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Abstract

Language models are known to absorb biases from their train-
ing data, leading to predictions driven by statistical regulari-
ties rather than semantic relevance. We investigate the impact
of these biases on answer choice preferences in the Massive
Multi-Task Language Understanding (MMLU) task. Our find-
ings show that these biases are predictive of model preference
and mirror human test-taking strategies even when chain of
thought (CoT) reasoning is used. To address this issue, we in-
troduce Counterfactual Prompting with Agnostically Primed
CoT (APriCoT). We demonstrate that while Counterfactual
Prompting with CoT alone is insufficient to mitigate bias,
APriCoT effectively reduces the influence of base-rate prob-
abilities while improving overall accuracy. Our results sug-
gest that mitigating bias requires a slow thinking process which
CoT alone may not provide as it tends to reinforce fast thinking
model bias under some prompting methodologies. APriCoT is
a step toward developing more robust and fair language models
that can think slow.

Keywords: Large Language Models; base rate; model bias;
chain-of-thought reasoning; MMLU; quantitative behavioral
analysis

Introduction
A model of human cognitive reasoning involving two distinct
modes of thinking was posited in Kahneman’s seminal work,
Thinking Fast and Slow (Kahneman, 2011). Thinking fast, or
heuristically, is performed by System 1, while thinking slow,
or deliberatively, is performed by System 2. Although this
dichotomy has received both support and criticism since its
publication, the concepts of System 1 and System 2 thought
remain useful paradigms, evoking the relationship between
single-shot response and recursive generation.

We examine base rate probability (BRP) effects closely in
the LLaMa 3.1 8B model (Dubey et al., 2024) and find a con-
sistent BRP bias, consistent with existing findings for other
models. Past work has shown this leads to responses that are
based on bias apart from any reasoning (Moore et al., 2024).
We attempt to mitigate bias driven response and encourage
reasoning by combining counterfactual (CF) prompting with
chain of thought (CoT) (J. Wei et al., 2022). Surprisingly, this
exacerbates the issue.

To understand why this confirmation bias-like behavior oc-
curs, we formulate Agnostically Primed Chain of Thought
(APriCoT) based on the theoretical explanation of CoT pro-
vided by Prystawski et al. (2024). Their work suggests that

† equal contribution

CoT provides a method of traversing the semantic space but
is not untrustworthy when the question provides insufficient
priming (Turpin et al., 2024). To address this, APriCoT forces
the model to reason down multiple semantic directions.

Evaluating model preference over all resultant semantic
paths is taken as an estimate of the model’s preferred re-
sponse. We find this response is distributed nearly identi-
cally to the ground truth answer distribution and has better
accuracy than either CF or CoT, showing APriCoT helps the
model to think more slowly.

In this paper we make 3 primary contributions: 1) We
extend CF prompting to accommodate CoT reasoning, en-
abling a more comprehensive analysis of BRP effects. 2) We
demonstrate that CoT reasoning, when adopting CF prompt-
ing strategies, exacerbates BRP effects on overt behavior,
challenging the widely accepted utility of CoT. 3) We intro-
duce an extension to CoT prompting called APriCoT which
reduces BRP effects and improves accuracy. We posit that
APriCoT may serve as an effective strategy for evaluating
model behaviors and performing complex reasoning tasks.

Prior Work
In this section, we briefly survey the existing literature sur-
round mitigation of base rate probability (BRP) effects and
the use of CoT in connection with other heuristics and bi-
ases. BRP effects are defined and described in detail in a
dedicated section shortly, but can briefly be understood as ef-
fects of word preferences on overt behavior while perform-
ing unrelated tasks. BRP effects and methods for mitigating
them in non-CoT contexts were evaluated in some depth by
Moore et al. (2024), S.-L. Wei et al. (2024), and Zheng et
al. (2023). Both works found that LLMs are prone to BRP
effects in the context of MCQA tasks. Moore et al. (2024)
proposed a method for reformulating MCQA tasks to be less
sensitive in to BRP effects. S.-L. Wei et al. (2024); Zheng et
al. (2023) attempted to mitigate the BRP effect in behavior by
calibrating the output probabilities using the measured BRPs.
Chua et al. (2024) attempted to mitigate LLM initial behav-
ior biases in a CoT context using fine-tuning, but the biases
being mitigated were user-induced rather than inherent to the
model.

