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Abstract

We explore the use of natural language to specify rewards in Reinforcement Learning with
Human Feedback (RLHF). Unlike traditional approaches that rely on simplistic preference
feedback, we harness Large Language Models (LLMs) to translate rich text feedback into
state-level labels for training a reward model. Our empirical studies with human participants
demonstrate that our method accurately approximates the reward function and achieves
significant performance gains with fewer interactions than baseline methods.

1 Introduction

Reinforcement Learning (RL) (Sutton & Bartol |2018) is a powerful framework for solving complex decision-
making problems by training agents to maximize cumulative rewards through interactions with an environment.
RL has achieved remarkable success in a variety of domains, from games (Mnih et al.l |2015) and robotics
(Kaufmann et all 2023) to healthcare (Yu et al., |2021) and finance (Pendharkar, |2022)). Central to the RL
paradigm is the concept of a reward function, which provides the agent with feedback on its actions and
guides its learning process.

Defining a suitable reward function in real-world applications is often difficult or impractical (Hadfield-Menell
et al.l [2017)), limiting the deployment of RL in scenarios where desired behavior is hard to specify precisely.
To address these challenges, Reinforcement Learning from Human Feedback (RLHF) (Christiano et al., [2017)
has emerged as a promising approach. Rather than relying on predefined reward functions, RLHF derives
a reward signal directly from human input, ensuring it better reflects human values and intentions. This
strategy has been especially effective in domains where human judgment is crucial for determining task
success.

While most RLHF approaches rely on comparing or ranking trajectories, humans naturally communicate
intent through more nuanced textual descriptions (Cherryl |1966). Shifting from comparison-based feedback
to textual input would allow for a richer expression of underlying goals (Metz et al., |2024). However, for such
text-based feedback to be useful in RL, it must be effectively translated into a suitable reward model for
planning. In this paper, we introduce a novel approach for learning reward models from natural language
feedback. We bridge this gap by employing Large Language Models (LLMs) to map expressive human text
into state-level labels, which we use to update a reward model. This allows the reward model to capture
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the context and subtleties of human preferences more e ectively, leading to more robust and adaptablBL
agents. Our contributions are as follows:

We propose an in-context learning approach usind_LMs to map natural language feedback into labeled
state-level examples for training a reward model.

We incorporate our reward modeling approach into anRLHF framework and validate its performance in a
Gridworld environment through experiments with 26 human participants and in continuous environments.
We show that human feedback, especially when provided with guidelines, can proactively steer agents
toward unexplored high-reward states, avoiding common reward modeling challenges.

Our method achieves strong performance with as few as 10 human interactions, outperforming preference-
based RL. In two environments (Gridworld and Rubik's cube), we additionally observe settings where it
outperforms ground-truth reward baselines.

By harnessing human insights from textual comments, our method aims to bridge the gap between human
preferences and machine learning, paving the way for more adaptable and human-aligned RL.

2 Related Work

2.1 Preference Based Reinforcement Learning

Traditional RL relies on explicit reward functions to drive the learning process. When the reward function

is not known or di cult to construct, RLHF suggests we collect human feedback to model the reward. In
Preference Based Reinforcement LearningRbRL) (Busa-Fekete et all,|2014] Christiano et al., 201}7), human
oracles provide their preferences between pairs of trajectories. These preferences are used to train a reward
model, enabling the deployment of standardRL algorithms to nd the optimal policy. Unfortunately, as
depicted in Figure[], relying solely on comparisons misses out on valuable information about ner details of
the reward (Basu et all,|2018] Peng et al., 2024). We propose using natural language feedback to overcome
this limitation.

