure 4b shows that
higher frequencies of LLM-based exploration (0 < ϵ ≤ 0.5)
correlate with faster training. These results highlight the
importance of LLM-based exploration in navigating complex
tasks by guiding experience toward the optimal region,
thereby mitigating challenges from large observation and
action spaces. However, similar to the short-horizon tasks,
excessive exploration rates introduce instability and fail to
converge within the duration of the experiments.

To evaluate the effectiveness of ExploRLLM, we bench-
mark its performance against four baselines: ExploRLLM
without the LLM-based exploration policy, the CaP-style
policy [14] (our exploration policy), Socratic Models [4],

Fig. 5: Short-horizon ExploRLLM policies can be used in
long-horizon tasks with zero-shot LLM planners, e.g., [4].

and Inner Monologue [12]. Our Socratic Models and Inner
Monologue implementations use ViLD [26] as the object
detector and GPT-4 [2] as a multi-step planner. The individ-
ual steps are executed by a pre-trained CLIPort [27] model
with 500 demonstrations. The key difference between So-
cratic Models and Inner Monologue is that Inner Monologue
features a success detector that can identify mistakes.

During evaluation, the letter colors range from seen to
unseen colors. Tasks and initialization methods vary, with
“NO” indicating no overlap between the initial positions
of letters and bowls and “AO” allowing overlaps. These
configurations assess each method’s robustness in handling
complex object relationships.

For short-horizon tasks, as shown in Table I, ExploRLLM
maintains stable performance. In contrast, versions without
the exploration policy have not all converged and exhibit
high variance in success rates and low-level errors. Our
method surpasses other methods for LLM-generated policies
in success rates, reduces robot behavior errors, and mini-
mizes the performance gap between NO and AO scenarios,
emphasizing the exploration policy’s role in correcting FMs’
inaccuracies. In contrast, CLIPort-based methods struggle

9015
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(a) Real-world experimental setup.
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(b) Visualization of VLM detections and pick and place actions.

Fig. 6: ExploRLLM can be practically applied using a sim-to-real approach with transfer due to VLM object detections.

with novel scenarios or complex geometric object relation-
ships. For long-horizon tasks, RL agents without LLM-
based exploration fail to converge within the duration of the
experiment. As shown in Table I, ExploRLLM outperforms
Socratic Models, Inner Monologue, and LLM-generated poli-
cies, achieving superior results in long-horizon tasks.

Although our short-horizon agent is trained specifically for
a pre-defined pick-and-place task, our approach can transfer
to unseen long-horizon tasks in similar environments. This is
made possible by integrating a zero-shot planner framework,
such as Socratic Models [4]. This framework effectively
breaks down user-provided input into individual action steps,
each serving as a distinct language command for our single-
step RL agent, as illustrated in Figure 5. Following the
execution of each command, the task space is reset, allowing
for the subsequent command to be executed. Apart from
unseen colors, unseen letters are also included to evaluate
the generalization capabilities of unseen scenarios. Table III
demonstrates that the short-horizon ExploRLLM adapts to
these settings, surpassing earlier Socratic Models versions.
Using VLMs to provide bounding boxes and positions, our
approach reformulates the observation space, enabling RL to
focus on learning the physical attributes of objects, which
is crucial for precise pick-and-place tasks. This strategy
minimizes distractions from variations in colors and shapes.

B. Real-World Results

We evaluated ExploRLLM in two real-world scenarios:
one replicating all letters from the simulation and another
introducing the unseen letter ‘C’. Each scenario was tested
over 15 episodes. The short-horizon ExploRLLM achieved
success rates of 66.6% for seen letters and 53.3% for the
unseen letter scenario. In comparison, the long-horizon Ex-
ploRLLM recorded success rates of 40% for seen letters and
33.3% for unseen letters. Despite the sim-to-real gap, our ap-
proach shows promising results without additional real-world
training. As the VLM extracts the observation space, the RL

agent trained in simulation is less distracted by real-world
noise. Figure 6b illustrates the adaptability of our method in
handling diverse object orientations, understanding logical
relationships between objects, and executing long-horizon
tasks in real-world settings. However, challenges remain with
noise in the color and depth perception of objects, which
hampers the RL agent’s ability to manipulate objects. Using
a photorealistic simulator with extensive domain randomiza-
tion is expected to improve performance.

VIII. CONCLUSION AND DISCUSSION

In this work, we presented ExploRLLM, a method that
combines RL with FMs. ExploRLLM accelerates RL con-
vergence by using actions informed by LLMs and VLMs to
guide exploration, demonstrating the benefits of integrating
the strengths of both RL and FMs. We evaluated our method
on tabletop manipulation tasks, showing superior success
rates compared to policies based solely on LLMs and VLMs.
ExploRLLM also generalizes unseen colors, letters, and tasks
better. Ablation experiments with varying levels of LLM-
guided exploration indicated that extensive tuning of this
parameter is unnecessary as values of 0 < ϵ ≤ 0.5 showed
convergence improvements. Additionally, we validated the
method’s ability to transfer learned policies from simulation
to real-world scenarios without additional training through
real robot experiments. Currently, our framework focuses on
tabletop manipulation, but we plan to extend it to a broader
range of robotic manipulation tasks. While the system can
correct low-level robotic actions, it struggles with mitigating
high-level errors that are less frequent in simulations. Future
work will focus on addressing these high-level discrepancies.
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