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Abstract

Scalable oversight protocols aim to empower evaluators to
verify outputs of Al models more capable than themselves.
However, human evaluators’ biases can lead to systematic er-
rors. We reanalyse prior work which seemed to show ben-
efits from a simple protocol, and suggest that a strategy of
“answer the question myself if I know the answer, defer to
the language model otherwise” likely contributed to its pos-
itive results. This strategy fails to provide meaningful over-
sight when model capability increases. We also present two
experiments examining simple protocols, finding no overall
advantage for either. In our main experiment, participants in
control and intervention groups became more confident in the
system’s answers after conducting online research, even when
those answers were incorrect. Our null results are restricted to
the simple protocols and settings tested, and say little regard-
ing the promise of scalable oversight more broadly. Neverthe-
less, they underscore the importance of testing the degree to
which protocols are robust to confirmation bias, whether they
outperform a strategy of simple deference to the model being
evaluated, and whether performance scales with increasing
problem difficulty and model capability.

Code & Data — https://github.com/modulo-research/bias
Extended Version — https://arxiv.org/abs/2507.19486

1 Introduction

Research into scalable oversight aims to design protocols
which ensure that artificial intelligence (Al) systems remain
aligned with human values and intentions as they become
increasingly capable. As large language models (LLMs) and
other Al systems address increasingly difficult problems,
naive approaches to evaluation may fail as human feedback
becomes unreliable or too costly to obtain. A common fram-
ing of the scalable oversight problem imagines a weak but
‘aligned’ judge, such as a human or trusted model, which
we would like to evaluate the output of a more powerful sys-
tem, in a manner such that the powerful system becomes
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more aligned when provided with these evaluations as feed-
back. Scalable oversight research aims to devise and test ap-
proaches by which the judge can leverage the capabilities
of the model being overseen (or other powerful models) to
successfully evaluate its output (Christiano, Shlegeris, and
Amodei 2018; Engels et al. 2025).

Empirical research on scalable oversight protocols aims
to evaluate their efficacy and to identify potential changes
that might make them more effective in suboptimal condi-
tions (Leike et al. 2018; Kirchner et al. 2024). For example,
consider a judge assessing answers to a binary question by
refereeing a structured argument between two instances of
a powerful but untrusted model, the format of the scalable
oversight paradigm known as debate (Irving, Christiano, and
Amodei 2018). For this method to succeed, truthful argu-
ments should hold a systematic advantage in persuading the
judge. Human cognitive biases are an important source of
uncertainty about whether this will be the case in reality
(Irving and Askell 2019). Ideal conditions would involve a
judge with neutral priors who evaluates a debate without be-
ing aware of which side the untrusted model favors, thus
minimizing our natural tendency to favor information that
supports existing beliefs (Lord, Lepper, and Preston 1984).
In practice, circumstances may not always be so favorable,
as evaluators’ priors may influence their judgments. Further-
more, in some important real-world contexts, it seems plau-
sible that judges will get to observe the output they are being
asked to evaluate during or before their evaluation, or that
they will have a belief about what that output is likely to be.
For example, one key question we might hope that scalable
oversight protocols can help us answer is whether a particu-
lar system is aligned with respect to some goal, or can other-
wise be trusted to reliably perform a particular class of task.
Even highly trained judges may find themselves assuming
that the model they are evaluating is extremely competent
across a wide range of domains, which may incline them
to believe a priori that the model would also be competen-
t/aligned with respect to the tasks/goals in question.

Specific biases likely to play a role in this context include
automation bias and confirmation bias. Automation bias
refers to the tendency of human decision makers to assume
that machine-generated solutions are correct and to pay in-



sufficient attention to contradictory information (Cummings
2017), while confirmation bias is a more general inclination
to favor information that confirms one’s existing beliefs or
hypotheses, while disregarding or undervaluing conflicting
data (Nickerson 1998). These phenomena have been widely
studied in human-computer and human-Al interaction re-
search (see Lyell and Coiera (2017); Bertrand et al. (2022)
for overviews) but have been rarely investigated in the con-
text of scalable oversight. When human evaluators of an Al
system believe that a system possesses greater knowledge
than they do, the risk of inappropriate deference is likely
to increase.! Some previous scholarship (Section 2) has ex-
plored how scalable oversight protocols compare to base-
lines with the potential to induce automation or confirmation
bias, such as direct consultation with the untrusted model,
where the untrusted model is randomly assigned to argue
either for a correct or incorrect answer. In this setup, sys-
tematically deferring to the untrusted model results in low
accuracy. This approach allows experiments to have equal
power to examine differences between conditions for cases
in which the untrusted model is correct vs. incorrect. How-
ever, it does not allow for direct exploration of the spe-
cific real-world concern described in the previous paragraph,
where the worry is that merely being aware that the model
generally provides true answers to difficult questions might
induce bias strong enough to render an oversight method less
effective. Our work addresses this gap by systematically in-
vestigating approaches in contexts where human evaluators
lack domain expertise, multiple domains are considered, and
participants are exposed to the output of an untrusted model,
either alone or in conjunction with some intervention. Like
Bowman et al. (2022), we explore simple interventions, in
hopes of establishing a baseline for comparing more com-
plex oversight methods in the context of bias induced by
evaluator beliefs about the system being evaluated.