2.2 Learning from Natural Human Feedback

A natural way for humans to interact and express their intentions is through text. Consequently, there is much
interest in leveraging natural language inRL. One common strategy is to map natural language instructions
to trajectories or features. To achieve this mapping, previous works limit the instructions to a nite set
(Goyal et al., 2019; Bahdanau et al., 2019; Nguyen et al., 2021; Lin et al., 2022), or force a speci ¢ sentence
structure, e.g., Go to X (Fu et al., 2019). These restrictions simplify the mapping process, but, unlike
our algorithm, they also limit the exibility of the language used. Another approach, which allows for more
general language, employs Neural NetworksNN) to map from natural language to rewards (MacGlashan
et al., 2015; Tung et al., 2018; Narasimhan et al., 2018; Yang et al., 2021). While this approach achieves
good performance, it requires a large labeled dataset to train theNNs. To avoid curating extensive datasets,
recent research focuses on exploiting pre-trained models. Pre-trained valence analyzers (Hutto & Gilbert,
2014) translate text feedback into a sentiment score. At each iteration, the sentiment score of the whole text
drives the Bayesian update of the reward model (Sumers et al., 2021). A single sentiment score may not

Figure 1: Traditional RLHF uses binary preferences, providing just one bit per query. We propose natural
language feedback, o ering richer, human-readable signals that reduce interaction needs.
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capture all nuances in human text, e.g., the start is good, but the end is bad. Our experiments show how
having a more ne-grained interpretation of the feedback is bene cial.

2.3 Language Models in Reinforcement Learning

LLMs have recently emerged as powerful tools for natural language processing, providing novel approaches
in the eld of RL. One direction treats pretrained LLMs as proxies for reward signals, directly querying
whether an outcome satis es a language description of an objective (Kwon et al., 2023). While promising,
this binary feedback is limited in expressivity, an inherent information bottleneck that our method aims to
overcome. Another approach harnessesLMs' general knowledge to provide common sense priors (Li et al.,
2023; Ahn et al., 2022; Peng et al., 2024) that bias agent actions, for example, identifying hazardous states
from metadata (Choi et al., 2022). These methods complement our approach, which aims to learn subjective
human intentions that are unknown to LLMs.

A third line of work employs LLMs to translate natural language descriptions of goals into reward functions

in the form of code (Zhu et al., 2025). This approach faces two key challenges: (1) it is often easier to criticize
outcomes than to articulate goals precisely, leading to underspeci ed tasks, and (2) generating reward models
from descriptions alone frequently results in reward misalignment, especially when intent is underspeci ed.
To address these issues, researchers have developed iterative revision approaches using either pre-de ned
reward evaluation functions (Yu et al., 2023; Ma et al., 2024; Xie et al., 2023) or binary preference feedback
(Yu et al., 2024a; Sun et al., 2025) to judge the performance of the generated reward functions. However,
reward evaluation functions rarely exist in practice, and we demonstrate that binary feedback provides limited
information. Furthermore, all these methods depend on LLM-generated code snippets which may be incorrect
(Liu et al., 2024) and unreliable (Yu et al., 2024b).

Our approach takes a di erent route: we useLLMs to convert free-form human text feedback, which provides
more nuanced evaluations than preference feedback, into training data for reward modeling. While there
are a few experiments in which authors provide text feedback (Ma et al., 2024; Xie et al., 2023), we collect
and analyze text feedback from a broad set of independent human participants, strengthening the real-world
applicability of our ndings. Additionally, instead of relying on LLM-generated diversity to avoid local
maxima, our method uses text feedback to guide exploration towards relevant states.

3 Problem Setting

In this paper, we consider an agent who interacts with an environment aiming to maximize an expected
reward. We describe the interactions between the agent and the environment as an episodic Markov Decision
Process without reward function (MDPnR) (Puterman, 2014). Formally, an episodic Markov Decision Process
without reward function (MDP nR) is a tuple M := (S;A;P;T). S is the state space where each state 2 S
captures the environment con guration. For example, the position of an agent in a grid, the position of a car
and all surrounding objects in a self-driving task or the prompt and partial answer in LLM ne-tuning. A is
the set of actions that the agent can perform in the environment; for example, an action could be a step to the
right on the grid, accelerating a car or generating a speci ¢ next token in LLM ne-tuning. P:S Al (9S)
captures the transition probabilities, mapping state-action pairs to a probability distribution of the next
state over S, where ( S) denotes the probability simplex over S, and T is the time horizon. P captures the
environment dynamics, such as the distribution of a car's position after acceleration or how text evolves after
token generation. The reward function, which maps state-action pairs to areward : S A!R , is unknown
to the agent. Instead, the agent learns a reward modeb: S ! R based on human feedback. The unknown
reward function re ects how well state-action pairs align with the human's implicit preferences or goals.

