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Summary

Preference-based reinforcement learning is an effective way to handle tasks where rewards
are hard to specify but can be exceedingly inefficient as preference learning is often tabula rasa.
We propose In-Context Preference Learning (ICPL), which uses the in-context learning capa-
bilities of LLMs to reduce human query inefficiency. ICPL uses the task description and basic
environment code to create sets of reward functions, which are iteratively refined by placing
human feedback over videos of the resultant policies into the context of an LLM and request-
ing better rewards. We demonstrate ICPL’s effectiveness through a synthetic preference study,
showing that it significantly outperforms baseline preference-based methods in performance
and efficiency, and that improvements come from both LLM grounding and reward refinement
via preference feedback. We also perform real human preference-learning trials and show that
ICPL extends to humans-in-the-loop and to challenging, subjective tasks such as making a hu-
manoid jump like a human.

Contribution(s)

1. We propose ICPL, an LLM-based online preference learning algorithm that uses in-context
learning to refine reward functions from human preference feedback over videos of agent
behaviors.

Context: Prior preference-based RL methods learn reward models tabula rasa and often
require thousands of queries; we show that leveraging LLM coding and in-context reasoning
significantly reduces query count while improving performance.

2. We demonstrate that ICPL sharply outperforms tabula-rasa PbRL methods (PrefPPO (Lee
et al., 2021b), PEBBLE (Lee et al., 2021a), SURF (Park et al., 2022)) in query efficiency
and final task score, and is competitive with reward-generation methods that use ground-
truth sparse rewards (Eureka (Ma et al., 2023)).

Context: Experiments on nine IsaacGym tasks with proxy human preferences show over
30x reduction in queries at equivalent or better performance; ablations confirm the gain is
from preference-driven refinement rather than zero-shot task memorization.

3. Through human-in-the-loop trials on five IsaacGym tasks and a novel HumanoidJump task,
we show that ICPL works effectively with real (noisy) human preferences and can guide
agents toward nuanced, human-like behaviors (e.g., jumping with both legs).

Context: Human-in-the-loop trials across five IsaacGym tasks produce results consistent
with the proxy-preference metric. On the subjective HumanoidJump task, human partici-
pants show a clear majority preference for ICPL over an open-loop baseline.
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Abstract

Preference-based reinforcement learning is an effective way to handle tasks where re-
wards are hard to specify but can be exceedingly inefficient as preference learning is
often tabula rasa. To address this challenge, we propose In-Context Preference Learn-
ing (ICPL), which uses in-context learning capabilities of LLMs to reduce human query
inefficiency. ICPL uses the task description and basic environment code to create sets of
reward functions which are iteratively refined by placing human feedback over videos
of the resultant policies into the context of an LLM and then requesting better rewards.
We first demonstrate ICPL’s effectiveness through a synthetic preference study, pro-
viding quantitative evidence that it significantly outperforms baseline preference-based
methods with much higher performance and orders of magnitude greater efficiency. We
observe that these improvements are not solely coming from LLM grounding in the task
but also the quality of the rewards improvement via preference feedback. Additionally,
we perform a series of real human preference-learning trials and observe that ICPL
extends beyond synthetic settings and can work effectively with humans-in-the-loop.

1 Introduction

Defining desired agent behaviors explicitly is often challenging—how does one design a reward
function for “following instructions” or “behaving in a non-toxic manner”’? Preference-based rein-
forcement learning (PbRL) offers a solution by learning rewards through comparisons of trajectory
orderings, bypassing the need for explicit reward specification. While directly encoding behaviors
like “following instructions” is difficult, determining whether an instruction has been followed is
much more straightforward. PbRL, in which we simultaneously learn a policy and reward that sat-
isfy a set of preferences, has shown success in various tasks (Christiano et al., 2017; Ibarz et al.,
2018; Liu et al., 2020; Wu et al., 2021; Lee et al., 2021a). However, its deployment and scalability
remain limited by the costly data collection process, which serves as a major bottleneck. Even for
simple tasks, such as learning a reward for pressing a button, it requires over 10k labeled compar-
isons (Lee et al., 2021b) to achieve good performance as PbRL is often tabula rasa.

