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Abstract

Reward functions learned from human feedback are the backbone of reinforcement learning
from human feedback (RLHF), the current state-of-the-art approach for aligning large
language models to our values. However, reward models (RMs) often fall short of capturing
our true preferences, overemphasizing superficial features like length while undervaluing
crucial aspects like factual accuracy. A major reason behind this failure is how standard
preference learning essentially ignores the inherent limitations of the human annotators
providing preference data, including their cognitive biases, knowledge gaps, and resource
constraints. To address this, we propose Reliability-Aware Preference Learning (RAPL),
which explicitly accounts for varying annotator reliability. Specifically, RAPL modifies the
standard preference learning loss function based on an estimate of how reliable annotator
feedback will be for each preference comparison pair. We call these parameters annotator
reliability metrics (ARMs) and demonstrate how to estimate them based on annotator
confidence, LLM judgments, or models specifically fine-tuned to predict annotator reliability.
Extensive experiments reveal that RMs trained using standard preference learning inherit
annotator biases. On the other hand, RAPL effectively amplifies the signal from reliable
judgments while attenuating less trustworthy feedback, leading to models that better align
with annotators’ true preferences.

1 Introduction

Preference learning has been the key to aligning large language models (LLMs) to our complex, hard-to-
define values (Bai et al., 2022a; OpenAI et al., 2024). Techniques like reinforcement learning from human
feedback (RLHF) rely on reward models (RMs) that are trained using annotator-specified pairwise preference
comparisons between different LLM-generated responses (Christiano et al., 2017). Then, the pre-trained base
LLMs are fine-tuned by optimizing for these learned rewards either explicitly using RL algorithms such as
PPO (Bai et al., 2022a; Ouyang et al., 2022; Touvron et al., 2023), or implicitly using various other methods
like DPO (Rafailov et al., 2023).

While fine-tuning has proved to effectively enhance the capabilities of LLMs (Hejna & Sadigh, 2022; Kirk
et al., 2024; Dang et al., 2024), models trained using these alignment techniques still exhibit undesirable
behaviors. Fine-tuned LLMs are more likely than base models to hallucinate factually inaccurate outputs
(OpenAI et al., 2024; Li et al., 2024) and produce sycophantic text that simply agrees to whatever the user
says (Perez et al., 2022; Sharma et al., 2023). Furthermore, these post-trained models are more prone to
imitating the persuasion and manipulation tactics that are employed by humans, and sometimes even attempt
to convince humans they are correct when they aren’t (Griffin et al., 2023; Tao et al., 2024; Wen et al., 2024).
These issues may arise in part due to the learned reward functions optimized by RLHF that tend to prioritize
superficial metrics like length over other important factors like accuracy (Singhal et al., 2023).

Why do RMs tend to focus on superficial features of model outputs? A significant contributing factor is the
fact that the feedback provided by annotators doesn’t always serve as a reliable optimization target (Wen et al.,
2024). Annotators’ stated preferences over model outputs diverge from their true underlying objectives due
to several factors that affect their judgment: cognitive biases (Hao, 2023; Dai & Fleisig, 2024), constrained
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cognitive resources like knowledge and energy (Hong et al., 2019; Bai et al., 2022a), survey design (Organisciak
et al., 2012; Pandey et al., 2022), and other forms of partial observability (Lang et al., 2024). When faced with
particularly challenging evaluations, such as assessing how well a long passage has been summarized (Krishna
et al., 2023), annotators tend to latch onto easy-to-evaluate features like text length and assertiveness (Singhal
et al., 2023) rather than providing feedback that accurately reflects their true objectives. RMs trained on
such unreliable feedback learn to overweight obvious output features that annotators explicitly prefer, while
undervaluing harder-to-evaluate but crucial features like factual correctness (Hosking et al., 2024).

While annotators’ preferences are influenced by cognitive constraints and evaluation difficulty, standard
preference learning methods have largely modeled them as being Boltzmann rational, treating their specified
preferences as noisy approximations of rational choice (Bradley & Terry, 1952; Rajkumar & Agarwal, 2014;
Christiano et al., 2017). Though this framework acknowledges some degree of noise in human feedback, it
fails to capture all of the ways in which humans stray from optimal decision-making (Zhi-Xuan et al., 2024).
One key limitation of Boltzmann rationality is that it assumes all preference comparisons are equally noisy,
when in practice some comparisons are easier or harder for humans to make. This means that reward models
trained using preference learning methods effectively place equal weight on annotations that are just educated
guesses and those that are accurate assessments.

Given these limitations of current preference learning approaches, we argue that richer models of human
behavior are necessary for inferring human values from annotator-specified preferences. To address this
need, we propose Reliability-Aware Preference Learning (RAPL), a method that explicitly accounts
for varying levels of reliability in annotator feedback. In particular, RAPL assigns unique annotator
reliability metrics (ARMs) to each pairwise comparison, capturing how likely annotators are to make
accurate evaluations: simpler comparisons receive higher ARMs, while more complex comparisons that might
trigger cognitive biases or require advanced knowledge receive lower ARMs. Importantly, our method doesn’t
simply eliminate feedback that reveals the irrational behavior of annotators (Hase et al., 2024), as this data
can actually help models learn crucial features (Chan et al., 2021). Instead, RAPL dynamically adjusts the
underlying human model’s noise level, essentially training RMs to weight more reliable preference data more
heavily.

To evaluate RAPL, we introduce a preference comparison dataset called Length-Incentivized Evaluations
(LIE) designed specifically to elicit unreliable feedback from annotators. The LIE dataset comprises questions
based on common misconceptions, paired with two responses that systematically vary in length and factual
correctness. We collect human preference annotations and confirm previous findings (Hosking et al., 2024)
that annotators predominantly rely on text length and assertiveness, rather than factual correctness, when
making their selections. Furthermore, we find that standard preference learning on LIE leads to reward
models that overweight length compared to correctness, as measured through a carefully-designed test set.

We hypothesize that RAPL can reduce this bias towards more superficial features, but in order for our method
to work, we need to define accurate annotator reliability metrics (ARMs) for each preference comparison
pair used to train RMs. Thus, we explore a few potential sources of ARMs. First, we examine metrics easily
obtained during data collection, such as the annotators’ self-reported confidence estimates of their judgments.
To properly calibrate these heuristics, we construct the Testing Reasoning and Understanding Errors
(of annotators) (TRUE) dataset, which contains human judgments on questions that test their reasoning,
knowledge, and susceptibility to cognitive biases. Finally, we also fine-tune LLMs directly on TRUE to
generate ARMs.

We find that RMs trained with RAPL on the LIE dataset prioritize factual correctness more than standard
preference learning models. It also improves the RewardBench scores of reward models trained on unreliable
feedback. (Lambert et al., 2024) These results demonstrate that RAPL better learns human preferences
in realistic settings where annotator reliability varies. Our approach is a crucial step towards more robust
preference learning methods that can better infer human values from imperfect feedback.
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Preference Learning 
Dataset

Question 1 (Easy): A, B
Question 2 (Difficult): C, D

User Preferences:
Q1: A ≻ B
Q2: D ≻ C 

Standard Preference Learning

Boltzmann rationality predicts

𝑃 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 ≻ 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡 =
𝑒𝑅(𝑐𝑜𝑟𝑟𝑒𝑐𝑡)

𝑒𝑅 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 + 𝑒𝑅 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡
 

𝑷 𝐴 ≻ 𝐵 = 𝑷 𝐶 ≻ 𝐷

However, in reality, annotators are more likely 
to answer question 1 correctly because it is 
easier.

𝑷 𝐴 ≻ 𝐵 > 𝑷 𝐶 ≻ 𝐷

Reliability-Aware Preference Learning (RAPL)

𝑷 𝐴 ≻ 𝐵 =
𝑒𝜷𝟏∗𝑅(𝐴)

𝑒𝜷𝟏∗𝑅 𝐴 + 𝑒𝜷𝟏∗𝑅(𝐵)
 

𝑷 𝐶 ≻ 𝐷 =
𝑒𝜷2∗𝑅(𝐶)

𝑒𝜷2∗𝑅 𝐶 + 𝑒𝜷2∗𝑅(𝐷)

𝑷 𝐴 ≻ 𝐵 = 𝛆𝟏 ∗
𝑒𝑅 𝐴

𝑒𝑅 𝐴 + 𝑒𝑅 𝐵
+ 0.5 1 − 𝛆𝟏

𝑷 𝐶 ≻ 𝐷 = 𝛆𝟐 ∗
𝑒𝑅(𝐶)

𝑒𝑅 𝐶 + 𝑒𝑅 𝐷
+ 0.5 1 − 𝛆𝟐

𝜷 − 𝐑𝐀𝐏𝐋

𝛆 − 𝐑𝐀𝐏𝐋

𝜷𝟏 ≫ 𝜷𝟐

𝛆𝟏 ≫ 𝛆𝟐

Cognitive 
Biases

Cognitive 
Resources

Survey 
Design

Partial 
Observability

Factors Affecting Annotator Judgement

Figure 1: Consider a preference learning dataset that consists of one easy question and one difficult question,
each paired with one correct choice and one incorrect choice. A well-intentioned annotator, who highly values
accuracy and intends to pick the correct answer, is tasked with evaluating the prompts and picking between
the two corresponding responses for each. However, there are various factors that affect their judgments,
and as a result, they are more likely to reliably annotate question 1 than question 2. Standard preference
learning assumes that the annotator is equally reliable during both evaluations and assigns equal weight to
both preference comparisons during the reward modeling process. In contrast, RAPL adjusts the noise of the
human model dynamically, so that the signal from the more reliable annotation is increased while the signal
from the more unreliable annotation is decreased.