Prior research has also identified similar undesirable be-
haviors with CoT. Shaikh et al. (2023) found that CoT is
prone to reveal and exacerbate the social biases that the model
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learned during pre-training. This hints at a consistent bias re-
inforcement behavior across bias dimensions. Saparov & He
(2023) investigated CoT’s utility for complex reasoning and
found that models using CoT are capable of strong instan-
taneous deductive steps but rarely explore multiple seman-
tic paths for more deliberative reasoning, which APriCoT at-
tempts to induce explicitly.

Finally, this paper extends the significant body of work
studying LLM cognition. Prior work has investigated fan
effects (Roberts, Moore, Fisher, et al., 2024), typicality ef-
fects (Roberts, Moore, Wilenzick, & Fisher, 2024; Misra et
al., 2021), and theory of mind (Ullman, 2023).

Background
This section provides the pedagogical references and support-
ing literature on which the rest of the paper depends.

The Massive Multitask Language Understanding
(MMLU) task (Hendrycks et al., 2020) is a MCQA bench-
mark composed of 14042 questions distributed unevenly
across 57 subjects. Each question has four answer choices
provided, with one answer choice designated as correct.
MMLU is a standard benchmark included in many model re-
lease publications and is intended to quantitatively measure
a model’s natural language understanding and factual knowl-
edge. The ubiquity of MMLU highlights the importance of
robust testing methods that allow evaluators to isolate mea-
sured behaviors from entangled variables like the BRP effect.

MMLU places few restrictions on the prompting method
used for evaluation, making it deceptively difficult to com-
pare accuracy measures across models. Evaluation methods
often include optional in-context learning up to 5-shots and
CoT reasoning. Questions used for 5-shot in-context learning
examples are provided as a separate set and are not included
in the reported benchmark accuracies.

Cloze testing is a prompting strategy commonly used to
evaluate tasks where LLMs must select from a set of options.
In this approach, the probability of each option is measured
given a shared context. The chosen option is taken to be the
option that yields the highest probability, i.e. maxa∈AP(a|C)
where C is the task context and A is the set of available op-
tion signifiers. For example, a four option multiple choice
question answering (MCQA) task can be evaluated via cloze
testing by providing the question and answer choices to the
model before finishing with a query statement similar to “The
most correct answer choice is”. The question, choices, and
query are provided to the model and the probabilities of the
four completions “A”, “B”, “C”, and “D” are computed inde-
pendently. The model’s answer is determined by the option
with the highest probability.

Counterfactual (CF) prompting differs in the structure
of the prompt. Instead of a shared query, CF prompting
uses a separate query for every option and a shared canary
completion for evaluation. The option eliciting the high-
est canary probability is taken as the model’s choice, i.e.
maxa∈AP(canary|C,a). For a multiple choice question, the

question and answer choices remain unchanged, while the
query portion of the prompt takes a form similar to “Answer
choice X is the most”, where X is one of “A”, “B”, “C”, or
“D”, and the canary completion for all options is “correct”.

CF prompting is intended to mitigate BRP effects while
maintaining task semantics. Prior work has shown that CF
evaluation fails to strongly mitigate BRP effects and may de-
grade performance on some tasks (Moore et al., 2024). Be-
cause the task definition semantic content is equivalent be-
tween CF and cloze prompting, expected model behavior
measurements should not change.

Change in task performance with equivalent prompting
methods is indicative of fragile, under-supported behaviors
in the model. For the MCQA example, significant loss in per-
formance from simple rewording of the questions, rearrang-
ing of answer choices, or changing the wording when ask-
ing the model for its answer suggests that the model does not
truly possess either sufficient question understanding and/or
the requisite factual knowledge.