We investigate whether in-context learning (ICL), the ability of LLMs to modify their behavior based
on a few provided examples, can be used to make the preference-learning step of PbRL sample
efficient. Specifically, we focus on online PbRL, where data collection and reward function training
occur in an iterative loop. In each round, we collect preference data, use it to learn a reward function,
learn a policy under that reward, and then gather new preference data under the updated policy.
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To incorporate ICL into the PbRL loop, we put into context the collected series of preferences and
programmatic reward functions and ask the LLM to compare across the context to infer a new re-
ward that better explains the preferences. Asking this of an LLM goes beyond previously observed
ICL capabilities, requiring not just imitation of provided examples that have been stored in context
but also reasoning about the relationships between different rewards and their alignment with prefer-
ences. Moreover, determining the optimal way to structure this information to maximize preference
learning performance remains an open question.

As a step towards LLMs functioning as effective guides of the PbRL loop, we introduce a new
method, In-Context Preference Learning (ICPL), which significantly enhances the human query
efficiency of PbRL. Our approach is to harness the coding capabilities of LLMs to autonomously
generate improved reward functions, represented as code, that take into context prior preferences
and generated rewards. Specifically, ICPL leverages an LLM to generate executable, diverse reward
functions based on the task description and environment source code. We acquire preferences by
evaluating the agent behaviors resulting from these reward functions, selecting the most and least
preferred behaviors. The selected functions, along with historical data such as reward traces of the
generated reward functions from RL training, are then fed back into the LLM which attempts to
generate an improved reward function.

To study the effectiveness of ICPL, we perform experiments on a diverse set of RL tasks. For scal-
ability of experimentation, we first study tasks with proxy human preferences where a ground-truth
reward function is used to assign preference labels. We observe that compared to traditional PbRL
algorithms, ICPL achieves over a 30 times reduction in the required number of preference queries
to achieve equivalent or superior performance. Moreover, given only preference feedback, ICPL
achieves performance comparable to reward-generation methods that require a ground-truth sparse
reward as feedback (Ma et al., 2023). Additionally, we perform a series of real human preference
learning trials and observe that ICPL extends beyond synthetic settings and can work effectively with
humans-in-the-loop. Finally, we test ICPL on a particularly challenging task, “making a humanoid
jump like a real human,” where designing a reward is difficult. By using real human feedback, our
method successfully trained an agent capable of bending both legs and performing stable, human-
like jumps, showcasing the potential of ICPL in tasks where human intuition plays a critical role.

In summary, the contributions of the paper are the following:

* We propose ICPL, an LLM-based online preference learning algorithm. Over a synthetic set of
preferences, we demonstrate that ICPL’s effectiveness is not solely coming from LLM grounding
but also the quality of the rewards improvement via preference feedback.

* We demonstrate that ICPL sharply outperforms tabula-rasa PbRL methods in terms of query ef-
ficiency and performance and is also competitive with reward-generation methods that rely on
access to a ground-truth sparse reward.

* Through human-in-the-loop trials, we demonstrate that ICPL performs effectively even when deal-
ing with significantly noisier preference labels.