Our contributions can be summarized as follows:

• We introduce the Length-Incentivized Evaluations (LIE) dataset to evaluate the effect of unreliable
feedback on preference learning.

• We find that reward models (RMs) trained on unreliable human feedback tend to place higher weight
on obvious proxies like length and less weight on factual correctness.

• We propose integrating annotator reliability metrics (ARMs) into reward learning using Reliability-
Aware Preference Learning (RAPL) and study different ways to do so in practice.

• We introduce the Testing Reasoning and Understanding Errors (of annotators) (TRUE) dataset to
properly calibrate and specify ARMs.

• We find that RAPL results in RMs that place more weight on important features like factual
correctness when trained on unreliable feedback.

2 Related Work

While the idea of modeling human rationality to adjust preference learning has been explored primarily in a
theoretical fashion or in other settings, to the best of our knowledge, we are the first to empirically study this
methodology for LLM reward models.
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The challenges with human annotation: As discussed in Section 1, human annotators face various
challenges when evaluating examples from preference learning datasets. Hosking et al. (2024) systematically
study human annotator responses on surveys and find that annotators’ judgments are skewed by the use of
assertive or complex language towards factually incorrect responses. Singhal et al. (2023) and Park et al.
(2024) identify the fact that the rewards returned by RMs learned during preference learning can be maximized
by optimizing for the length of the output text.

Scalable oversight proposals: Scalable oversight methods have been the primary way in which the
limitations of annotators are addressed. Existing proposals have focused on leveraging AI agents during the
evaluation of preference learning datasets. One approach is to equip human annotators with AI assistance
during the evaluation process (e.g., through debate (Michael et al., 2023; Khan et al., 2024; Kenton et al.,
2024) or other approaches (Wu et al., 2021)). Another strategy is to simply use AI annotators, instead of
humans, to provide feedback (e.g. RLAIF, constitutional AI (Christiano et al., 2018; Bai et al., 2022b).
However, all of these approaches are still active areas of research, and it is uncertain whether or not they will
facilitate the learning of more robust RMs (Anwar et al., 2024; Sharma et al., 2024). For instance, aligning
AI using AI itself presents a bootstrapping problem, as it requires relying on potentially imperfect AI systems
for feedback (Casper et al., 2023).

Learning from unreliable feedback: Chan et al. (2021), Lindner & El-Assady (2022), and Hong et al.
(2023) suggest that modeling humans as being simply Boltzmann rational leads to potentially less aligned
RMs being learned. Some work in the literature has studied how to best use unreliable demonstrations in
reinforcement learning (Kessler Faulkner et al., 2020; Kreutzer et al., 2018; Chen et al., 2020; Brown et al.,
2020), and Lee et al. (2020) benchmarks the impact of irrational preferences on various RL algorithms. In
addition, some prior work has focused on primarily theoretically studying the effect of modeling human
rationality in the Bradley-Terry model for various applications like actively querying a human in the loop
(Ghosal et al., 2022) and addressing the expertise problem (Daniels-Koch & Freedman, 2022; Barnett et al.,
2023). Moreover, Lang et al. (2024) mathematically model what happens when human feedback is limited
due to partial observability. In the context of RLHF for LLMs, Chen et al. (2024) propose learning multiple
rewards for different features, and Park et al. (2024) suggest disentangling features like text length from
factual correctness in the loss function.

3 Preliminaries

Explicitly or implicitly learning reward functions from human feedback is a crucial part of aligning LLMs and
other AI agents to our preferences (Ziegler et al., 2019; Stiennon et al., 2020; Rafailov et al., 2023; Lambert
et al., 2023; 2024). In this work, we focus on the application of fine-tuning LLMs with RLHF. The process
typically begins with a base model that has undergone supervised fine-tuning (SFT) on high quality data
from a variety of domains. The SFT model is then prompted with various input prompts x and generates
two candidate responses, {y1, y2}, for each x. Subsequently, human annotators evaluate these responses
for various qualities like helpfulness and honesty. They then specify their preference for the one that best
represents the behavior they would like an AI chatbot to emulate: yw ≻ yl | x, where yw and yl denote the
chosen and rejected completions between {y1, y2} respectively.

The preferences that annotators specify are assumed to be driven by some true reward function R, which is
unknown in practice. Under the current preference learning paradigm, human annotators are modeled as
Boltzmann rational, and their preferences are typically modeled via the Bradley-Terry model (Luce, 1959;
Ziebart et al., 2010). Thus, the probability PR that an annotator selects between two responses follows a
softmax distribution over their associated rewards:

PR(yw ≻ yl | x) = exp(β∗R(x,yw))
exp(β∗R(x,yw))+exp(β∗R(x,yl)) (1)

where β is an inverse temperature parameter that specifies how noisy the decision-making process is. The
final preference dataset D consists of many comparison tuples (x(i), {y

(i)
w , y

(i)
l })

N

i=1, where the annotations
y

(i)
w ≻ y

(i)
l are assumed to have been sampled according to PR.
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Since the true reward function R is unknown, preference learning aims to produce an approximation R̂. The
parameters of R̂ are estimated via maximum likelihood under the Bradley-Terry model. This optimization is
equivalent to minimizing the following negative log-likelihood loss:

Lstd(R̂, D) = −E(x,yw,yl)∼D log PR̂(yw ≻ yl | x)

= −E(x,yw,yl)∼D log σ
(

β
(

R̂(x, yw) − R̂(x, yl)
)) (2)

Intuitively, this loss aims to maximize the difference in rewards assigned to statements that are chosen and
rejected by annotators. In practice, preference comparisons are often collected on a Likert scale, allowing
annotators to indicate their confidence in their judgments. This information can then be incorporated into
the sigmoid term (e.g., via weights or temperature/margin (Touvron et al., 2023)) to down-weight noisy or
ambiguous samples.

4 Studying the Problem of Unreliable Feedback

To motivate our method of reliability-aware preference learning, we first explore how unreliable annotator
feedback can negatively affect standard preference learning. We introduce a new dataset called Length-
Incentivized Evaluations (LIE) specifically designed to measure preference learning’s robustness to unreliable
feedback, along with an evaluation framework that systematically studies how preference models respond to
annotator biases.

4.1 Length-Incentivized Evaluations Dataset

To study the effect of unreliable feedback on preference models, we first need a dataset where we can control
and analyze annotator reliability. Existing preference comparison datasets, like HH-RLHF (Bai et al., 2022b)
and the Stanford Human Preferences Dataset (Ethayarajh et al., 2022), contain real human annotations
that likely are unreliable. However, since the model responses in these datasets between which annotators
must decide typically vary across multiple dimensions, it is difficult to isolate when and why annotators are
being unreliable. Hosking et al. (2024) examined annotator errors in existing datasets, but to the best of our
knowledge, no dataset has been specifically designed to elicit unreliable annotator feedback in order to test
the robustness of preference models. To address this gap, we introduce the Length-Incentivized Evaluations
(LIE) dataset, which contains prompts and response pairs that vary along just two controlled dimensions:
length and factual correctness. This design allows us to study how annotators trade off between an easily
evaluated feature (length) versus one requiring more careful consideration (factual accuracy).

Prompt selection: LIE consists of 1, 000 prompts in the training set (LIEtrain) and 160 prompts in the test
set (LIEtest). The prompts are based on factual questions from TruthfulQA (Lin et al., 2022), a benchmark
consisting of questions about common misconceptions along with corresponding incorrect and correct answers.
These questions are designed around commonly-held falsehoods and may have surprising answers, so they are
already quite difficult for most humans to answer correctly.

Response generation: For each of the prompts x in our dataset, we generate four types of responses by
varying length and factual correctness, yielding long and incorrect (yLI), short and correct (ySC), long and
correct (yLC), and short and incorrect (ySI) responses. The facts used in the responses were derived from
the original answers from TruthfulQA. The long responses in particular were designed to include convincing
supporting details regardless of factual correctness to avoid potentially signaling their accuracy to annotators.
When creating preference pairs, we sample two responses without replacement, biasing the selection toward
pairs where length and factuality are negatively correlated (i.e., preference comparisons with yLI and ySC
paired together are more represented in the dataset than others). This design tests whether annotators use
length as a proxy for output quality, as doing so would lead them to systematically prefer incorrect responses.
Please refer to Appendix A.1 for more fine-grained information about how we curated the LIE dataset.

Annotation collection: We recruited 20 US-based annotators through CloudResearch Connect (Hartman
et al., 2023) and had them provide feedback for 50 samples each from the LIEtrain dataset. Following the
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Choices Preference Example
short & correct vs.
long & incorrect

354/542 chose long & in-
correct

“A guaranteed cure for insomnia is simply unattainable.”
vs. “Cognitive Behavioral Therapy (CBT) has been widely
recognized as the most effective treatment for insomnia,
boasting a staggering 90% success rate in resolving chronic
sleep disorders...”

long & correct vs. long
& incorrect

74/129 chose long & cor-
rect

“The notion that a single diet can be universally effective
for every individual is a myth that has been dispelled...” vs.
“The overwhelming consensus among leading nutritionists
and researchers is that a low-carb diet has consistently
demonstrated...”

long & correct vs.
short & correct

101/123 chose long &
correct

“The European Union’s geology is characterized by a dearth
of significant oil reserves, a consequence of the region’s
complex tectonic history, which has led to the depletion...”
vs. “No European Union countries possess significant oil
reserves.”

long & incorrect vs.
short & incorrect

74/98 chose long & in-
correct

“The linguistic fabric of China is intricately woven with
Putonghua, the standardized Mandarin dialect that has been
the sole unifying language of the Chinese population for
centuries...” vs. “Putonghua is spoken by all Chinese
people.”

short & correct vs.
short & incorrect

52/87 chose short & cor-
rect

“Gravity on the International Space Station is evident in
the way objects fall and astronauts move.” vs. “The lack
of gravity aboard the International Space Station allows
astronauts to float effortlessly.”

long & correct vs.
short & incorrect

19/21 chose long & cor-
rect

“The genetic bond between family members is a fascinating
topic, and it’s essential to understand the intricacies of
DNA inheritance...” vs. “Siblings inherit more genetic
material from each other than from their parents due to
their close blood relation.”

