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Abstract

Designing efficient reward functions for low-level control tasks is a challenging
problem. Recent research aims to reduce reliance on expert experience by using
Large Language Models (LLMs) with task information to generate dense reward
functions. These methods typically rely on training results as feedback, itera-
tively generating new reward functions with greedy or evolutionary algorithms.
However, they suffer from poor utilization of historical feedback and inefficient
search, resulting in limited improvements in complex control tasks. To address
this challenge, we propose RF-Agent, a framework that treats LLMs as language
agents and frames reward function design as a sequential decision-making process,
enhancing optimization through better contextual reasoning. RF-Agent integrates
Monte Carlo Tree Search (MCTS) to manage the reward design and optimization
process, leveraging the multi-stage contextual reasoning ability of LLMs. This
approach better utilizes historical information and improves search efficiency to
identify promising reward functions. Outstanding experimental results in 17 diverse
low-level control tasks demonstrate the effectiveness of our method. The source
code is available at https://github.com/deng-ai-lab/RF-Agent.

1 Introduction

Reward design is a crucial component in Reinforcement Learning (RL), significantly affecting
the performance and training efficiency of the policy, especially in low-level control tasks like
locomotion[40] and complex manipulation[3} [15]. Although task evaluation metrics (e.g., success
rate, movement speed) can be directly used as rewards, their sparse or one-dimensional nature
presents challenges for policy optimization. Therefore, reward shaping[34] through dense reward
functions is crucial for guiding policy learning more efficiently[46]. The most common approach
involves human experts manually crafting a dense reward function, which is interpretable but requires
extensive expertise and may be suboptimal[4]. To address this, Inverse RL[65 54, |13]] and Preference-
based RL[10, 22, [35] attempt to generate dense rewards by learning reward models from expert
demonstrations or preferences. However, they still rely on large amounts of expert data and lack
interpretability.

Recently, large language models (LLMs) have excelled in not only traditional NLP tasks[33] but
also logical reasoning and agent-based tasks[50, 58]]. Given their impressive world knowledge [52]
and coding capabilities [56} 160], a natural thought is to leverage LLMs to generate interpretable
dense reward functions, replacing expert effort. Approaches like L2R[59]] and Text2Reward|[55]]
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Figure 1: Quick view. (a) Reshaping LLM-based Reward Function Design Problem from sequential
decision-making view. (b) Abstract pipeline comparison between different approaches. (c) Compari-
son between different methods on max success rates with the numbers of complete training times.

made strides in this direction, achieving remarkable results. In addition, more recent methods[28|,
17,161}, 162, [18]] have further advanced the field by combining more refined feedback design and
evolutionary concepts. We view these methods as part of a sequential decision process, as shown
in FigI]a. The interaction between the policy and environment forms an internal system, where the
LLM, as a language agent, continuously interacts with this system. The action of the LLM represents
the process of generating a reward function, and the internal system provides results after training as
feedback based on the action. The action and feedback in the current decision-making process are
finally integrated into the history state and utilized by LLM for future actions.

From the sequential decision-making perspective, current research can be categorized into two reward
generation modes, as shown in FigI]b. The first mode, exemplified by Eureka[28], follows a greedy
algorithm[48] approach, where the best reward function is retained after a batch generation of reward
functions and serves as the starting point for the next iteration. The second mode, represented
by Revolve[l7], adopts an evolutionary algorithm[11] approach, maintaining a population and
evolving new reward functions by integrating individual information from the population. However,
when utilizing LLMs to design reward functions for complex control tasks[9]], the performance
improvement of these methods remains limited, as illustrated in Figllc. This limitation hinders the
generation of high-quality and training-efficient reward functions through LLMs, constraining the
performance of this pipeline. We identify two key factors leading to limited performance improvement.
First, from the search perspective, greedy or evolutionary algorithms struggle in complex decision-
making problems, as they fail to effectively balance exploitation and exploration, often resulting
in premature convergence to local optima or excessive exploration of possibilities[37]. Second,
regarding information usage, existing methods only retain local historical information, overlooking
the potential decision paths that could transition from low-performing to high-performing reward
functions (FigI]b ours).

Based on the analysis above, we introduce a novel reward function design framework, RF-Agent,
which treats the LLM as an agent to address the challenges outlined by enhancing their reasoning
and decision-making capabilities. Specifically, we employ a tree structure to represent the entire
reward design process (FigI]b ours) and its history states. Each node in this tree corresponds to a
distinct decision strategy and its associated reward function, effectively leveraging the multi-stage
contextual reasoning capabilities of LLMs. To further improve the framework, we incorporate the
Monte Carlo Tree Search (MCTS) algorithm[35]] to balance exploration and exploitation within the
decision space. Additionally, during the action expansion phase, we integrate a set of heuristic
action types to guide the LLM in generating reward functions with varying inclinations. This enables
RF-Agent to appropriately incorporate global decision information from other paths, ensuring the
full utilization and refinement of promising reward functions. Finally, environmental feedback and
self-verify metrics contribute to an overall evaluation, which forms a value prior for node selection,
thereby enhancing the search optimization capabilities of the entire RF-Agent framework.



We evaluate the proposed RF-Agent across 17 tasks in IsaacGym[31]] and Bi-DexHands[9]], covering
task types such as locomotion and robot arm/hand manipulation. The results indicate that our approach
outperforms the current state-of-the-art LLM-based reward function design methods, producing high-
performance and training-efficient reward functions. Such achievement demonstrates the potential of
leveraging language agents in combination with reasoning and search frameworks for reward function
design. Ablation studies further validate the effectiveness of our architecture.

2 Related Works

Reward Design with LLMs. Reward engineering has long been a challenge in reinforcement
learning[[45l [26]), with the common approach being manual creation of reward functions by experts[23}
4. Inverse RL[1} [19} 165 154} [13]] and Preference-based RL[10, 22, 35] generate rewards through
learned models, but still require expert demonstrations and lack interpretability. Recent advancements
leverage LLMs, which exhibit strong world knowledge and logical reasoning[38,[14]], in tasks like
code generation[8, 39] and robotic control planning[27, 44} 49]]. Some works have extended this
to generating rewards for RL. For instance, [24] uses LLMs to generate binary rewards based on
user intent in negotiation games, and [12] calculates rewards based on the similarity between state
transitions and goals generated by LLMs. However, these methods suffer from excessive LLM calls
and inconsistencies. In contrast, L2R[59] and T2R[55] generate dense, interpretable reward functions,
while T2R directly offers plug-and-play reward function Python code, introducing a promising
paradigm for reward engineering. Recent works like Eureka[28]] use greedy iterative approaches to
optimize reward functions, while Revolve[17] incorporates evolutionary algorithms to evolve new
rewards. However, both methods still face challenges with inefficient use of historical feedback and
low search efficiency. Our RF-Agent addresses these issues by introducing Monte Carlo Tree Search
to manage reward function design and optimization process from a decision-making perspective. It
fully utilizes LLMs’ contextual reasoning and historical feedback, thereby significantly enhancing
the performance of the designed reward function.

LLM-based Agent for Decision Making. The world knowledge and logical reasoning abilities
of LLMs enable them to serve as agents for solving decision-making problems[36} 49| |6]. For
example, LLMs have been used as high-level controllers in robotic planning [2], interacted with web
browsers to fulfill user needs [32]], and tackled multi-step decisions in text-based adventure games
[43]]. As tasks become more complex, methods such as Twosome[47] attempt to fine-tune LLM-based
agents to interact directly with the environment, but this often incurs high training costs. In contrast,
training-free approaches that utilize multi-step reasoning to leverage LLMs’ contextual learning have
gained popularity[S3}51}158L163,138]. This “Test-time Compute” paradigm [25]] enhances reasoning to
influence decision performance, with Chain-of-Thought (CoT)[53]] being the most prominent method.
ReAct[58] incorporates CoT into decision-making, while self-refine[29] and Reflexion[42]] add self-
feedback mechanisms. However, these linear methods neglect alternative decision paths. ToT[57]
breaks the decision process down using tree search, and methods like LATS[64] and RAP[16]] further
introduce Monte Carlo Tree Search (MCTS) to enhance reasoning during decision-making. Inspired
by these approaches, we frame reward function design as a decision-making process, enhancing the
logical reasoning of LLM to better analyze historical feedback and generate high-quality reward
functions.

3 Problem Setting

In standard reinforcement learning (RL) [46] tasks, the problem is commonly modeled as a Markov
Decision Process (MDP), formalized by the tuple M = (S, A, T, R,~, po). In this formulation,
S denotes the state space and A represents the action space. < is the discount factor, and pq is
the initial state distribution. The environment’s dynamics are described by the transition function
T:S x Ax S — [0,1], which specifies the probability of transitioning to a new state given the
current state and action. The reward function R : S X A — R defines the immediate reward received
after taking an action in a given state.

We then introduce the Reward Design Problem (RDP)[45]], given by the tuple P = {M, R, m, F'},
where M = (S, A,T) is the environment world model including state space S, action space A,
and transition function 7. R indicates the space of all reward functions where each R € R is a
reward function that maps a state-action pair to a scalar R : S x A — R. 7w : S — A indicates a
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Figure 2: Tllustration of our RF-Agent with (a) an exemplary reward function optimization path from
the tree, (b) total tree growth process, and (c) iteration based on MCTS. Please refer to the Appendix
[B]for prompts used in RF-Agent, mainly including initialization, expansion, and other process.

policy sampled form the policy space II and F'(-) : IT — R is the evaluation metric that measures
the real performance of 7 on a given task. Given a reward function R, the tuple (M, R) forms a
Markov Decision Process M. We additionally denote <7/ (-) : R — II as a learning algorithm (e.g.,
PPO[41])) that outputs the policy 7 under the given MDP (M, R). The goal of the RDP is to output
a reward function R € R such that the policy 7 := @, (R) under the MDP (M, R) achieves the
highest evaluation score F'().

In our Reward Function Design Problem (RFDP) setting, each R € R is specified as Python code
and given by a reward designer G : £ — R according to the input string L as instruction. Here we
choose a pre-trained language model py(-) as the reward function designer G. After the policy 7
completes the training of the fix number of steps under the given reward function R and learning
algorithm o), we will receive feedback from the environment about this learning process. In
addition to the evaluation score I, a string I feeqpack as language feedback will indicate the execution
situation. Finally, given a string 4, that specified the task, the objective of the RFDP is to output a
reward function code R ~ py(l) such that F'(e#p;(R)) is maximized.

4 Method

In this section, we first explore the challenges associated with solving the LLM-based RFDP problem,
with a particular emphasis on the in-context learning capabilities of LLMs. We then introduce RF-
Agent, a framework that enhances the multi-stage contextual reasoning of LLMs by integrating Monte
Carlo Tree Search (MCTYS), thereby improving the efficiency of reward function search through better
utilization of historical feedback and evaluation metrics. Finally, we show an exemplary reward
function optimization process to illustrate the effectiveness of RF-Agent.