2 Related Work

Feedback from humans has been proven to be effective in training RL agents that better match human
preferences (Retzlaff et al., 2024; Mosqueira-Rey et al., 2023; Kwon et al., 2023). Previous works
have investigated human feedback in various forms, such as trajectory comparisons, preferences,
demonstrations, and corrections (Wirth et al., 2017; Ng et al., 2000; Jeon et al., 2020; Peng et al.,
2024). Among these various methods, PbRL learns both a reward model and policy based on human
preferences across different trajectories (Liu et al., 2020; Wu et al., 2021) and has been successfully
scaled to train large foundation models for hard tasks like dialogue, e.g. ChatGPT (Ouyang et al.,
2022). In LLM-based applications, prompting is a simple way to provide human feedback in order to
align LLMs with human preferences (Giray, 2023; White et al., 2023; Chen et al., 2023). Iteratively
refining the prompts with feedback from the environment or human users has shown promise in
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improving the output of the LLMs (Wu et al., 2021; Nasiriany et al., 2024). This work builds on these
demonstrations of the ability to control LLM behavior via in-context prompts. We use interactive
rounds of preference feedback between the LLM and humans to guide the LLM to generate reward
functions that gradually elicit behaviors that align with human preferences.

Our investigation into using LLMs to generate novel reward functions via in-context learning builds
on several previously demonstrated capabilities of LLMs. First, it has been previously observed
that LLMs can translate textual descriptions of desired behaviors into reward functions, expressed
as code, that approximate those behaviors (Ma et al., 2022; Du et al., 2023; Karamcheti et al., 2023;
Kwon et al., 2023; Wang et al., 2024; Ma et al., 2024; Holk et al., 2024). Second, prior works have
demonstrated that LLMs can use a variety of signals such as a history of rewards to generate new
programs that improve on the history of rewards (Ma et al., 2023; Romera-Paredes et al., 2024). This
suggests that LLMs can function as approximate optimizers, a capability that forms the foundation of
our approach to preference learning. Finally, LLMs have been demonstrated to be able to perform
complex functional transformations on data stored in their context, as is required for preference
learning, being able to perform linear regression (Tang et al., 2024), no-regret learning (Park et al.,
2024), and combinatorial problems (Liu et al., 2024).

In concurrent work (Clark et al., 2025), LLMs generate task parameterizations for quadruped loco-
motion, with humans ranking trajectories to identify optimal con gurations via preference learning.
Both papers noted that LLMs can be used to perform in-context preference learning; their approach
focuses on generating task parameterizations as reward function vectors for gradient-based optimiza-
tion, while our ICPL framework shows that LLMs can directly act as few-shot preference learners
to generate and optimize reward functions.

3 Problem De nition

Our goal is to design a reward function that can be used to train RL agents that demonstrate human-
preferred behaviors. It is usually hard to design proper reward functions in reinforcement learning
that induce policies that align well with human preferences.

Markov Decision Process with Preferences (Wirth et al., 2017). A Markov Decision Process
with Preferences (MDPP) is de ned as a tuple M = hS; A, ; ; ; i where S denotes the state
space, A denotes the action space, is the distribution of initial states, is the state transition
model, 2 [0;1) is the discount factor. is the preference relation over trajectories, i.e. ( ;)
denotes the probability with which trajectoryis preferred over;. Given a set of preferences ,
the goal in an MDPP isto nd a policy that maximally complies %th . A preference 2 1S

satis ed by ifandonlyif Pr (1) >Pr ( z)wherePr()= (s o) ~ 1y (@gst) (S w1 jst; a).

This can be viewed as nding a that minimizes a preference lossL() = ; L(; ), where

LG 1 2= (Pr (1) Pr (2).

Reward Design Problem with Preferences. A reward design problem with preferences (RDPP)
isatuple P = hM;R; Ay ; i, where M is a Markov Decision Process with Preferences, R is the
space of reward functions,\A() : R ! is a learning algorithm that outputs a policy that
optimizes a reward R 2 R in the MDPP. = f(1; 2)g is the set of preferences. In an RDPP,
the goal is to nd a reward function R 2 R such that the policy = £ (R) that optimizes R
maximally complies with the preference set . In PbRL, the learning algorithms usually involve
multiple iterations, and the preference set is constructed in every iteration by sampling trajectories
from the policy or policy population.