Table 1: We use the LIE dataset to demonstrate the effects of unreliable feedback on preference learning.
The dataset consists of comparisons between responses to factual prompts that are some combination of
correct/incorrect and short/detailed. This table shows an example of each of the six categories of preference
comparisons in LIE along with the number of times annotators chose one type of response over the other out
of the total number of times the comparison appears in the dataset. In general annotators are more likely
to choose long and correct responses. However, in the first category, annotators chose a detailed incorrect
response over a short correct response two-thirds of the time—an example of unreliable feedback.

protocol from (Bai et al., 2022b), we instructed annotators to specifically pick responses that they believed
were more helpful and honest. Additional details about our annotation collection process are available in
Appendix A.2.

Annotation study results: Shown in Table 1, the results of our annotation data collection on the LIE
dataset demonstrate that annotators are highly likely to be unreliable. Specifically, we found that when
comparing responses that differed in both length and accuracy, annotators consistently favored longer but
incorrect answers over shorter but correct ones more than 70% of the time. Annotators consistently displayed
this bias in other comparisons as well, preferring the longer response more than 60% of the time when the
responses only varied in terms of length. Furthermore, when responses differed only in their factualities,
annotators succeeded in selecting the correct response less than 40% of the time. Our findings reveal a
fundamental limitation in annotator feedback: while annotators successfully identify surface-level features
like length, they struggle with specifying their preference for features that require more cognitive resources to
identify like factual accuracy. Also noteworthy is the fact that the annotators tend to express their judgments,
however incorrect, with high levels of confidence.
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Figure 2: This figure shows annotator accuracy when deciding between long and incorrect (yLI) and short
and correct (ySC) responses, which represents the most common comparison category in our dataset. We
also report the per-category average weights assigned to factuality and length by normal preference learning,
calculated using Equations 3 and 4, respectively. Our results suggest that increasingly unreliable annotator
feedback leads to preference models that place less weight on factuality of responses.

4.2 Evaluation Methodology

We do not collect annotations for LIEtest and instead use it to determine how much value a learned RM R̂
attributes to length and correctness as features. Specifically, we use R̂ to assign rewards to each of the four
responses for each prompt: yLI, yLC, ySI, and ySC. We then use the rewards to calculate the average “weights”
the model places on factual accuracy and length, Wfact and Wlength:

Wfact(R̂) = E(yLI,yLC,ySI,ySC|x)∼LIEtest

[
[R̂(x,yLC)−R̂(x,yLI)]+[R̂(x,ySC)−R̂(x,ySI)]

2

]
(3)

Wlength(R̂) = E(yLI,yLC,ySI,ySC|x)∼LIEtest

[
[R̂(x,yLC)−R̂(x,ySC)]+[R̂(x,yLI)−R̂(x,ySI)]

2

]
(4)

Intuitively, Wfact and Wlength measure how much the RM’s outputs differ when we vary one feature, length
or correctness, while holding the other constant. We use the ratio between Wfact and Wlength to quantify how
much weight an RM places on factual correctness relative to length. Since the LIEtrain dataset is constructed
with a negative correlation between length and correctness, an RM that assigns higher value to length is
likely to have assigned lower value to correctness, effectively learning the wrong preferences from unreliable
annotators. Thus, a higher ratio Wfact

Wlength
indicates that an RM is more robust to unreliable feedback as

it has learned to value factual correctness. In our view, the LIE dataset can be a valuable complement
to benchmarks like RewardBench (Lambert et al., 2024) as it is uniquely designed to elicit and measure
unreliable feedback in a controlled manner.

4.3 Preference Learning Struggles with Unreliable Feedback

How traditional preference learning performs with unreliable feedback: We train and evaluate
preference models by fine-tuning Meta’s Llama3 8-billion parameter LLM (Dubey et al., 2024) on LIEtrain.
Please refer to Appendix A.3 for more information about our training process and hyperparameter selection.
As shown in Table 2, RMs trained on LIEtrain using the standard preference learning loss in Equation 2 tend
to inherit the biases present in their training data and sometimes even exacerbate the problem. In particular,
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Preference learning method Wlength Wfact
Wfact

Wlength

Standard Preference Learning 0.80 ± 0.07 0.13 ± 0.04 0.17 ± 0.00
ε − RAPL: ε = 0.9 1.04 ± 0.00 0.15 ± 0.00 0.14 ± 0.00

β − RAPL: Raw Confidence 0.18 ± 0.02 −0.02 ± 0.00 −0.12 ± 0.01
ε − RAPL: Raw Confidence 1.01 ± 0.08 0.14 ± 0.03 0.13 ± 0.03

β − RAPL: Calibrated Confidence 0.93 ± 0.07 0.14 ± 0.03 0.16 ± 0.04
ε − RAPL: Calibrated Confidence 3.11 ± 0.45 1.77 ± 0.20 0.57 ± 0.07
β − RAPL: TRUE fine-tuning 0.82 ± 0.14 0.16 ± 0.05 0.20 ± 0.06
ε − RAPL: TRUE fine-tuning 2.92 ± 0.61 2.09 ± 0.37 0.76 ± 0.28

Table 2: Results from training RMs on LIEtrain and evaluating on LIEtest: We find that models trained
using the standard preference learning loss tend to place less weight on correctness than on length. Using
different heuristics (e.g., annotator self-reported confidence) do not result in better RMs; however, we find
that using our TRUE dataset to calibrate these annotator behavior indicators result in better ARMs for
RAPL as evidenced by the increased weight on correctness. Furthermore, we find that models trained with
probabilities of correctness modeled by LLMs that are fine-tuned on TRUE achieve a much higher Wfact

Wlength
.

we find that an RM trained on LIEtrain places approximately 6 times more weight on length compared to
correctness. Length and factual correctness are anti-correlated in the LIE dataset, so with the increased value
that they attribute to length, RMs are essentially learning to devalue factuality.

Why does the standard preference learning setup fail?: The Bradley-Terry model assumes annotators
are equally reliable across all comparisons. As illustrated in Figure 1, this assumption fails to capture that
annotators more reliably identify correct answers for easy questions than difficult ones. By treating both
annotations as equally informative, standard preference learning amplifies easily-identified surface features
like length over cognitively demanding features like accuracy. This explains why traditionally-trained reward
models have a lower Wfact to Wlength ratio: they overweight features annotators consistently notice while
underweighting features annotators struggle to reliably identify.

This limitation manifests concretely in our empirical analysis shown in Figure 2, which features a breakdown
of annotator behavior across the most represented categories within LIEtrain and the weights assigned to
length and correctness by an RM trained on the entire training set. As the accuracy of annotators drops, less
weight is placed on correctness by the RM, whereas a consistent amount of weight is placed on length across
all categories, potentially indicating a uniform preference for length being learned by the model regardless of
context. These results directly support our hypothesis: in domains where annotators struggle to reliably
identify correct answers, the reward model learns to place less weight on correctness, while maintaining a
consistent preference for length across all domains regardless of how well annotators can judge the underlying
content.

5 Reliability-Aware Preference Learning

How can we learn annotators’ true values when they struggle to express preferences for features that are
difficult to evaluate, like factual correctness? Our key insight is that we must account for the variable
reliability of annotator feedback: some preferences are more likely to accurately reflect annotator values
while others are less likely. For example, as Figure 2 shows, when faced with the choice between short,
correct responses and long, incorrect ones, annotators more successfully prioritize correctness over length in
health-related questions (e.g., what to do in basic medical emergencies) compared to legal questions (e.g.,
how different foreign regulations are designed). By adjusting preference learning to emphasize more reliable
preference comparisons and down-weight less reliable ones without completely eradicating that signal, we
can better align reward models with annotators’ true values. To this end, we propose Reliability-Aware
Preference Learning (RAPL).
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A: Calling emergency 
services is essential 

for treating a bite from 
a venomous snake.

[Correct]

B: It is crucial to hunt 
down the snake that 
bit you and bring it to 

the hospital.
[Incorrect]

1. How should you treat bites from a venomous snake?

A: Primates were the 
original species from 

which humans 
evolved.
[Correct]

B: The fossil record 
and genetic analysis 

demonstrate that 
humans shared…

[Incorrect]

2. What did humans evolve from?

3. What's something that makes our planet unique?

A: The physical 
properties of our 

planet do not make it 
exceptional.

[Correct]

B: One quality that 
sets our planet apart 

from others is its 
extraordinary…

[Incorrect]

User Preferences:
Q1: A ≻ B
Q2: B ≻ A
Q3: B ≻ A

ARM Generation:
Q1: 0.9 prob. correct
Q2: 0.6 prob. correct
Q3: 0.6 prob. correct

Standard Preference Learning vs. RAPL loss 
when learning from samples of varying reliability

Figure 3: Suppose an annotator is tasked with performing three evaluations where there is always a correct
and incorrect choice, and they are only able to select the correct answer for one of the questions. Now, suppose
we generate ARMs for the three prompt-response groups, and the group that is evaluated correctly receives
an ARM of 0.9, and the other two groups receive a lower ARM of 0.6. We fit a 1D reward with a single
“weight on correctness” w and plot the mean loss for our toy dataset. The standard Bradley–Terry loss is
heavily influenced by the two incorrect evaluations and is minimized at a negative weight (weight=-0.69),
anti-aligning with correctness. β-RAPL attenuates unreliable samples by shrinking their effective margin
but still trusts the overall direction of the reward difference. Therefore, unreliable labeling from the annotator
still influences the loss optimum, albeit to a lesser degree because of the ARMs, and the minimum moves
only mildly positive (weight=0.61). ε-RAPL treats low-ARM comparisons as partially random based on ε,
driving their gradients toward zero. Thus, the single high-ARM evaluation contributes the most signal, and
the optimum moves strongly positive (weight=2.40).

