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ABSTRACT

Designing reward functions is a longstanding challenge in reinforcement learning
(RL); it requires specialized knowledge or domain data, leading to high costs for
development. To address this, we introduce TEXT2REWARD, a data-free frame-
work that automates the generation and shaping of dense reward functions based
on large language models (LLMs). Given a goal described in natural language,
TEXT2REWARD generates shaped dense reward functions as an executable pro-
gram grounded in a compact representation of the environment. Unlike inverse
RL and recent work that uses LLMs to write sparse reward codes or unshaped
dense rewards with a constant function across timesteps, TEXT2REWARD produces
interpretable, free-form dense reward codes that cover a wide range of tasks, utilize
existing packages, and allow iterative refinement with human feedback. We eval-
uate TEXT2REWARD on two robotic manipulation benchmarks (MANISKILL2,
METAWORLD) and two locomotion environments of MUJOCO. On 13 of the 17
manipulation tasks, policies trained with generated reward codes achieve similar or
better task success rates and convergence speed than expert-written reward codes.
For locomotion tasks, our method learns six novel locomotion behaviors with
a success rate exceeding 94%. Furthermore, we show that the policies trained
in the simulator with our method can be deployed in the real world. Finally,
TEXT2REWARD further improves the policies by refining their reward functions
with human feedback. Video results are available at https://text-to-reward.github.io.

1 INTRODUCTION

Reward shaping (Ng et al.| [1999) remains a long-standing challenge in reinforcement learning (RL);
it aims to design reward functions that guide an agent towards desired behaviors more efficiently.
Traditionally, reward shaping is often done by manually designing rewards based on expert intuition
and heuristics, while it is a time-consuming process that demands expertise and can be sub-optimal.
Inverse reinforcement learning (IRL) (Ziebart et al., [2008; Wulfmeier et al.||2016; [Finn et al., 2016)
and preference learning (Christiano et al., 2017} |Ibarz et al.| [2018} |Lee et al., 2021; [Park et al., [2022)
have emerged as potential solutions to reward shaping. A reward model is learned from human
demonstrations or preference-based feedback. However, both strategies still require considerable
human effort or data collection; also, the neural network-based reward models are not interpretable
and cannot be generalized out of the domains of the training data.

This paper introduces a novel framework, TEXT2REWARD, to generate and shape dense reward
code based on goal descriptions. Given an RL goal (e.g., “push the chair to the marked position™),
TEXT2REWARD generates dense reward code (Figure [I] middle) based on large language mod-
els (LLMs), grounded on a compact, Pythonic representation of the environment (Figure (1] left).
The dense reward code is then used by an RL algorithm such as PPO (Schulman et al.| 2017)
and SAC (Haarnoja et al., [2018)) to train a policy (Figure E] right). Different from inverse RL,
TEXT2REWARD is data-free and generates symbolic reward with high interpretability. Different from
recent work (Yu et al.|, 2023) that used LLMs to write unshaped reward code with hand-designed APIs,
our free-form shaped dense reward code has a wider coverage of tasks and can utilize established
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Figure 1: An overview off EXT2REWARD of three stages=xpert Abstractiomprovides an abstraction
of the environment as a hierarchy of Pythonic clasééser Instructiondescribes the goal to be
achieved in natural languag®ser Feedbaclllows users to summarize the failure mode or their
preferences, which are used to improve the reward code.

coding packages (e.g. NumPy operations over point clouds and agent positions). Finally, given the
sensitivity of RL training and the ambiguity of language, the RL policy may fail to achieve the goal
or achieve it in unintended way$ExT2REWARD addresses this problem by executing the learned
policy in the environment, requesting human feedback, and re ning the reward accordingly.

We conduct systematic experiments on two robotics manipulation benchnvislke $kiLL 2 (Gu

etal., 2023)METAWORLD (Yu et al., 2020)) and two locomotion environmentdwdJoCo (Brock-

man et al., 2016), as cases. On 13 out of 17 manipulation tasks, policies trained with our generated
reward code achieve comparable or better success rates and convergence speed than the ground truth
reward code carefully tuned by human experts. For locomofiexT2REWARD learns 6 novel
locomotion behaviors with over 94% success rate. We also demonstrate that the policy trained in
the simulator can be deployed on a real Franka Panda robot. With human feedback of less than 3
iterations, our method can iteratively improve the success rate of learned policy from 0 to almost
100%, as well as resolve task ambiguity. In summary, the experimental results demonstrated that
TEXT2REWARD can generate generalizable and interpretable dense reward code, enabling a wide
coverage of RL tasks and a human-in-the-loop pipeline. We hope that the results can inspire further
explorations in the intersection of reinforcement learning and code generation.