This paper contributes to the growing literature on scal-
able oversight by attempting to establish more rigorous base-
lines against which to evaluate oversight strategies. We pro-
vide empirical evidence for specific challenges that over-
sight protocols must overcome. Our findings highlight that
providing meaningful assistance to human judges who have
access to the output of an Al system they know to be “cor-
rect most of the time, but not all of the time” is not straight-
forward using the approaches we explore, although we do
not investigate more competitive protocols like multi-turn
debate, and results may differ when evaluation difficulty is
lower. A further motivation for this research was to identify
ways to leverage the processes of the most successful judges
to improve the quality of feedback for LLM training.

After reviewing related work, we present our efforts ex-
amining different protocols. First, we describe preliminary
work investigating unstructured interaction with an Al sys-
tem, preceded either by no intervention or an intervention
requiring participants to consider the system’s arguments in

'See Goddard, Roudsari, and Wyatt (2012, 2014); Lyell and
Coiera (2017); Bansal et al. (2019); Vodrahalli et al. (2022); God-
dard, Roudsari, and Wyatt (2014) for related work on the circum-
stances under which automation bias is observed and exacerbated.
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favor of both possible answers to each question. Our main
study explores a setting in which two groups of partici-
pants are presented with long-form answers generated by
gpt—4-0613 and have the opportunity to engage in online
research to verify the system’s claims, but one group addi-
tionally receives structured research guidance from the same
model in an attempt to help them evaluate its own claims.
We conclude by discussing implications and identifying di-
rections for future work.

2 Related Work

Scalable oversight. Scalable oversight research aims to de-
sign protocols that enable a weaker system to meaningfully
supervise a stronger system. Multiple groups have intro-
duced techniques which vary how the systems interact and
what information they can access. Proposed methods in-
clude debate (Irving, Christiano, and Amodei 2018), prover-
verifier games (Anil et al. 2021), self-critique (Saunders
et al. 2022), and market making (Hubinger 2020). There has
also been work on how oversight performance scales with
model performance (Engels et al. 2025). Many researchers
provide concrete examples of feedback from specialized
small verifiers improving the performance of a strong LLM
in some dimension (e.g. Cobbe et al. (2021); Perez et al.
(2022)). In a test of the ‘sandwiching’ paradigm (Cotra
2021; Irving and Askell 2019), Bowman et al. (2022) found
that human-AlT teams outperformed humans or models work-
ing independently on QA tasks, although others working on
human-AI collaboration have found benefits to be highly
task-dependent (Vaccaro, Almaatouq, and Malone 2024).
Our preliminary work and primary experiment builds on
Bowman et al. (2022) by investigating different interven-
tions with the aim of establishing analogous baselines with
different assumptions. We also perform additional analyses
of their data to better understand their results.

Debate and consultancy. Existing work has placed
judges in circumstances with the potential to induce au-
tomation bias for use as a baseline against which judges
using scalable oversight methods of interest are compared.
Michael et al. (2023) compare the performance of judges
participating in debate protocols to a baseline they call con-
sultancy, where a single ‘expert’ (e.g., a human or Al model)
provides an argument for a single answer. Kenton et al.
(2024) contrast consultancy with an alternative where, rather
than being assigned whether to argue for the correct or in-
correct answer with 50% probability, the expert itself selects
the solution to argue in favor of, an approach they refer to
as open consultancy*. Our work differs in that it investi-
gates simple approaches in contexts where participants are
exposed to either open consultancy alone or open consul-
tancy plus some intervention.