4 Method

Our proposed method, In-Context Preference Learning (ICPL), integrates LLMs with human prefer-
ences to synthesize reward functions. The LLM receives environmental context and a task descrip-
tion to generate an initial set of K executable reward functions. ICPL then iteratively re nes these
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Figure 1: ICPL employs the LLM to generate initial K executable reward functions based on the
task description and environment context. Using RL, agents are trained with these reward functions.
Videos are generated of the resultant agent behavior from which human evaluators select their most
and least preferred. These selections serve as examples of positive and negative preferences. The
preferences, along with additional contextual information, are provided as feedback prompts to the
LLM, which is then requested to synthesize a new set of reward functions. For experiments simu-
lating human evaluators, task scores are used to determine the best and worst reward functions.

functions. In each iteration, the LLM-generated reward functions are trained within the environ-
ment, producing a set of agents; we use these agents to generate videos of their behavior. A ranking
is formed over the videos, from which we retrieve the best and worst reward functions correspond-
ing to the top and bottom videos in the ranking. These selections serve as examples of positive and
negative preferences. The preferences, along with additional contextual information, such as reward
traces and differences from previous good reward functions, are provided as feedback prompts to the
LLM. The LLM takes in this context and is asked to generate a new set of rewards. Fig. 1 illustrates
the overall process of ICPL.

4.1 Reward Function Initialization

To enable the LLM to synthesize effective reward functions, it is essential to provide task-speci c
information, which consists of two key components: a description of the environment, including
the observation and action space, and a description of the task objectives. At each iteration, ICPL
ensures that K executable reward functions are generated by resampling until there are K executable
reward functions.

4.2 Search Reward Functions by Human Preferences

For tasks without reward functions, the traditional PbRL typically involves constructing a reward
model, which often demands substantial human feedback. Our approach, ICPL, aims to enhance
ef ciency by leveraging LLMs to directly search for optimal reward functions without the need to
learn a reward model.

To expedite this search process, we use an LLM-guided search to nd well-performing reward func-
tions. Speci cally, we generate K = 6 executable reward functions per iteration across N = 5
iterations. In each iteration, humans select the most preferred and least preferred videos, resulting in
a good reward function and a bad one. These are used as a context for the LLM to use to synthesize
a new set of K reward functions. These reward functions are then used in a PPO (Schulman et al.,
2017) training loop, and videos are rendered of the nal trained agents.
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4.3 Automatic Feedback

In each iteration, the LLM not only incorporates human preferences but also receives automatically
synthesized feedback. This feedback is composed of three elements: the evaluation of selected
reward functions, the differences between historical good reward functions, and the reward trace of
these historical reward functions.

Evaluation of reward functions: The component values that make up the good and bad reward
functions are obtained from the environment during training and provided to the LLM. This helps
the LLM assess the usefulness of different parts of the reward function by comparing the two.

Differences between historical reward functions: The best reward functions selected by humans
from each iteration are taken out, and for any two consecutive good reward functions, their differ-
ences are analyzed by another LLM. These differences are supplied to the primary LLM to assist in
adjusting the reward function.

Reward trace of historical reward functions: The reward trace, consisting of the values of the
good reward functions during training from all prior iterations, is provided to the LLM. This reward
trace enables the LLM to evaluate how well the agent is actually able to optimize those reward
components.

5 Experiments

In this section, we conducted two sets of experiments to evaluate the effectiveness of our method:
one using proxy human preferences and the other using real human preferences.

1) Proxy Human Preference: We follow the standard experiment setting of PbRL where human-
designed rewards were used as proxies of human preferences. It enables rapid and quantitative
evaluation of our approach. Proxy human preference corresponds to a noise-free case that is likely
easier than human trials; if ICPL performed poorly here it would be unlikely to work in human
trials. Importantly, human-designed rewards were only used to automate the selection of samples
and were not included in the prompts sent to the LLM; the LLM never observes the functional
form of the ground truth rewards nor does it ever receive any values from them. Since proxy
human preferences are free from noise, they offer a reliable comparison to evaluate our approach
ef ciently. However, as discussed later in the limitations section, these proxies may not correctly
measure challenges in human feedback such as the inability to rank samples, intransitive preferences,
or other biases.