Chain-of-Thought (CoT) is a common prompting strat-
egy proposed by J. Wei et al. (2022) in which the language
model is encouraged to generate freely from a task definition
before providing a final answer. It is intended to approxi-
mate System-2-like processing and has been shown to im-
prove model performance on a wide array of difficult bench-
marks across numerous tasks (Suzgun et al., 2023).

The mechanism by which CoT yields improvement is not
yet fully understood and subject to ongoing research. Madaan
et al. (2023) suggested that it functions, in part, by improv-
ing a model’s understanding of the target task by retrieving
and incorporating relevant information into the context. This
seems to be in line with Prystawski et al. (2024), who theo-
rize that CoT works by traversal of a Bayes net like semantic
space formed by the union of the pre-training data, the pro-
vided context, and a target completion. Models may not tra-
verse the optimal path in this space and have been shown in
Saparov & He (2023) to be greedy reasoners that struggle to
explore multiple pathways and instead tend to traverse toward
pre-existing or induced biases (Turpin et al., 2024).

Base-Rate Probability Effects
LLMs predict the most likely next token given all tokens in
the preceding context. This conceptually simple function has
shown since at least Radford et al. (2019) to be sufficient to
perform a wide variety of tasks with a surprising level of com-
petency. While tokens have an in-context probability, they
also have an intrinsic probability called the base-rate proba-
bility (BRP) (Moore et al., 2024).

BRP is the probability associated with a token given a
minimal amount of context necessary to isolate the repre-
sented concept. Differences in BRP between tokens have
been shown to affect models’ overt behavior and performance
on downstream tasks both when prompted via cloze and CF
prompting (Moore et al., 2024). BRP is conceptually linked
to the notion of priors in Bayesian models. Prior work has
sought to measure Bayesian priors in LLMs and found that
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the priors exhibited by LLMs are qualitatively human-like
across a variety of contexts (Zhu & Griffiths, 2024).

BRP effects may make it difficult to isolate behaviors and
abilities that are being measured. For example, a model may
be evaluated as being more prone to violence if it is evaluated
by a yes/no questionnaire in which violent-indicative yeses
outnumber peaceful-indicative yeses simply because the BRP
for yes is higher than that for no. Given the same task with
a trivial reversal of the question polarity may yield reversed
results without semantic changes to the context.

BRP Prompt Template
Below you will see a question and answer choices.
QUESTION
choice <1st label> CHOICE
choice <2nd label> CHOICE
choice <3rd label> CHOICE
choice <4th label> CHOICE
In conclusion, which choice do you believe
is most correct?
I believe the correct answer is choice

Table 1: Prompt template used for measuring BRP. 1st-4th la-
bels are replaced iteratively with every ordering of the choices
“A”, “B”, “C”, “D”. The probabilities of each answer choice
is measured and averaged across all orderings.

LLaMa-3.1 Token Base-Rate Probability
In this section, we describe how BRPs were obtained for the
LLaMa 3.1 model. BRP can be naively defined as the prob-
ability of a token given no prior context, but may also be
contextually defined to account for BRP differences between
concepts that share the same token. For example, when mea-
suring the BRP of the letter “A”, it is important to differenti-
ate between the BRP of the article “A” and “A” as an answer
choice in a MCQA task. This example is especially notewor-
thy, as the article “A” has a high contextual probability with
an empty context string because “A” is among the most com-
mon words to start a sentence or even entire documents.

The remainder of this paper investigates prompting strate-
gies using the common MMLU benchmark as a test-bed,
meaning that we must evaluate the relative BRP of each an-
swer choice in the context of an MCQA task. We use nearly
the same method as described in Moore et al. (2024) to cal-
culate BRPs, changing only the prompt template to match the
templates described in later sections and summarized in Ta-
ble 2. We measure BRPs using cloze prompting in line with
previous work, which found the cloze BRP was predictive of
overt behavior for both cloze and CF. We verify this claim by
measuring the correlation between cloze BRP and overt be-
havior later in this work. The template used to measure BRP
is described in Table 1. Our results suggest that the model has
a BRP preference ordering of A ⪰ D ≻ B ⪰C.