4.1 Rethinking LLLM-Based Reward Function Design Problem

From a decision-making perspective, each reward function R generated by an LLM py({) can be
viewed as an action a, with the corresponding input instruction [ as the state s. This presents a key
challenge in RFDP: the state and action space defined on language is vast, while the evaluation
metrics F' and feedback ! feedpack provided by the environment after training are sparse and text-based.
As a result, using feedback to directly optimize pg(-) via gradients is impractical and costly.

The in-context learning ability of LLMs offers a promising alternative to solve the above problem. In
many text-based tasks, LLMs act as language agents, leveraging varying state information as context
to iteratively make decisions[58, |64]. Based on the analysis, we identify that previous LLM-based
RFDP methods simply treat LLM contextual learning as a basic usage, failing to integrate it effectively
within the RFDP framework. These methods suffer from limited historical information utilization
and low search efficiency to generate high-performance reward functions. To address these issues, we
propose the RF-Agent framework, which fully exploits multi-stage contextual reasoning of LLM to
better utilize evaluation metrics and textual feedback in RFDP and improve the efficiency of reward
function search.

4.2 RF-Agent for Reward Function Design

Overview. Our RF-Agent is illustrated in Fig2] We structure the optimization to solve the LLM-based
RFDP as a Monte Carlo Tree Search process, with the root node n,.,,+ serving as a virtual node. The
remaining nodes each represent a reward function R with its training feedback. Based on classical
MCTS, we first generate an initial set of child nodes, after which the RFDP solution process consists
of four stages: selection, expansion, simulation, and backpropagation. These stages iterate until the
maximum iteration limit IV is reached or early convergence. In the selection phase, we select the most
promising node based on an improved Upper Confidence Bound for Trees (UCT), which incorporates
evaluation metrics, self-verify metrics, and exploration count. During the expansion phase, RF-Agent
utilizes specific actions to guide the LLM in generating reward functions for child nodes, ensuring
effective exploration of the reward function space. Finally, in the simulation and backpropagation
phase, RF-Agent trains policies with generated reward functions and receives feedback to update the
node states for next selection. See Appendix [G]for the algorithm of RF-Agent.

Initialization. During the initialization phase, in addition to the brief task information [, %, RF-
Agent is only granted access to the observational part of the environment code, [, consistent
with previous approaches[28, [17]. We then provide both inputs to the LLM, leveraging its world
knowledge and zero-shot instruction-following capabilities to generate the reward function:

R~ Do (‘T, Z) , 2~ Do (I) ) where x = [ltaska lobs» laction] (1)

Here, l,ti0n refers to the instructions, and z represents the design thought in the reasoning process.
As shown in Fig[la, we prompt the LLM to first generate the design thought and then create the
specific reward function based on it, leveraging the advantages of logical reasoning[53]].

The generated reward functions are then integrated with the environment to train the policy under
the learning algorithm .@7);. The process returns an evaluation metric F' (e.g., task success rate) and
feedback [ fceapack, Which tracks the changes of key components in R during training as shown in
App. @} Then, the construction from the root node 1., to the first layer of child nodes is complete,
with each node state represented as s = [z, R, F, lfcedback]. The tree structure stores all of the node
states throughout the development, enabling their full utilization in the selection and expansion stages.

Selection to the Potential Node. In the selection stage, RF-Agent balances exploration and exploita-
tion to identify promising nodes as shown in Fig2]c.i and blue arrow in b, improving search efficiency
for promising reward functions. We complete this stage by sequentially selecting child nodes with
the highest UCT values until a leaf node. In the RFDP setting, each node maintains a value Q(s)
reflecting the score of its reward function and those of its descendants, along with a visit count N (s).

Additionally, RF-Agent introduces a self-verify score to improve selection. In complex control tasks,
early-generated reward functions often have low scores F', even nearly zero, resulting in the value
@ constructed based on F' not being able to effectively reflect the potential of the node. Inspired by
the inherent evaluation capabilities of LLMs[42]], we prompt the LLM to first analyze how an expert
completes the task, then output a score representing the likelihood of obtaining an expert-level policy



by training under the current R as shown in App. [B.4] The final UCT calculation is as follows:

UCT (schitd) =

Q(Schitd) — Qmin . (\/2-10g(N(3parent) +1) + 0 (Vserf (Senita))) ()

Qmafc - Qmin N(Schild)

Here, we normalize the (Q-value to enhance the robustness of the UCT calculation in different tasks.
The parameter A controls the weight of the exploration term and linearly decays during the search to
promote early exploration while ensuring later convergence. vs¢; ¢ represents the self-verify score
scaling with softmax ¢ and also decays with A.

Expansion with LLM-based actions. In the expansion stage, RF-Agent incorporates historical
information to guide the LLM in generating new reward functions similar to Eq[T] but with different
laction- Previous methods[28]] typically regenerate reward functions based on a single prompt and
limited historical data, thus cannot fully leverage the LLM in-context learning abilities and limit
effective exploration of the reward function space. When humans tackle problems, a complete
decision-making process usually involves various types of action, with different actions employed
under different states. Inspired by this, RF-Agent enhances exploration of the reward function space
by defining different action types to generate the reward functions with utilization of historical
information from the whole tree, as shown in Fig2]c.ii and orange arrow in b. See App. and[L1]
for detailed prompts and effects. The action types including [a,,1, @m2, @c3, Arg, ags) are as follows:

o Mutation a1 & @ma : laction = lmum“o"(spmem). We introduce the mutation to represent local
modifications to the existing reward function. Given a parent node, the mutation action guides the
LLM to analyze the state of the parent node to optimize its reward function. Specifically, a,,; guides
the LLM to modify the structure of the reward function, such as adding or removing a component,
while a,,,2 focuses on adjusting the parameter weights within the reward function.

o Crossover a3 : laction = lcrossover(Sparent7 5node~{elites})~ To enhance the utilization of global
historical information and accelerate the search process, we introduce a crossover operation to extract
information from high-performance nodes. RF-Agent maintains an elite set, dynamically storing
high-performance nodes from the tree based on evaluation scores F'. We sample k nodes from the
elite set, weighted by their scores, and input them along with the parent node state to the LLM. Then
RF-Agent guides the LLM to analyze the feedback and extract useful reward components from these
nodes, combining them to form a new reward function.

o Path Reasoning ar4 : laction = lreason (Sparent Sancestor). Each path from the root node to a leaf
node represents a unique reward function optimization trace. Similar to how humans recall past
experiences when solving new problems, RF-Agent leverages the knowledge in the reward function
optimization trace by reasoning. By truncating a k-length tree path from the current node to the root,
RF-Agent guides the LLM to reason the reward function optimization process, identifying the design
strengths and further generating a new reward function.

o Different Thought ags : laction = ldif fer(Sparents Snode~{tree})- TO prevent premature conver-
gence during the search and enhance exploration of the reward function space, we introduce a5 to
generate thoughts distinct from existing reward functions in the tree. RF-Agent randomly selects
nodes from different paths, combines them with the parent node, and guide the LLM to generate a
reward function structurally different from those in the selected nodes.

Simulation with Reward Function. In the simulation stage, we train the policy using the reward
function R of expanded nodes, as shown in Fig. 2]c.iii. Generally, R can be executed at once, then
a complete node s = [z, R, F, lfccdpback] Will be established. In complex environments, however,
early LLM-generated reward functions may encounter execution errors. In such cases, we extract the
traceback error and prompt the LLM to adjust R. This adjustment may cause the reward function R
to diverge from the original design thought z, and even without adjustments, LLM hallucinations
can misalign R and z[20]]. Since expansion actions are partly based on z, its accuracy is crucial. To
address this, RF-Agent introduces a simple yet effective thought alignment process: during expansion,
we generate z before R; in simulation, once the reward function ciles correctly, we regenerate a

more complete design idea 2., based on R or R. See Appendix and |I.2{for details.

Backup with Evaluation. The purpose of the backpropagation stage is to update the value Q(s) and
visit count N (s), with generating a self-verify score vq;¢ , as shown in Fic.iV and green arrow in
b. The process and motivation for generating the self-verify score are detailed in the expansion part,



while the update process for Q(s) and N (s) with update rate 7 is as follows:

Q(s)=(1—=n)-Q(s)+n- max Q(s); N(s)= Y  N(s) 3

s’ €Child(s
(s) s’€Child(s)

4.3 Optimization of Reward Function in RF-Agent

As shown in Fig2]a, we illustrate an exemplary reward function optimization path for Swing Cup task.
During early exploration, RF-Agent tends to expand extensively to try different reward functions
such as using mutation actions to add the handle distance reward in R}. Later, RF-Agent focuses
on exploiting a few high-performance paths, such as continuing with R} by crossover of elite nodes
to generate RY, which modifies parameters and incorporates angular velocity stabilization rewards.
Further optimization through path reasoning led to R}, which adds a linear velocity stabilization
reward and achieves high performance. See Appendix [F.3]for more optimization examples.

S Experiments

5.1 Experiment Environments

We test RF-Agent in two low-level control environments: IsaacGym[31] and Bi-DexHands[9],
encompassing 8 control agents and 17 diverse tasks. We first evaluates on 7 representative tasks
across locomotion and robot arm/hand manipulation from IsaacGym. To further test our method on
more complex tasks, we selected 10 tasks from the Bi-DexHands, involving dual-arm manipulation
with more intricate actions such as door closing, cup rotation, and bottle cap twisting. We divided
these 10 tasks into two groups, expert-easy and expert-hard, based on human reward function success
rates, enabling a comprehensive comparison of different LLM-based RFDP methods and human
performance. Task details are provided in the Appendix [A]

5.2 Baselines

Human. These use dense reward functions from the benchmark, written by reinforcement learning
researchers who designed the tasks, representing expert-level reward engineering techniques.

Sparse. These are equivalent to using the evaluation score F', which directly reflects task completion
quality, as the reward. This reward is typically sparse or single-dimensional.

Eureka|28] automatically generates dense reward functions by combining task information and
environmental observations. More importantly, it generates rewards in batches and retains the best
one based on feedback, optimizing the reward function through a greedy iterative approach.

Revolve[17] maintains a population and applies evolutionary operations to modify the reward
functions with human-in-the-loop feedback. In our fully automated reward function design scenario,
we implemented the Revolve auto version, where feedback is also provided by the environment.

5.3 Training Setup

Policy Training. Following Eureka, all tasks are implemented with a well-tuned PPO[30]] and default
hyperparameters provided by the benchmark. We tested the final reward functions through individual
training with 5 different seeds and measured the quality of the reward functions by reporting the
average maximum evaluation score achieved at each policy checkpoint.

Evaluation metrics. In the Bidex tasks, the success of a task is determined by a binary 0-1 signal,
thus the evaluation score directly based on the success rate. In the Isaac tasks, the metric depends on
its goal. For example, the goal of the Ant task is to move as quickly as possible, so the metric is set
as the forward speed. See appendix for detailed task descriptions and evaluation scores.