Human-AI collaboration performance. In a system-

2Our implementation of “open consultancy” in this work more
closely matches the definition in Kenton et al. (2024) instead of
the original definition in Roger (2024). While the original form
of open consultancy would provide a more challenging baseline,
Kenton et al. (2024) and our work both find that even the weaker
version is difficult to beat reliably.



atic review and meta-analysis of 106 experimental studies
published between 2020 and 2023, Vaccaro, Almaatouq,
and Malone (2024) found that human-AlI combinations per-
formed significantly worse on average than the best of hu-
mans or Al alone, although they did not find an overall ef-
fect in either direction when restricting the analysis to stud-
ies from 2022-23. On average, human-Al teams showed
performance losses in decision-making tasks but gains in
content creation tasks. When Al systems outperformed hu-
mans, the collaboration typically underperformed Al work-
ing independently; conversely, when humans outperformed
Al systems, the collaboration outperformed either group
alone. Liu, Lai, and Tan (2021) investigated whether human-
Al team performance exceeded solo performance of an Al
system alone for out-of-distribution examples on three chal-
lenging tasks, and found that it did not. Other theoretical and
empirical work explores the concept of human-Al comple-
mentarity and methods for harnessing it to maximize per-
formance of human-Al teams (Bansal et al. 2019; Hemmer
et al. 2021, 2024; Sperrle et al. 2021).

Biases affecting human-Al collaboration. There has
been little empirical work on cognitive biases specifically
in scalable oversight settings (Irving and Askell 2019; Buhl
et al. 2025), but automation bias and confirmation bias have
received wide attention in the literature on human-Al col-
laboration. Lyell and Coiera (2017) offer a systematic re-
view of automation bias, highlighting that it is exacerbated
by cognitive load and occurs in single-tasking and multi-
tasking settings. Bertrand et al. (2022) review work on cog-
nitive biases that affect Al-assisted decision-making in the
context of Al systems that produce explanations. Rastogi
et al. (2022) explore a Bayesian framework for modeling
bias in Al-assisted decision making, and propose a strategy
to mitigate anchoring bias. Ha and Kim (2024) discuss post-
2018 studies exploring approaches for reducing cognitive bi-
ases in Al-assisted tasks, and propose techniques to mitigate
confirmation bias in Al-assisted decision making. Mozannar
et al. (2023) attempt to improve human collaboration with
agents using rules that specify when the agent can be relied
upon, while Rosbach et al. (2024) observe confirmation bias
as a result of Al integration in computational pathology.

3 Preliminary Work

Previous work in scalable oversight demonstrated surpris-
ingly strong results from unstructured human/LLM inter-
action, but the mechanisms underlying the improvements
remain unclear. We conducted two forms of preliminary
work to better understand these findings: reanalysis of tran-
scripts from Bowman et al. (2022), and a preliminary ex-
periment testing unstructured human/LLM interaction under
more carefully controlled circumstances.

3.1 Reanalysis of prior work

Bowman et al. (2022) showed that human participants con-
versing with language models outperformed both humans
and models working independently on difficult questions.
The authors suggested that the strategies reported by par-
ticipants, such as cross-examining the model and asking for
specific information, contributed to their success.
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We analyzed supporting data from Bowman et al. (2022)
and other data provided by the same authors to explore the
relationship between human-Al interaction patterns and task
performance across MMLU (Hendrycks et al. 2021) (a fac-
tual knowledge task) and QUALITY (Pang et al. 2022) (an
extractive QA task). The dataset corresponding to the orig-
inal paper consisted of two files containing complete tran-
scripts of human/LLM conversations in which the human’s
aim was to correctly answer questions from MMLU and
QuALITY, respectively. Additionally, we were provided ac-
cess to two additional files that corresponded to a replica-
tion that they had conducted using a stronger model. These
datasets all demarcated beginnings and ends of the partici-
pants’ efforts to answer each question. 3

Analysis of the MMLU data from the “Human + Model”
condition of the experiment presented in the original pa-
per revealed that conversations in which participants ulti-
mately answered questions correctly involved significantly
fewer (human) turns (M = 4.52, SD = 3.01) compared to
conversations in which the participant answered incorrectly
(M = 5.60, SD = 3.53), t(397) = 2.51, p = 0.013,
with performance highest for zero-turn conversations. Lo-
gistic regression analysis confirmed that each additional turn
was associated with a decrease in the odds of answering cor-
rectly (3 = —0.07, OR = 0.93, p = 0.016). The neg-
ative relationship between the depth of interaction and ac-
curacy was further supported by a chi-square test showing
that participants were significantly less likely to answer cor-
rectly when engaging in more than one turn of conversa-
tion, x2(1,N = 399) = 4.15, p = 0.042. Participants
sometimes created new conversations by resetting the con-
versation history; the difference in the number of conver-
sations engaged in for questions answered correctly vs. in-
correctly was not significant, ¢(397) = 1.62, p = 0.106.
However, participants were significantly less likely to an-
swer correctly when resetting the conversation history at
least once, x2(1, N = 399) = 4.24, p = 0.039. These
findings for were also observed in the same condition of the
replication study that had used a stronger model. In contrast
to the MMLU findings, analysis of the “Human + Model”
condition of QUALITY showed no significant relationship
between these interaction patterns and response accuracy in
either the original or replication study.