At each step, the agent performs an action according to a policy : S!A . The goal is to learn the policy
that maximizes the expected return from the current state s,

X
Vie) =maxrsa)+  PIsavit (s )
s02S
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Figure 2: Block diagram of Reinforcement Learning from Human Text Feedback (RLHTF). The algorithm
consists of two iterative phases: (1) learning a reward model (dashed lines) from state-level labels derived by
an LLM from evaluations in natural language, and (2) policy learning (solid lines), where an agent is trained
using standard RL algorithms that query the learned reward model.

Algorithm 1 RLHTF

1: Inputs: number of interactions N, landmarks, f | u

2. Initialize Policy ¢ and reward model b

3 fori=0toN 1do

4: Record trajectory following policy: t; i

Query human for feedback: f t ;

Encode context: y (f ;;t;, landmarks)

Translate to state-reward pairs: fso; Rg f 1m (Ui)
Update reward model: ., reward_update(b ;;fsq;RQ)
9: Update policy: i1 policy_update( i;b+1)

10: end for

where V.1(s) = maxaoa r(s;a), t 2 [1;T] represents the number of timesteps left until the trajectory nishes,
and s° represents the next possible state based on the environment's transition dynamics. We denote the
state-action pairs visited when following  as the optimal trajectory =fs ;a0 .

We propose an algorithm, Reinforcement Learning from Human Text Feedback RLHTF ), shown in Figure

2. Analogously to the classicalRLHF framework (Christiano et al., 2017), RLHTF consists of two phases
that are executed iteratively: reward model learning and policy learning. Section 4 describes how the reward
model b is learned from human text feedback. Since the agent does not have direct access to the true reward
function r, the agent instead learns the policyb that maximizes the value function Vj, derived from the
estimated reward modelb. The agent directly queries the reward model, instead of the human evaluators,
signi cantly reducing time, energy, and monetary costs during policy learning (Christiano et al., 2017). We
employ standard RL methods. The algorithm is outlined in Algorithm 1 and publicly available?.

Our primary goal is to minimize the performance gap between this learned policyb and optimal policy
which we denote as value gap and formally de ne as

"xT 4
E r¢se;an) r( behy)

t=1
where fb; B gL, represents the trajectory when following b
4 Learning a Reward Model from Human Text Feedback with LLMs
We break down the process of learning a reward model from human feedback into three steps: (1) Context

encoding, which gathers human feedback with environment information; (2) Translation function, which
transforms the encoded context into a structured signal; (3) Reward model update mechanism to incorporate

Lhttps://github.com/BelenMU/WordsToRewards
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these signals. This decomposition has been shown to be e ective in prior work (Metz et al., 2024). Here, we
show how these steps can be implemented with text feedback.

4.1 Context Encoding

To encode raw data from the environment and interactions with evaluators into a format suitable for an LLM,
we must construct a structured user prompt. This prompt should capture the agent's trajectory, human
feedback, and any relevant environmental landmarks to provide full context for interpretation.

At each interaction, the agent follows the policy b, generating a trajectory fgl, . A human evaluator
observes the trajectory and provides text feedback f. These evaluations are exible; for example, they may
include criticisms of speci ¢ states ( the last step is horrible ), or suggestions for alternative, unexplored
states ( go to the door ). The human text feedback is combined with information about the trajectory to
create a user prompt

u = ffeedback: f, trajectory: f b.g_, ; landmarks: [(name;location,); :::; (namey ; locationy )]g:

As shown in Figure 6, the user prompt may also include information about landmarks in the environment
that help ground human feedback. Namely, we may include landmark names and their locations in the
environment, providing reference points known by both the user and the LLM.

4.2 Translation function

We uselLLMs' language processing capabilities to transform the information in the user prompt into labeled
states, which are then used to train a reward model. We design a system prompt to guide the LLM in its role
as a translation function. E cient system prompts must describe the LLM's role and the items in the user
prompt (Schulho et al., 2024). As this context is environment dependent (e.g., the meaning of elements
in the states), the system prompt di ers from environment to environment. However, the system prompt
remains consistent across all user interactions. Appendix D includes all prompts verbatim.

