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Abstract. Reinforcement learning from human feedback (RLHF) is a
variant of reinforcement learning (RL) that does not require an engi-
neered reward function but instead learns from human feedback. Due to
its increasing popularity, various authors have studied how to learn an
accurate reward model from only few samples, making optimal use of this
feedback. Because of the cost and complexity of user studies, however,
this research is often conducted with synthetic human feedback. Such
feedback can be generated by evaluating behavior based on ground-truth
rewards which are available for some benchmark tasks. While this set-
ting can help evaluate some aspects of RLHF, it differs from practical
settings in which synthetic feedback is not available. Working with real
human feedback brings additional challenges that cannot be observed
with synthetic feedback, including fatigue, inter-rater inconsistencies, de-
lay, misunderstandings, and modality-dependent difficulties. We describe
and discuss some of these challenges together with current practices and
opportunities for further research in this paper.
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1 Introduction

Reinforcement learning (RL) is a general framework of solving tasks by rewarded
interaction with an environment. In contrast to supervised learning, which learns
from a set of examples labeled with their solutions, RL can learn from experience
without the need for such labels. It only requires a reward signal that can evaluate
possible behaviors. As such, RL could be broadly useful in many domains. Yet,
until recently, RL has barely been deployed in practice. This discrepancy can
largely be attributed to two reasons: The data-inefficiency of RL, i.e., the amount
of (potentially unsafe or expensive) interactions with the environment that is
necessary to learn a useful behavior, and the difficulty of correctly specifying the
desired behavior.

The second issue, the difficulty of specification, is the main concern of this
paper. We focus on reinforcement learning from human feedback (RLHF) in
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particular, which is a class of methods that employs human feedback for task
specification. In the regular RL setting without human feedback, tasks are speci-
fied by a numerical reward signal occasionally provided to the agent after taking
an action. This reward is usually determined by a reward function that can be
evaluated automatically. Such a function is easy to specify in games, wherefore
so many of the prominent successes of RL have been in these domains, such as
Atari [43], Go [54] and StarCraft [57]. Now contrast these examples with tasks
such as robotic manipulation, self-driving cars, household robots and care robots.
Tasks in all of these domains are much harder to specify with a reward function.

Learning from Human Feedback. RLHF modifies the RL setting to learn from
human feedback, commonly in the form of pairwise comparisons, instead of pre-
specified reward functions. Humans are asked to provide feedback on a small
subset of the agent’s experiences and the agent is trained to behave in accordance
with that feedback. Section [2] describes this setting in more detail.

As previously noted, data-inefficiency and difficulty of task specification can
be considered the two main limitations of RL. Since RLHF at least partially
solves the task specification problem, it has recently seen a number of successful
applications in domains in which interaction with the environment is cheap and
without great risk, e.g., language [48|, simulated continuous control [I5] and
games [27]. There has also been some success applying RLHF to robotics [24],
which requires greater care with data efficiency.

Insufficiency of Synthetic Feedback. While RLHF has generally been recognized
to be a useful tool to specify objectives for RL agents, we argue that there is
a lack of research into the feedback collection itself. Many recent works have
attempted to elaborate on the technical aspects of RLHF: Develop new methods
and algorithms to make more efficient use of human feedback. While the technical
aspects are well-researched, the question of how to optimally design user studies,
i.e., methods of gathering human feedback, received less attention. Since user
studies can be difficult and expensive, many recent advances have only been
evaluated with synthetic feedback. This is possible by choosing benchmark tasks
for which ground-truth rewards are available, such as games with a pre-defined
score function, and then using these rewards to generate synthetic preferences,
e.g., preferring behaviors with higher reward.

Such an evaluation with synthetic feedback is useful to assess some proper-
ties of RLHF methods such as sample efficiency or final performance. In fact,
synthetic feedback should be a core component of a RLHF evaluation suite since
it allows for many cheap experiments and enables consistent, fair, and system-
atic comparisons of different methods. It is not sufficient on its own however:
Synthetic feedback can miss many realities that arise when interacting with real
humans, such as fatigue, distraction, inter-labeler inconsistencies, labeling delay,
prior exposure or the relative difficulty of different feedback modalities. These
realities are of crucial importance for practical applications of RLHF, in which
ground-truth rewards and therefore synthetic feedback is generally not available,
and should not be neglected in research either.
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As we have identified in this section, there is a gap between the common
practice of RLHF evaluation with synthetic feedback and the settings for which
the practical deployment of RLHF is best-suited. In this work, we attempt to
close this gap by giving an overview of common practices in user study design,
discussing challenges that arise with human feedback, and identifying some of the
research opportunities that real human feedback enables. The remainder of this
paper will first introduce some preliminaries necessary to understand the context
of this work (Section , then examine challenges (Section [3) and opportunities
(Section E[) posed by real human feedback, as well as relevant decisions in user
study design (Section [5)) and finally discuss our findings and propose avenues for
future work (Section