For MMLU, this suggests that a simple strategy—"“answer
the question myself if I know the answer, and defer to
the language model otherwise”—may explain some of the
observed performance gains. Such a strategy could allow
human-AI dyads to outperform both unassisted humans and
unassisted language models without demonstrating the more
sophisticated evaluation abilities essential for effective long-
term oversight, such as critically assessing language model
arguments or identifying when the model is likely to be
incorrect. Given that the QuALITY task required answer-
ing questions pertaining to long fictional stories under a 5-

3Because the scientific aim was to identify the reasons for the
pattern of effects observed by Bowman et al. (2022) in the context
of the sandwiching paradigm, publicly available alternatives were
unable to meet this need.



minute time limit that prevented participants from reading
the story in full, this strategy would not have been useful for
this task, likely explaining the differing results.

3.2 Preliminary Experiment

We designed an experiment using binary questions difficult
enough that participants would be unlikely to be able to an-
swer with far greater than 50% accuracy without LLM as-
sistance, designed to examine whether information gained
from interaction with LLMs would enable participants to an-
swer difficult questions more successfully than either they
or the language model could alone. Half of participants
were additionally randomized to view LLM-generated ar-
guments supporting each of the two possible choices (“one-
turn debates”). 192 participants recruited through the Pro-
lific platform were given guidance similar to that in Bowman
et al. (2022) and engaged in unstructured interaction with
gpt—-3.5-turbo-0301 to inform their answers. Ques-
tion domains and key methodological choices were as de-
scribed in Sec. 5.1, except that each participant received 4
multiple-choice questions (drawn from a pool of 192) rather
than 48, the ‘open consultancy’ consisted of unstructured
interaction with an LLM (rather than being shown a pre-
generated answer to the question), the key intervention was
one-turn debate (vs. LLM-generated research guidance), and
participants were not asked to conduct online research.

The extended version of this paper contains a more thor-
ough description of the preliminary experiment and its re-
sults*, but in sum, the LLM alone achieved significantly
higher accuracy (75%) than LLM-assisted participants who
were not shown LLM-generated arguments supporting each
answer choice (69%, p = 0.003); there was no significant dif-
ference with LLM-assisted participants shown one-turn de-
bates (73%, p = 0.37). This failure to observe benefits moti-
vated us to explore an alternative intervention, and our task’s
differences from real-world research motivated us to explore
a more realistic setting for our primary experiment.

4 Motivations and Hypotheses

We implemented several refinements to address the limi-
tations of our preliminary work: (1) recruiting more com-
mitted participants as part of a longer-term study with
higher payouts; (2) allowing for longer, more in-depth fact-
checking of LLM outputs; (3) providing access to external
verification sources, inspired in part by Irving and Askell
(2019); and (4) replacing unstructured LLM interaction with
static consultancy, comparing a control group experiencing
LLM consultancy alone with an intervention group experi-
encing LLM consultancy along with access to structured as-
sistance from the same model. This assistance took the form
of LLM-generated questions whose answers, if researched
sufficiently, could help participants determine whether the
consultant’s argument was accurate.

These modifications aimed to create conditions more con-
ducive to effective scalable oversight and to better under-
stand the factors that influence human-AlI collaborative per-
formance. In order to streamline our analysis, we focused on

*See “Study 17 in https://arxiv.org/abs/2507.19486.
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the key question of whether participants in the intervention
group would have more (or less) success than participants in
the control group, and preregistered a narrow set of hypothe-
ses with corresponding analyses:

* H1: Compared to the control group, the mean number
of questions that participants answer correctly will be
higher for the intervention group.

H2: Compared to the control group, the mean of the log-
its of the final probabilities that participants assign to the
correct answers (after learning the language model’s an-
swer and conducting online research) will be higher for
the intervention group.

H3: Compared to the control group, the mean result ob-
tained when subtracting the logit of the initial probabil-
ity assigned to the correct answer (before learning the
language model’s answer or conducting online research)
from the logit of the final probability assigned to the cor-
rect answer (after learning the language model’s answer
and conducting online research) will be higher for the in-
tervention group.