Method Implementation. Since Eureka, Revolve, and RF-Agent optimize reward functions through
sampling, we ensure a fair comparison by setting the same total sampling number of reward functions.
In IsaacGym, we set the total limit to 80 and use the GPT-40-mini-0718 and GPT-40-0806 models
for LLM implementation[21]]. For the Bidex tasks, to evaluate the search performance of the method
itself under complex control tasks, we increase the upper limit to 512 and use only the GPT-40-mini



Table 1: Quantitative evaluations on IsaacGym. Bold indicates the best results within the same
group. Avg norm score represents the average performance after calculating human normalized
scores (Method — Sparse) /(Human — Sparse) for each task.

locomotion manipulation \
task Avg norm score
‘ Ant Anymal  Humanoid Quadcopter AllegroHand FrankaCabinet ShadowHand ‘
Sparse | 0.14+0.05 —2.054+0.24 3.01+1.99 —1.354+0.04  0.03+0.00 0.04+0.08 0.04+0.00 0
Human | 6.75+0.30 —0.03+0.00 5.89+0.81 —0.08+0.03 11.41+1.62 0.11+0.07 8.56+1.23 1
LLM-based Reward Function Design with GPT-40-mini
Eureka | 4.87+1.34 —0.67+0.04 3.29+0.19 —0.07+0.02 13.87+3.04 0.01+0.00 10.81+1.06 0.63
Revolve | 5.16+1.37 —0.80+0.09 3.1240.33 —0.08+0.02 18.40+0.97 0.19+0.17 10.61+1.38 0.67
Ours |6.22+0.90 —0.01+0.00 5.91+1.21 —0.03+0.00 22.52+1.83 0.35+0.15 13.13+0.82 1.70
LLM-based Reward Function Design with GPT-40
Eureka | 5.77+0.85 —0.01+0.00 5.44+088 —0.03+0.02 22.55+0.99 0.5240.21 12.27+0.91 2.00
Revolve | 5.90+0.82 —0.01+0.00 4.87+0.23 —0.04+0.02 23.11+1.10 0.57+0.50 9.02+1.00 2.03
Ours |7.10+0.11 —0.01+0.00 6.37+0.32 —0.03+0.01 24.04+1.41 0.79+0.18 14.09+0.40 2.68

model. For Eureka and Revolve deployment details, please refer to the Appendix [D| As for the
configuration of our RF-Agent, please refer to the Appendix[C]

5.4 Experiment Results

Advantages of RF-Agent in multi-class control tasks. Tab[I| reports the absolute scores with
standard deviation and average normalized performance of different methods on each IsaacGym task.
We observe the following advantages:

(1) Our method outperforms other LLM-based reward function design methods across various tasks
and control types, demonstrating RF-Agent’s ability to leverage LLMs for reward function
generation, with this advantage unaffected by changes in the LLM backbone model.

(2) Even with a lightweight LLM backbone model 40-mini, RF-Agent-generated reward functions
maintain superiority over human expert methods in nearly all tasks, while Eureka and Revolve
do not, particularly in locomotion tasks.

(3) With a more powerful LLM backbone 40, almost all methods achieve better reward functions
within a limited number of training iterations. However, it is worth noting that Eureka experiences
oscillations on FrankaCabinet, indicating its inability to generate effective reward functions with
a lightweight model. Revolve fails to optimize performance on ShadowHand, while RF-Agent’s
performance improvement remains stable across all tasks.

These advantages highlight RF-Agent’s effective use of contextual reasoning and historical informa-
tion, enabling superior search efficiency for high-performance reward functions. Additionally, we
further modify two control tasks to validate the generalization capabilities of different methods in
out-of-distribution scenarios. Detailed results can be found in the AppendixF.4}
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Figure 3: Success rates comparison with standard deviation upper bar on BiDex Expert-Easy/Hard.



High Performance of RF-Agent under complex manipulation. Fig[3| presents the results of
different methods on BidexHands, with tasks divided into Expert-Easy and Expert-Hard groups
based on human reward function outcomes for easier comparison. As shown, RF-Agent maintains a
clear performance advantage over both human experts and other LLM-based reward function design
methods, particularly on more complex tasks. Specifically, in the Expert-Easy tasks, where human
reward functions have high success rates and smaller objects (e.g., cubes, bottle caps) are manipulated,
Eureka and Revolve fail to reach half of human performance on tasks like GraspAndPlace, BottleCap,
and BlockStack. In contrast, RF-Agent matches or slightly exceeds human performance. In the
Expert-Hard tasks, where human success rates are lower and larger objects (e.g., kettles, doors) are
manipulated, LLM-based methods perform all well, with RF-Agent showing an obvious advantage in
most tasks. These results demonstrate that RF-Agent can design effective reward functions even in
more complex task environments.

Kettle DoorCloseOutward Catchabreast BottleCap
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Figure 4: Success rates with exploration steps under reward functions by different methods.

RF-Agent designs training-efficient reward functions. Fig[4]shows the training curves for different
reward functions on BiDexHands. Compared to Eureka and Revolve, Reward functions generated by
RF-Agent can efficiently train the policy to converge to a higher success rate range, illustrating the
high-quality reward function generation ability of RF-Agent. See Appendix [FI]for curves of others.

The powerful search improvement capabilities of RF-Agent. Fig[5|shows the average maximum
scores achieved across tasks as reward functions are iteratively generated, reflecting the actual
improvement of reward functions. In both Expert-Easy/Hard tasks, RF-Agent demonstrates high
optimization efficiency, significantly outperforming other methods. These results indicate that RF-
Agent effectively addresses the issue of limited reward function improvement in complex control.
We also provide the maximum reward achieved on each single task in Appendix [F2]

(a) Bidex-Expert-Easy (b) Bidex-Expert-Hard

Average Success Rate
Average Success Rate
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Figure 5: Reward function optimization performance with sampling counts.

5.5 Ablation Studies.

(a) Effect on search method (b) Effect on different action (c) Effect on reasoning
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Figure 6: Ablations on the search method, action types, and reasoning component. We report the
percent difference in performance compared to the complete RF-Agent. The experiment is built on
Ant, FrankaCabinet, and AllegroHand to cover three task types with 40-mini as the designer.

Search Method. To evaluate the impact of balancing exploration and exploitation on RF-Agent, we
replace the improved UCT-based selection process with common search methods such as DFS, BFS,



and Greedy. As shown in Fig[6]a, each method experienced significant performance loss on at least
one task, highlighting the importance of balance for search efficiency.

Action types. To evaluate the impact of the actions designed in the expansion stage, we relatively
replaced the different action types with a basic action, providing only the parent node state to generate
new reward functions. In Fig[6]b, each action type holds its value, and removing all actions leads to a
significant degradation. This demonstrates that the action design of RF-Agent effectively leverages
historical information and LLM in-context learning ability to generate high-quality reward functions.
Additionally, we further investigate the impact of different action combinations on the experimental
results. Detailed results and explanations can be found in the AppendixF.5]

Reasoning. To evaluate the impact of LLM reasoning paradigm on RF-Agent, we remove self-verify
and thought-align in Fig[6]c. The results show that the reasoning paradigm helps mitigate LLM
hallucinations and provides effective evaluations, benefiting RF-Agent in generation and search.
Furthermore, we also conduct an ablation study on the thought alignment component itself. Please
refer to the AppendixF.6]

6 Conclusion

This paper proposes RF-Agent, which automates the design of high-performance reward functions for
low-level control tasks by combining language agents and tree search. By treating the reward function
design process as a decision problem, RF-Agent integrates MCTS into the reward function design
process, utilizing the multi-stage contextual reasoning of LLMs to improve search efficiency and
leveraging diverse action design with historical information to make effective improvements to the
reward function. The results demonstrate that RF-Agent can effectively generate high-performance
reward functions for various and complex low-level control tasks, validating its effectiveness.

Limitation. Our RF-Agent, similar to Eureka and Revolve, belongs to the category of reward function
design methods that utilize feedback and LLM. These methods are rather computationally expensive
and time-consuming due to requiring multiple interactions with the LLM and repeated policy training.
While RF-Agent achieves better generation results with relatively smaller LLM models, it does not
reduce the need for multiple RL training iterations. Our future work will focus on reducing the
number of RL training cycles while maintaining the effective iterative improvement.
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A Environments

In this section,we provide environment details. For each environment,we list its observation and
action dimensions,the verbatim task description,and the task evaluation score function F'.

IsaacGym. The general objective of the IsaacGym[31]] environments is to simulate various robotic
tasks in a controlled virtual setting. These tasks range from balancing and controlling movements to
interacting with objects. Each environment has specific goals such as making an ant run as fast as
possible, having a humanoid perform tasks with agility, or controlling a hand to spin an object to a
target orientation. The environments involve challenges in movement, manipulation, and stability,
with each task requiring precise control of the robot or agent, measured by a corresponding evaluation
score function that encourages the agent to optimize its performance.

Figure 7: Examples of the IsaacGym environment.

IsaacGym Environments

Environment (obs dim, action dim)
Task description
Task evaluation score function F'

Ant (60,8)

To make the ant run forward as fast as possible

cur_dist - prev_dist

Anymal (48, 12)

To make the quadruped follow randomly chosen x, y, and yaw target velocities
-(linvel_error + angvel_error)

Humanoid (108, 21)

To make the humanoid run as fast as possible

cur_dist - prev_dist

Quadcopter (21, 12)

To make the quadcopter reach and hover near a fixed position
-cur_dist

AllegroHand (88, 16)

To make the hand spin the object to a target orientation
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number of consecutive successes where current success is 1[rot_dist <
0.1]

FrankaCabinet (23, 9)
To open the cabinet door
1[cabinet_pos > 0.39]

ShadowHand (211, 20)

To make the shadow hand spin the object to a target orientation

number of consecutive successes where current success is 1[rot_dist <
0.1]

Bi-DexHands. The Bi-DexHands[9]] environment is designed to simulate dexterous manipulation
tasks involving two hands. The overall goal of the Bi-DexHand environment is to enable the agent
to perform various tasks that require coordinated manipulation using both hands. These tasks
are modeled to simulate real-world dexterous activities, such as passing objects between hands,
interacting with everyday tools, and performing precise actions requiring dual-hand cooperation.
Tasks in Bi-DexHands environment are designed to push the boundaries of agent control, testing their
ability to handle complex multi-step processes, balance, and precision, all of which are crucial in
dexterous manipulation.

(a) SwingCup

(c) CatchUnderarm

(D) DoorCloseOutward (2) LiftUnderarm (h) BlockStack (i) GraspandPlace () Kettle

Figure 8: Examples of the Bi-DexHands environment.