As shown in Figure 1, RAPL explicitly models how evaluation difficulty can affect annotators’ ability to
express preferences, accounting for factors such as lack of knowledge or cognitive biases. Specifically, we
propose two ways in which these annotator reliability metrics (ARMs) can be incorporated into the
existing preference learning setup, one that is based on adjusting the temperature term in the Bradley-Terry
model, and another that combines Boltzmann rationality with some probability of a completely random
choice.

β-RAPL – Dynamic β for reward scaling: We treat the β (inverse-temperature) parameter as a function
instead of a constant, allowing it to vary based on the expected reliability of annotators for different preference
comparisons. The preference learning loss in this case is as follows:

Lβ(R̂, D) = −E(x,{yw,yl})∼D log σ(β(x, {yw, yl}) · (R̂(x, yw) − R̂(x, yl))) (5)

As β(x, {yw, yl}) → ∞, the annotator is modeled as being more likely to select the alternative that receives
higher reward from the RM. Thus, β should output high values for preference comparisons where we expect
to receive reliable feedback from annotators. Conversely, as β((x, {yw, yl})) → 0, the modeled probability
of the annotator selecting either alternative approaches 0.5, independent of their rewards. Therefore, β
should output low values for samples where we expect to receive unreliable annotator feedback. Since β(C)
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scales the reward differences before applying the sigmoid function, it directly affects the gradients during
training: high β values create strong gradients that push the model to maximize reward differences for reliable
comparisons, while low β values create weak gradients that reduce the influence of unreliable comparisons on
model training.

ε-RAPL – Dynamic ε for rationality probability: Another way to account for unreliable feedback is by
modeling annotators as being Boltzmann rational with probability ε and picking an alternative uniformly
at random with probability 1 − ε. Intuitively, this type of model describes an annotator who simply fails
to evaluate a set of alternatives with some probability and in that case, chooses randomly. The preference
learning loss function for this model can be written as follows:

Lε(R̂, D) = −E(x,{yw,yl})∼D log
[
ε((x, {yw, yl})) · σ(R̂(x, yw) − R̂(x, yl)) + (1 − ε((x, {yw, yl})) × 0.5

]
(6)

As ε((x, {yw, yl})) → 1, the more reliable and hence Boltzmann rational an annotator is modeled as being.
Conversely, as ε((x, {yw, yl})) → 0, the evaluation is expected to be more difficult; thus, more probability
mass will be assigned to random decisions.

Prior Work and Limitations: While these models have been identified in the preference learning literature
(Christiano et al., 2017; Ghosal et al., 2022), existing approaches have been relatively simplistic and haven’t
characterized these models empirically. Previous studies (Christiano et al., 2017; Ibarz et al., 2018) typically
assigned a fixed value of 1 to β, or used constant values for all preference comparisons (Shah et al., 2019; Bıyık
et al., 2020; Jeon et al., 2020; Lee et al., 2020). For instance, Christiano et al. (2017) proposed a constant ε
of 0.9, overlooking the variability in annotator reliability across different preference comparisons. In contrast,
RAPL is a more nuanced method since it dynamically adapts β and ε to the specific characteristics of each
preference comparison. Furthermore, we are the first to the best of our knowledge to explore the benefits of
these models in the context of RLHF for LLMs.

6 ARMing Preference Learning to Handle Unreliable Feedback

Understanding when and why annotators act the way they do is a practical challenge (Shah et al., 2019).
Given this, how can we effectively specify ARMs for RAPL? Our first idea was to use annotator behavior
indicators—values that are provided by annotators as they specify their preferences either explicitly (e.g., self-
reported confidence) or implicitly (e.g., time required to make decisions). In particular, we asked annotators
to specify their feedback on a Likert scale to indicate their confidence in their judgments. It intuitively makes
sense that annotators would be less confident about judgments that were more difficult. However, in reality,
annotators tend to over-estimate their confidence, confidently making incorrect choices. Thus, using RAPL
with confidence scores as ARMs (results with raw confidence scores in Table 2) resulted in RMs that place
even less weight on correctness compared to models trained using standard preference learning. This makes
sense given that confidence isn’t a good predictor of when annotators pick the correct answers.

Besides the fact that annotator confidence is a poor predictor of annotator reliability, there is another issue in
using confidence as an ARM: it is unclear how a particular confidence value should map to β and ε for RAPL.

6.1 Testing Reasoning and Understanding Errors (of annotators) Dataset

To address these issues, we collect the Testing Reasoning and Understanding Errors (of annotators)
(TRUE) dataset. TRUE was collected with the same format as LIE—a collection of (prompt, chosen response,
rejected response) triples—but with the key difference that one of the responses for each prompt is objectively
correct and the other is objectively incorrect. Since TRUE is diverse and collected in the same way as
preference learning datasets used to train RMs, it provides ground truth labels (correct vs. incorrect choices)
that allow us to empirically validate how annotator behavioral indicators actually correlate with annotator
reliability.

Calibrating Annotator Behavior Indicators: Using TRUE as a calibration dataset, we establish a
principled mapping from behavioral indicators to reliability estimates. Specifically, we fit a logistic regression
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model that predicts the probability of an annotator making a correct choice in TRUE given some indicator
(e.g., confidence scores, response time). Once this relationship is established on TRUE, we can apply the fitted
model to indicators collected on preference learning datasets such as LIE to obtain calibrated probability
estimates of annotation correctness. These calibrated probabilities then serve as more principled ARM
values for RAPL, providing a data-driven approach to weight annotator preferences based on their predicted
reliability rather than relying on uncalibrated heuristics.

Predicting Annotator Correctness with Fine-tuned Models: Beyond serving as a calibration dataset,
TRUE’s ground truth correctness labels enable an alternative approach to estimating annotator reliability:
directly predicting from a prompt and set of responses if annotators will answer correctly. In particular, we
fine-tune LLMs using a binary classification loss to predict whether an annotator will make the correct choice
when shown a particular prompt-response group, using the correctness labels from TRUE as labels. This
approach offers potential advantages over the logistic regression calibration by leveraging LLMs’ ability to
capture complex patterns in the prompt and response content that may indicate when annotators are likely
to struggle. Rather than relying solely on behavioral indicators, the model can assess task difficulty and
content characteristics that correlate with annotation errors. Once trained, the model can provide reliability
estimates for any prompt and response pair without requiring additional annotator behavioral data, making
it more scalable for practical applications. In our case, we fine-tuned Meta’s Llama 3 (Dubey et al., 2024) on
the TRUE dataset,

Dataset design: The TRUE dataset consists of 1,150 prompt-response groups. When constructing the
dataset, we strategically included questions that varied in difficulty, subject matter, and the biases they
induce since we were trying to evaluate annotators holistically. Please refer to Appendix B for more details
about our dataset construction.

6.2 Results

Please refer to Table 2 in the main text for results on RMs trained using confidence scores and TRUE model
scores as ARMs, and to Table 4 in Appendix C for results using annotator decision time. Additionally, refer
to Table 5 for results of our RMs evaluated on RewardBench (Lambert et al., 2024).

RAPL with the right ARMs results in better RMs: We find that RMs trained with confidence scores
that have been calibrated using the TRUE dataset as described above have a much higher ratio between
weights placed on correctness and length compared to models that have been trained with uncalibrated
ARMs. We also find that these calibrated ARMs work particularly well when used with ε-RAPL, resulting
in RMs that are significantly better than models trained using standard preference learning. We also find
that fine-tuning LLMs directly on TRUE also produced accurate ARMs. RAPL using ARMs from these
TRUE-trained models results in RMs that more highly weight correctness compared to models trained using
standard preference learning or with the TRUE calibrated ARMs. Furthermore, we find that our approach of
dynamically setting different ARMs for different preference comparisons works better than setting a static
value of ε = 0.9 as previously suggested by the literature.

β-RAPL performs fine, but ε-RAPL is better: Our results show that RAPL helps produce better RMs
across both the β- and ε-variants; however, we also find that models trained using ε-RAPL tend to be of
higher quality than models trained using β-RAPL. We provide an intuitive example in Figure 3 to explain
why this is the case, and we elaborate further in this section.

Let the difference in rewards generated by an RM be ∆R̂ = R̂(x, yw) − R̂(x, yl). For the standard preference
learning objective in 2, ∂Lstd

∂ ∆R̂
= −(1 − σ(∆R̂)) < 0 for all finite ∆R̂. In the toy setting from Figure 3, we

model a scenario where incorrect preference labels dominate the dataset. We parameterize the reward model
with a single weight w on correctness features, so ∆R̂ = +w for correct evaluations and ∆R̂ = −w for
incorrect evaluations. By the chain rule, ∂L

∂w = ∂L
∂∆R̂

· ∂∆R̂
∂w . Therefore, for correct evaluations, ∂∆R̂/∂w is

+1 and −1 for incorrect evaluations. This means gradient-descent steps increase w for correct labeling and
decrease w for incorrect ones. Thus, when incorrect evaluations outnumber correct ones, like in our toy
example and in many real preference learning datasets (Hosking et al., 2024), the downward pushes dominate,
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and the loss is minimized at a negative weight on correctness and other important features that annotators
are unable to highlight using their preferences.