5 Methods

A power analysis was conducted by simulation. This es-
timated that 106 participants would provide 90% power
to detect an ~8% improvement in correct answers (4 of
48 more questions answered correctly) in the intervention
group compared to the control group, using a two-sided t-
test. We therefore recruited 106 participants from a pool of
English language speaking Upwork freelancers based in the
United Kingdom who had previously completed a miniature
version of the task. For logistical reasons, we preregistered
our intent to recruit participants in two waves (of 70 and
36 participants, respectively), with half of the participants in
each wave assigned to the control group or the intervention
group using simple randomization. Due to attrition, only 67
participants completed Wave 1, leaving the remaining 39 for
Wave 2. Differences between these waves, as well as partic-
ipant instructions and other methodological details, are pro-
vided in the extended version of this paper>.

5.1 Procedure

Participants received information sheets and provided writ-
ten consent to participate, and were presented with a to-
tal of 48 multiple-choice questions over multiple weeks.
Questions spanned four domains: contract law, evidence law,
surgery, and Lojban translation. Each question presented
two answer choices (A or B) and were balanced so that the
letter corresponding to the correct answer choice was ‘A’
(vs. ‘B’) exactly 50% of the time for all questions, for ques-
tions that the model answered correctly, and for questions
that the model answered incorrectly. Question order was ran-
domized for each participant. For each question, participants
first indicated their initial confidence level using a probabil-
ity slider. They were then shown gpt-4-0613’s answer
to the question, with the understanding that these answers

3See “Study 2” in https://arxiv.org/abs/2507.19486.



were “correct most of the time, but not all of the time”. Par-
ticipants in the intervention group were additionally shown
a list of guidelines generated by gpt—4-0613 specifically
designed to aid in the evaluation of the particular response
under scrutiny. After reading this information, participants
were asked to indicate their revised level of confidence in
each choice. Participants then conducted approximately 20
minutes of online research in an attempt to determine the
correct answer. Participants were explicitly instructed not to
use generative Al systems such as ChatGPT. Upon complet-
ing their research, participants provided their final assess-
ments.

5.2 Materials

Questions were either created from scratch by an expert
(Lojban questions) or modified from domain-specific ma-
terials to prevent participants from finding direct answers
online by searching the question verbatim. Domain ex-
perts contributed to the modified questions we used in the
study and verified their answers. The final answers of the
gpt-4-0613-generated outputs to this set of questions
were accurate 75% of the time. In cases where these out-
puts were inaccurate, experts indicated that one or more of
the gpt—4-0613-generated research guidelines presented
to the intervention group seemed “likely to lead [a nonex-
pert’s] research in a direction that would help them deter-
mine the correct answer”, although this was often true of
less than half of the six guidelines provided per question.

5.3 Statistical analysis

We preregistered® our analysis plan for the three hypotheses
previously described, as well as the details of how the de-
pendent variables would be calculated, which we summarize
here. For H1, the dependent variable is the number of ques-
tions answered correctly. The participant is deemed “cor-
rect” if they assign a final probability greater than 50% to
the correct answer. The participant is deemed “half-correct”
(counted as 0.5) if they assign a final probability equal to
50% to the correct answer. For H2, the dependent variable is
the logits of the final probabilities that participants assigned
to the correct answers (after learning the language model’s
answer and conducting research)’. For H3, the dependent
variable is the difference between the logit of the final proba-
bility that each participant assigned to the final answer (after
learning the language model’s answer and conducting on-
line research) and the logit of the initial probability that the
same participant had assigned to the correct answer (before
learning the language model’s answer or conducting online
research). The primary analysis for each hypothesis is a two-
tailed Welch’s t-test (a« = 0.05) comparing the relevant inde-
pendent variable between the control and intervention group.

As a secondary analysis, we preregistered our intent to
employ a mixed-effects model incorporating fixed and ran-
dom effects. The model’s participant-specific random effects
account for the correlation of measurements taken from the

Shttps://osf.io/wexdj/
"When calculating logits, minimum and maximum probabilities
are clamped to 1% and 99% to avoid undefined values.

37881

same participant across time points (before learning the lan-
guage model’s answer or conducting online research vs. af-
ter learning the language model’s answer and conducting on-
line research), thus adjusting for the non-independence of
observations within participants. Similarly, its item-specific
random effects control for the repeated measures taken for
different questions or items, assuming that responses to dif-
ferent items by the same participant may also be correlated.
This model made use of the variables “medical experience”,
“legal experience”, “constructed language experience”, and
“native or native-level English”, coded as 0 or 1 based on
participants’ responses to the questions described in the ex-
tended version. The full model specification is:

logit(p) = Bo + 1 group + o timepoint
+ B3 (group x timepoint) + 34 medical exp
+ 5 law_exp + [ conlang_exp
+ B7 english + Uparicipant
+ Wropic + Vitem(topic) +e€

ey

where p is the probability that participant assigned to the
correct answer. Other details are described in the preregis-
tration, such as conditions for backing off to simpler mod-
els and pre-registered robustness checks. Statistical analyses
were conducted in R 4.2.3 and scipy 1.16.0 on Windows 10.