There are three key components that make our system prompts e cient. First, to enhance reasoning, we
employ chain of thought CoT) prompting (Wei et al., 2022), asking the model to classify the feedback intent
(e.g., evaluation vs. correction) before identifying the relevant states. Feedback is inherently intent-dependent
(Metz et al., 2024); for example, to the left of the lamp is good could either be an evaluation validating a
past action or an instruction suggesting a future correction. This intermediate classi cation step helps the
translation function better interpret and adapt to human intent, leading to more precise state-level label
assignments. Second, we use few-shot prompting (Kaplan et al., 2020) and provide demonstrations to steer
the model to better performance. By exposing the model to relevant cases, we reduce ambiguity and improve
accuracy. Third, to ensure that the output of the LLM is reliably interpretable in downstream tasks, we
enforce a structured format. Rather than relying on free-form text generation, which can be inconsistent, we
employ function calling to guarantee a well-de ned output, making it easier to identify relevant states and
rewards.

Given the appropriate system prompt, the LLM translates the user prompt u(f ; fl gL, ; landmarks) into a
labeled dataset of statesfs,; Rg = fm (u); where each output state $ 2 S has a corresponding reward
R 2 R. This dataset is used to train the reward model.

4.3 Reward Model Update

The goal is to learn a model of the reward conditioned on the state-reward pairg s,; Rg output by the
LLM. In simple tabular settings, the agent may track the reward probability distribution for every state and
update it using Bayesian inference as the state-reward pairs are observed. In more complex or continuous
environments, we may approximate the reward function with an NN. At each iteration, we expand the
training dataset with the state-reward pairs generated by the LLM, and netune the NN using supervised
learning.
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[ Please enter your critique of the trajectory:

Answer 1 : Steps 1 and 2 are correct. Go above the
clock and then through the toilet. (Describes specic
states.) RLHTF with instructions

Answer 2 : Follow the gray path until you reach the
star. (Uses unknown references, e.g., star)

RLHTF no instructions

Answer 3 : ltisterrible. (Describes whole trajectory)
Sentiment Feedback

Figure 3: Gridworld environment. The aim of the agent is to follow a target path (in gray) from the start
(yellow circle) to the end (yellow star). The agent's trajectory (in blue) currently deviates from this path.
Below, we show the critique input box presented to human participants, along with example responses from
di erent feedback conditions.

5 Experiments with Human Evaluators

We recruited 26 human participants to evaluate our approactt. In particular, we apply RLHTF to the
Gridworld environment shown in Figure 3. An agent aims to follow a target path known to human
evaluators but unknown to the agent. Standard RL approaches, like Goal Condition RL (GCRL), assume
access to a reward function, which is precisely what our method aims to learn, making them inappropriate
for comparison. Instead, we empirically compare against ground-truth feedback, which is rarely available in
practice, and state-of-the-art approaches for RL with human feedback:

True trajectory-level feedback: The agent receives a single ground truth accumulated reward for the
entire trajectory, based on the number of steps that match the target path. This accumulated reward is
uniformly applied to all states in the trajectory.

True state-level feedback: The agent receives a ground truth reward for each state in the trajectory,
indicating whether the state is on the target path.

Sentiment feedback: Evaluators convey their judgment implicitly through the sentiment of their text
feedback. For example, an evaluator may write Very bad for poor performance or Amazing when the
agent closely follows the target path. The agent measures and uniformly applies the sentiment score as a
reward across all states in the trajectory (Sumers et al., 2021).

" PbRL : Human evaluators observe two candidate trajectories and select the one they judge to be closer to
the target (Christiano et al., 2017).

Experiments with true environment feedback were simulated 50 times. For the rest of the experiments, we
followed A/B testing guidelines and randomly assigned evaluators to eight di erent target paths among
two distinct feedback conditions. This resulted in approximately 50 experiments per feedback type. All
experiments start with the same reward model prior and consist of 4 interactions, during which the agent
executes the current optimal trajectory and receives the corresponding feedback to update the reward model.
Further implementation details, experimental design and participant information are provided in Appendix
B.1.