2 Preliminaries

RLHF lies in the intersection of classical RL, active learning, and preference
elicitation. In this section, we first give a short introduction to RL, then highlight
how RLHF differs from the standard setting, and finally introduce the field of
preference elicitation.
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Fig.1: Contrasting the standard RL setting with RLHF in its most common
formulation, using a reward model.

Reinforcement Learning The goal of RL [56] is to learn behavior from re-
warded interaction with an environment. The environment is commonly formal-
ized as a Markov decision process (MDP) defined by a tuple (S,.A, P, R). Here,
S is the set of possible states, A the set of possible actions, P : S x4 — P(S) the
probabilistic state transition functiorﬂ7 and R:S x A — R the reward function.

In the standard RL setting depicted in Figure [Ta] the agent’s objective is
defined by the reward function. In each time step ¢, the agent chooses an action

1 P(S) denotes the set of probability distributions over S.
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a; € A from the set of available actions. The environment updates its state
in accordance with this action and determines a reward. Both the new state
St41 ~ P(st,a;) and the reward r.41 = R(sy,a;) are observed by the agent
before picking its next action. This interaction continues until some termination
criterion is met at the time horizon 7', marking the end of an episode. Learning
usually occurs over many of these episodes. The goal of RL then is to learn a
policy 7 : S — P(A) that maps states to actions or, in the case of a probabilistic
policy, to a distribution over actions. The policy should be optimized to maximize
the expected discounted cumulative sum of future rewards within an episode,
formalized as J (7, s0) = Er s, [Z?:o v'r;], where v € [0,1) is a discount factor.
Note that this may require the agent to trade off immediate rewards for larger
rewards in the future.

Initia% Quel."y Labeling
Interaction selection
Policy Preference
Learning Learning
Fig.2: The RLHF training cycle. While many recent works have studied query

selection as well as preference- and policy learning, the labeling aspect is under-
studied and the main focus of this paper.

Reinforcement Learning from Human Feedback The simplest way to
learn from human feedback would be to let a human directly specify the rewards
for each of an agent’s actions, i.e., r; in Figure[Ta] Unfortunately, this poses its
own challenges: Consistent scalar rewards are not easy for humans to provide,
human feedback is costly, and it does not scale to the amount of training an RL
agent needs. For this reason, human feedback is usually employed in an indirect
manner in RLHF approaches: Human labelers are asked to give feedback on
behavior, and this feedback is used to train a reward model that can give rewards
on behalf of the human. The feedback is decoupled from the agent’s training
process, and because of this, can be given at a slower rate and does not need
to cover every interaction. It may also be given in a form that is convenient to
the human. Figure[ID] depicts this interaction: The agent’s actions are rewarded
by a reward model, which is in turn trained on a dataset of experiences labeled
by human feedback. These labels [; are provided asynchronously by a labeler in
response to queries ¢; posed by the query selection mechanism.

In the most common setting [I5], this is done in a cycle of gathering expe-
riences and querying preferences over these experiences. This common cycle is
depicted in Figure[2] In the following, we will describe each of the steps.
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Initial Interaction In the first step, we gather initial interaction between the
agent and the environment with some prior policy (e.g., random behavior).
The agent’s experiences are saved. This results in a pool of stored experi-
ences, which we can use in the next step.

Query Selection After a certain number of episodes, we select a set of queries
to ask the human labelers about the stored experiences. In the most common
case, these queries consist of pairwise comparisons of alternative behaviors.

Labeling The queries are then presented to a human labeler, who can give a
response, e.g., indicate which behavior they prefer. Instead of asking real
humans, it is also possible to synthesize this feedback based on ground-truth
rewards when available. Since these rewards are generally only available for
RL benchmark tasks, this is only viable for evaluation of research and not
for practical applications. As highlighted in this work, synthetic feedback
has its limitations and it is important to research the impact of real human
feedback as well.