6 Results

Primary analyses. Our primary analyses for H1, H2, and
H3 examined differences between intervention and control
groups across three dependent variables. Our pre-registered
analyses found no significant differences in the proportion
of questions answered correctly, the logits of final probabil-
ities assigned to correct answers, or the difference between
final and initial logits of probabilities assigned to correct an-
swers between the intervention group and the control group.
Exploratory analyses investigating waves 1 and 2 separately
found significant differences for all three dependent vari-
ables for wave 1 only, with performance being worse in the
intervention group than in the control group. Means, stan-
dard deviations and p-values are reported in Table 1.

Secondary analyses. Our main preregistered mixed
model evaluated effects of group, time point (before vs.
after exposure to the language-model answer and addi-
tional research), and their interaction, while adjusting for
participants’ domain and English experience and account-
ing for the hierarchical structure of the data. Nine partici-
pants who did not respond to the questions about their do-
main or English experience were excluded. The model con-
verged but exhibited a singular fit for the topic random inter-
cept. Participant-specific intercepts showed modest variabil-
ity (SD = 0.29), whereas item-level intercepts varied more
substantially (SD = 0.85).

Estimated coefficients indicated a large main effect of
time point: logits of probabilities assigned to the correct an-
swer at the final timepoint were higher than at the initial
timepoint by 1.17 (SE = 0.043, t = 27.1, p < 0.001;
OR = 3.21), consistent with improved accuracy after see-
ing the model’s answer and conducting research.



Measure Wave Intervention Control p-value
Mean SD Mean SD
Accuracy (H1) Overall 0.73 0.06 0.74 0.04 0.19
Wavel 0.72 0.06 0.74 0.04 0.027*
Wave2 0.75 0.06 0.74 0.05 0.54
Logit of final probability assigned Overall 1.15 051 131 0.56 0.13
to the correct answer (H2) Wavel 1.05 047 133 0.53 0.029*
Wave2 132 056 127 0.64 0.83
Difference between logits of final Overall 1.00 046 1.17 0.51 0.09
and initial probabilities assigned Wavel 092 042 1.19 049 0.018*%
to the correct answer (H3) Wave2 1.15 050 1.13 0.56 0.87

Table 1: Primary analyses (two-tailed Welch’s t-tests, « = 0.05). * indicates p < 0.05. In Wave 1, all analyses indicated that
performance was poorer for the intervention group than for the control group; there were no significant differences when both

waves were combined.
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Figure 1: Mean log odds assigned to correct answers by
timepoint and group. Error bars represent 95% confidence
intervals. Log odds assigned to the correct answer was lower
in the intervention group after LLM guidance and research.

There was also a group x time point interaction, such that
the intervention group improved slightly less from the initial
to final timepoint than the control group did (B = —0.16,
SE = 0.060, t = —2.59, p = 0.010; OR = 0.85). None
of the four covariates (medical, legal, constructed-language
experience, native-level English) reached statistical signifi-
cance (p > 0.26)%. Figure 1 displays mean logits of proba-
bilities assigned to the correct answer for each group at each
timepoint.

Additional preregistered analyses. We conducted a
robustness check involving the same model without the
variables “medical experience”, “legal experience”, “con-
structed language experience”, and “native or native-level
English”. This analysis included all 106 participants in the
control and intervention groups and yielded the same pattern

8Participant demographics are reported in the extended version
of this paper at https://arxiv.org/abs/2507.19486.
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of effects as the main model.

We also fitted a model where we compared the final time-
point to an intermediate timepoint after reading the LLM-
generated consultancy (and the LLM-generated research
guidelines, for the intervention group) but before conduct-
ing online research. There was again a large main effect of
time point (SFE = 0.041,¢t = 18.7, p < 0.001; OR = 2.17)
and a a group X time point interaction such that the inter-
vention group improved slightly less from the intermediate
to final timepoint than the control group did (B = —0.21,
SE =0.058,t = —3.71, p < 0.001; OR = 0.81).

Exploratory analyses. Fitting the main mixed model to
the subset of data points from wave 1 revealed the same pat-
tern of effects observed for the dataset as a whole, with a
large main effect of timepoint (B = 1.18, SE = 0.053,
t =22.09,p < 0.001; OR = 3.26) and a group X time point
interaction with the same pattern observed for the dataset as
a whole (B = —0.26, SE = 0.074, t = —3.48, p < 0.001;
OR = 0.85). Fitting the main mixed model to the subset of
data points from wave 2 still yielded a large main effect of
timepoint (B = 1.15, SE = 0.072, t = 15.94, p < 0.001;
OR = 3.14), but no interaction (p = 0.87). There was also
an association between native-level English and higher log-
its assigned to the correct answer (B = 0.32, SE = 0.144,
t =2.19,p =0.036; OR = 1.37).