2) Human-in-the-loop Preference: To further validate our method, we conducted a second set of
experiments with human participants. These participants repeated the tasks from the Proxy Human
Preferences and engaged in an additional task that lacked a clear reward function.

5.1 Baselines

We consider three PbRL methods as baselines, which update reward models during training. B-
Pref (Lee et al., 2021b), a benchmark speci cally designed for PbRL, provides two of our baseline
algorithms: PrefPPO and PEBBLE. PrefPPO is based on the on-policy RL algorithm PPO, while
PEBBLE builds upon the off-policy RL algorithm SAC. Additionally, we include SURF (Park et al.,
2022), which enhances PEBBLE by utilizing unlabeled samples with data augmentation to improve
feedback ef ciency. For each task, we use the default hyperparameters of PPO and SAC provided
by IsaacGym, which were ne-tuned for high performance. This ensures a fair comparison across
methods.

De nition of Human Query Q. To evaluate the human effort required for ICPL and baseline meth-

ods, we track the number of human queries Q, which quanti es the amount of human effort involved
in a human-in-the-loop experiment—a crucial factor for these methods. Speci cally, we de ne a
single human query as a human comparing two trajectories or videos and providing a preference.
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In ICPL, each iteration generates K reward function samples, resulting in K corresponding videos.
The human compares these videos, rst selecting the best one, then picking the worst from the
remaining K 1 videos. After N = 5 iterations, the best video of each iteration is compared to
select the overall best. The number of human queries Q can be calculatedas Q = (K 1) 2N 1.

For ICPL, with K = 6 and N = 5, this results in Q = 49. In baseline methods, humans compare
two sampled trajectories and provide a preference label to update the reward model. To ensure a fair
comparison, we set the maximum number of queries to Q = 49, matching ICPL. Additionally, we
evaluate larger query budgets of Q = 150; 1:5k; 15k, denoted as Baseline-#Q.

5.2 Testbed

Tasks. We rst adopt several tasks from the GPU-based IsaacGym with human-designed rewards for
guantitative comparison (Ma et al., 2023), covering diverse environments: Cartpole, BallBalance,
Quadcopter, Anymal, Humanoid, Ant, FrankaCabinet, ShadowHand, and AllegroHand. To ensure
fair evaluation, we strictly follow the original task con gurations, including observation space, ac-
tion space, and reward computation. We refer to these tasks collectively as IsaacGym Tasks in the
following discussion. Additionally, we introduce a new task, HumanoidJump, de ned as “mak-
ing a humanoid jump like a real human.” De ning a clear reward for this task is challenging, as
human-like jumping lacks easily quanti able criteria.

Task Metric. The task metric is the average of the sparse rewards across parallel environments. To
assess the generated reward function or the learned reward model for each RL run, we take the max-
imum task metric value sampled at xed intervals, marked as task score of reward function/model
(RTS). In each iteration, ICPL generates 6 RL runs and selects the highest RTS as the result for that
iteration. ICPL performs 5 iterations and then selects the highest RTS from these iterations as the
task score (TS) for each experiment. Due to the inherent randomness of LLMs, we run 5 experi-
ments for all methods, and report the highest TS as the nal task score (FTS) for each approach. A
higher FTS indicates better performance across all tasks.

5.3 Training Details

We trained policies and rendered videos on a single A100 GPU machine. The total time for a full
experiment was less than one day of wall clock time. We utilized GPT-4, speci cally GPT-4-0613,
as the backbone LLM in the Proxy Human Preference experiment. For the Human-in-the-loop
Preference experiment, we employ GPT-40.