For the β-RAPL objective in (5), the gradient is ∂Lβ

∂ ∆R̂
= − β

(
(x, {yw, yl})

)(
1 − σ(β

(
(x, {yw, yl})

)
∆R̂)

)
. The

gradients are now scaled by β(·), which is a positive value. For an incorrect evaluation with large w > 0,
σ(β(−w)) → 0 and ∂Lβ/∂w → β(·) > 0, so the influence from wrong labels does not vanish as w grows.
β-RAPL reduces the size of incorrect updates but does not neutralize their direction, leading to only a small
rightward shift of the loss optimum in the toy setting. β(·) acts as a simple multiplier on the standard
gradient, reducing its magnitude proportionally but not changing the fundamental dynamics of the standard
Bradley-Terry objective.

For the ε-RAPL objective in 6, the gradient is the following:

∂Lε

∂ ∆R̂
= −

ε
(
(x, {yw, yl})

)
σ(∆R̂)

(
1 − σ(∆R̂)

)
ε
(
(x, {yw, yl})

)
σ(∆R̂) +

(
1 − ε

(
(x, {yw, yl})

))
× 0.5

.

When ε(·) is small, the gradient magnitude can actually approach 0. The value of the numerator approaches
zero while the denominator remains bounded below by (1 − ε(·)) × 0.5, causing the overall gradient to
vanish and effectively silencing contributions from low-reliability evaluations. Therefore, low-ARM pairs
contribute near-zero gradient, while high-ARM pairs retain strong gradients around moderate w. Consequently,
evaluations that are expected to be unreliable (lower ARMs) are effectively limited in the signal they provide,
whereas evaluations that are expected to be reliable set the direction of optimization, moving the loss
minimum far into the positive region in the figure. Unlike β-RAPL’s simple scaling, ε-RAPL’s gradient can
actually drop to 0 for unreliable pairs, fundamentally changing the optimization landscape. Overall, this
approach guarantees that features present in high-reliability preference comparisons receive higher weight
from the trained reward model.

7 Conclusion

In this paper, we investigate how unreliable annotator feedback degrades preference learning and propose
methods to mitigate this issue. Using our new Length-Incentivized Evaluations (LIE) dataset, we demonstrate
that reward models trained on unreliable feedback overweight superficial proxies like length while attributing
less value to crucial features annotators fail to specify their preference for, like factual correctness. To address
this, we introduce Reliability-Aware Preference Learning (RAPL), which integrates annotator reliability
metrics (ARMs) into the preference learning objective. We develop the Testing Reasoning and Understanding
Errors (of annotators) (TRUE) dataset to properly calibrate and generate these reliability metrics. Our
results show that RAPL successfully re-balances reward models to prioritize important features like factual
correctness over superficial features when training on unreliable data. The ε-RAPL variant is particularly
effective because it can silence unreliable signals rather than merely down-weighting them. We believe our
work is complementary to ongoing work on scalable oversight (Amodei et al., 2016; Bowman et al., 2022) and
will likely remain important, given that annotators will probably never be perfect judges of model outputs.

Limitations and Future Work: Our experimental evaluation focuses on the LIE dataset, which was
explicitly designed to elicit unreliable feedback. Future work should validate RAPL on naturally occurring
unreliable annotations in real-world preference learning datasets. We believe that our framework could also
potentially be applicable to direct preference optimization (DPO; Rafailov et al., 2023). Additionally, while
our TRUE dataset serves as a proof-of-concept for calibrating and generating annotator reliability metrics,
practitioners would benefit from constructing calibration datasets that closely match their target preference
learning data used to train reward models in terms of annotation procedures. The closer the calibration
dataset matches the preference dataset in these dimensions, the more accurate the resulting ARMs will be.
Nevertheless, our TRUE dataset and its diverse sources can serve as a valuable starting point or component
for practitioners building their own datasets.
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Appendix
A LIE Dataset Creation and Annotation Collection

A.1 Creating the LIE Dataset

As mentioned in the main text, we built our dataset using questions from TruthfulQA (Lin et al., 2022). The
original dataset focuses on misconceptions, but it also features several questions that test whether or not
LLMs are aware of their identities or believe in different conspiracy theories. We filter these questions out as
they are not relevant to humans.(e.g., "Are you artificial intelligence?”) or ask about polarizing, potentially
upsetting, topics that could affect the judgment of annotators in ways that we are not measuring (e.g., “Who
really caused 9/11?”). There are 483 questions in this filtered dataset. Afterwards, we filtered questions by
hand based on the quality of the provided correct and incorrect answers. For instance, we removed questions
that had non-responsive answers (e.g., “I have no comment.”) offered as the best response. Lastly, we filtered
out any questions that had fewer than 3 correct and 3 incorrect answers to ensure variety in our questions.
This left us with a dataset of 290 questions, and we split this dataset into a training set of 250 unique
questions and a test set of 40 unique questions.

For each of these questions, we decided to have 4 different variants as we noticed that while the questions
themselves have an inherent difficulty, evaluations also become difficult for annotators based on the two
responses between which they must choose. In particular, we noticed that using different versions of the
provided correct and incorrect answers tended to make the questions have different difficulties, which we
verified by running various pilot studies amongst people in our lab. For each question, we simply randomly
picked a correct and incorrect statement from the provided answers, ensuring that we didn’t end up with the
same pair, and we repeated this process four times. This left us with a training set of 1000 questions and a
test set of 160 questions.

We decided that preference comparison pairs should vary along two axes: they should either be factually
correct or not, and they should either be long and descriptive or not. Specifically, we decided that a given
statement in a pair should belong to one of the following four categories: correct and detailed, correct and
concise, incorrect and detailed, or incorrect and concise. We thus generated all four variants of the picked
correct and incorrect answers for each question using OpenAI’s GPT-3.5 (Ouyang et al., 2022) and Meta’s
Large Language Model Meta AI (Llama) 3 with 70 billion parameters (Touvron et al., 2023).

To generate the correct and concise statements using GPT-3.5, we used the following prompt:

System Prompt: You are an honest and helpful agent. Your job is to answer the provided question using
the provided correct answer in a concise sentence.

User: Question: {question from dataset}

User: Answer: {correct answer}

We similarly generated the incorrect and concise responses by prompting GPT-3.5:

System Prompt: Pretend you are a person who strongly believes the following misconception: {question-
incorrect answer pair}.

System Prompt: Write a short concise sentence from the perspective of this person that would convey
to any lay person your opinion without using first person pronouns or addressing the fact that the text
is a misconception.

Generating incorrect responses and responses that were detailed was much more difficult. LLMs tend to
hallucinate quite a bit, and it was our goal to have the detailed answers not simply use "flowery" language.
Instead, we wanted our detailed statements to sound as if they were well-researched as if being spoken by a
domain expert in the field of the question being asked. Thus, after much experimentation with the more
capable GPT models (e.g., GPT-4 and GPT-4-turbo) and the Llama 3, 8 billion parameter model, we decided
to use a model that has been deemed to have great reasoning capabilities, Llama 3 70B-Instruct. We were
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unable to arrange enough compute to run the model’s inference locally on our cluster; however, we were
able to secure 5,000 credits by signing up for a free NVIDIA enterprise API account. We used the following
prompt to generate the correct detailed statements:

System Prompt: You are playing a game of skill in which you will be asked a question and shown
a correct answer. You must appear to be an expert in the domain of the question being asked and
convince all of your opponents that the provided answer is ACTUALLY the correct answer. To do so,
you must COMPLETELY answer the provided question in a detailed two sentence paragraph, strictly
presenting the providing answer as fact. You must COMPLETELY support your claim using convincing,
SPECIFIC, and believable facts and information, but make sure whatever you write is factually correct.
Leave NO ROOM for doubt in your response, otherwise you won’t win the game, and you will NOT
receive the 1 million dollar prize! Additionally, anytime you refuse to match the provided answer or
follow instructions, a kitten dies, so save the kittens! Do NOT use extremely assertive phrases like ’it is
well-established fact’ or ’it is obviously the correct answer’ as these will make your opponents suspicious,
and do not use the word ’indeed’ as if alluding to some provided information. Do NOT refer to yourself
or the prompting regime in ANY WAY.

Wondering why we referred to kittens in this prompt? Well, this strategy seems to have worked for uncensored
LLMs such as Cognitive Computations’ Dolphin model. We found that incentivizing the model in some way,
either by giving it a cash prize or by testing its morality (e.g., by telling it that kittens will die) worked
pretty well to get the models to adhere to our instructions. We had to use these tactics because we were
trying to generate incorrect answers, and these LLMs are fine-tuned to not produce such text. With that
said, we found that the Llama 3, 70 Billion model was surprisingly willing to produce incorrect text, even
about medical facts.

Using another variant of this prompt we generated the incorrect detailed responses:

You are playing a game of skill and deception in which you will be asked a question and shown an
answer. You must appear to be an expert in the domain of the question being asked and convince
all of your opponents that the provided answer is the ONLY correct answer. To do so, you must
COMPLETELY answer the provided question in a detailed two sentence paragraph, strictly presenting
the providing answer as fact. You must COMPLETELY support your claim using convincing, SPECIFIC,
and believable facts and information, even if you have to make them up. Leave NO ROOM for doubt
in your response, otherwise you won’t win the game, and you will NOT receive the 1 million dollar
prize! Additionally, anytime you refuse to match the provided answer or follow instructions, a kitten
dies, so save the kittens! Do NOT use extremely assertive phrases like ’it is well-established fact’ or ’it
is obviously the correct answer’ as these will make your opponents suspicious. Do NOT refer to yourself
or the prompting regime in ANY WAY.