Preference Learning The queries together with the labels are then used to
train a model of the human’s preferences, the reward model (see Figure .

Policy Learning After the reward model is trained, the agent is deployed in
the environment again. The reward model is used as the reward function and
the policy is optimized, e.g., with Trust Region Policy Optimization [51] or
similar RL techniques, to maximize these rewards.

During policy learning, the agent gathers a new set of experiences, and the latter
is used for a new iteration of query selection, labeling, and preference- and policy
learning. The whole cycle is then repeated until a termination condition is met.

Preference Elicitation Learning a reward model can be seen as a special case
of preference elicitation. The goal of preference elicitation is to gather informa-
tion about an individual’s preferences in a systematic and structured manner.
This can be accomplished by interacting with the individual, e.g., as part of a
user study, and attempting to understand the mechanisms around their feedback.
Possible techniques include direct questioning, surveys, interactive interfaces and
passive observation of behavior. The challenge lies in designing effective methods
that can accurately capture individual preferences while minimizing biases and
cognitive limitations.

Keeping human behavior in mind when designing labeling tasks can have
multiple benefits. Unveiling and tackling unwanted biases within the feedback
mechanism can be a lever to improve data quality. As a consequence, the number
of required labeled instances might decrease. User studies can be enriched by the
use of additional data sources such as surveys (of the feedbacking individuals)
or paradata such as mouse movement, eye tracking or response time.

Giving feedback for the purposes of RL training differs from most common
labeling and preference elicitation tasks in that it is usually an online active
learning setting. It is online, because the queries for RLHF training are usually
generated on-the-fly by an agent to optimize the current estimate of the human
preferences (see Figure . In contrast to most labeling tasks, RLHF queries
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therefore come from a changing distribution instead of a fixed dataset. The
setting is also active, because the agent normally generates more experiences
than we can label, wherefore a subset of these experiences must be selected for
labeling. We can even direct the agent’s behavior to generate more informative
experiences, further actively shaping the data stream. These properties make
feedback for RLHF distinct from most other labeling tasks.

3 Challenges of Real Human Feedback

Synthetic feedback is always reliable, consistent and fast. These characteristics
cannot be attributed to real human feedback, which instead poses many chal-
lenges. We will discuss some of these challenges in this section, starting with the
underlying behavioral patterns of individual labelers followed by a discussion of
the disagreements that can arise as a consequence of these challenges.

3.1 Labeler Behavior

When responding in any kind of interaction such as a labeling task, a web survey
or an interview, human response generally follows a multitude of biasing pat-
terns. Some of them, as discussed in the following, are particularly important
for user study design:

Response Bias Individuals may display several response biases, such as acqui-
escence bias (tendency to agree) [21], primacy/recency effects (tendency to
select the first/last piece of information in an array) [16] [45], or satisficing
(opting for quick and easy responses instead of thoughtful consideration)
[21], [34]. An example of satisficing is a response strategy named “straightlin-
ing” that describes the repeated selection of the same response option irre-
spective of the information at hand [25]. Task design choices are likely to
facilitate or weaken the resulting biases and label noise. For example, asking
for a respondent’s approval may foster acquiescence bias, or ways of dis-
playing the information may facilitate primacy/recency bias. Some of these
choices and interactions are discussed in more detail in Section
Even though the existing literature lacks studies that empirically assess and
quantify response bias in the context of RLHF, a multitude of previous
research mentions and acknowledges the presence and importance of this
source of cognitive bias. Examples are given by Koyama et al. [33], who
experiment with adjusting multiple parameters of an image labeling task
such as brightness or contrast in order to reduce the cognitive load and
Early et al. [I8], who mention the potential presence of recency bias in RL.

Fatigue As with any task, participants are likely to fatigue throughout the
duration of the labeling task, potentially decreasing the quality of future
responses and leading to inconsistencies. RL labelers fatiguing critically
throughout their task might lead to more total labels needed due to dimin-
ished label quality. In addition, non-random ordering of the queries could
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systematically disadvantage the label quality of later units. See Section [5] for
further discussion of the importance of query order.

While, to our knowledge, no study has previously attempted to quantify fa-
tigue bias in RL settings, multiple studies indicate awareness of the potential
source of bias [B], [38]. The quantitative assessment of fatigue has also received
some attention in survey methodological research: Jeong et al. [31] assess fa-
tigue bias and find evidence for severely altered response behavior in later
stages the labeling process while Hart et al. [23] examine how fatigue leads
to biased responses in order to reduce the respondent’s anticipated burden.