Since a state is either on the target path or not, in the RLHTF setting we prompt the LLMs to output
binary rewards R°2 f 0; 1g. All prompts are available verbatim in Appendix D. Additionally, to contextualize
feedback, the environment includes randomly placed landmarks, such as a chair or a clock. These landmarks
serve as reference points that both evaluators andlLMs observe, enabling theLLMs to translate feedback
such as Go above the clock in Figure 3 into a positive reward at position "b3'

Once feedback is collected, the agent updates the reward model accordingly. The agent tracks the reward
probability distribution for every state, which we model as a beta distribution. In all scenarios, we initialize

2The study was categorized as minimal risk research quali ed for exemption by the Institutional Review Board (IRB).
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Figure 4: Performance comparison of algorithms in the Gridworld. When participants receive instructions on
how to phrase their feedback,RLHTF outperforms other human feedback based methods and even surpasses
true environment feedback in early iterations.

the reward distributions as (0:5; 0:5) to introduce a bias towards binary rewards: O (negative) or 1 (positive).
Then the agent performs the trajectory that maximizes the current reward model. As the time horizon is
nite ( T = 10), we solve for the optimal trajectory with dynamic programming. The agent receives feedback
based on the executed trajectory. For analytical tractability, we model the distribution of the observed

rewards RC with the conjugate prior, i.e., as Bernoulli distributions.

5.1 Feedback Granularity and Performance

Figure 4 shows the evolution of agent error across successive interactions with evaluators. Here, error is
de ned as the number of steps in which the agent deviates from the target path. Statistical signi cance after
four interactions was assessed using Welch's t-test, as detailed in Appendix B.1.

All feedback methods lead to performance improvements, but the time granularity (Metz et al., 2024), i.e., the
resolution at which feedback is provided (trajectory vs. state), plays a decisive role in learning e ciency. In
our experiments, both the true trajectory-level reward and sentiment feedback operate at the trajectory-level,
o ering a single evaluation for an entire trajectory. This coarse granularity limits the agent's ability to
discern which speci ¢ states contributed to success or failure, thereby slowing learning. In contrast, true
state-level reward and RLHTF operate at state-level, providing more precise guidance during training. The
impact of these granularity di erences is particularly evident when comparing the rst two bars in Figure 4:
after four iterations, true state-level feedback yields less than half the error of true trajectory-level feedback.
This statistically signi cant ( p < 10%® ) improvement reinforces the advantage of detailed information about
each state's contribution to accelerate learning. Similarly, our algorithm RLHTF (5th bar) outperforms the
sentiment baseline (3rd bar) across all interactions, reducing the error by more than half when leveraging
the ne-grained information in the text. Additionally, RLHTF remains competitive with the state-of-the-art
PbRL algorithm, underscoring the e ectiveness off |y in extracting actionable information from human
text feedback.

5.2 Human Feedback Adaptability to Instructions

In our initial evaluation, we found that without instructions on how to construct the text feedback, participants
often included information that the LLMs could not interpret. For example, when presented with Figure 3,
one participant wrote: follow the gray path until you reach the star. However, the LLM has no knowledge
of the gray path or the star; in fact, this is precisely what the agent is attempting to learn. Participants may
also refer to history not provided in the prompt ( This is not even as good as the initial one. Retract to your
rst attempt.) or actions outside of the reward model scope (go up more on the right.).

To address this issue, we showed the evaluators the following list of ve instructions on how to provide
e ective feedback:
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Figure 5: Average count of state-labels generated per experiment, categorized by correctness (correct in blue,
incorrect in red) and predicted labels (positive in solid, negative in hatched). A state-label is correct if the
label accurately identi es whether the state is in the target path or not. Providing brief instructions to human
evaluators (RLHTF with instructions) substantially increases the proportion of correctly identi ed states.