5.4 Results of Proxy Human Preference

Experiment Setup. In ICPL, we use human-designed sparse rewards as proxies to simulate ideal
human preferences. Speci cally, in each iteration, we select the reward function with the highest
RTS as the good example and the reward function with the lowest RTS as the bad example for feed-
back. All baseline methods leverage dense rewards to simulate proxy human preference, offering a
stronger and more informative signal for labeling preferences. If the cumulative reward of trajectory
1is greater than that of trajectory 2, then trajectory 1 is preferred over trajectory 2.

Main Results. Table 1 shows the nal task score (FTS) for ICPL and baseline methods with

Q =49; 150; 1:5k; 15k across IsaacGym tasks. As shown in Table 1, for the simpler tasks like Cart-
pole and BallBalance, all methods achieve equal performance. Notably, we observe that for these
particularly simple tasks, ICPL can generate correct reward functions in a zero-shot manner, with-
out requiring feedback. As a result, ICPL only requires querying the human 5 times, while baseline
methods, after 5 queries, fail to train a reasonable reward model with the preference-labeled data.
For relatively more challenging tasks, Baseline-49 performs signi cantly worse than ICPL when
using the same number of human queries. In fact, Baseline-49 fails in most tasks. As the number
of human queries increases, baselines' performance improves across most tasks, but it still falls no-
ticeably short compared to ICPL. This demonstrates that ICPL, with the integration of LLMs, can
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Table 1: The nal task score of all methods across different tasks in IsaacGym. The top result and
those within one standard deviation are highlighted in bold.

Cart. Ball. Quad. Anymal Ant Human. Franka Shadow Allegro

PrefPPO-49 499 499 -1.066 -1.861 0.743 0.457 0.0044 0.0746 0.0125
PEBBLE-49 499 499 -0.901 -1.3357 5.9891 3.67 0.0453 0.2627  0.1467
SURF-49 499 499  -1.202 -1.35 0.874 2.406 0.0345 0.2338 0.2002
PrefPPO-150 499 499 -0959 -1.818 0.171 0.607 0.0179 0.0617 0.0153
PEBBLE-150 499 499 -1.059 -1.394 7.257 4.1417 0.0532 0.269 0.2811
SURF-150 499 499 -1.114 -1.383 7.878 4312 05285 0.2512 0.2727
PrefPPO-1.5k 499 499 -0.486 -1.417 4.458 1.329 0.3248 0.0488 0.0284
PEBBLE-1.5k 499 499 -0.529 -1.213 9.364 4.075 0.1966 0.2538 0.2664
SURF-1.5k 499 499 -0.308 -1.278 7.921 3.577 08032 0.2575 0.2283
PrefPPO-15k 499 499 -0.250 -1.357 4.626 1.317 0.0399 0.0468 0.0157
PEBBLE-15k 499 499 -0.231 -0.73 8.543 6.162 0.8613 0.246  0.2755
SURF-15k 499 499  -0.266 -0.76 7.859 3.532 05466 0.3199 0.2352

ICPL(Ours) 499 499 -0.0195 -0.007 12.04 9.227 09999 13.231 25.030
Eureka 499 499 -0.023 -0.003 10.86 9.059 0.9999 11.532 25.250

reduce human effort in preference-based learning by at least 30 times. To more comprehensively
evaluate the performance beyond the nal best selection, we also report the mean TS across all
iterations in Appendix Table 5.

Performance Analysis. We further report the performance of reward-generation methods that uti-
lize ground-truth sparse rewards, which serve as an approximate upper bound on the expected per-
formance ICPL could achieve. For this, we use Eureka (Ma et al., 2023), a state-of-the-art LLM-
powered reward design method that leverages sparse rewards as tness scores. Speci cally, in Eu-
reka, the reward function with the highest RTS is selected as the candidate reward function for
feedback in each iteration. Additionally, RTS is incorporated as the “task score” in the reward re-
ection prompt sent to the LLM. Original Eureka generates 16 reward functions in each iteration
without checking their executability, assuming at least one will typically work across all considered
environments in the rst iteration. To ensure a fair comparison, we modi ed Eureka to generate a
xed number of executable reward functions, speci cally K = 6 per iteration, the same as ICPL.
This adjustment improves Eureka's performance in more challenging tasks, where it often generates
fewer executable reward functions. As shown in Table 1, ICPL surprisingly achieves comparable
performance, indicating that ICPL's use of LLMs for preference learning is effective.