Bi-DexHands Environments

Environment (obs dim, action dim)
Task description
Task evaluation score function F'

Over (398, 40)

This class corresponds to the HandOver task. This environment consists of two shadow hands
with palms facing up, opposite each other, and an object that needs to be passed. In the
beginning, the object will fall randomly in the area of the shadow hand on the right side. Then
the hand holds the object and passes the object to the other hand. Note that the base of the
hand is fixed. More importantly, the hand which holds the object initially can not directly
touch the target, nor can it directly roll the object to the other hand, so the object must be
thrown up and stays in the air in the process

1[dist < 0.03]

GraspAndPlace (425,52)

This class corresponds to the GraspAndPlace task. This environment consists of dual-hands,
an object and a bucket that requires us to pick up the object and put it into the bucket
1[|block- bucket| < 0.2]
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BottleCap (420, 52)

This class corresponds to the Bottle Cap task. This environment involves two hands and a
bottle, we need to hold the bottle with one hand and open the bottle cap with the other hand.
This skill requires the cooperation of two hands to ensure that the cap does not fall

1[dist > 0.03]

CatchUnderarm (422, 52)
This class corresponds to the Catch Underarm task. In this task, two shadow hands with palms
facing upwards are controlled to pass an object from one palm to the other. What makes it
more difficult than the Hand over task is that the hands’ translation and rotation degrees of
freedom are no longer frozen but are added into the action space
1[dist < 0.03]

BlockStack (428, 52)
This class corresponds to the Block Stack task. This environment involves dual hands and two
blocks, and we need to stack the block as a tower
1[goal_dist_1 < 0.07 and goal_dist_2 < 0.07 and 50 * (0.05- z_dist_1)
> 1]

SwingCup (417, 52)
This class corresponds to the SwingCup task. This environment involves two hands and a dual
handle cup, we need to use two hands to hold and swing the cup together
1[rot_dist < 0.785]

LiftUnderarm (417, 52)
This class corresponds to the LiftUnderarm task. This environment requires grasping the pot
handle with two hands and lifting the pot to the designated position. This environment is
designed to simulate the scene of lift in daily life and is a practical skill
1[dist < 0.05]

Kettle (417, 52)
This class corresponds to the PourWater task. This environment involves two hands, a kettle,
and a bucket, we need to hold the kettle with one hand and the bucket with the other hand, and
pour the water from the kettle into the bucket. In the practice task in Isaac Gym, we use many
small balls to simulate the water

1[|bucket- kettle_spout| < 0.05]

CatchAbreast (422, 52)

This class corresponds to the Catch Abreast task. This environment consists of two shadow
hands placed side by side in the same direction and an object that needs to be passed. Compared
with the previous environment which is more like passing objects between the hands of two
people, this environment is designed to simulate the two hands of the same person passing
objects, so different catch techniques are also required and require more hand translation and
rotation techniques

1[dist] < 0.03

DoorCloseQutward (417, 52)
This class corresponds to the DoorCloseOutward task. This environment also require a closed
door to be opened and the door can only be pushed inward or initially open outward, but
because they can’t complete the task by simply pushing, which need to catch the handle by
hand and then open or close it, so it is relatively difficult
1[door_handle_dist < 0.5]

B RF-Agent Details

B.1 Basic Prompts.

Here, we present the fundamental prompts used across all LLM-based reward function design
methods, including the system prompt, environment information prompt, code format tip prompt.

The system prompt is as follows:
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You are a reward engineer trying to write reward functions to solve reinforcement learning
tasks as effective as possible.

Your goal is to write a reward function for the environment that will help the agent learn the
task described in text.

Your reward function should use useful variables from the environment as inputs.

As an example, the reward function signature can be:

Q@torch. jit.script

def compute_reward(object_pos: torch.Tensor, goal_pos: torch.Tensor) -> Tuplel
torch.Tensor, Dict[str, torch.Tensor]]:

return reward, {}

Since the reward function will be decorated with @torch.jit.script, please make sure that the
code is compatible with TorchScript (e.g., use torch tensor instead of numpy array).

Make sure any new tensor or variable you introduce is on the same device as the input tensors.

The environment information prompt with task IsaacGym-Ant is as follows:

The task is: Ant. You need to make the ant run forward as fast as possible.

The Python environment is:

class Ant(VecTask):
"""Rest of the environment definition omitted.
def compute_observations(self):
self.gym.refresh_dof_state_tensor(self.sim)
self .gym.refresh_actor_root_state_tensor (self.sim)
self.gym.refresh_force_sensor_tensor(self.sim)

wun

self.obs_buf[:], self.potentials[:], self.prev_potentials[:], self.up_vec
[:], self.heading_vec[:] = compute_ant_observations(
self.obs_buf, self.root_states, self.targets, self.potentials,
self.inv_start_rot, self.dof_pos, self.dof_vel,
self.dof_limits_lower, self.dof_limits_upper, self.dof_vel_scale,
self .vec_sensor_tensor, self.actions, self.dt, self.

contact_force_scale,

self .basis_vecO, self.basis_vecl, self.up_axis_idx)

def compute_ant_observations(obs_buf, root_states, targets, potentials,
inv_start_rot, dof_pos, dof_vel,
dof_limits_lower , dof_limits_upper, dof_vel_scale,
sensor_force_torques, actions, dt,
contact_force_scale,
basis_vecO, basis_vecl, up_axis_idx):
# type: (Tensor, Tensor, Tensor, Tensor, Tensor, Tensor, Tensor, Tensor,
Tensor , float, Tensor, Tensor, float, float, Tensor, Tensor, int) ->
Tuple [Tensor, Tensor, Tensor, Tensor, Tensor]

torso_position = root_states[:, 0:3]
torso_rotation = root_states[:, 3:7]
velocity = root_states[:, 7:10]

ang_velocity = root_states[:, 10:13]

to_target = targets - torso_position
to_target[:, 2] = 0.0

prev_potentials_new = potentials.clone()
potentials = -torch.norm(to_target, p=2, dim=-1) / dt

torso_quat, up_proj, heading_proj, up_vec, heading_vec =

compute_heading_and_up (
torso_rotation, inv_start_rot, to_target, basis_vecO, basis_vecl, 2)
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vel_loc, angvel_loc, roll, pitch, yaw, angle_to_target = compute_rot(

torso_quat, velocity, ang_velocity, targets, torso_position)

dof _pos_scaled = unscale(dof_pos, dof_limits_lower, dof_limits_upper)

obs = torch.cat((torso_position[:, up_axis_idx].view(-1, 1), vel_loc,

angvel_loc,

yaw.unsqueeze (-1), roll.unsqueeze(-1), angle_to_target.
unsqueeze (-1),

up_proj.unsqueeze(-1), heading_proj.unsqueeze(-1),
dof_pos_scaled,

dof_vel * dof_vel_scale, sensor_force_torques.view(-1, 24)

contact_force_scale,
actions), dim=-1)

return obs, potentials, prev_potentials_new, up_vec, heading_vec

The environment information prompt with task BidexHands-Over is as follows:

The task is: This class corresponds to the HandOver task. This environment consists
of two shadow hands with palms facing up, opposite each other, and an object that
needs to be passed. In the beginning, the object will fall randomly in the area of the
shadow hand on the right side. Then the hand holds the object and passes the object
to the other hand. Note that the base of the hand is fixed. More importantly, the hand
which holds the object initially can not directly touch the target, nor can it directly roll
the object to the other hand, so the object must be thrown up and stays in the air in the process.

The Python environment is:

class ShadowHandOver (VecTask) :

"""Rest of the environment definition omitted.

def

compute_observations (self):
self.gym.refresh_dof_state_tensor(self.sim)
self.gym.refresh_actor_root_state_tensor(self.sim)
self.gym.refresh_rigid_body_state_tensor(self.sim)
self.gym.refresh_force_sensor_tensor (self.sim)
self.gym.refresh_dof_force_tensor(self.sim)

if self.obs_type in ["point_cloud"]:
self.gym.render_all_camera_sensors (self.sim)
self.gym.start_access_image_tensors(self.sim)

self.object_pose = self.root_state_tensor[self.object_indices, 0:7]
self.object_pos = self.root_state_tensor[self.object_indices, 0:3]
self.object_rot = self.root_state_tensor[self.object_indices, 3:7]
self.object_linvel = self.root_state_tensor[self.object_indices, 7:10]
self .object_angvel = self.root_state_tensor[self.object_indices, 10:13]

self.goal_pose = self.goal_states[:, 0:7]
self.goal_pos = self.goal_states[:, 0:3]
self .goal_rot = self.goal_states[:, 3:7]

self.fingertip_state = self.rigid_body_states[:, self.fingertip_handles

10:, :, 0:13]

self.fingertip_pos = self.rigid_body_states[:, self.fingertip_handles]l[:

:, 0:3]

self .fingertip_another_state = self.rigid_body_states[:, self.
fingertip_another_handles][:, :, 0:13]

self.fingertip_another_pos = self.rigid_body_states[:, self.
fingertip_another_handles][:, :, 0:3]

if self.obs_type == "full_state":
self.compute_full_state ()

elif self.obs_type == "point_cloud":

self.compute_point_cloud_observation ()

if self.asymmetric_obs:
self.compute_full_state(True)
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The code format tip prompt is as follows:

Some helpful tips for writing the reward function code:

(1) You may find it helpful to normalize to a fixed reward range like-1,1 or 0,1 by
applying transformations like torch.exp() to the overall reward or its reward components in
order to have reasonable values for the optimization procedure. This does not mean that
you should bound the rewards as wrong bounds might hinder the learning algorithm from
achieving the optimal policy.

(2) If you choose to transform a reward component, then you must also introduce a
temperature parameter inside the transformation function; this parameter must be a named
variable in the reward function and it must not be an input variable. Each transformed reward
component should have its own temperature variable.

(3) If the task has a goal state, it might be helpful to add a bonus to the reward function
if the agent achieves the goal (up to some tolerance).

(4) Make sure the type of each input variable is correctly specified; a float input variable
should not be specified as torch.Tensor.

(5) Make sure you don’t give contradictory reward components.

(6) Most importantly, the reward code’s input variables must contain only attributes of
the provided environment class definition (namely, variables that have prefix self.). Under no
circumstance can you introduce new input variables.

B.2 Feedback Example and Analysis Prompts.

Here we use the Ant task as an example to show the specific content of feedback. This feedback is
inherited from Eureka[28]] and tracks the changes in a set of key variables during the training process,
including the key components of the designed reward function, task scores and episode length.

reward_forward_velocity:
" —0.02',1.07,)1.47"/1.90",2.29"/2.62', 3.00", 3.48",/ 3.54" 3.67'

, Max: 3.73, Mean: 2.48, Min: -0.02
reward_to_target:

'0.00","0.00", 0.00’," 0.00",” 0.00", 0.00’,” 0.00"," 0.00", 0.00’," 0.00’

, Max: 0.00, Mean: 0.00, Min: 0.00
task_score:

’—0.02/,/1.08)1.48'/1.90', 2.29'/ 2.60', 2.97" 3.45', 3.49' ) 3.62'

, Max: 3.67, Mean: 2.46, Min: -0.02
episode_lengths:

’59.19',/180.39’," 285.69',' 425.37’,/ 519.28' 578.28 ' 634.42'  644.16",' 633.70'/ 649.94’
, Max: 717.00, Mean: 494.84, Min: 59.19

Based on a given feedback, we provide some general tips for analyzing feedback.