2 APPROACH

2.1 BACKGROUND

Reward code Reinforcement learning (RL) aims to learn a policy that maximizes the expected
reward in an episode. To train a policy to achieve a goal, the key is to design a reward function that
speci es the goal. The reward function can take various forms such as a neural network or a piece of
reward code. In this paper, we focus on the reward code given its interpretability. In this case, the
observation and the action are represented as variables, such that the reward does not need to handle
perception — it only reasons about abstract variables and APIs in code.

Reward shaping Reinforcement learning from task completion rewards is dif cult because the
reward signals are sparse and delayed (Sutton & Barto, 2005). A shaped dense reward function is
useful since it encourages key intermediate steps and regularization that help achieve the goal. In the
form of code, the shaped dense reward can take different functional forms at each timestep, instead of
being constant across timesteps or just at the end of the episode.
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2.2 ZERO-SHOT AND FEW-SHOT DENSEREWARD GENERATION

In this part, we describe the core ®EXT2REWARD for zero-shot and few-shot dense reward
generation. Detailed prompt examples can be found in the Appendix C. Interactive generation is
described in the next subsection.

Instruction  The instruction is a natural language sentence that describes what we want the agent to
achieve (e.g. “push the chair to the marked position”). It can be provided by the user, or it can be one
of the subgoals for a long-horizon task, planned by the LLM.

Environment abstraction To ground reward generation in an environment, it is necessary for the
model to know how object states are represented in the environment, such as the con guration of
robots and objects, and what functions can be called. We adopt a compact representation in Pythonic
style as shown in Figure 1, which utilizes Python class, typing, and comment. Compared to listing
all environment-speci ¢ information in the list or table format, Pythonic representation has a higher
level of abstraction and allows us to write general, reusable prompts across different environments.
Moreover, this Pythonic representation is prevalent in LLMs pre-training data, making it easier for
the LLM to understand the environment.

Background knowledge Generating dense reward codes can be challenging for LLMs due to
the scarcity of data in these domains. Recent works have shown the bene ts of providing relevant
function information and usage examples to facilitate code generation (Shi et al., 2022; Zhou et al.,
2022). Inspired by them, we provide functions that can be helpful in this environment as background
knowledge (e.g., NumPy/SciPy functions for pairwise distance and quaternion computation, speci ed
by their input and output types and natural language explanations).

Few-shot examples Providing relevant examples as input has been shown to be useful in helping
LLMs solve tasks. We assume access to a pool of pairs of instructions and veri ed reward codes. The
library can be initialized by experts and then continually extended by our generated dense reward code.
We utilize the sentence embedding model from Su et al. (2022) to encode each instruction. Given a
new instruction, we use the embedding to retrieve thektsimilar instructions and concatenate the
instruction-code pairs as few-shot examples. We sekt tbel since context length limits and Iter

out the oracle code of the task from the retrieved pool to make sure that the LLMs do not cheat.

Reducing error with code execution Once the reward code is generated, we execute the code in
the code interpreter. This step may give us valuable feedback, e.g., syntax errors and runtime errors
(e.g., shape mismatch between matrices). In line with previous works (Le et al., 2022; Olausson et al.,
2023), we utilize the feedback from code execution as a tool for ongoing re nement within the LLM.
This iterative process fosters the systematic recti cation of errors and continues until the code is
devoid of errors. Our experiments show that this step decreases error rates from 10% to near zero.

2.3 IMPROVING REWARD CODE FROMHUMAN FEEDBACK

Humans seldom specify precise intent in a single interaction. In an optimistic scenario, the initial
generated reward functions may be semantically correct but practically sub-optimal. For instance,
users instructing a robot to open a cabinet may not specify whether to pull the handle or the edge of
the door. While both methods open the cabinet, the former is preferable because it is less likely to
damage the furniture and the robot. In a pessimistic scenario, the initially generated reward function
may be too dif cult to accomplish. For instance, telling a robot to “clean up the desk” results in a
more dif cult learning process than telling the robot to “pick up items on the desk and then put them
in the drawer below”. While both descriptions specify the same intent, the latter provides intermediate
objectives that simplify the learning problem.

To address the problem of under-speci ed instructions resulting in sub-optimal reward func-
tions, TEXT2REWARD actively requests human feedback from users to improve the generated
reward functions. After every RL training cycle, the users are provided with rollout videos of task
execution by the current policy. Users then offer critical insights and feedback based on the video,
identifying areas of improvement or errors. This feedback is integrated into subsequent prompts to
generate more re ned and ef cient reward functions. In the rst example of opening a cabinet, the
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user may say “use the door handles” to discourage the robot from damaging itself and the furniture
by opening using the door edges. In the second example of cleaning a desk, the user may say “pick
up the items and store them in the drawer” to encourage the robot to solve sub-tasks. It is noteworthy
that this setup encourages the participation of general users, devoid of expertise in programming or
RL, enabling a democratized approach to optimizing system functionality through natural language
instructions, thus eliminating the necessity for expert intervention.