In Moore et al. (2024), the authors found that CF prompt-
ing weakly mitigates BRP effects on overt behavior, but fails

to eliminate them entirely. We hypothesize this is because
the models are restricted to immediately completing the task,
with no ability to reason over the potential answers or ques-
tion for more complex questions. This forces the models to
resort to the heuristics like answer choice or positional pref-
erence. Heuristic behaviors of this type are reminiscent of
System-1 processing (Kahneman, 2011).

In line with the two system theory, we contend that a
more deliberative, System-2-like, evaluation will eliminate
the BRP effect. To evaluate this, we propose a novel adapta-
tion of the CF methods used in Moore et al. (2024) to include
chain-of-thought reasoning.

Methods: CF+CoT
We extend existing work by evaluating the LLaMa 3.1 8B
model for its susceptibility to BRP effects under CF+CoT rea-
soning through the use of a common multiple choice question
answering (MCQA) benchmark, MMLU.

For comparison purposes, we evaluate the model using
both CoT with CF evaluation and CF evaluation with no CoT.
We refer to these as experiments as CF+CoT and CF respec-
tively for the rest of this work. In both cases, the model
is presented with the question and answer choices using the
second-person, conversational prompt template shown in Ta-
ble 2. In line with the methods used in J. Wei et al. (2022), we
elicit CoT reasoning by using the sentence “Let’s think step
by step.” The model is then allowed to generate up to 100
tokens of CoT reasoning. In both cases, the model is queried
for it’s answer using CF prompting. To mitigate the effects
of cutting off reasoning mid-sentence, we always begin the
query, shown in the center column of Table 2, with a new line
character and the words ”In conclusion”.

Trials also include the clause “In conclusion,” to signal the
end of the CoT section. This is also true for CF trials so as to
isolate the effects of adding CoT. Four copies (one per answer
choice) of this combined context are input to the model, dif-
fering only by the answer choice presented in the query. The
probability of the canary token “Yes” is evaluated given the
four contexts. To promote robustness in the results, we repeat
this process 10 times per question, taking the mean proba-
bility for each answer choice over all 10 trials. The model’s
chosen answer choice is interpreted as the answer choice that
yields the highest mean probability across all trials.

Results: CF+CoT
We measured the answer choice distribution in the responses
from the model using both prompting strategies across all
choice orderings. The results of this are shown in the first two
rows of Figure 1. Consistent with previous results in Moore et
al. (2024), we see a strong preference for one answer choice
over all others in the case of CF reasoning. In general, the
model, when evaluated without CoT, shows a strong prefer-
ence for choice C and a strong anti-preference for choice D.

Surprisingly, the same relative preference ordering is not
only maintained when evaluated with CF+CoT, but it is mag-
nified. The model shows a nearly exclusive preference for an-
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Pre-CoT Prompt Template Post-CoT Prompt Template Canary Word
Below you will see a question and answer choices.
<question text>
choice A: <1st answer choice>
choice B: <2nd answer choice>
choice C: <3rd answer choice>
choice D: <4th answer choice>
CoT Let’s think step by step.
APriCoT Let’s evaluate choice <N-th choice> step by step.

In conclusion, do you believe choice
<N-th choice> is most correct? Yes

Table 2: Prompt templates used for each prompting method. Red text denotes context that is present only in CoT. Green text
denotes context that is present only in APriCoT.

swering with choice “C” and strong aversion to choice “A”,
while choice “D” is never once chosen as the preferred an-
swer choice. This is not inherently problematic, given that
such a distribution may be the result of imbalanced distribu-
tion in the ground truth answers. Heuristics similar to BRP
also tend to be helpful and improve accuracy for some tasks
(Wang & Zhong, 2024). As we can see in the bottom row
of Figure 1, however, the ground truth answer distribution
for MMLU is remarkably balanced, suggesting CF+CoT has
tended to decrease the models similarity to the ground truth.