We also investigated the change in log odds assigned to
the consultant’s answer with respect to its correctness for
both protocols, including the domain experience / native-
level English covariates and the random effects used in our
other main study mixed models. We observed a main effect
of the LLM consultant’s correctness, with participants up-
dating more weakly in the direction of the model (after con-
ducting online research) when the model was incorrect than
when it was correct (B = 0.72, SE = 0.152, t = 4.76,
p < 0.001; OR = 2.06). We also observed an interac-
tion (B = —0.22, SE = 0.101, ¢t = —2.19, p = 0.028;
OR = 0.80), such that while participants in the control
and intervention groups updated towards the consultant’s
answer equally when the consultant was incorrect, partic-
ipants in the intervention group updated less when it was
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Figure 2: Log odds assigned by participants to the LLM consultant’s answer at each timepoint, split by whether participants were
in the control group (left) or intervention group (right). Green lines represent cases where the LLM’s guess was correct, while
maroon lines represent cases where it was incorrect. Error bars indicate 95% confidence intervals. In both cases, confidence
in the consultant’s answer continued to increase after participants conducted online research with the intent of verifying the
consultant’s answer, even when the consultant was incorrect. Error bars indicate 95% confidence intervals.

correct. Figure 2 displays log odds assigned by participants
to the consultant’s answer broken out by timepoint, group,
and whether the consultant was correct or incorrect.

Qualitative analysis. We requested free-text summaries
of participants’ reasoning, in participants’ own words, from
each for each item. A common theme was that when par-
ticipants’ research did not reveal information that specif-
ically contradicted the model-generated answer, this in-
creased their confidence in it. The following quotes from
cases where participants’ confidence in the model-generated
answer increased after conducting their research, despite this
answer being incorrect, provide particularly clear examples
of this phenomenon:

“I relied heavily on the guidance of the A.I suggestions.
My research brought me to the conclusion that the evidence
would be permissible as hear say because it met the thresh-
old of several exceptions... I saw no reasoning that pointed
to Option B being the correct answer.”

“Using all the research prompts provided were not only
useful, but helped me in understanding what the condition
was about, [its] seriousness and so on. There [was] no in-
formation which specifically disputed the answer provided
by AL The only conclusion I could come to was that Al
was correct. I really could have answered that the answer
is 100% A.”

“As this is a legal question, it was difficult for me to un-
derstand to fully understand and decide on the correct an-
swer. Whilst I understood elements of the question, my re-
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search did not convince that I even came close to what the
answer is. I had no choice but to lean towards the answer Al
provided as more often than not, Al is correct.”

“Prompted by the Al guidelines, I started by researching
the answers to each of the guidelines to see if my research
aligned with ai answer. The logic being if one didnt align
with Al then it could be a wrong answer. Al answer aligned
with my research.”

The fact that the LLM-generated research guidelines were
only of middling quality likely contributed to the inabil-
ity of participants to use them to effectively find informa-
tion that contradicted the consultant’s judgments. For each
of the twelve main study problems that gpt—-4-0613 an-
swered incorrectly, we sent a domain expert the original
question, gpt—-4-0613’s incorrect answer when acting as
a consultant, and the six guidelines (the questions suggested
as useful focus areas by gpt—-4-0613 when it acted as
an assistant in the intervention condition). Experts were
blinded to the priority ratings (high, medium, or low) that
gpt—-4-0613 included in its advice to participants in the
intervention condition. In each case, the expert indicated that
one or more of the questions provided seemed “likely to lead
[a nonexpert’s] research in a direction that would help them
determine the correct answer”, but that others did not. The
average fraction of the six Al-generated follow-up questions
that experts deemed likely to guide a non-expert toward the
correct answer was 39%, and was only 55% even for the sub-
set that the model had labelled “high priority.” Many of these



questions were also not straightforward and would have
taken substantial time to research thoroughly. It is therefore
not surprising that participants frequently failed to surface
important information that contradicted the model’s answer.