Additional Instructions: The agent has limited capabilities, so for it to understand you correctly
you should restrict your feedback. Namely, the agent does not understand
~ Do not compare trajectories: treat each path individually, without reference to previous attempts.
For example, avoid feedback like: Now it is worse, go back to the previous trajectory.
Do not refer to the position of the star, yellow circle, or gray road. The agent doesn't know their
locations; in fact, the agent is trying to learn where these are. For example, avoid feedback like:
Follow the road until the star.
Avoid speci ¢ movement descriptions (go up, turn right). For example, avoid feedback like: go
up, up, right, up or turn right later.
Instead, the agent understands well
Description of states: Position in the trajectory. e.g. At the beginning is wrong, step number 6
is good , or position with respect to the furniture, e.g. You should go to the left of the couch.
Sentiment: It works especially well if you explain what states are good or bad. e.g. The rst
half of the trajectory is bad. Above the TV is good.

\. J

We conducted 51 experiments in theRLHTF with instructions condition. Remarkably, providing participants
with just two paragraphs of instructions increases the comprehensibility of the feedback to the LLM. For
example, in the same setting of Figure 3 a participant wrote: steps 1 and 2 are correct. Go above the clock
and then through the toilet. This allows f  y to better extract relevant spatial cues and assign rewards
accordingly, as shown in Figure 5. We evaluate whether each state-reward pair, automatically generated from
human feedback, is correct by comparing it against the known ground truth path. Formally, a generated
state-reward pair (So; R) is considered correct ifR = 1fs, 2 g, where 1f g is the indicator function, and

is the ground truth target path. Providing brief instructions to the evaluators increases the accuracy of
LLM-generated state-labels by 19.1%, indicating that the same amount of human e ort yields substantially
clearer, more actionable supervision. In contrast, the sentiment baseline receives mostly negative feedback
and attains only 35.4% positive precision on the states in . PbRL assigns rewards to every di ering state
across a pair of trajectories, which in ates label counts with redundant or weakly informative items and
results in a 6.9% lower label accuracy than RLHTF with instructions (63.7% vs. 70.6%). Moreover, RLHTF
with instructions encourages evaluators to provide more constructive guidance: it is the only condition in
which the amount of positive feedback surpasses negative (1.25x). These trends indicate that instructions
help steer feedback, improving both reward attribution and, consequently, policy success rates. Moreover, as
detailed in Appendix B.1, providing guidelines signi cantly improves consensus: it doubles the agreement
between human evaluators' feedback interpretations and increases the consistency of interpretations across
di erent LLMss.
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After a single instance of feedback, Figure 4 shows thaRLHTF with instructions reduces the task error
by 42%, even outperforming ground-truth state-level feedback. This improvement occurs becausRLHTF
proactively guides exploration towards the high-reward regions mentioned by the human feedback, which might
not be covered by the current trajectory. In contrast, true environment feedback is purely reactive, o ering
evaluations only for states actually visited. Although ground-truth state feedback eventually surpassefRLHTF
after 4 interactions, our method outperforms other RL algorithms without explicit rewards. A key advantage
of RLHTF s its use of LLMs to perform reward attribution. Unlike previous approaches, which update all
states in a trajectory (sentiment) or all di ering states between two trajectories (PbRL) with a single reward,
RLHTF distributes rewards more precisely. This precision allowRLHTF to reduce error more quickly and
substantially, signi cantly outperforming Sentiment ( p < 10%® ) and PbRL (p < 0:0025) algorithms. After
just 4 instances of human feedbackRLHTF with instructions reduces the error to approximately one-third
of its original value.

Beyond task error reduction, Table 1 shows the success rate, de ned as the percentage of experiments in
which the learned reward model, after four pieces of feedback, leads to a policy that exactly follows the target
path. Strikingly, RLHTF with instructions matches the success rate of true state-level feedback, achieving
a 25.5% success rate. This level of performance is particularly impressive given the combinatorially large
space of possible trajectories and the fact that only four pieces of feedback are provided. In contrast, baseline
methods (true trajectory-level feedback, sentiment feedback, andPbRL) fail to produce a single perfect
path. This result demonstrates that guided human feedback, when processed BRLHTF , can rival access to
privileged ground-truth state rewards in our experimental setting.