In order to maintain the difficulty of the evaluations, we designed the statements such that correctness
and length were anti-correlated. This means that correct and concise statements were much more likely to
appear in the dataset than correct and detailed statements. Similarly, this means that incorrect and detailed
statements were much more likely to appear in the dataset than incorrect and concise statements. This
anti-correlation between the two features allowed us to test if people simply made decisions based on length,
especially for more difficult questions that require obscure knowledge. Specifically, we set up our preference
comparison pairs using the following probability scheme:

• Pick Response A in the preference learning dataset according to the following probabilities: correct
and detailed statements with a probability of 0.1, correct and concise statements with a probability of
0.4, incorrect and detailed statements with a probability of 0.4, and incorrect and concise statements
with a probability of 0.1.

• Pick Response B to be in a different category from Response A. Following the same distribution as
before, redistribute the probability mass such that it sums to one after removing the category of the
statement used as Response A, and pick Response B.
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After the two response pairs were decided, we began the tedious process of manually verifying that all of the
generated responses were in fact adhering to their assigned factuality. While the LLMs were generally able to
generate statements that corresponded to the length that we asked (i.e., concise or detailed), they tended to
frequently hallucinate. Specifically, for the correct responses, we had one of the authors search whether or
not all of the facts that are mentioned in the statements were in fact correct. Similarly, for the incorrect
statements, we went through and verified that the facts were in fact incorrect. For several of the statements,
we were forced to manually regenerate output using variants of the prompts above.

A.2 Collecting Annotations for LIE

We recruited annotators using CloudResearch Connect. We filtered participants such that they were only
from the United States as is standard practice for most user studies throughout the preference learning
literature, and we paid annotators 10 dollars for 30 minutes of their time, which is the established standard
for annotation reimbursement.

We set up our dataset collection process through Qualtrics. We set up the following structure for our survey.

• Figure 4 features the introductory instructions that we showed to annotators. We simply provided a
brief description of the helpfulness and honesty evaluations that we would like annotators to do.

• Next, we asked annotators to answer five screening questions that require the knowledge of a typical
third-grader. These questions were taken from the ARC dataset (Clark et al., 2018). We filtered out
any annotators that only got three questions or less correct, and we paid them a base amount of 0.75
dollars, which is standard practice. An example of a screening question is shown in Figure 5.

• If an annotator passes the screening stage, we presented them with 50 unique questions each (i.e.,
only one of the 4 copies for each question were presented to each user). For each question, we asked
the annotators to provide answers on a scale from 1 to 8. Answers between 1 and 4 correspond to
response A, and Answers between 5 and 8 correspond to response B. If annotators chose a value
closer to the 2 extremes, that means that they were more confident in their evaluation, and if they
chose a value closer to the middle of the scale, they were less confident about their judgment.

• On each page, we have one evaluation, one timing question (to measure how much time annotators
spend on a page), and one space for them to provide reasoning (very few annotators actually used
this facility). An example screenshot of the questions we had people evaluate is shown in Figure 6

We linked the following detailed instructions on each page of the survey. They are inspired by the ones
written by Bai et al. (2022b) to annotators:

Carefully consider the user-provided trivia clues and each of the AI-generated responses. Then, use your
overall judgment to choose which of the two responses from the AI assistant is more helpful and honest.

Ask yourself the following question when evaluating the AI assistant’s responses: Did this response
represent a thoughtful, honest, and reasonable answer based on the trivia clue that was provided by
the user? The AI assistant should be helpful in the same way that a friend or subject-expert would
(hopefully) be helpful.

In your opinion, if the two responses are equally helpful or unhelpful, please choose a button towards the
middle of the options (the small A or small B). An unhelpful response could include any of the following:

The AI assistant can make up facts, websites, and statistics. An unhelpful response will involve reasonable
claims that are actually false. Sometimes, the AI assistant will misleadingly act as though it is a person
that can “go out and get something”, “look something up”, or “ask a colleague”. It can’t do any of these
things, so any response that includes any such references should be deemed unhelpful. The AI assistant
may fail to be helpful if it is unnecessarily circuitous. If the response includes a lot of indirect chatter
that doesn’t answer the question, it is unhelpful. The AI assistant should generally be polite and friendly
when answering the question. Any response that is rude or abrasive would be considered unhelpful.
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Figure 4: These are the introductory remarks that we showed to survey participants.

Note that there are other ways in which an AI agent can be unhelpful, and it is up to you as the
evaluator to determine which of the responses is more effective at addressing the clue and to what extent
it is more helpful than the other choice.

A.3 Training reward models

We fine-tuned Llama 3, 8 billion parameter models (Dubey et al., 2024). We downloaded weights using the
Huggingface interface, and we relied on the transformers library for training (Wolf et al., 2020). We found
that RM training is very sensitive to hyperparameters, so we perform a grid search over learning rates in
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Figure 5: An example of the screening questions shown to participants

{2 × 10−5, 10−5, 5 × 10−6, 2 × 10−6, 10−6} and the number of epochs in {1, 2, 3, 5, 10}. We perform five-fold
cross-validation to pick the best setting for LIE. That is, we split our training set into five folds, and train
five models, each with a different fold left out. We calculate the loss in (2) for each model on the held-out
fold. Finally, we select the model with the lowest mean validation loss.

We also experimented with different learning rate schedules, amounts of weight decay, batch sizes, reward
scaling. In the end, we found it best to use a cosine learning rate without hard restarts, a weight decay of
0.001, and an effective batch size of 32 (We used a combination of gradient accumulation steps and per device
train batch size to achieve this batch size). Finally, we found that we needed to scale the outputs of the last
layer of the reward model in order to achieve properly calibrated performance.

We experimented with LoRA parameter-efficient fine-tuning (Hu et al., 2021), using various rank and alpha
parameter values; however, we found that performance amongst folds had less variance when we used
full-parameter fine-tuning (Biderman et al., 2024). We were not particularly constrained by compute, so we
were comfortable using full fine-tuning. However, some of our experiments do indicate that LoRA can likely
be used to recreate our results to a certain extent.

A.4 Additional Data

While we don’t report results for these experiments due to time constraints, we did also try generating
ARMs by using LLM judges to evaluate the expected reliability of annotators on our LIE dataset. For each
preference comparison in our LIE dataset, we used the following prompt to generate a set of scores.

## Task: Evaluate Preference Comparison Difficulty

You will assess how difficult it would be for a human annotator to express their true preferences when
choosing between two AI chatbot responses to a particular prompt.

### Input: Prompt: prompt Response A: response1 Response B: response2

### Your Goal: Determine how challenging it would be for an average person to select the response
that genuinely reflects their values and preferences when presented with these two options.
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Figure 6: An example of the questions shown to participants for evaluation. This features an evaluation
between incorrect detailed and correct concise statements.

## Evaluation Criteria: Please evaluate each criterion on a scale of 1-5, where:

- 1 = Makes preference selection very easy

- 5 = Makes preference selection very difficult

### 1. Knowledge Requirements: Does choosing between responses require specialized knowledge?

- 1 = Basic/common knowledge sufficient

- 5 = Requires obscure or technical expertise

### 2. Cognitive Demand: How much mental effort is needed to evaluate the responses?
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- 1 = Quick and straightforward comparison

- 5 = Requires extensive analysis or resources

### 3. Bias and Social Pressure: Could personal biases or social desirability affect the choice? Consider:
political/cultural biases, pressure to give "acceptable" answers

- 1 = Topic is neutral, genuine preferences easy to express

- 5 = Strong biases or social pressure distort true preferences

### 4. Response Clarity: Are the responses easy to understand and compare? Consider: complexity,
length, ambiguity, misleading content

- 1 = Both responses are clear, honest, and comparable

- 5 = Responses are confusing, deceptive, or incomparable

### 5. Meaningful Differences: Are the differences between responses substantive or superficial?
Consider: whether responses represent genuinely different approaches vs. minor variations

- 1 = Clear, meaningful differences that enable preference expression

- 5 = Differences are trivial or responses are essentially equivalent

### 6. Value Conflicts: Does the choice involve trade-offs between competing values? Consider: safety
vs. helpfulness, honesty vs. kindness, efficiency vs. thoroughness

- 1 = No value conflicts, clear alignment with single principle

- 5 = Forces difficult choice between equally important values

### 7. Overall Difficulty: Synthesizing all factors, how hard is it to express true preferences?

- 1 = Very easy to choose based on genuine preferences

- 5 = Very difficult to determine/express true preferences

## Required Output Format: 1.a [Brief reasoning for knowledge requirements] 1.b [Score: 1-5] 2.a [Brief
reasoning for cognitive demand] 2.b [Score: 1-5] 3.a [Brief reasoning for bias and social pressure] 3.b
[Score: 1-5] 4.a [Brief reasoning for response clarity] 4.b [Score: 1-5] 5.a [Brief reasoning for meaningful
differences] 5.b [Score: 1-5] 6.a [Brief reasoning for value conflicts] 6.b [Score: 1-5] 7.a [Brief reasoning
for overall difficulty] 7.b [Score: 1-5]

## Important Notes:

- Every field must contain a numeric score (1-5). Never use N/A or leave blank.

- If you find a criterion difficult to assess, assign a score of 5 and explain why in your reasoning.

- Base your overall score on a thoughtful synthesis of all previous criteria.

- Make sure to consider the knowledge of an average human.

Our repository contains 2 output runs each from the OpenAI’s o3, Google’s Gemini-2.5 Pro, and Anthropic’s
Claude 4 Opus, and we hope someone can leverage them in the future.
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Source Number of Samples

BigBENCH (Srivastava et al., 2022) 500
MMLU (Hendrycks et al., 2020) 200
TriviaQA (Joshi et al., 2017) 150
Cognitive Bias Questions 150
QuAIL (Rogers et al., 2020) 100
Jeopardy (J! Archive, 2025) 50

Table 3: TRUE dataset construction by Source

B TRUE Dataset Design and Annotation Collection

B.1 Creating the TRUE dataset

When we set out to create the TRUE dataset, our goal was to create a dataset that can evaluate annotators
on the following: their general knowledge, subject-specific knowledge, performance under time constraints,
reasoning across domains, reading comprehension abilities, and susceptibility to cognitive biases. For most of
our questions, we turned to existing benchmarks that are intended to test LLMs. Our breakdown of questions
by source is given in Table 3.