To further explore this, we compute the Pearson’s r corre-
lation between the chosen answer choice distribution and an-
swer choice BRP. Correlation is computed per subject and ag-
gregated via Fisher-z transformation before re-transformation
into a summary Pearson r correlation (Corey et al., 1998). Re-
sults from this process are shown in Figure 2. Both CF+CoT
and CF answer choice distributions tend to strongly correlate
with BRP (r2 = 0.68 for CF). This is, again, especially pro-
nounced with CF+CoT, with nearly perfect correlation across
all subjects (r2 = 0.93). This suggests that CF+CoT answers
tend to be much more frequently impacted by the prior expec-
tation of the model than even CF answers. We suspect this is
a result of a confirmation bias-like effect.

Figure 1: Chosen MMLU answer choice distribution for each
prompting method and ground truth. CF+CoT tends to skew
the distribution further from the ground truth. APriCoT tends
to flatten the distribution toward ground truth.

We hypothesize that the model is prone to System-1 selec-
tion of a focal point that is reinforced by subsequent CoT rea-
soning. This seems to be in line with previous work by Turpin

et al. (2024); Chua et al. (2024) that suggests that models tend
to rationalize answers induced early in the reasoning process.
Confirmation bias is apparent in the strong shifts in BRP vs
answer correlation which show that CF+CoT tends to be dis-
similar from the ground truth and explained by the BRP.

For completeness, we replicate the findings in Moore et
al. (2024) by computing the BRP using CF prompts and per-
form the analysis reported for cloze BRP in Figure 2. In line
with that work, we find that the correlations are weak be-
tween cloze BRP and CF overt behavior (r2 = 0.11 for CF,
r2 = 0.0008 for CoT, r2 = 0.12 for APriCoT).

Discussion: CF+CoT
In Prystawski et al. (2024) CoT is interpreted as a method
facilitating traversal of a Bayes net of related concepts. By it-
eratively traversing collocated concepts, facilitating connec-
tion between initially distant concepts. Essentially, CoT is
a mechanism for traversing semantic space. However, this
interpretation equally applies when the direction of traversal
does not lead to the correct answer due to bias.

This theoretically supports our empirical findings that
CF+CoT may result in a confirmation bias. Similarly, this
suggests that APriCoT is an improvement due solely to the
fact that we agnostically provide directions of traversal and
then require the model to provide commentary on the coher-
ence of the paths to arrive at the best candidate answer, lead-
ing to decreased bias and increased accuracy.

A strange observation to note is that these strong correla-
tions between BRP and choice selection in CF+CoT are neg-
ative. This is highly counter-intuitive, as it suggests that the
more preference a model has for an answer choice in the ab-
stract, the less likely it is to be chosen in practice. We refer
to this as anti-confirmation bias. We presently offer no mech-
anistic explanation for why this happens, but the strength of
the correlations provide strong evidence for its real presence.

Counterfactual APriCoT
In order to address the shortcomings identified in the CF+CoT
results, we propose an alternative method to induce reason-
ing in models we dub Agnostically Primed Chain-of-Thought
(APriCoT). APriCoT differs from CF+CoT in two important
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Figure 2: Pearson’s r correlation between average BRP per answer choice and answer choice distribution for each subject in
MMLU for CF prompting with CF (blue), CF+CoT (yellow), and APriCoT (green). Lines represent the combined correlation
(average Fisher’s z) for each prompt method. An ideal language model and prompting method should have correlation with
the BRP consistent with that of ground truth for the MMLU (red). Best: APriCoT has variance least explained by BRP
(r2 = 0.35) and is most similar to the ground truth (Wilcoxon = 521). Worst: CF+CoT has variance almost completely
explained by BRP (r2 = 0.93) and is least similar to the ground truth (Wilcoxon = 15).

ways (summarized in Table 2). First, CoT is elicited in com-
bination with one of the candidate answer choices. In effect,
the model is told to evaluate the correctness of one of the an-
swer choices. Second, each post-CoT context is used to eval-
uate only the same answer choice with which the CoT was
primed. Each answer choice is reasoned over and queried in-
dependently for its validity.