3 EXPERIMENT SETUP

We evaluateTEXT2REWARD on manipulation and locomotion tasks across three environments:
METAWORLD, MANISKILL 2, and GymMuJoCo. We use GPT-4as the LLM to demonstrate our
method and further includes an examination of other open-source models, as presented in Appendix F.
This is done not only to ensure reproducibility but also to clarify the complexity of the task at
hand. We choose the RL algorithm (PPO or SAC) and set default hyper-parameters according to the
performance of human-written reward, and x that in all experiments on this task to do RL training.
Experiment hyperparameters are listed in Appendix A.

3.1 MANIPULATION TASKS

We demonstrate manipulation MEETAWORLD, a commonly used benchmark for Multi-task Robotics
Learning and Preference-based Reinforcement Learning (Nair et al., 2022; Lee et al., 2021; Hejna lll
& Sadigh, 2023), anMANI SKILL 2, a platform showcasing a diverse range of object manipulation
tasks executed within environments with realistic physical simulations. We evaluate a diverse set of
manipulation tasks including pick-and-place, assembly, articulated object manipulation with revolute
or sliding joint, and mobile manipulation. For all tasks, we compee&T2REWARD with oracle

reward functions tuned by human experts (provided in the original codebases). We also establish a
baseline by adapting the prompt from Yu et al. (2023) to suit our reinforcement learning framework,
as opposed to the Model Predictive Control (MPC) setting originally described in Yu et al. (2023)
since designing the physics model demands a considerable amount of additional expert labor. For
RL training, we tune the hyperparameters such that the oracle reward functions have the best results,
and then keep them xed when runnifi@xT2ReEWARD. The full list of tasks, corresponding input
instructions, and details of simulated environments are found in Appendix B.

3.2 LOCOMOTIONTASKS

For locomotion tasks, we demonstrate our method using GydoCo. Due to the lack of expert-
written reward functions for locomotion tasks, we follow previous work (Christiano et al., 2017; Lee
et al., 2021) to evaluate the policy based on human judgment of the rollout video. We develop six
novel tasks in total for two different locomotion agents, Hopper (a 2D unipedal robot) and Ant (a 3D
qguadruped robot). The tasks include Move Forward, Front Flip and Back Flip for Hopper, as well as
Move Forward, Lie Down, and Wave Leg for Ant.

3.3 REAL ROBOT MANIPULATION

Unlike model-based methods such as model predictive control (MPC) (Howell et al., 2022), which
require further parameter adjustment, our RL agents—trained in a simulator—can be directly deployed
in the real world, necessitating only minor calibration and the introduction of random noise for sim-
to-real transfer. To demonstrate this bene t, as well as verify the generalization ability of RL policy
trained from our generated reward, we conducted a real robot manipulation experiment with the
Franka Panda robot arm. We verify our approach on two manipulation tasks: Pick Cube and Stack
Cube. To obtain the object state required by our RL policy, we use the Segment Anything Model
(SAM) (Kirillov et al., 2023) and a depth camera to get the estimated pose of objects. Speci cally, we
query SAM to segment each object in the scene. The segmentation map and the depth map together
give us an incomplete point cloud. We then estimate the pose of the object based on this point cloud.

https://platform.openai.com/docs/guides/gpt. This work mainly gped-0314
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3.4 INTERACTIVE GENERATION WITH HUMAN FEEDBACK

We conduct human feedback on a challenging task for single-round reward code generation, Stack
Cube, to investigate whether human feedback can improve or x the reward code, enabling RL
algorithms to successfully train models in a given environment. This task involves reaching the cube,
grasping the cube, placing the cube on top of another cube, and releasing the cube while making
it static. We sample 3 generated codes from zero-shot and few-shot methods and perform this task
with two rounds of feedback. In addition, we also conduct experiments on one locomotion task Ant
Lie Down, where the initial training results do not satisfy the user's preference. The general user
who provides the feedback can only see the rollout video and learning curve, without any code. The
authors provide feedback as per the described setup.

Figure 2: Learning curves dW ANISKILL 2 under zero-shot and few-shot reward generation settings,
measured by task success rai2R means the baseline adapted from Yu et al. (20@8%cle means

the expert-written reward function provided by the environmeetp-shoandfew-shot(k=1) means

the reward function is generated B¥XT2REWARD w.0 and w. retrieving expert-written examples

from other tasks. The solid line represents the mean success rate, while the shaded regions correspond
to the standard deviation, both calculated across ve different random seeds.

Figure 3: Learning curves dd ETAWORLD under zero-shot reward generation setting, measured by
success rate. Following Figure 2, the solid line represents the mean success rate, while the shaded
regions correspond to the standard deviation, both calculated across ve different random seeds.
Additional results can be found in the Appendix G.
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