(1) ’task_score’ reflects the agent’s actual task score or success rate after training under the
current reward function.
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(2) If the values for a certain reward component are near identical throughout, then this means
RL is not able to optimize this component as it is written.

(3) If some reward components’ magnitude is significantly larger or smaller, its value may
not conducive to policy learning.

The above feedback mechanism will be used in the implementation of Revolve to achieve automatic
feedback of revolve in the experimental environment.

B.3 Prompts for RF-Agent Actions.

In RF-Agent, five different action types are set in the expansion stage, as well as the initial initialization
action, as shown below:

The initialization prompt requires LLM to form a design idea based on the given environmental
information and task description, and generate a reward function based on this idea.

First, describe the design idea and main steps of your reward function in one sentence. The
description must be inside a brace outside the code implementation.

Next, write a reward function based on this idea. The output of the reward function should
consist of two items:

(1) the total reward,

(2) a dictionary of each individual reward component.

neee cwen

The code output should be formatted as a python code string:
Do not give additional explanations.

python ...

The mutation a,,,; prompt requires the LLM to locally optimize its reward function based on the
feedback information of the parent node. In particular, a,,,; guides the LLM to modify the reward
function composition mechanism.

I have one reward function with its design idea and code as follows.

Design Idea: {design_idea}
Code: {reward_function}

We trained a RL policy using the provided reward function code and tracked the values of
the individual components in the reward function as well as global policy metrics such as
success rates and episode lengths after every {epoch_freq} epochs and the maximum, mean,
minimum values encountered:

{trained_results}
Analysis tips for trained results:
{trained_result_analysis_tip}

Please create a new reward function that has a different form but can be a modified version
of the provided reward function. The new reward function should have a higher task score.
Try to introduce more novel idea and add or remove some basic reward components from the
environment.

The mutation a,,,o prompt requires the LLM to locally optimize its reward function based on the
feedback information of the parent node. In particular, a,,,2 guides the LLM to adjust the parameter
weights within the reward function.
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I have one reward function with its design idea and code as follows.

Design Idea: {design_idea}
Code: {reward_function}

We trained a RL policy using the provided reward function code and tracked the values of
the individual components in the reward function as well as global policy metrics such as
success rates and episode lengths after every {epoch_freq} epochs and the maximum, mean,
minimum values encountered:

{trained_results}
Analysis tips for trained results:
{trained_result_analysis_tip}

Please identify the reward function parameters and create a new reward function that has
a different parameter settings compared to the provided version. The new reward function
should have a higher task score.

The crossover a3 prompt uses parent node information and nodes information in the elite set
to generate a new reward function by combining the reward component. After sorting the scores
corresponding to nodes in the set, the sampling of elite sets is randomly selected using the reciprocal
of sorting as the weight.

I have {nums} existing reward functions with their design ideas and codes as follows.
{reward_func_group}

We trained a RL policy using the provided reward function code and tracked the values of
the individual components in the reward function as well as global policy metrics such as
success rates and episode lengths after every {epoch_freq} epochs and the maximum, mean,
minimum values encountered:

{trained_results}
Analysis tips for trained results:
{trained_result_analysis_tip}

Please create a new reward function inspired by those reward functions. Try to list the
common ideas in those high score reward functions and combine high-performing reward

components from different reward functions based on the data tracked. The new reward
function should have a higher task score.

The path reasoning a,, prompt uses parent node information and its ancestor information to
generate a new reward function by reasoning this optimization path.

I have {nums} existing reward functions related to optimization in sequence with their
design ideas and codes as follows.

{reward_func_group}

We trained a RL policy using the provided reward function code and tracked the values of
the individual components in the reward function as well as global policy metrics such as
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success rates and episode lengths after every {epoch_freq} epochs and the maximum, mean,
minimum values encountered:

{trained_results}
Analysis tips for trained results:
{trained_result_analysis_tip}

Please create a new reward function inspired by all the above reward functions. Try to reason
the optimization path and list some ideas in those reward functions that are clearly helpful to
a better improvement. The new reward function should have a higher task score than any of
them.

The different thought a ;5 prompt uses parent node information and random nodes information
from the tree to generate a new reward function by requiring to design a new reward function with
different structures from these nodes.

I have {nums} existing reward functions with their design ideas and codes as follows.
{reward_func_group}

We trained a RL policy using the provided reward function code and tracked the values of
the individual components in the reward function as well as global policy metrics such as
success rates and episode lengths after every {epoch_freq} epochs and the maximum, mean,
minimum values encountered:

{trained_results}
Analysis tips for trained results:
{trained_result_analysis_tip}

Please create a new reward function that has a totally different form from the given algorithms.
Try generating codes with different structures, flows or algorithms. Remember the new reward
function should have a higher task score.

B.4 Prompts for Thought-align and Self-verify.

Thought-align. After the reward function is successfully executed, the RF-Agent resummaries
the reward function to eliminate the inconsistency between the original design idea and the reward
function expression caused by hallucinations or modifications.

Following is the Design Idea of a reward function for the problem and the code for
implementing the reward function.

Design Idea: {design_idea}
Code: {reward_function}

The content of the Design Idea cannot fully represent what the reward function has done
informative. So, now you should re-describe the reward function using less than 4 sentences.
Hint: You should reference the given Design Idea and highlight the most critical design ideas
of the code. You can analyze the code to describe which reward components it contains,
which observations they are calculated based on, what are the parameters and structure of the
reward coupling process, and what special ideas are used.
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Self-verify. In order to identify potential functions faster in the early selection stage, RF-Agent
appropriately added a self-verify score from the LLM as part of the selection criteria, and the impact
of this score will gradually weaken in the later stage.

Be sure to remember the definition of the task. Additionally, I have an existing reward
function with its design idea and code as follows.

Design Idea: {design_idea}
Code: {reward_function}

Now, based on the task definition, imagine how an expert-level strategy completes the task,
describe the execution planning and motion process of the expert strategy for the task, and
then evaluate the given reward functions according to your imagined description process,
and judge the similarity of the given reward function with the imagined process, with the
numerical value limited to [-1,1].

Finally, return the value enclosed in square brackets, such as [0.5].

C Training Details

Hyper-parameters. As shown in the paper, we deploy our RF-Agent with leaf node parallel
scheme[7] in the expansion stage, we set this parallel number to 8. Thus, we configure the actions as
[2,2,2,1, 1] per expansion to make the ratio of nodes that utilize local and global information at 1 : 1.
The initial value of A is set to 0.4 across all tasks, v,e; s is constrained within the range of [-1,1] in
order to have a more obvious distinction after softmax, k is randomly sampled from [2, 4] to control
the number of nodes sampled in a.3, a,4 and ags, and 7 is set to 0.7.

Deployment resources. We deployed RF-Agent on a 4 Nvidia Geforce RTX3090 cards with 128
core CPUs and 256GiB memory server. On issacgym, the average time consumed by each different
task was 9 hours; on Bi-DexHands, the average time consumed by each task was 40 hours.

Other evaluation details. During the evaluation, we tested on 5 seeds different from those during
the search. The number of training steps in the environment was consistent with the default training
steps in the IssacGym and Bi-DexHands environments. For example, the uniform number of steps on
Bi-DexHands is 1e8.

D Baseline Details

Eureka. Eureka[28]] has been tested on [saacGym and Bi-Dexhands using the GPT-4 model as the
reward function generator. Given the high cost of GPT-4 and its reduced relevance as a mainstream
choice, we used 40 and 40-mini models for our experiments. Therefore, we also re-conducted
experiments with Eureka using these two models. The parameter configuration for Eureka remains
consistent with its default settings, maintaining 16 samples per iteration.

Revolve. Since Revolve[l7] has not been previously tested on IsaacGym and Bi-Dexhands, we
re-implemented the experiments. We retained its algorithm and evolutionary operation prompts, with
the main changes being in the system prompt for the environment and replacing feedback information
with automated environment feedback. These two types of prompts are consistent with those used in
Eureka and RF-Agent. The parameter configuration for Revolve remains consistent with its default
settings, maintaining 16 samples per iteration during population evolution.

E Cost Comparison

Training resource consumption. Eureka, Revolve and Ours RF-Agent are using the same total
number of reward functions to training the policy, thus the training cost is almost the same.
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Storage Usage. RF-Agent needs to store historical information of the entire tree, Revolve needs to
store historical information of the population, and Eureka hardly needs to store historical information,
but these additional historical information is composed of strings, whose order of magnitude is at the
MB level.

Token consumption. The main consumption of each method is concentrated on the process of
generating reward functions in combination with environmental information and instructions. RF-
Agent also has thought-align and self-verify processes compared to Eureka and Revolve, but the
token used in these two processes is much lower than the reward function generation process.

We tallied the input_token (prompt), output_token (completion), and the actual monetary cost for RF-
Agent, Eureka, and Revolve on the Ant and Humanoid tasks. It is important to note that input_tokens
can be processed in a single, efficient forward pass (a *prefill’), whereas output_tokens are generated
autoregressively (a ’decode’ process), which is more computationally intensive. This efficiency
difference is reflected in API pricing (e.g., Input: $0.6 per 1M tokens vs. Output: $2.4 per IM
tokens).

Table 4: Cost on Ant Environment

Ant Prefill Tokens Decode Tokens  Total Cost ($)
Eureka 82458 54505 0.1802868
Revolve 162348 43973 0.202944
Ours-total 257564 69704 0.321828
Ours-action 203282 53462 -
Ours-others 54282 16242 -

Table 5: Cost on Humanoid Environment

Humanoid Prefill Tokens Decode Tokens  Total Cost ($)

Eureka 78940 60021 0.191414
Revolve 169545 44118 0.20761
Ours-total 254555 66557 0.31247
Ours-action 204283 50270 -
Ours-others 50272 16287 -

The data in the tables leads to the following conclusions: RF-Agent utilizes 2-3 times more prefill
tokens than the baselines, while the number of decode tokens is only moderately higher. Furthermore,
we find that this asymmetric token consumption aligns perfectly with the design philosophy of
RF-Agent. The higher usage of prefill tokens is a direct result of leveraging historical information
(i.e., previously generated thoughts and reward functions). As the MCTS tree grows, these artifacts
are flexibly combined and included in the prompt, forming a multi-step reasoning process for the
LLM. This process enables the LLM to generate more sophisticated and effective reward functions,
which in turn leads to the significant performance growth observed in our experiments.

F Additional Results

F.1 Training Curves in Bi-DexHands.

In Fig[9] we show all the training curve results of the Expert-Easy and Expert-Hard groups on the
selected Bi-DexHands. RF-Agent can maintain its dominant performance in most tasks.

F.2 Reward Function Optimization Performance.
In Fig[T0] we show the maximum score obtained on each task as the number of reward function

samples increases. The results show that our RF-Agent has better iterative optimization capabilities
on most tasks.
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Figure 9: Success rates with exploration steps under reward functions by different methods on
Bidex-hands.

Figure 10: Reward function optimization performance with sampling counts in Bi-DexHands.
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Figure 11: Examples of the best node growth path.