5.5 Method Analysis

To validate the effectiveness of ICPL's module design, we conducted ablation studies. We aim to
answer several questions that could undermine the results presented here:

1. Are components such as the reward trace or the reward difference helpful?

2. Can the reward functions improve via preference feedback? Or is it simply zero-shot outputting
the correct reward function due to the task being in the training data?

5.5.1 Ablations

The results of the ablations are shown in Table 2. In these studies, “ICPL w/o RT" refers to removing
the reward trace from the prompts sent to the LLMs. “ICPL w/o RTD” indicates the removal of both
the reward trace and the differences between historical reward functions from the prompts. “ICPL
w/o RTDB” removes the reward trace, differences between historical reward functions, and bad
reward functions, leaving only the good reward functions and their evaluation in the prompts. The
“OpenLoop” con guration samples K N reward functions without any feedback, corresponding

to the ability of the LLM to zero-shot accomplish the task.
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Table 2: Ablation studies on ICPL modules. The values in parentheses represent the standard devi-
ation.

Cart. Ball. Quad. Anymal Ant Human. Franka Shadow Allegro

ICPLw/oRT ~ 499(0) 499(0) -0.0340(0.05) -0.387(0.26) 10.50(0.45) 8.337(0.60) 0.9999(0.25) 10.769(2.30) 25.641(9.46)
ICPLw/oRTD  499(0) 499(0) -0.0216(0.14) -0.009(0.38) 10.53(0.39) 9.419(2.10) 1.0000(0.18) 11.633(1.25) 23.744(8.80)
ICPL w/o RTDB  499(0) 499(0) -0.0136(0.03) -0.014(0.42) 11.97(0.71) 8.214(2.88) 0.5129(0.06) 13.663(1.83) 25.386(3.42)
OpenLoop  499(0) 499(0) -0.0410(0.32) -0.016(0.50) 9.350(2.34) 8.306(1.63) 0.9999(0.22) 9.476(2.44)  23.876(7.91)
ICPL(Ours)  499(0) 499(0) -0.0195(0.09) -0.007(0.35) 12.04(1.69) 9.227(0.93) 0.9999(0.24) 13.231(1.88) 25.030(3.721)

Due to the large variance of the experiments, we mark the top two results in bold. As shown, ICPL
achieves top 2 results in 8 out of 9 tasks and is comparable on the Allegro task. The “OpenLoop”
con guration performs the worst, indicating that our method does not solely rely on GPT-4's ei-
ther having randomly produced the right reward function or having memorized the reward function
during its training. Additionally, “ICPL w/o RT” underperforms on multiple tasks, highlighting the
importance of incorporating the reward trace of historical reward functions into the prompts.

5.5.2 Improvement Analysis

Table 1 presents the performance achieved by ICPL. The main synthetic metric uses a best-of-N
style selection across generated reward functions, iterations, and repeated runs, so it intentionally
re ects the strongest candidate under the protocol rather than a plain average-run score. To make
this dependence explicit, we also report the mean TS across all iterations in Appendix 5, which
remains consistently better than the baselines. Rather than relying only on absolute scores, we
emphasize whether ICPL improves reward quality through iterative preference incorporation. We
calculated the average RTS improvement compared to the rst iteration for the two tasks with the
largest improvements compared with “OpenLoop”, Ant and ShadowHand. As shown in Fig. 2, RTS
improves after multiple iterations (e.g., 5 vs. 1), highlighting that preference feedback re nes reward
functions over time.

Figure 2: Average improvement of the Reward Task Score (RTS) compared with the rst iteration
in ICPL for the Ant and ShadowHand tasks, demonstrating the method's effectiveness in re ning
reward functions.