Methods: APriCoT
APriCoT is evaluated on the same MMLU question set as
CF+CoT with the same 100 maximum token generation limit,
10 iterations for robustness, and answer choice selection
method. All other evaluation aspects, including the maximum
CoT token length, the canary completion, and the number of
iterations remain unchanged from CF+CoT.

Results: APriCoT
Figure 1 shows the total answer distribution for APriCoT. It is
visibly clear that the choice distribution is well balanced and
closely matches that of the ground truth answers.

We evaluate APriCoT for its susceptibility to BRP effects.
In the third row of Figure 2, we see that across most subjects,
the answer distribution has diminished correlation with BRP
compared to CF+CoT and CF. We use the Fisher’s-z trans-
formation to aggregate correlation across subjects. The re-
sults suggest that BRP contributes r2 = 35% of the variance
across answer choices compared with r2 = 93% for CF+CoT.
APriCoT correlation is thus much closer to the correlation

between ground truth and BRP (r2 = 0.08).
We also compare BRP correlation with CF+CoT and APri-

CoT to the ground truth correlation with BRP. An ideal pre-
dictor would be indistinguishable from ground truth. We use
the Wilcoxon signed-rank test to measure the dissimilarity be-
tween the correlations of the ground truth with CF+CoT and
APriCoT correlations. The resulting test statistics are T = 15
for CF+CoT and T = 512 for APriCoT, suggesting that corre-
lations for APriCoT match the ground truth much closer than
for CF+CoT. This suggests that APriCoT tends to mitigate
the CoT confirmation bias as it tends to be more similar to
ground truth and uncorrelated with BRP.

Finally, we evaluated the effect of APriCoT on the accu-
racy of the model. We expected that the accuracy of the model
should improve due to a combination of noise reduction from
BRP mitigation and a more sophisticated deliberative mech-
anism. The result is an accuracy of 37.96% for CF. Likely
due to its susceptibility to BRP effects, CF+CoT saw a slight
reduction to 35.56%, while APriCoT improved to 42.79%.

It should be noted that all results reported herein show sub-
stantially reduced accuracy on MMLU than was reported at
the release of LLaMa 3.1 (Dubey et al., 2024). This likely
stems from differences in evaluation methodology. We do
not have access to the specific methodology used to evaluate
LLaMa 3.1. Further, previous work has shown conclusively
that subtle changes such as CF prompting in lieu of cloze
testing can affect model accuracy - a weakness still present
in current LLMs (Moore et al., 2024). The seemingly con-
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tradictory results between our work and that of Dubey et al.
(2024) is evidence that the models and the behaviors they ex-
hibit are complex and multifaceted. The difficulty of isolating
behaviors is one of the primary motivations behind this work.

Figure 3: Flow analysis of how CF+CoT and APriCoT each
changes CF performance on the MMLU. APriCoT has the
highest accuracy at 43% with CF+CoT = 36% and CF = 38%.

While APriCoT improves model performance in addition
to mitigating surface level biases, the results improve fur-
ther with slight decomposition, as shown in Figure 3. When
tracked per-question, we see that for every question that was
answered correctly with CF, APriCoT is more likely to also be
correct and less likely to be incorrect compared to CF+CoT.
To an even greater degree, questions answered incorrectly
with CF are more likely to be answered correct and less likely
to be answered incorrectly using APriCoT than CF+CoT.

Conclusion

In this work, we have attempted to mitigate a simple, but per-
nicious, bias in LLM behavior that complicates research into
other behaviors and abilities. This bias, known as base-rate
bias, was shown both here and in previous work to strongly
predict model behavior on the MMLU benchmark, which is
a common measure of LLM factual knowledge and language
understanding. We showed that induction of more complex
reasoning via the commonly employed CoT prompting strat-
egy surprisingly exacerbates the BRP bias, which we argue
is the result of confirmation bias-like behavior that approxi-
mates thinking fast.