F.3 More Optimization Path Examples of RF-Agent

We show the optimization paths of the nodes that end up with the best performance on two Bi-
DexHands tasks, as shown in Fig[TT] We found that the optimization paths on both tasks contain
certain global actions, which shows that it is important to optimize reward functions using global
historical information. In addition, the optimization paths on CatchAbreast further illustrate that
those weak reward functions should not be easily abandoned, and mixing them with reward functions
on other paths can also obtain performance advantage nodes.

F.4 Out-of-distribution tasks performance

Considering that the training data for advanced large language model baselines might include certain
common reward functions, we design and conduct two entirely new experiments using the Isaac Gym
Ant environment:

Ant Lie Down Task description: “To make the ant lie down on its back (belly-up) as quickly and
stably as possible. Its four feet should point towards the sky.” The evaluation score for this task
is based on a success condition, defined by an indicator function 1[orientation_reward > 0.9],
corresponding to a stable belly-up pose.
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Ant Patrol and Return Task description: “To make the ant first run forward to the checkpoint
position, then turn around and return to its starting origin position.” For this task, success is
1[task_phase == 1and dist_to_start < 0.5], signifying the completion of the entire two-stage
trip.

Using the same experimental configuration as in our main Isaac Gym experiments and employing the
GPT-40-mini model, we obtained the following results:

Table 6: Comparison of methods on OOD-Ant tasks.

Task Sparse Eureka Revolve Ours

Lie Down 0.12+0.03  0.64+0.08 0.59+0.11 0.73+0.08
Patrol and Return ~ 0.05+£0.02  0.524+0.07 0.63£0.05 0.82+0.06

In these experiments, the ’Sparse’ condition refers to using only the evaluation score (i.e., the 1[...]
indicator function) as the reward signal. While it is not feasible to provide a handcrafted expert
baseline for such novel tasks, the experimental results sufficiently demonstrate two key points: (1) The
paradigm of LLM-based reward generation is capable of generalizing to these specialized, novel tasks.
(2) Our RF-Agent continues to outperform the existing baseline methods on these new challenges.

F.5 Detailed ablation studies on action combination
We further conducted a combinatorial study of action on Ant and Allegro Hand tasks:

Table 7: Detailed ablation study on action combinations.

Action Combination Ant Allegro Hand
a w/ mutation 5.13(-18%) 18.76(-16%)
b w/ mutation + crossover 5.77(-7%) 21.90(-3%)
¢ w/ mutation + reasoning 5.94(-4%) 21.26(-5%)
d w/ crossover + reasoning 4.85(-22%) 19.21(-15%)
e w/ mutation + crossover + reasoning 6.08(-2%) 22.19(-2%)
Full Version (w/ all actions) 6.22 22.52

By analyzing the ablation results, we can categorize our actions from the perspective of information
utilization. The mutation action can be seen as a local operator, as it modifies a single parent node.
In contrast, crossover and reasoning act as global operators, as they synthesize information from
multiple nodes or entire ancestral paths.

The results clearly indicate that relying exclusively on one type of operator leads to a significant
performance drop. For instance, using only a local action (w/ mutation) or only global actions (w/
crossover + reasoning) both result in considerable performance degradation. Therefore, a balanced
combination of both local and global operators is crucial for achieving the best performance.

F.6 Detailed ablation studies on thought align

We present an ablation study on the thought align mechanism. In our current design, this process
consists of two steps:

(1) First Design Thought: Following a Chain-of-Thought like process, the LLM first generates a
high-level ’design thought’ before composing the actual reward function code.

(2) Second Thought Align: To mitigate potential hallucinations from a single generation step, after
the reward function is generated, we prompt the LLM to re-examine the code’s content and then
revise the original design thought’ to ensure it accurately reflects the code’s logic.

To quantitatively validate the effectiveness of this mechanism, we conducted further ablations on
these intermediate components:

The results indicate that the design thought mechanism is crucial across all tasks. Notably, the
second thought align step has a particularly significant impact on the more complex manipulation
task (Allegro Hand).
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Table 8: Ablation study on thought alignment components.

Task w/ full thought align  w/o first design thought w/o second thought align w/o all
ant 6.22 5.08(-18%) 5.94(-4%)  4.96(-20%)
allegro hand 22.52 18.07(-19%) 18.55(-17%) 14.64(-35%)

G Algorithm of RF-Agent

Algorithm [T] provides a pseudo-code for the proposed RF-Agent method, which can be combined
with Fig[|to further familiarize yourself with the entire RF-Agent process.

Algorithm 1: Reward Function Design via Language Agent Tree Search (RF-Agent)

Input: score Function F', reward designer GG, the number of initial nodes N, max evaluation
times N, action set (a1, Gm2, Ge3, Ara, Ags), counts of action [n,1, Nma, Nes, Nda, Nds)»
UCT initial balance parameter \g
// Initialization Stage
Initialize a virtual root node 7,o0t
Sett+ 0
Initialization N7 nodes with designer GG and link all the N nodes to the 1,40t ; // Eq.
Evaluating F' after training policy 7 with R from N nodes
// MCTS Search
fort < N do
A — )\Q . %
// MCTS Selection Stage
S < Nyoot
while s is not a leaf node do
§ 4= argmaxy e cpig(s) UCT(8) 5 // Eq. with A
end while
// MCTS Expansion Stage
for a in action set do
\ expand node s with action a and designer G in n,, times ; // Eq. with lgction
end
// MCTS Simulation Stage
Evaluating F' after training policy 7 with R from newly generated nodes
// MCTS Backpropagation Stage
Evaluate the self-verify score vz of newly generated nodes.
while s is not the root node 1,.,,; do
Update Q(s) and N(s) ; // Eq.J
end while
t+1t + Zaeaction set Nq,

end
Return: The node s* with the best reward function R*

H Licenses

The licenses and URL of baselines , benchmarks and deployment algorithm are listed in[9}

Table 9: The licenses and URL of baselines , benchmarks and deployment algorithm.

Resources Type License URL

Eureka[28] Codes for Baseline MIT https://github.com/eureka-research/Eureka
Revolve[17] Codes for Baseline Available Online https://github.com/RishiHazra/Revolve/tree/main
IsaacGym[31] Codes for Benchmark BSD 3-Clause License https://github.com/isaac-sim/IsaacGymEnvs B
Bi-DexHands[9] Codes for Benchmark  Apache 2.0 https://github.com/PKU-MARL/DexterousHands
RL-games[30] Codes for Algorithm ~ MIT https://github.com/Denys88/rl_games
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I RF-Agent Reward Examples

I.1 Reward after Diverse Actions Examples

We randomly selected a task and a corresponding node to show what the tendency of the new reward
function generated by RF-Agent under different actions. Here we select the node with RF-Agent
developed on CatchAbreast to the path "root-Oi-e3-m1-e3" as the current node. First, the reward
function of the node is displayed, and then the reward function generated by different actions under
the node is displayed in turn.

Q@torch. jit.script

def compute_reward(object_pos: torch.Tensor, goal_pos: torch.Tensor,
left_hand_pos: torch.Tensor, right_hand_pos: torch.Tensor) -> Tuple[torch.
Tensor, Dict[str, torch.Temnsor]]:
distance_to_goal = torch.norm(object_pos - goal_pos, dim=-1)
distance_to_left_hand = torch.norm(left_hand_pos - object_pos, dim=-1)
distance_to_right_hand = torch.norm(right_hand_pos - object_pos, dim=-1)

# Reward for being close to the goal
distance_reward = torch.clamp(1.0 - (distance_to_goal / 0.5), min=0, max=1)

# Reward for successfully passing the object, bonus for being within a
proximity threshold

success_bonus = torch.where(distance_to_goal < 0.1, torch.tensor (1.0, device=
object_pos.device), torch.tensor(0.0, device=object_pos.device))

# Hand balance reward penalizing uneven movement
hand_balance_reward = -torch.abs(distance_to_left_hand -

distance_to_right_hand)

# Proximity reward to encourage hands to efficiently reach the object

combined_hand_distance = distance_to_left_hand + distance_to_right_hand
proximity_reward = torch.clamp(1.0 - (combined_hand_distance / 0.8), min=0,
max=1)

# Smoothness penalty to encourage fluid hand movements

hand_distance_between_hands = torch.norm(left_hand_pos - right_hand_pos, dim
=-1)
smooth_movement_penalty = 0.01 * hand_distance_between_hands

# Total reward calculation
total_reward = distance_reward + success_bonus + hand_balance_reward +
proximity_reward - smooth_movement_penalty

# Reward components dictionary

reward_components = {
"distance_reward": distance_reward,
"success_bonus": success_bonus,
"hand_balance_reward": hand_balance_reward,
"proximity_reward": proximity_reward,
"smooth_movement_penalty": smooth_movement_penalty

}

return total_reward, reward_components

Mutation a,,,1.

Q@torch. jit.script

def compute_reward(object_pos: torch.Tensor, goal_pos: torch.Tensor,
left_hand_pos: torch.Tensor, right_hand_pos: torch.Tensor) -> Tuple[torch.
Tensor, Dict[str, torch.Temnsor]]:
distance_to_goal = torch.norm(object_pos - goal_pos, dim=-1)
distance_to_left_hand = torch.ncrm(left_hand_pos - object_pos, dim=-1)
distance_to_right_hand = torch.norm(right_hand_pos - object_pos, dim=-1)

# Reward for being very close to the goal with increased distance tolerance
distance_reward = torch.clamp(1.0 - (distance_to_goal / 0.6), min=0, max=1)
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# Success bonus increased for being within a tighter proximity threshold
success_bonus = torch.where(distance_to_goal < 0.05, torch.tensor (1.0, device
=object_pos.device), torch.tensor (0.0, device=object_pos.device))

# Balance reward penalizing uneven movement but normalizing based on hand
distance

hand_balance_penalty = -torch.abs(distance_to_left_hand -
distance_to_right_hand)

normalized_hand_distance = torch.clamp((distance_to_left_hand +
distance_to_right_hand) / (0.6 + 0.6), min=0, max=1)

hand_balance_reward = hand_balance_penalty * normalized_hand_distance

# Proximity reward encouraging efficient hand placement

combined_hand_distance = distance_to_left_hand + distance_to_right_hand
proximity_reward = torch.clamp(1.0 - (combined_hand_distance / 0.75), min=0,
max=1)

# Smoothness bonus for transitions encouraging fluid hand movements

hand_distance_between_hands = torch.norm(left_hand_pos - right_hand_pos, dim
=_1)
smooth_movement_bonus = torch.clamp(1.0 - (hand_distance_between_hands / 0.1)

, min=0, max=1)

# Total reward calculation
total_reward = (distance_reward + success_bonus + hand_balance_reward +
proximity_reward + smooth_movement_bonus) / 1.5

# Reward components dictionary

reward_components = {
"distance_reward": distance_reward,
"success_bonus": success_bonus,
"hand_balance_reward": hand_balance_reward,
"proximity_reward": proximity_reward,
"smooth_movement_bonus": smooth_movement_bonus

}

return total_reward, reward_components

where the key change is adding the normalizing mechanism to "hand_balance_penalty"

Mutation a,,,5.