Qualitatively, the reward functions also evolve in a way that is consistent with the quantitative im-
provement. In representative running-task examples, early iterations mainly emphasize a small num-
ber of progress terms such as forward velocity, while later iterations introduce explicit stabilizers,
for example uprightness or smoother action penalties, and rebalance their weights. In the human-
in-the-loop jump task, early candidates can satisfy the minimal “jump” criterion with a leg-lift style
behavior, but later iterations shift toward more human-like jumping by using both legs and lowering
the upper body. This progression suggests that preference feedback is not only selecting among
samples, but also reshaping the reward speci cation toward a richer objective.

5.6 Results of Human-in-the-loop Preference

To address the limitations of proxy human preferences, which simulate idealized human preference
and may not fully capture the challenges humans may face in providing preferences, we conducted
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Table 3: The nal task score of human-in-the-loop preference across 5 IsaacGym tasks. The values
in parentheses represent the standard deviation. “Impro.” indicates the relative improvement over
“OpenLoop”, and “Average” reports the mean improvement across all 5 tasks.

Quadcopter Ant Humanoid Shadow Allegro Average

OpenLoop -0.0410 (0.32) 9.350 (2.35) 8.306 (1.63) 9.476 (2.44) 23.876 (7.91) -
ICPL-proxy -0.0195 (0.09) 12.040 (1.69) 9.227 (0.93) 13.231 (1.88) 25.030 (3.72) -

Impro. 52.4% 28.8% 11.1% 39.6% 4.83% 27.4%
ICPL-real  -0.0183 (0.29) 11.142 (0.37) 8.392 (0.53) 10.740 (0.92) 24.134 (6.52) -
Impro. 55.4% 19.2% 1.04% 13.3% 1.08% 18.4%

experiments with real human participants. We recruited 7 volunteers for human-in-the-loop ex-

periments, with 5 assigned to IsaacGym tasks and 2 to a newly designed task. Additionally, 20
volunteers were recruited to evaluate the performance of different methods. None of the volunteers
had prior experience with these tasks, ensuring an unbiased evaluation based on their preferences.

Before the experiment, each volunteer was provided with a detailed explanation of the experiment's
purpose and process. Additionally, volunteers were fully informed of their rights, and written con-
sent was obtained from each participant. The experimental procedure was approved by the de-
partment's ethics committee to ensure compliance with institutional guidelines on human subject
research.

5.6.1 IsaacGym Tasks

Due to the simplicity of the Cartpole, BallBalance, Franka tasks, where LLMs were able to zero-
shot generate correct reward functions without any feedback, these tasks were excluded from the
human trials. The Anymal task, which involved commanding a robotic dog to follow random com-
mands, was also excluded as it was dif cult for humans to evaluate whether the commands were
followed based solely on the videos.

Table 3 presents the FTS for the human-in-the-loop preference experiments conducted across 5 suit-
able IsaacGym tasks, labeled as “ICPL-real”. The results of the proxy human preference experiment
are labeled as “ICPL-proxy”. As observed, on average, “ICPL-proxy” achieves a 27.4% improve-
ment over “OpenLoop”. The performance of “ICPL-real” is comparable or slightly lower than that

of “ICPL-proxy” in all 5 tasks, yet it still outperforms the “OpenLoop” results in 3 out of 5 tasks,
with an average improvement of 18.4%. We can also observe that ICPL exhibits lower variance than
“OpenLoop”, indicating more stable reward learning behavior. This indicates that while humans
may have dif culty providing consistent preferences from videos as proxies, their feedback can still
be effective in improving performance when combined with LLMs.

5.6.2 HumanoidJump Task

Figure 3: A common behavior.

The most common behavior observed in this task, as illustrated in Fig. 3, is what we refer to as the
“leg-lift jump.” This behavior involves initially lifting one leg to raise the center of mass, followed
by the opposite leg pushing off the ground to achieve lift. The previously lifted leg is then lowered