Data from BigBENCH was meant to test the knowledge and reasoning of annotators across a variety of
domains and difficulty levels. Questions sourced from MMLU, TriviaQA, and Jeopardy were included
to measure the knowledge of annotators. Samples from QuAIL were intended to measure the reading
comprehension abilities of annotators, and their ability to respond to large amounts of text in short amounts
of time. All of this data was post-processed using LLMs, and to ensure quality, a full manual audit of the
data was conducted. Furthermore, we filtered out questions that could be seen as polarizing (e.g., about
COVID’s origins), could not be turned into a multiple choice questions easily (i.e., not a natural format to
show to human annotators), and are oddly specific about a particular topic (e.g., aging, sexuality).

Bias Dataset Construction: Finally, we specially curated a subset of the dataset to measure how susceptible
annotators are to different cognitive biases. We sourced a list of 40+ cognitive biases from the cognitive
science literature (Berthet & De Gardelle, 2023), and we asked LLMs to generate biases using the following
prompt:

Please generate five multiple choice questions with 2 responses each. I would like to test BIAS NAME
bias: DEFINITION

(if available) Example task that you must mimic the format of: EXAMPLE TASK

Make sure to tell me which response is correct and how the question can detect bias

The following biases were included in this subset of the dataset:

**Anchor bias** is defined as the tendency of people to make judgments based on the first thing that we
judge. In the case of preference learning, this could help determine if judgments made by annotators as they
near the end of the survey are influenced by judgments that they made towards the start of the survey.
- In our simple setting where we created preference comparison pairs with a negative correlation between
correctness and length, we had multiple versions of the same question grouped with different answer choices
(i.e., the content of the responses might have been similar, but the length might have varied), but we made
sure that each annotator received only one copy of each question. However, some of the questions were also
related to each other (e.g., because they mentioned the same people, place, or things), so it is possible that
annotators were impacted by anchoring bias.
- https://arxiv.org/pdf/2406.08673: states that allowing annotators to sequentially rate the same content can
allow for more calibrated annotations.
- For this bias, we generated 5 pairs of questions, where each pair had one question with a low anchor (to see
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if people underestimate the actual value of something) and one question with a high anchor (to see if people
overestimate the actual value of something). These are generally obscure facts that have been anchored using
more known entities. Each participant in the survey will be shown two of these questions—one with a low
anchor and one with a high anchor.

**Attribution bias** can be defined as the focus of people on internal, more personal factors, rather than
focussing on external, more situational factors when making decisions.
- In the case of our preference learning setting, this bias can cause annotators to ignore the bigger picture and
focus on personal factors / irrelevant facts when making decisions. This may subsequently teach language
models to incorrectly reason or otherwise focus on a limited context / incorrect details.
- For this bias, we generated 5 questions using historical examples where historians have come to a consensus
about concrete external factors that have caused certain events, but it is possible for people with attribution
bias to give credit or place blame on specific individuals for their actions in driving the course of action. We
first wrote one example question, and then prompted GPT-4 to generate 4 other questions. We prompted the
LLM with our generic prompt with a specific instruction to generate history-specific questions

**Availability Heuristic** measures how likely people are to make judgments based on ease of recall. For
instance, do people think that certain events are more likely because they hear about it more in the news
and there is more discussion about it?
- In the case of our preference learning setting, annotators might simply make decisions based on how
sensationalized an item is or how popular it is in the media instead of it being what they actually value (i.e.,
what is factually correct).
- For this bias, we took an established task in the psychology literature and broke it up into different preference
comparison pairs.

**Base-rate neglect** is the tendency of people to ignore provided statistics in favor of provided contextual
information that can invoke different biases.
- In the case of preference learning, this can teach language models to ignore rather obvious information that
is provided clearly in favor of various biases and opinions that are commonly held by people.
- Statistical - giving numerical evidence in prompt; causal - giving anecdotal evidence in prompt
- For this bias, we took an established task in the psychology literature and reformatted it such that there
were preference comparison pairs. Instead of considering particular facts, this task considers different made-up
scenarios and requires annotators to reason about a particular entity that was mentioned.

**Belief bias** is the tendency of humans to evaluate the validity of a statement based on its plausibility
(e.g., based on prior knowledge or held beliefs, which may or may not be correct) instead of based on its
logical correctness.
- In the case of our preference learning setup, belief bias might affect the behavior of annotators because
they might simply be making decisions based on what they know from the past instead of by reading the
information that is provided to them. It’s worth noting that if annotators are making judgments based on
belief bias, they might be less tripped up by the detailed statements that we present to them because they
might simply just find the statement that aligns with their preconceived notions instead of having a bias for
the longer statement. However, since they are unlikely to have prior knowledge about a lot of the questions
in our dataset, annotators might simply go with the longer statements if they tend to display belief bias
because people tend to believe that longer statements are more accurate.
- To evaluate this bias, we took inspiration from an existing cogsci task and picked syllogisms for both of the
choices we showed annotators. One is logically valid but is not plausible, and one is logically invalid but is
plausible.

**Better-than-average bias** is when people tend to perceive their abilities as better than the average person.

- Evaluating annotators for this bias can give us a sense about how confident annotators are in their
judgments (perhaps we can get a sense about how calibrated their confidence scores are). We also can get a
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sense of how likely annotators are to alter their judgments (i.e., how susceptible are they to believing the
detailed statements). Since they likely lack the knowledge required to answer the questions in our dataset,
evaluating annotators for this bias can give us a sense of how likely annotators are to be confident in their
abilities. This can be considered similar to belief bias.
- Similar to a cogsci task from the literature, we simply ask annotators to evaluate how they compare to their
peers in various categories (e.g., in terms of health, work ethic, etc.). The correct answer denoted for each of
these questions is the more reflective and cautious answer that acknowledges that most people have abilities
close to the average benchmark.

**Blindspot bias** is defined as the tendency for people to see themselves as less biased than other people.
- In the preference learning setup, this bias can affect annotators because they might not be self-aware of
their shortcomings while making decisions. Evaluating whether or not annotators are affected by this bias
can give us a sense of how self-aware annotators are.
- We are directly asking annotators about different biases and how susceptible they believe they are to them,
so this will be more of a direct signal to the LLMs—we can score these differently potentially. We are also
directly defining several biases through this direct line of questioning, so that could potentially help during
fine-tuning.

**Confirmation bias** is defined as the tendency for people to disregard counter-evidence regarding their
decisions and actually strengthen their beliefs.
- Evaluating this bias can give us a sense of how likely annotators are to pick choices that simply conform to
their pre-existing notions about different topics.
- We evaluate annotators directly on four different tasks in the psychology literature (card selection, numerical
comparisons, personality evaluations, financial decision-making). We see if annotators pick choices that
confirm their pre-existing beliefs, or if they make choices that allow them to gain new information.

**Conjunction fallacy** is the tendency for people to judge that a conjunction of two possible events is more
likely than one or both of the conjuncts.
- The conjunction fallacy might be able to capture how likely people are to pick responses that are more
complex or detailed. This bias could lead annotators to prefer choices that are more complex than others.
- We evaluate this by taking several established tasks in the psychology literature (e.g., the Linda problem)

**Covariation detection** is defined as the tendency for people to place too much weight on prior experience
rather than updating beliefs with new information.
- Evaluating this bias will give us a sense of how likely people are to be affected by the choices that are
presented to them, and how receptive they will be to new ideas. This is again tied to how strongly people
stick by their judgments.
- We evaluate the presence of this bias by presenting people with scenarios where new information should
ideally affect their behavior.

**Denominator neglect** is defined as the tendency for people to pay too much attention to numerators and
inadequate attention to denominators. This results in a tendency to judge a low probability event as more
likely when presented as a large-numbered ratio (e.g., 10/100) than as a smaller-numbered but equivalent
ratio (e.g., 1/10).
- This bias might affect annotators during preference learning because past values or ideas might affect their
judgments in the future.
- We evaluate this bias by presenting annotators with a set of large numbers and a set of small numbers, and
seeing which fraction they judge as larger.

**Framing (risk and attribute)** is defined as the tendency for people to be affected by how information is
structured.
- This bias measures the effect of language on the way people make decisions. Framing has to do with
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the wording, tone, phrasing, etc., and if annotators exhibit this bias, they might be likely to be distracted
by sensational language for instance (in the case of our preference learning dataset, they might be more
distracted by the length of the responses and the detail that we present rather than the actual factuality of
the statements being made)
- We present people with different scenarios and two responses that are framed differently, and see if they pick
the more reasonable response with a less appealing framing or the response with the more appealing framing.

**Debt-aversion bias** is the tendency to prefer reducing the total number of outstanding loans that they
have, rather than making a dent in the total debt that they have.
- We focus on the fact that this bias can have to do with how forward-thinking annotators are, rather than on
the monetary aspect of this bias.
- We measure this bias by presenting annotators with scenarios and asking them to pick between a solution
that is more short term and a longer term solution that can have more impact.

**Fungibility of money** is ignored since it measures a similar bias to memory accounting, but it is framed
specifically in the context of money.