We proposed and evaluated a novel prompting method
called Agnostically Primed Chain-of-Thought, otherwise
known as APriCoT. The method induces more deliberation,
more closely approximating slow thinking. Specifically, we
showed that APriCoT both significantly reduces, though still
does not fully eliminate, BRP effects and noticeably im-
proves model performance on the MMLU task. We hope for
this method to be a useful step toward mitigating unintended
heuristics in LLM behavior research and that it might inspire
useful methods in LLM-based complex reasoning systems.

Future Work
Future work should investigate whether APriCoT is appro-
priate for use in more complex reasoning tasks like search or
planning. In addition, APriCoT, despite being influenced by
CF prompting in its creation, makes no assumptions about the
evaluation method used. As such, future work should investi-
gate whether APriCoT yields similar improvements for cloze
testing and other evaluation methods.

APriCoT is currently only defined for tasks with a closed
set of options. Future work may investigate methods that per-
mit open ended questions, such as dynamic option generation
by the model itself.

This work also introduces or highlights multiple theoretical
questions regarding mechanistic explanations for LLM be-
havior that warrant further study. These include confirmation
bias, the dependence of CF overt behavior on cloze BRPs,
and further work evaluating the nature of LLM reasoning.

Potential Experimental Bias
In this work, we strove to maintain a valid, robust method-
ology at all stages. We recognize, however, that biases and
assumptions we hold may affect the work herein and limit the
generalizability of any results reported. In this section, we
identify and address those biases of which we are aware to
aid in the application and extension of this research.

This work is limited to experiments on a specific model
and dataset, each chosen with care. The model, Meta LLaMa
3.1 8B (Dubey et al., 2024), was the state of the art in small
scale open-weight LLMs at experimentation time. We lim-
ited experiments to open-weight models to maximize repro-
ducibility. Resource constraints limited experimentation to
the smaller 8B variant. While we recognize that the results re-
ported herein may not generalize to larger variants, we believe
that they represent important findings and hope that these re-
sults inspire further study on a wider variety of models. Sim-
ilarly, the MMLU benchmark is a mainstay in the evaluation
of new LLMs at release. We believe this makes any results
concerning MMLU’s efficacy and methods for ensuring its
efficacy to be of importance to the research community.

Limitations
APriCoT method is notably computationally expensive, in-
creasing inference costs by a factor equal to the number of
choices presented (4 in the case of MMLU). We stress that
this method is intended only for model evaluation, not end-
user applications. We believe that a one-time increase in cost
of evaluation is justified in exchange for a more trustworthy
and transparent gauge of model capabilities. We also hope
that future work may provide similar benefits without the in-
crease in computational expense.

Technical Details
All experiments were performed with ∼100
hours on a Google Colab NVIDIA A100
GPU. All code and data are available at
www.github.com/KyleAMoore/APriCoT_Experiments.

5966



References
Chua, J., Rees, E., Batra, H., Bowman, S. R., Michael,

J., Perez, E., & Turpin, M. (2024). Bias-augmented
consistency training reduces biased reasoning in chain-of-
thought. arXiv preprint arXiv:2403.05518.

Corey, D. M., Dunlap, W. P., & Burke, M. J. (1998). Aver-
aging correlations: Expected values and bias in combined
pearson rs and fisher’s z transformations. The Journal of
general psychology, 125(3), 245–261.

Dubey, A., Jauhri, A., Pandey, A., Kadian, A., Al-Dahle, A.,
Letman, A., . . . others (2024). The llama 3 herd of models.
arXiv preprint arXiv:2407.21783.

Hendrycks, D., Burns, C., Basart, S., Zou, A., Mazeika,
M., Song, D., & Steinhardt, J. (2020). Measuring mas-
sive multitask language understanding. arXiv preprint
arXiv:2009.03300.

Kahneman, D. (2011). Thinking fast and slow. New York,
New York: Farrar, Straus, and Giroux.