7 Discussion

We investigated whether providing participants with Al-
generated research guidelines would enhance their ability
to evaluate the accuracy of an LLM consultant’s answers
on complex domain-specific questions. Contrary to our ex-
pectations, we found no evidence that such research guide-
lines improved participants’ overall performance. In fact,
during Wave 1, participants in the intervention group per-
formed more poorly than those in the control group across
all three of our primary measures. Qualitative analysis sug-
gested that participants’ performance in our experiments
was sometimes hampered by participants directing their re-
search using questions which were not among the ~40% of
questions deemed likely to guide non-experts’ research pro-
ductively, and the knowledge barriers introduced by our spe-
cialized domains (Lojban, contract law, evidence law, and
surgery), which even guided research frequently was not
enough to overcome in the allotted time. The additional cog-
nitive load imposed by the intervention, causing participants
to follow guidelines mechanically instead of critically as-
sessing model output, may have been another factor.

While prior work has demonstrated that debate outper-
forms consultancy in contexts where the consultants are cal-
ibrated to argue for the correct answer only 50% of the time
(Michael et al. 2023; Khan et al. 2024), we are not aware
of any publicly reported test of a scalable oversight proto-
col that has demonstrated an advantage of the protocol over
open consultancy when using human judges and a frontier
model as open consultant. That said, the conclusions that
can be drawn from the failure of our interventions to in-
crease overall accuracy are constrained by the limitations of
our studies, particularly the simplicity of the protocols tested
and restriction to binary QA.

7.1 Confirmation Bias

Our findings revealed that initial exposure to the LLM con-
sultant’s answers appeared to induce confirmation bias—
the tendency to search for, interpret, favor, and recall in-
formation that confirms one’s present beliefs (in this case,
that the LLM was likely to be correct). As Figure 2 illus-
trates, after participants conducted independent online re-
search after receiving the consultant’s answer, they ended up
being even more confident in the consultant’s position than
before—even when that position was incorrect. This sug-
gests that rather than successfully identifying information
that revealed the consultant’s errors, participants may have
inappropriately allowed their confidence in the consultant’s
final answer to increase whenever they encountered infor-
mation that supported any of its claims. Protocols that rely
on human evaluators should consider the potential influence
of confirmation bias on their judgments. Given observations
of confirmation bias in large language models (Khan et al.
2024; Malberg et al. 2025; Macmillan-Scott and Musolesi
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2024; O’Leary 2025; Tan et al. 2025), this should also be
considered for studies using LLLMs as judges.

7.2 Future Work

Implicit consultancy effects. While it is well-established
that consultancy is not an ideal oversight protocol, its ef-
fects raise a more fundamental concern: if oversight proto-
cols are used in contexts where the human evaluators know
what claim the evaluated model has made (or believe they
know what claim it would make, if asked), this is likely to
influence their beliefs before any oversight technique is ap-
plied. For instance, if a human is tasked with determining
whether a powerful model is truthfully claiming alignment,
the human evaluator may already be biased toward believing
the model (due to its generally high accuracy in relevant do-
mains, institutional incentives favoring positive outcomes,
etc.). Future research should specifically test whether over-
sight strategies are likely to remain robust in ‘implicit con-
sultancy’ contexts where the judge is biased by their belief
about the overseen model’s likely output, whether or not any
explicit consultancy has occurred.

Determining conditions under which desirable prop-
erties generalize. More research is needed to identify the
degree to which desirable properties of oversight protocols
scale with problem difficulty, and how this may vary by
domain. Evaluations of scalable oversight protocols should
consider the specific conditions under which they are ef-
fective. One useful framing is to treat such protocols as
adversarial games between an evaluator/judge/guard and a
stronger, potentially deceptive model (Engels et al. 2025).
In this setting, we should consider the advantages the game
gives the evaluator, judge, and guard that enable it to win re-
liably. Future work could also explore how these advantages
evolve as model capabilities advance, and as the difficulty of
the tasks we aim to accomplish with the models increase.

8 Conclusion

Our results show that two simple interventions fail to out-
perform open consultancy in the settings investigated, high-
lighting the effects of confirmation bias. We also demon-
strated that the strong ‘centaur’ performance observed in one
influential study did not necessarily arise from critical as-
sessment of model outputs by participants. Tests of scalable
oversight protocols should consider using open consultancy
as a baseline. They should also aim to demonstrate effective-
ness under more challenging conditions that will continue to
apply as model capabilities advance, and as the difficulty of
the problems to which the models are applied increases.

The strong confirmation bias we observed may not gener-
alize to stronger protocols, or to settings where the difficulty
of evaluation is lower (e.g. due to using expert rather than lay
judges). Nevertheless, our results illustrate the importance of
confirmation bias as a possible failure mode. Depending on
their specific goals, other empirical scalable oversight stud-
ies may likewise wish to consider inducing biased priors in
human judges by first providing them with the default output
of the system being evaluated, as a proxy for the bias to trust
model outputs that may occur in the real world.
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