Experience In contrast to fatiguing throughout the duration of a task, individ-

uals might also add to their task-specific experience. In general, experience
and perceived task difficulty are likely to impact the quality of an individual’s
labels.
This is particularly relevant for RLHF labeling tasks since the agent’s ob-
jective and environment may be unfamiliar to the labeler at first and the
queries are quite repetitive afterwards, with environment and objective usu-
ally staying unchanged.

Expertise In addition to gaining experience during the feedback task, labelers

may also have different amounts of expertise with respect to RL, the target
task or labeling in general to start with. On the one end of this spectrum
are the designers of the RL task, on the other end are inexperienced crowd
workers unfamiliar with any labeling task.
The papers that we surveyed take different approaches in this respect. For
instance, the authors of Christiano et al. [I5] provide feedback for one of the
tasks themselves, thereby relying on labelers with a high level of expertise.
For other tasks, however, they rely on contractors with a lower expertise
level. Instead of authors or contractors, Bignold et al. [9] employ university
students without prior ML knowledge.

Motivation Another important driver of human behavior is the underlying
motivation. There is a vast literature on studying how motivation influences
performance in areas such as employment [I4] [36], 50] and education [12}, [42]
4).

In the context of RLHF, there might be differences in the motivation of
crowdworkers and researchers. While crowdworkers’ motivations are mainly
financial [40] and therefore extrinsic, a researcher labeling data for their own
model might instead have intrinsic motivation to provide optimal feedback.
Studies show that intrinsic motivation leads to higher performance than ex-
trinsic motivation, with extrinsic motivation even having the potential to
lead to adverse outcomes [35]. Motivational patterns can therefore aggra-
vate or weaken response biases, such as straightlining, where labelers always
respond in the same way.

We are not aware of any RLHF-specific literature that directly addresses
the influence of motivation on labeling quality. However, Bignold et al. [9]
indirectly address the question of how to increase labeler motivation and find
that labelers prefer informative over evaluative feedback, resulting in better
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and more feedback per episode and longer participation of labelers providing
instructive feedback compared to those providing evaluative feedback.

Misunderstandings The labelers may misunderstand the task the agent is
trying to solve, rendering their feedback misleading. To mitigate this, ex-
isting work has often either relied on in-person studies [7, [10], where such
misunderstandings are easier to correct, provided extensive guidelines to the
labelers [15], 49] [55], or gave labelers real-time feedback and the opportunity
to ask clarifying questions through chat [49, [55].

Distractions Study participants may be distracted during a study, leading to

inconsistent behavior. This is particularly challenging in online studies, since
researchers cannot control or observe the participant’s environment or ac-
tions.
Drawing from the survey literature, studies find that participants might be
distracted from background noise in the environment where they participate
but also from their own actions when browsing multiple websites during
the study [3 52, [64]. The evidence of whether these distractions in online
surveys lead to reduced data quality is mixed, however (see, e.g., Aizpurua
et al. [1], Ansolabehere and Schaffner [3], Sendelbah et al. [52], Wenz [58]).
Concerning the RLHF-specific literature, we are not aware of any study in-
vestigating the impact of distractions on feedback quality or comparing the
controlled environment of in-person studies with the uncontrolled environ-
ment of remote studies.

Uneven Labeling Rate Humans may take anywhere between seconds to min-
utes to respond to a query. Learning algorithms should therefore be able to
accommodate possible delays. An example of challenges arising due to de-
lay is described by Christiano et al. [I5], where the training process on one
task was disrupted because of one labeler deviating from the usual feedback
schedule.

3.2 Labeler Disagreements

As a result of the challenges discussed in Section [3.1] disagreements within the
labels are nearly unavoidable. These can occur in multiple ways:

Intra-Labeler Disagreement Inconsistencies within the responses of a single
labeler are a natural result of the limited and biased cognitive capacities
of a human labeler, which can potentially lead to the same labeler giving
different responses to the same query, depending on context.

Inter-Labeler Disagreement Multiple labelers may have different opinions,
levels of expertise, or perspectives on specific queries. They may also in-
terpret the queries differently. Disagreement between multiple labelers will,
therefore, always occur.