Q@torch.jit.script

def compute_reward(object_pos: torch.Tensor, goal_pos: torch.Tensor,
left_hand_pos: torch.Tensor, right_hand_pos: torch.Tensor) -> Tuple[torch.
Tensor, Dict[str, torch.Tensor]]:
distance_to_goal = torch.norm(object_pos - goal_pos, dim=-1)
distance_to_left_hand = torch.norm(left_hand_pos - object_pos, dim=-1)
distance_to_right_hand = torch.norm(right_hand_pos - object_pos, dim=-1)

# Reward for being close to the goal with a larger range
distance_reward = torch.clamp(1.0 - (distance_to_goal / 0.3), min=0, max=1)

# Larger success bonus for passing the object
success_bonus = torch.where(distance_to_goal < 0.05, torch.tensor (2.0, device
=object_pos.device), torch.tensor (0.0, device=object_pos.device))

# Hand balance reward maintaining a moderate penalty
hand_balance_reward = -0.5 * torch.abs(distance_to_left_hand -

distance_to_right_hand)

# Enhanced proximity reward encouraging efficient hand placement

combined_hand_distance = distance_to_left_hand + distance_to_right_hand
proximity_reward = torch.clamp(1.0 - (combined_hand_distance / 0.6), min=0,
max=1)

# Smoothness penalty slightly adjusted to minimize harsh penalties

hand_distance_between_hands = torch.norm(left_hand_pos - right_hand_pos, dim
=-1)
smooth_movement_penalty = 0.005 * hand_distance_between_hands
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# Total reward calculation
total_reward = distance_reward + success_bonus + hand_balance_reward +
proximity_reward - smooth_movement_penalty

# Reward components dictionary

reward_components = {
"distance_reward": distance_reward,
"success_bonus": success_bonus,
"hand_balance_reward": hand_balance_reward,
"proximity_reward": proximity_reward,
"smooth_movement_penalty": smooth_movement_penalty

}

return total_reward, reward_components

where the key change is change the parameters in some reward components.

Crossover a.3.

Q@torch. jit.script

def compute_reward(object_pos: torch.Tensor, goal_pos: torch.Tensor,
left_hand_pos: torch.Tensor, right_hand_pos: torch.Tensor) -> Tuple[torch,
Tensor, Dict[str, torch.Temnsor]]:
distance_to_goal = torch.norm(object_pos - goal_pos, dim=1)
distance_to_left_hand = torch.norm(left_hand_pos - object_pos, dim=1)
distance_to_right_hand = torch.norm(right_hand_pos - object_pos, dim=1)

goal_reward = torch.clamp(1.0 - (distance_to_goal / 0.5), min=0, max=1) #
Proximity to goal
success_bonus = torch.where(distance_to_goal < 0.1, torch.tensor (2.0, device=

object_pos.device), torch.tensor(0.0, device=object_pos.device)) #
Success bonus

hand_balance_reward = -torch.abs(distance_to_left_hand -
distance_to_right_hand) # Penalizes uneven movement between hands
hand_coordination_reward = torch.exp(-torch.norm(left_hand_pos -
right_hand_pos, dim=1)) # Encourages closer hand positions
proximity_reward = -0.5 =* (distance_to_left_hand + distance_to_right_hand) #
Maintain proximity to the object

total_reward = goal_reward + success_bonus + hand_balance_reward +
hand_coordination_reward + proximity_reward

reward_components = {
"goal_reward": goal_reward,
"success_bonus": success_bonus,
"hand_balance_reward": hand_balance_reward,
"hand_coordination_reward": hand_coordination_reward,
"proximity_reward": proximity_reward

}

return total_reward, reward_components

where the key change is to delete "combined_hand_distance" and "smooth_movement_penalty" from
the initial reward function while keeping other high-performing components.

Path Reasoning a,.4.

Q@torch.jit.script

def compute_reward(object_pos: torch.Tensor, goal_pos: torch.Tensor,
left_hand_pos: torch.Tensor, right_hand_pos: torch.Tensor) -> Tuple[torch.
Tensor, Dict[str, torch.Tensor]]:
# Constants
distance_threshold = 0.1
success_bonus = 1.0
smooth_movement_penalty = 0.01
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# Distance metrics

distance_to_goal = torch.norm(object_pos - goal_pos, dim=1)
distance_to_left_hand = torch.norm(left_hand_pos - object_pos, dim=1)
distance_to_right_hand = torch.norm(right_hand_pos - object_pos, dim=1)

# Reward components
distance_reward = torch.clamp(1.0 - (distance_to_goal / 0.5), min=0, max=1)

# Reward for being close to the goal

# Reward for successfully passing the object

successful_pass = (distance_to_goal < distance_threshold).type(object_pos.
dtype)
reward_successful_pass = successful_pass * success_bonus

# Hand balance reward to encourage synchronized movements
hand_balance_reward = -torch.abs(distance_to_left_hand -
distance_to_right_hand)

# Proximity reward for effectively reaching the object

combined_hand_distance = distance_to_left_hand + distance_to_right_hand
proximity_reward = torch.clamp(1.0 - (combined_hand_distance / 0.8), min=0,
max=1)

# Smoothness penalty for fluid hand movements

hand_distance_between_hands = torch.norm(left_hand_pos - right_hand_pos, dim
=1)
smooth_movement_penalty_reward = -smooth_movement_penalty *

hand_distance_between_hands

# Total reward calculation
total_reward = distance_reward + reward_successful_pass + hand_balance_reward
+ proximity_reward + smooth_movement_penalty_reward

# Reward components dictionary

reward_components = {
"distance_reward": distance_reward,
"reward_successful_pass": reward_successful_pass,
"hand_balance_reward": hand_balance_reward,
"proximity_reward": proximity_reward,
"smooth_movement_penalty_reward": smooth_movement_penalty_reward

}

return total_reward, reward_components

where the key change is that the coefficients in the original reward function have been redefined and
some nested methods have been changed.

Different Thought a 5.

Q@torch. jit.script
def compute_reward(object_pos: torch.Tensor, goal_pos: torch.Tensor,
left_hand_pos: torch.Tensor, right_hand_pos: torch.Tensor, object_linvel:
torch.Tensor) -> Tuple[torch.Tensor, Dict[str, torch.Tensor]l]l:
# Design Idea: Utilize a nested reward structure focusing on progressive
subtasks of grasping and passing the object, rewarding successful
transitions and smooth trajectories.

# Define parameters
goal_tolerance = 0.1
grasp_radius = 0.05
smoothness_weight = 0.2

# Calculate distances for nested rewards

distance_to_goal = torch.norm(object_pos - goal_pos, dim=-1)
distance_to_left_hand = torch.norm(object_pos - left_hand_pos, dim=-1)
distance_to_right_hand = torch.norm(object_pos - right_hand_pos, dim=-1)

# Nested reward for successful grasping (within grasp radius)

grasp_reward = torch.where(distance_to_left_hand < grasp_radius, torch.tensor
(0.5, device=object_pos.device), torch.zeros_like(distance_to_left_hand))
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grasp_reward += torch.where(distance_to_right_hand < grasp_radius, torch.
tensor (0.5, device=object_pos.device), torch.zeros_like(
distance_to_right_hand))

# Goal reward
goal_reward = torch.where(distance_to_goal < goal_tolerance, torch.tensor
(1.0, device=object_pos.device), torch.zeros_like(distance_to_goal))

# Smoothness reward calculated as the negative exponential of object linear
velocity

smoothness_reward = —torch.exp(—smoothness_weight * torch.norm(object_linvel,
dim=-1))

# Total reward combining all components
total_reward = smoothness_reward + grasp_reward + goal_reward

# Reward components

reward_components = {
"grasp_reward": grasp_reward,
"goal_reward": goal_reward,
"smoothness_reward": smoothness_reward
}

return total_reward, reward_components

where the change is to think about new reward forms, introducing a grasping angle and nesting it into
the distance-related rewards.

1.2 Design Thought after Alignment

Similarly, the current node “root-0i-e3-m1-e3* in the previous section is an example. The design
thought during the generation process is:

The reward function is designed to optimize agent performance in the Catch Abreast task
by rewarding careful proximity of the hands to the object, effective synchronization of hand
movements, and incentivizing reaching the goal with a success bonus, while penalizing
excessive movement to ensure fluid hand coordination.

After thought alignment:

The reward function is designed to enhance agent performance in the Catch Abreast task by
incorporating multiple components that prioritize hand coordination and goal achievement.
It evaluates proximity to the goal and the object, providing rewards for closeness and a
success bonus for passing the object within a defined threshold. Additionally, it incorporates
a hand balance reward to penalize uneven movements between the hands, a proximity reward
to encourage efficient hand placement, and a smoothness penalty to promote fluid motion.
The total reward is calculated by summing these components while ensuring that fluid hand
coordination is incentivized.

Obviously, the design ideas after thinking alignment can more comprehensively summarize the
corresponding reward function.

L3 RF-Agent and Baselines Reward Comparison

Here we list some best reward function from different methods.

IsaacGym-Ant.
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Q@torch. jit.script
def compute_reward(root_states: torch.Tensor, heading_vec: torch.Tensor, up_vec:
torch.Tensor) -> Tuple[torch.Tensor, Dict[str, torch.Tensor]l]l:
# Extract the forward velocity in the x-direction
velocity = root_states[:, 7:10]
forward_velocity = velocityl[:, O]

# Weight for different reward components
heading_weight = 1.5

upright_weight = 0.5

y_z_penalty_weight = 0.3

# Cosine similarity reward for maintaining the desired heading direction (x-
axis)

desired_heading = torch.tensor ([1.0, 0.0, 0.0], device=heading_vec.device).
expand_as (heading_vec)

heading_cos_sim = torch.nn.functional.cosine_similarity(desired_heading,
heading_vec, dim=-1)
heading_reward = heading_weight = (heading_cos_sim * forward_velocity)

# Stability penalty for velocity in y and z directions
y_z_velocity_penalty = y_z_penalty_weight * torch.norm(velocityl[:, 1:], p=2,
dim=-1)

# Reward for being upright, using the z-component of the up_vec to measure
uprightness
upright_bonus_temp = 2.0
upright_bonus = upright_weight * torch.exp(upright_bonus_temp * (up_vec[:, 2]
- 1.0))

# Total reward is a combination of forward movement, heading alignment, and
uprightness

total_reward = forward_velocity + heading_reward + upright_bonus -
y_z_velocity_penalty

# Construct reward components dictionary

reward_components = {
"forward_velocity": forward_velocity,
"heading_reward": heading_reward,
"upright_bonus": upright_bonus,
"y_z_velocity_penalty": -y_z_velocity_penalty
}

return total_reward, reward_components

Q@torch. jit.script
def compute_reward(root_states: torch.Tensor, potentials: torch.Tensor,
prev_potentials: torch.Tensor, actions: torch.Temnsor,
dof_vel: torch.Tensor, dof_limits_lower: torch.Tensor,
dof_limits_upper: torch.Tensor) -> Tuple[torch.Tensor,
Dict[str, torch.Tensor]]:
# Extract relevant state information
velocity = root_states[:, 7:10] # Linear velocity
torso_position = root_states[:, 0:3] # Position of the torso