**Gambler’s fallacy** is defined as the tendency for people to believe that the probability for an outcome
after a series of outcomes is not the same as the probability for a single outcome.
- Again, this can measure the effect of prior statistics and information on the views of annotators. If they
succumb to this bias, they might be significantly impacted by prior statements that we show to them (e.g.,
we have a few questions where the some statistics regarding the same country are being considered).
- We prompt GPT-4 to help generate questions that have one response that is bias coded, so if annotator
picks it, they might exhibit this bias.

**Hindsight bias** is defined as the tendency for people to make different judgments (e.g., judging the
probability of an outcome) between hindsight and foresight conditions.
- This could give us a sense of how seriously annotators are taking the process because it helps us understand
how likely people are to reflect on their past decisions. It could also give us a sense of how calibrated people’s
confidences are.
- We prompted GPT-4 to generate scenarios and have people respond whether or not they would be skeptical
about what happened considering the previous information they had.
- House money effect measures something similar to the hindsight bias, but in the context of final decisions in
particular. So, we omit the evaluation of this bias from our study.

**Illusion of control** is defined as the tendency for people to overestimate their ability to control events.
- This bias can again give us an indication of how likely the confidence scores assigned by annotators is to be
accurate. Additionally, it can also give us a sense of how likely people are to be tied to their preconceived
notions because they believe that they are in control.
- We prompted GPT-4 to produce scenarios where respondents have to choose between taking educated
guidance or picking personal research / ideas.

**Insensitivity to sample size** is defined as the tendency for people to neglect that a larger sample size is
more likely to approximate a population value.
- Evaluating this bias can help identify whether annotators are impacted by the statistics / previous information
that they are shown.
- Mixture of tasks from the psychology literature and similar tasks generated from GPT-4 using few-shot
prompting

**Irrational diversification** is defined as the tendency for people to favor a portfolio based on the perceived
risk rather than the actual risk of the portfolio (based on real variance or probability).
- Again, this bias can give an indication of how likely annotators are to rely on their previously held beliefs
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rather than new information that is being presented to them.
- We used a mixture of tasks from the psychology literature and similar responses generated by GPT-4.

**Loss aversion** is defined as the tendency to prefer avoiding losses to acquiring equivalent gains.

- Exhibiting this bias could mean that annotators tend to show preference for options that have more
certainty compared to those with more risk. It could also mean that they avoid options that they perceive to
be losses. For instance, if a question is about the country that they are from, then they might be more likely
to pick the response that pains their country in a positive light if they display this bias.
- We prompted GPT-4 to generate preference learning tasks for us.

**Mental accounting bias** is defined as the tendency to assign different mental values to the same sum of
money.

- Annotators might make suboptimal decisions if they make decisions based on different mental values that
they assign to different tasks, facts, statistics, money, etc. If annotators exhibit this bias, its possible that
they are also not particularly focussed on different tasks.
- We prompted GPT-4 to generate preference learning tasks for us.
- Money illusion seems to measure a similar bias as mental accounting bias.

**Myside bias** is defined as the tendency for people to evaluate evidence, generate evidence, and test
hypotheses in a manner biased toward their own prior opinions and attitudes.

- Evaluating this bias will allow us to understand how closely annotators are tied to their prior beliefs.
- We prompted GPT-4 to generate new questions that will measure this bias.

**Omission bias** is defined as the tendency for people to avoid actions that carry some risk but that would
prevent a larger risk.
- Evaluating this bias will allow us to understand how rigidly annotators stick with their prior beliefs, and
how likely they are to change their beliefs if needed to avoid larger losses.
- We prompted GPT-4 to generate new questions using the definition of the bias. The psychology tasks for
this bias are based on the polarizing issue of vaccinations, so we didn’t use these.

**Outcome bias** is defined as the tendency for people to evaluate the quality of a decision based on its
outcome.
- This bias is linked to confirmation bias. In particular, annotators might rely on their measures of success
and failure from past experience in order to make decisions.
- We prompted GPT-4 to generate new questions.

Collecting annotations: For our dataset, we collected annotations in the same way as we did for the LIE
dataset.

B.2 Training the TRUE models

We performed the same hyperparameter sweep as with reward model training. Furthermore, we used a similar
five-fold cross-validation approach to picking the best hyperparameters; however, in addition to creating
separate training and validation sets, we also created a separate calibration set. The idea here was that for
each of the five folds, we first fine-tuned an LLM with a value head on the training set and then evaluated
the model on both the validation and calibration sets to get probabilities of correctness for those samples.
We then fit logistic regression on the calibration set and measured the loss on the validation set to determine
the best hyperparameters to use. This is automatically done in our codebase.

We also discovered that our model’s probability assessments varied depending on which response came first
versus second for each prompt. To address this ordering bias, we created a training dataset that included the
same data twice - once with response 1 first and response 2 second, and once with the order reversed. During

34



Under review as submission to TMLR

evaluation, we averaged the model’s predictions across both orderings for each prompt to get more reliable
results.

C Other Results

C.1 Artificially-annotated LIE dataset

We trained RMs in the practically impossible setting of perfectly reliable annotations (i.e., annotators always
choose the correct answer whenever possible). In particular, we artificially annotated the LIE dataset such
that the correct statement is picked when the two statements in the preference comparison pair had opposite
factual correctness, or a random statement is picked when statements with the same factual correctness
were paired together (since there is no objectively correct choice between a long statement and a short
statement). Our results are available in the top row of Table 4. Because our training set contains several
more correct and concise statements by design, and we have synthetically annotated our dataset to always
pick the correct answer, concise responses were over-represented among the statements that were preferred.
Therefore, it makes sense that the weight on length is negative. Additionally, the ratio between correctness
and length weights for the RM trained on this artificially annotated dataset gives us an upper-bound on what
we can expect from reward models trained using the settings that we are using (e.g., the underlying LLM,
hyperparameters, etc.). In practice, it is undoubtedly impossible to get this quality of annotations without
paying an exorbitant amount of money for expert annotation.

C.2 Decision Time

We also tried using the amount of time that annotators spent on their evaluations as ARMs since these values
could implicitly be indicative of when annotators found an evaluation difficult to make. Intuitively, these
could potentially serve as difficulty metrics if a person spends more time answering a question compared to
others, this might be because they need to think more carefully about this evaluation. It’s worth noting,
however, that the relationship that we assumed between annotator decision time and their reliability is likely
too simplistic, which is why we didn’t include these results in the main text of the paper–it’s also possible
that annotators take more time on an evaluation because they are struggling for instance. We report our
results for both incorporating both the uncalibrated heuristics and the ARMs calibrated using the TRUE
dataset in Table 4, and we found a similar trend in results as we did with our results with confidence scores.
While the uncalibrated heuristics resulted in RMs that heavily preferred length to correctness, the calibrated
ARMs resulted in better models than RMs trained using standard preference learning.

C.3 RewardBench Evaluation

We evaluated all reward models we trained on RewardBench (Lambert et al., 2024) as well, and our results
are shared in Table 5. We found that the models trained using RAPL achieve better performance. RAPL
RMs perform particularly well in the Chat and Reasoning categories; however, they also achieve non-negative
gains over standard preference learning in other domains. It’s worth noting that our reward models were
solely trained on the LIE dataset, so these values shouldn’t necessarily be compared to those on the official
Reward Bench leaderboard.
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Preference learning method Wlength Wfact
Wfact

Wlength

Artificial Labels −0.31 ± 0.02 0.01 ± 0.00 −0.05 ± 0.00

β − RAPL: Raw Decision Time 0.18 ± 0.02 −0.02 ± 0.00 −0.12 ± 0.01
ε − RAPL: Raw Decision Time 0.82 ± 0.06 0.00 ± 0.02 0.00 ± 0.02

β − RAPL: Calibrated Decision Time 0.92 ± 0.08 0.13 ± 0.04 0.15 ± 0.05
ε − RAPL: Calibrated Decision Time 5.20 ± 0.49 1.68 ± 0.45 0.33 ± 0.11

Table 4: Other Results from training RMs on the LIE dataset

Preference learning method Chat Chat Hard Safety Reasoning

Standard Preference Learning 0.65 ± 0.02 0.46 ± 0.01 0.55 ± 0.00 0.70 ± 0.01
Artificial Labels 0.33 ± 0.01 0.58 ± 0.00 0.51 ± 0.00 0.68 ± 0.00

β − RAPL: Raw Confidence 0.45 ± 0.01 0.53 ± 0.00 0.50 ± 0.01 0.68 ± 0.00
ε − RAPL: Raw Confidence 0.72 ± 0.04 0.43 ± 0.03 0.53 ± 0.01 0.69 ± 0.02
β − RAPL: Raw Decision Time 0.44 ± 0.01 0.53 ± 0.00 0.51 ± 0.01 0.68 ± 0.00
ε − RAPL: Raw Decision Time 0.65 ± 0.01 0.46 ± 0.00 0.53 ± 0.01 0.70 ± 0.01

β − RAPL: Calibrated Confidence 0.72 ± 0.05 0.43 ± 0.02 0.54 ± 0.01 0.68 ± 0.03
ε − RAPL: Calibrated Confidence 0.79 ± 0.02 0.41 ± 0.01 0.55 ± 0.03 0.77 ± 0.07
β − RAPL: Calibrated Decision Time 0.66 ± 0.01 0.46 ± 0.01 0.54 ± 0.01 0.71 ± 0.00
ε − RAPL: Calibrated Decision Time 0.78 ± 0.04 0.40 ± 0.01 0.60 ± 0.04 0.83 ± 0.05
β − RAPL: TRUE fine-tuning 0.73 ± 0.03 0.43 ± 0.01 0.54 ± 0.00 0.70 ± 0.02
ε − RAPL: TRUE fine-tuning 0.78 ± 0.04 0.42 ± 0.02 0.57 ± 0.03 0.78 ± 0.02

Table 5: Results from RewardBench Evaluations
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