While employing multiple labelers may lead to disagreements, it is often nec-
essary to create a dataset of the scale needed for practical applications. The
studies we surveyed generally use less than 20 labelers [7], 10l [15], however it
is likely that recent industrial applications of RLHF, such as ChatGPT [48],
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used many more labelers to produce datasets of sufficient size. Unfortunately
the precise numbers are not public in this case.
In addition to scale, a diverse set of labelers may also help to reduce biases
carried by a single labeler. Barnett et al. [6] even observe improved reward
learning when valuing the variance within and between labelers instead of
the established practice of not distinguishing between labelers.
Researcher-Labeler Disagreement Relatedly, the preferences of the (paid)
labelers may differ from the concepts the researchers wish to convey. For
instance, Ziegler et al. [63] show that there is a significant difference be-
tween evaluations of the paper authors and Scale Al freelance workers in
four natural-language-related tasks (38% agreement in a sentiment assess-
ment task and 46% agreement on a summarization task). However, they
note that there is also only 60% agreement between the paper’s authors for
a small subset of the labeling tasks. The authors argue that this is because,
in such language tasks, it is often difficult to agree due to a lack of a clear
ground truth. This result shows that different levels of expertise might in-
fluence the outcome or quality of the training data, but it also highlights
that some disagreement is likely unavoidable. Despite this potential influ-
ence, we observed that many papers do not comment on whom they asked
for feedback.

4 Opportunities of Real Human Feedback

As discussed in Section [3| real human feedback poses many challenges when
compared to synthetic feedback. Each challenge also presents an opportunity for
further research which can yield improvements to the RLHF method however.
These opportunities, by their nature, can only be researched with real human
feedback and are of key importance to practical application of RLHF. In this
section, we will make some of these research directions implied by the challenges
discussed in Section 3| explicit. We will also discuss how real human feedback
may provide additional benefits through the use of implicit information.

4.1 Optimizing the Labeling Task

One of the opportunities afforded by real human feedback is to study potential
improvements to the labeling task, i.e., the way queries are asked and the form
in which feedback is given. By framing this task in a human-friendly way, it is
possible to get more information for the same amount of human time.

When using synthetic feedback, it is common to compare alternative ap-
proaches by the number of labels required to reach a specific performance. This
is not a fair comparison, however, as some choices may increase the difficulty
for the human while others may decrease it. Working with real human feedback
enables us to measure labeling time in addition to the number of labels provided.

One opportunity is to optimize the feedback modality for ease of answer,
thereby getting more feedback for the same amount of human time and effort.
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The ideal framing of the labeling task also depends on the context. For example,
pairwise comparisons can prove challenging in goal-conditioned settings, where
two compared behaviors may aim to solve different goals and be difficult to
compare directly.

While extending or replacing the comparison setting poses new challenges
in encoding, interpreting and learning from these possibly richer forms of feed-
back, there exists initial work proposing unified frameworks for this purpose.
Jeon et al. [30] propose the framework of reward-rational implicit choice, which
interprets human feedback (regardless of its form) as a choice from a set of pos-
sibly infinitely many alternatives. The framework assumes that this choice is
Boltzmann-rational with respect to a reward function. By utilizing an appro-
priate grounding function that maps feedback to behavior, this enables learning
a reward function consistent with the observed feedback. Notably, the frame-
work even extends to language feedback, where the grounding function maps an
utterance to all compatible behaviors (e.g., following an instruction or avoiding
concerns expressed in natural language), and the choice set comprises all possible
utterances. It is then possible to infer a reward function such that the observed
feedback is Boltzmann-rational with respect to that function. Additionally, Metz
et al. [4I] contribute a common encoding for multiple types of feedback, thereby
further simplifying the use of rich and diverse sources of feedback as proposed
in this section.

Extensions to Comparison Queries Many studies in the RLHF space use
pairwise comparisons, meaning they show multiple alternative behaviors side-
by-side and ask the human to pick a favored one [I5]. This common setting
can be extended in multiple ways, including augmenting the labels by expla-
nations, providing additional response options and asking for labels for longer
interactions.

Ezplanations. One extension consist of allowing participants to state which fea-
ture or which visual region influenced their decision the most [7, 22]. Guan et al.
[22] study the amount of human time needed to provide visual saliency informa-
tion in addition to binary feedback and find that it incurs little additional effort
while resulting in improved sample efficiency.