# Reward component to encourage forward velocity
forward_velocity_reward = velocityl[:, 0] # Assuming forward is along the x-

axis

# Modify target closeness reward to reflect more sensitivity

target_closeness_reward_temperate = 0.2
target_closeness_reward = prev_potentials - potentials
exp_target_closeness_reward = torch.exp(target_closeness_reward_temperate *

target_closeness_reward)

# Re-examine dof velocity penalty for more sensitivity
dof_vel_penalty_temperate = 0.02

dof_vel_penalty = torch.sum(torch.abs(dof_vel), dim=-1)

exp_dof_vel_penalty = torch.exp(—dof_vel_penalty_temperate * dof_vel_penalty)
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# Actions penalty adjust temperature for greater distinction
actions_penalty_temperate = 0.005

actions_penalty = torch.sum(torch.abs(actions), dim=-1)

exp_actions_penalty = torch.exp(-actions_penalty_temperate * actions_penalty)

# Total normalized reward
total_reward = forward_velocity_reward + 0.5 * exp_target_closeness_reward +

0.1 * exp_dof_vel_penalty + 0.1 * exp_actions_penalty

# Compile individual components into a dictionary

reward_components = {
"forward_velocity_reward": forward_velocity_reward,
"exp_target_closeness_reward": exp_target_closeness_reward,
"exp_dof_vel_penalty": exp_dof_vel_penalty,
"exp_actions_penalty": exp_actions_penalty,

}

return total_reward, reward_components

Q@torch.jit.script
def compute_reward(root_states: torch.Tensor, targets: torch.Tensor, potentials:
torch.Tensor,
prev_potentials: torch.Tensor, up_vec: torch.Tensor) -> Tuplel
torch.Tensor, Dict[str, torch.Tensor]]:
# Extract necessary components
velocity = root_states[:, 7:10]

# Forward speed reward component
forward_speed_reward = velocity[:, 0] # Forward speed along x-axis

# Forward potential difference reward component
forward_potential_diff = potentials - prev_potentials

# Upright reward component

up_vec_goal = torch.tensor([0.0, 0.0, 1.0], device=up_vec.device).unsqueeze
(0) .expand_as (up_vec)
upright_reward = torch.sum(up_vec * up_vec_goal, dim=-1)

# Set temperatures for exponential scaling
forward_speed_temp = 0.35
forward_potential_temp = 0.4

upright_temp = 1.0 # Keeping original scale

# Exponentially scale the rewards

scaled_forward_speed_reward = forward_speed_temp * torch.exp(
forward_speed_reward * forward_speed_temp)
scaled_forward_potential_diff = forward_potential_temp =* torch.exp(

forward_potential _diff = forward_potential_temp)
scaled_upright_reward = torch.exp(upright_temp * upright_reward)

# Total reward calculation
total_reward = scaled_forward_speed_reward + scaled_forward_potential_diff +

scaled_upright_reward

# Reward components dictionary

reward_components = {
"forward_speed_reward": scaled_forward_speed_reward,
"forward_potential_diff_reward": scaled_forward_potential_diff,
"upright_reward": scaled_upright_reward

}

return total_reward, reward_components

Bidex-CatchAbreast.
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Q@torch. jit.script

def compute_reward(object_pos: torch.Tensor, goal_pos: torch.Tensor,
left_hand_pos: torch.Tensor, right_hand_pos: torch.Tensor) -> Tuple[torch.
Tensor, Dict[str, torch.Tensor]]:
distance_to_goal = torch.norm(object_pos - goal_pos, dim=1)
distance_to_left_hand = torch.norm(left_hand_pos - object_pos, dim=1)
distance_to_right_hand = torch.norm(right_hand_pos - object_pos, dim=1)

# Reward for proximity to the goal with increased tolerance
distance_reward = torch.clamp(1.0 - (distance_to_goal / 0.5), min=0, max=1)

# Success bonus for accurate object passing with tighter threshold
success_bonus = torch.where(distance_to_goal < 0.03, torch.tensor (1.0, device
=object_pos.device), torch.tensor (0.0, device=object_pos.device))

# Hand balance reward incentivizing even distribution of effort between hands

hand_balance_reward = -0.5 * torch.abs(distance_to_left_hand -
distance_to_right_hand) * torch.clamp(1.0 - (distance_to_left_hand +
distance_to_right_hand) / 1.5, min=0, max=1)

# Proximity reward to encourage both hands to be near the object

combined_hand_distance = distance_to_left_hand + distance_to_right_hand
proximity_reward = torch.clamp(1.0 - (combined_hand_distance / 0.75), min=0,
max=1)

# Smoothness bonus to promote fluid hand movements

hand_distance_between_hands = torch.norm(left_hand_pos - right_hand_pos, dim
=1)
smooth_movement_bonus = torch.clamp(l.o - (hand_distance_between_hands / 0.1)

, min=0, max=1)

# Total reward calculation
total_reward = (distance_reward + success_bonus + hand_balance_reward +
proximity_reward + smooth_movement_bonus) / 2.0

# Reward components dictionary

reward_components = {
"distance_reward": distance_reward,
"success_bonus": success_bonus,
"hand_balance_reward": hand_balance_reward,
"proximity_reward": proximity_reward,
"smooth_movement_bonus": smooth_movement_bonus

}

return total_reward, reward_components

Q@torch. jit.script
def compute_reward(object_pos: torch.Tensor, goal_pos: torch.Tensor,
object_linvel: torch.Tensor) -> Tuple[torch.Tensor, Dictl[str,
torch.Tensor]]:

# Constants for temperature adjustments
distance_temp = 5.0 # Increased temperature sensitivity for distance

velocity_temp = 1.0 # Reduced scaling for velocity

# Compute distance to goal

distance_to_goal = torch.norm(object_pos - goal_pos, dim=1)
# Negative distance to promote minimization
distance_reward = torch.exp(-distance_temp * distance_to_goal) # Exponential

decay for distance

# Improved velocity reward with penalty for slow speeds

speed_threshold = 0.1 # threshold for penalty

velocity_magnitude = torch.norm(object_linvel, dim=1)

# Penalty for low speeds to encourage proper movement

velocity_penalty = torch.where(velocity_magnitude < speed_threshold, -1.0 * (
speed_threshold - velocity_magnitude), torch.zeros_like(
velocity_magnitude))

# Positive reward for aligned velocity towards the goal direction

37



direction_vector = goal_pos - object_pos # Direction vector from object to

goal
direction_norm = torch.norm(direction_vector, dim=1, keepdim=True) + 1le-6
desired_velocity = direction_vector / direction_norm # Normalized direction
aligned_velocity = torch.sum(object_linvel * desired_velocity, dim=1) # Dot

product for alignment

aligned_velocity_reward = torch.clamp(aligned_velocity, min=0.0) # Only
reward positive velocities

velocity_reward = aligned_velocity_reward + velocity_penalty # Combine
rewards and penalties

# Normalize velocity reward
velocity_reward = torch.clamp(velocity_reward, min=0.0)

# Combine all rewards to form total reward
total_reward = distance_reward + velocity_reward

# Components for debugging

reward_components = {
’distance_reward’: distance_reward,
’velocity_reward’: velocity_reward,

}

return total_reward, reward_components

Q@torch.jit.script

def compute_reward(object_pos: torch.Tensor, goal_pos: torch.Tensor,
left_hand_pos: torch.Tensor, right_hand_pos: torch.Tensor, left_hand_rot:
torch.Tensor, right_hand_rot: torch.Tensor) -> Tuple[torch.Tensor, Dict[str,
torch.Tensor]]:
# Define temperature variables for normalization
temp_pos = 0.1
temp_rot = 0.05
temp_catch = 0.2 # Adjusted temperature for catch reward

# Compute the distance from the object to the goal
distance_to_goal = torch.norm(object_pos - goal_pos, dim=-1)
reward_position = -distance_to_goal # Closer is better, so we take negative

# Compute the distance from the object to the left and right hands
distance_to_left_hand = torch.norm(object_pos - left_hand_pos, dim=-1) + le-6
# Adding a small epsilon to prevent log(0)
distance_to_right_hand = torch.norm(object_pos - right_hand_pos, dim=-1) + le
-6

# Encourage the object to be close to the hands with stronger feedback

reward_catch_left_base = -torch.exp(distance_to_left_hand / temp_catch) #
Base feedback

reward_catch_left_prox = torch.where(distance_to_left_hand < 0.1, 1.0 -
distance_to_left_hand / 0.1, torch.tensor (0.0, device=object_pos.device))

# Linear boost for proximity

reward_catch_left = reward_catch_left_base + reward_catch_left_prox #

Combined rewards

reward_catch_right = -1.5 * torch.exp(distance_to_right_hand / temp_catch) #
More weight for right hand penalty
reward_catch = reward_catch_left + reward_catch_right # Combined rewards for

better guidance

# Compute alignment/rotation rewards based on the orientation of the hands
desired_left_rot = torch.atan2(left_hand_pos[:, 1], left_hand_posl[:, 0])
desired_right_rot = torch.atan2(right_hand_pos[:, 1], right_hand_pos[:, 0])

reward_left_rot = -torch.abs(left_hand_rot[:, 0] - desired_left_rot) #
Compare some angle derived from quaternion
reward_right_rot = -torch.abs(right_hand_rot[:, 0] - desired_right_rot)

# Combine all rewards

total_reward = torch.exp(reward_position / temp_pos) + torch.exp(reward_catch
/ temp_catch) + torch.exp(reward_left_rot / temp_rot) + torch.exp(
reward_right_rot / temp_rot)

# Prepare individual rewards to return
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reward_components = {
’reward_position’: reward_position,
reward_catch’: reward_catch,
reward_catch_left’: reward_catch_left,
’reward_catch_right’: reward_catch_right,
reward_left_rot’: reward_left_rot,
’reward_right_rot’: reward_right_rot,

}

return total_reward, reward_components
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: We accurately claim the main contributions and scope of our paper in the
Abstract and Introduction section.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss the limitations of our work in Sec[@l
Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: Our work does not include theoretical results.

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.
The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We include the needed information for reproducibility in Sec[5|and Appendix

(o]

Guidelines:

The answer NA means that the paper does not include experiments.
If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: Included with the supplementary material.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: We include these details in Sec[5} Appendix [C|and Appendix D}
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We report the mean and standard deviation of the experiments in Tab[I|and
Fig. 3]
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer:

Justification: Partially. We report the average running time and devices of experiments
description in Appendix [C|and [E]

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We follow the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: There is no societal impact in our work.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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11.

12.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: There are no such risks in our paper.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: Please check in Appendix [H]
Guidelines:

* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
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16.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: Included with the supplementary material.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: Our paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [Yes]
Justification: Please refer to Sec[d]and Appendix [B|for detailed usage.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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