Algorithm Success Rate
True trajectory-level 0%
True state-level 25:0%
Sentiment (Sumers et al., 2021) 0%
PbRL (Christiano et al., 2017) 0%
RLHTF no instructions (ours) 0%
RLHTF with instructions (ours) 25:5%

Table 1: Percentage of learned policies that perfectly follow the target path after four rounds of feedback.
RLHTF with instructions matches the performance of true state-level feedback, while all other methods fail
to achieve any success.

As LLMs become more powerful, their ability to process human feedback improves, further boosting the
performance ofRLHTF in the Gridworld experiments. As shown in Appendix B.1, upgrading from GPT-40
(used in our main experiments) to the newer GPT-4.5 or Sonar-reasoning models further reduces the error
by 23% and 30%, respectively. This result suggests that, unlike the baselineRLHTF in settings similar to
those tested here may continue to bene t from future advances in LLM capabilities, further strengthening
the potential of natural language feedback in RL.

6 RLHTF in Continuous and Structurally Complex Environments

In the previous section, we demonstrated thatRLHTF e ciently learns reward functions in discrete, tabular
domains. Here we analyze method's performance in two settings that are continuous and structurally complex.
We focus on two representative challenges: (i) precise motor control in the MuJoCo Reacher task, where
rewards must be inferred from a continuous observation space, and (ii) goal conditioned manipulation in a
Rubik's Cube environment, where the reward hinges on matching human-speci ed color patterns. Across
these experiments, we compar&®LHTF to preference-based RL PbRL) and to an oracle with access to the
true reward.
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6.1 Generalization to Continuous Environments

To test generalization beyond tabular settings, we applyRLHTF in a continuous environment of the physics
simulator MuJoCo (Todorov et al., 2012). Namely, we apply RLHTF to Reacher, a two-jointed robot arm.
The aim is to apply appropriate torques to the hinges so that the robot's ngertip reaches a target. The
human evaluators watch and critique a video of the robot arm moving under the current policy. To aid human
evaluators in their assessment, we incorporate a timestamp and some visual landmarks (colored circles) into
the environment. Figure 6 shows the modi ed Reacher environment. These modi cations aid the human
evaluator to refer to speci ¢ locations ( Go to the left of the blue circle.) or moments in the trajectory ( The
movement from frame 4 to 8 is wrong.). We emphasize that our method does not require the human to
explicitly understand or annotate states such as joint angles or torques. Instead, human evaluators provide
natural language feedback, and our method infers meaningful state-level reward signals from contextual and
temporal cues naturally present in the text.

Figure 6: Generation of state-reward pairs from human feedback and observations using an LLM (Step 7 in
Algorithm 1) in modi ed Reacher environment. The aim of the robotic arm is to stay close to the red ball.

The LLM processes three inputs: human feedback, landmark locations and the sequence of Iltered states
(where information about the target is removed, see Appendix B.2), making up the video. The LLM's task
is to interpret these inputs to deduce what states are described as positive or negative. Figure 6 shows
how the state-reward pairs are generated. The LLM outputs pairs of ltered states and binary labels.
Each label indicates whether the corresponding state is positive or negative. If a Itered state is returned
partially, missing elements are lled in by randomly sampling from the set of observed trajectory states. We
approximate the reward function as a fully connectedNN, which takes a state vector as input and outputs a
scalar corresponding to the predicted reward. At each iteration, we expand the training dataset with the
state-reward pairs output by the LLM, fsy; Rg. Then, we employ stochastic gradient descent to ne-tune the
NN with the expanded training dataset. This supervised learning process uses a cross-entropy loss function
and is further detailed in Appendix B.2.

We suggest that feedback in natural language is more informative than preferences between two trajectories,
and thus RLHTF requires fewer interactions with humans to achieve an accurate reward model. To verify the
hypothesis, we compare the evolution of the reward model witlRLHTF versusPbRL, as shown in Figure 7.
While both feedback types improve the reward model, text feedback results in a more precise localization of
the target. By the tenth interaction, only a small area around the target receives a high reward withRLHTF ,
whereasPbRL results in a reward model more uncertain about the target location, giving high reward to
large areas of the environment. Figure 7 suggests that natural language feedback enables the reward model
to identify the target more quickly and precisely.

10
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