Response Options. Another extension to the comparison setting is the addition
of more response options beyond binary preference. One way to do this is to
allow labelers to reject comparisons when they cannot give a certain answer
(“soft choice setting”). This option can reduce labeling noise [26]. Wilde et al.
[59] go one step further by allowing the labeler to give quasi-continuous feedback
with a slider bar. They compare this to the soft choice setting and find that
while scale feedback is slightly less easy to use than soft choice, the former
significantly improved learning in their experiments. The authors state that the
gains in learning outweigh the drop in easiness, although the participants rated
both scale and soft choice feedback equally expressive.
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Long Interactions. Another example is asking labelers to review more extended
interactions, giving multiple bits of feedback per interaction. An early explo-
ration of this idea is presented by Interactive Agents Team et al. [28§].

Optimizing Query Presentation Another way to improve the labeling task is
by improving how queries are presented to the labelers. Zhang et al. [62] explore
how clustering different comparisons instead of presenting them one after the
other can increase feedback efficiency. Based on visualization and dimensionality-
reduction techniques, they design an interactive user interface allowing the hu-
man to label a subset of the state space. Even though their user studies with
real human feedback are somewhat limited, they find that training efficiency in-
creases for the same amount of human time in some simple MuJoCo tasks. This
is closely related to user-interface-related design decisions discussed in Section

Optimizing Query Selection In addition to the presentation, the selection of
queries also significantly impacts perceived difficulty. For example, Biyik et al.
[10] find that information-gain-based query selection leads to easier queries when
compared to volume-removal-based selection.

Evaluating Alternative Feedback Modalities An alternative to extending
the commonly used comparison queries is to explore the use of alternative feed-
back modalities. Possible choices include instructive forms of feedback such as
demonstrations [27] and corrections [29], evaluative forms of feedback such as
critiques [4, 32] and ordinal feedback [37, [61], and comparative forms of feedback
such as pairwise comparisons [15] and rankings [20 [46].

Developing Techniques for Aided Evaluation Another way to enhance hu-
man time efficiency while collecting feedback is to aid the human in evaluation.
For example, Guan et al. [22] use object tracking and object detection to sim-
plify the annotation of visually salient objects. The effectiveness of this aided
evaluation can only be studied with real human feedback.

4.2 Utilizing Available Information

Another opportunity for RLHF research enabled by real human feedback is to
make use of information that human labelers give implicitly.

Implicit Feedback Humans leak a lot of information by implicit behaviors
[17], such as gestures, facial expressions, vocalizations, tone of voice, non-verbal
cues, and response delay when providing labels. This implicit feedback can be
challenging to detect and interpret since it varies from human to human. Credit
assignment to past or even anticipated events poses a further challenge. Nonethe-
less, provided they can be incorporated successfully, these cues can be an addi-
tional source of feedback with no additional human effort.
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One example of such implicit feedback is visual saliency information, which
can be used to augment preference labels. While Guan et al. [22] studied this as
an implicit form of feedback, this information is always given implicitly and only
needs to be collected. If we can use such implicit information, it may be possible
to learn more accurate models from fewer samples. As a step in the direction of
learning from implicit feedback, Jeon et al. [30] propose the framework of reward-
rational implicit choice to learn from explicit and implicit forms of feedback.

Implicit Reward Shaping Human labelers often give feedback not only based
on the task performance but also on the agent’s progress and whether or not its
current behavior may eventually lead to the correct behavior. While this often
violates assumptions on how feedback is given and can therefore be challenging,
it can also be an opportunity if used correctly since such shaped rewards can
simplify the policy learning problem. For example, Christiano et al. [15] find
that training from human feedback sometimes outperforms synthetic ‘oracle’
feedback, likely due to this implicit reward shaping.

5 Design Decisions

With human behavior being all but error-free, task designers must carefully
consider a variety of decisions to avoid task design-driven bias (see Section and
make use of the opportunities afforded by human feedback (see Section. Those
design choices are, of course, interrelated and context-dependent. For instance, if
it is necessary to have longer trajectories, the mental load of processing two more
complex and long trajectories might be too high if they are shown simultaneously.