Madaan, A., Hermann, K., & Yazdanbakhsh, A. (2023).
What makes chain-of-thought prompting effective? a
counterfactual study. In Findings of the association for
computational linguistics: Emnlp 2023 (pp. 1448–1535).

Misra, K., Ettinger, A., & Rayz, J. T. (2021). Do lan-
guage models learn typicality judgments from text? arXiv
preprint arXiv:2105.02987.

Moore, K., Roberts, J., Pham, T., Ewaleifoh, O., & Fisher, D.
(2024, November). The base-rate effect on LLM bench-
mark performance: Disambiguating test-taking strategies
from benchmark performance. In Findings of the associa-
tion for computational linguistics: Emnlp 2024 (pp. 2283–
2288). Association for Computational Linguistics. doi:
10.18653/v1/2024.findings-emnlp.126

Prystawski, B., Li, M., & Goodman, N. (2024). Why think
step by step? reasoning emerges from the locality of ex-
perience. Advances in Neural Information Processing Sys-
tems, 36.

Radford, A., Wu, J., Child, R., Luan, D., Amodei, D.,
Sutskever, I., et al. (2019). Language models are unsu-
pervised multitask learners. OpenAI blog, 1(8), 9.

Roberts, J., Moore, K., Fisher, D., Ewaleifoh, O., & Pham, T.
(2024). Large language model recall uncertainty is mod-
ulated by the fan effect. In Proceedings of the 28th con-
ference on computational natural language learning (pp.
303–313).

Roberts, J., Moore, K., Wilenzick, D., & Fisher, D. (2024).
Using artificial populations to study psychological phe-
nomena in neural models. In Proceedings of the aaai
conference on artificial intelligence (Vol. 38, pp. 18906–
18914).

Saparov, A., & He, H. (2023). Language models are
greedy reasoners: A systematic formal analysis of chain-
of-thought. In The eleventh international conference on
learning representations, ICLR 2023, kigali, rwanda, may
1-5, 2023.

Shaikh, O., Zhang, H., Held, W., Bernstein, M., & Yang, D.
(2023). On second thought, let’s not think step by step!
bias and toxicity in zero-shot reasoning. In Proceedings
of the 61st annual meeting of the association for compu-
tational linguistics (volume 1: Long papers) (pp. 4454–
4470).

Suzgun, M., Scales, N., Schärli, N., Gehrmann, S., Tay, Y.,
Chung, H. W., . . . others (2023). Challenging big-bench
tasks and whether chain-of-thought can solve them. In
Findings of the association for computational linguistics:
Acl 2023 (pp. 13003–13051).

Turpin, M., Michael, J., Perez, E., & Bowman, S. (2024).
Language models don’t always say what they think: un-
faithful explanations in chain-of-thought prompting. Ad-
vances in Neural Information Processing Systems, 36.

Ullman, T. (2023). Large language models fail on triv-
ial alterations to theory-of-mind tasks. arXiv preprint
arXiv:2302.08399.

Wang, L., & Zhong, H. (2024). Not all bias is bad: Balancing
rational deviations and cognitive biases in large language
model reasoning. arXiv preprint arXiv:2406.10999.

Wei, J., Wang, X., Schuurmans, D., Bosma, M., Xia, F., Chi,
E., . . . others (2022). Chain-of-thought prompting elicits
reasoning in large language models. Advances in neural
information processing systems, 35, 24824–24837.

Wei, S.-L., Wu, C.-K., Huang, H.-H., & Chen, H.-H. (2024).
Unveiling selection biases: Exploring order and token
sensitivity in large language models. arXiv preprint
arXiv:2406.03009.

Zheng, C., Zhou, H., Meng, F., Zhou, J., & Huang, M. (2023).
Large language models are not robust multiple choice se-
lectors. In The twelfth international conference on learning
representations.

Zhu, J.-Q., & Griffiths, T. L. (2024). Eliciting the priors of
large language models using iterated in-context learning.
arXiv preprint arXiv:2406.01860.

5967