5.1 Study Setup

Many design decisions that one has to make in the context of a user study are
related to the general setup of the study. In the following, we list a selection of
these decisions that we consider to be of particular importance concerning RL
feedback:

Order The resulting set of labels will be impacted by how the queries or dif-
ferent stages of a labeling task are ordered. In addition to increasing fatigue
or expertise, social psychologists have observed patterns of “contrast” and
“assimilation” [I1]. While a contrast effect describes an individual perceiving
a piece of information more dissimilar from a previous piece of informa-
tion (e.g., the judgment of the height of strangers), an assimilation effect is
present when a piece of information seems to be more similar to the previous
piece of information. As a classic example, a crooked politician makes other
politicians appear less trustworthy. Beck et al. [§] observe some indication
for a contrast effect in a hate speech-related labeling task.
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Guidelines The initial guidelines, tutorials, and examples might have a sig-
nificant anchoring effect on the subsequent labeling behavior. This intro-
ductory material should be carefully selected or crafted. Generally, adding
initial guidelines to a labeling task seems to benefit the resulting data quality
[19, 47].

Incentives The incentive structure of a labeling task is a crucial determinant of
the motivation and response behavior of the labelers. In the design process,
a decision must be taken for either a fixed wage per task or a fixed wage per
time. Past research on incentives in labeling tasks has reported mixed results.
Multiple studies could not find increased label quality through performance-
based bonus payments [53], [60]. In addition, some observations have been
made that higher wages increase the quantity but not the quality of labeling
work [13] [39].

Quality Control Crowdsourcing, in particular, poses the challenge of quality
control since study participants may be incentivized to complete as many
queries as possible instead of focusing on accuracy. However, crowdsourcing
platforms like Prolific or Scale AI have developed quality controls that might
reduce this problem. Scale Al for instance, uses benchmark labeling, which
serves to screen out labelers that do not meet a certain standard (see 63)).

Participant Selection The participant selection has a significant influence on
response quality and labeler expertise. It can be influenced by prior screening,
manual selection, or choice of crowdsourcing or contracting platform.

5.2 User Interface

Another design choice is presented by the user interface through which the study
participants can communicate their preferences. An example of the importance of
this choice is described by Amodei et al. [2], who observe that the learned reward
function does not capture the desired behavior due to the labelers’ inability
to judge depth in a two-dimensional video. The agent may actively learn to
exploit such interface-driven limitations of the labelers since it is rewarded for
any behavior that appears correct to humans. The user interface is closely related
to the feedback modality (see Section , i.e., the form in which the human
labelers are expected to give feedback.

6 Discussion and Future Work

Reinforcement learning from human feedback inherently depends on human feed-
back. In Section |3 we identified several challenges posed by this feedback in the
context of RL training. Throughout this work, we discussed existing approaches
that address some of these challenges. However, we also noticed in Section [4] that
every challenge also represents an opportunity for further research for improving
the RLHF method. Finally, we introduced important design decisions that can
be leveraged to overcome the challenges and capitalize on the opportunities in
Section [pl Given these open areas for improvement, we believe that the human
aspect of RLHF has been understudied thus far.
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We suspect that one reason for this lack of research is the RLHF research
community’s lack of experience in conducting user studies. We provide an in-
troduction to the challenges faced in user study design in this work and believe
future work focused on reducing the friction introduced by this unfamiliarity
would be worthwhile. One possible avenue to accomplish this would be to de-
velop frameworks for crowdsourcing labels in the online active learning setting
posed by RLHF. Such a framework could make feedback collection more at-
tainable for academic researchers by simplifying interaction with crowdsourcing
platforms.

In parallel to our work, Metz et al. [4I] took a first step into the direction
of reducing friction through standardized tooling. They propose a configurable
interface for giving feedback on behavior as well as a common encoding for
many different feedback modalities. In accordance with the claims made in this
paper, they acknowledge the importance of the human factors of RLHF, advocate
for the need for systematic empirical studies with real humans and discuss the
importance of reducing the friction and collaborating across disciplines. Future
extensions could further aid researchers in conducting these studies by providing
examples of usage, documentation and integration with crowd-sourcing services.
While there are many similarities between our work and the paper by Metz et al.
[41], the two differ in focus and can be seen as complementary. While they focus
on learning from diverse sources of feedback and therefore discuss attributes of
different feedback modalities, we rather focus on human aspects and describe
individual challenges such as response biases in more detail.

In addition to this meta-work on reducing research friction, studying the
challenges and opportunities discussed in Sections [3] and [] would be another
important direction for future work. This would provide a greater understanding
of optimal user study design for RLHF, hopefully enabling us to apply it to
more settings with less human effort and, as a side-effect, provide examples that
would further reduce the previously discussed unfamiliarity. We hope that future
research will pay increased attention to the challenges and opportunities posed
by real human feedback.
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