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Abstract

Multiple-choice questions (MCQs) are widely
used to evaluate large language models (LLMs).
However, LLMs remain vulnerable to the pres-
ence of plausible distractors. This often di-
verts attention toward irrelevant choices, re-
sulting in unstable oscillation between correct
and incorrect answers. In this paper, we pro-
pose Inclusion-of-Thoughts (IoT), a progres-
sive self-filtering strategy that is designed to
mitigate this cognitive load (i.e., instability of
model preferences under the presence of dis-
tractors) and enable the model to focus more
effectively on plausible answers. Our method
operates to reconstruct the MCQ using only
plausible option choices, providing a controlled
setting for examining comparative judgements
and therefore the stability of the model’s inter-
nal reasoning under perturbation. By explicitly
documenting this filtering process, IoT also
enhances the transparency and interpretabil-
ity of the model’s decision-making. Extensive
empirical evaluation demonstrates that IoT sub-
stantially boosts chain-of-thought performance
across a range of arithmetic, commonsense rea-
soning, and educational benchmarks with mini-
mal computational overhead.

1 Introduction

“The greatest gift we can offer each other
is a second chance.” —Lloyd D. Newell

Although language models have demonstrated
remarkable success across a range of NLP tasks,
their ability to demonstrate reasoning is often seen
as a limitation, which cannot be overcome solely
by increasing model scale (Rae et al., 2022; bench
authors, 2023). In an effort to address this short-
coming, Wei et al. (2023) have proposed chain-of-
thought (CoT) prompting, where a language model
is prompted to generate a series of short sentences
that mimic the reasoning process a person might
employ in solving a task. It has been observed that
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Figure 1: Inclusion-of-Thoughts Framework is a self-
filtering strategy that reconstructs multiple-choice ques-
tions using only plausible options to mitigate model
instability and enhance performance.

CoT prompting significantly improves model per-
formance across a variety of multi-step reasoning
tasks (Wei et al., 2023). However, failures on MCQ
reasoning tasks are not solely caused by the ab-
sence of relevant knowledge, but also by instability
in the model’s preference over options when ex-
posed to multiple plausible distractors (Ma and Du,
2023; Fu et al., 2025; Balepur et al., 2024). That
is, the correct answer already appears among the
model’s high-confidence candidates, yet the final
prediction fluctuates due to comparative ambiguity
rather than missing reasoning steps (see Figure 3).

Rather than relying solely on training, recent
research has emphasized the utility of increased
test-time compute to elevate model performance
(Welleck et al., 2024). One prominent approach
involves sampling-based strategies that mimic test-
time scaling; for instance, Wang et al. (2023) utilize
majority voting over multiple generated samples
to stabilize outputs. Alternatively, feedback-based
techniques, such as Reflexion (Shinn et al., 2023a)
and Self-Refine (Madaan et al., 2023), employ it-
erative loops where the model uses step-wise or
outcome-based critiques to polish its responses. In
this sense, Zhao et al. (2025) observe that apply-
ing simple sampling and self-verification allows



Gemini v1.5 Pro to exceed the performance bench-
marks of ol-preview. Finally, structured search
algorithms have also been adapted for reasoning;
notably, Yao et al. (2023a) and Hao et al. (2023)
implement global search strategies—ranging from
BFS/DFS to Monte Carlo Tree Search—to system-
atically navigate the space of reasoning paths.

While these techniques have been proposed to
improve model accuracy by leveraging additional
compute during inference (Welleck et al., 2024),
they often rely on expensive aggregation or com-
plex search strategies. Hence, we introduce the
Inclusion-of-Thoughts (IoT), a novel approach
designed to augment the standard CoT process by
focusing on the stability of the model’s highest-
ranked predictions in isolation. As illustrated in
Figure 2, IoT achieves this by strategically perturb-
ing the input to elicit and then isolate the model’s
top two preferences, followed by a final, uncon-
strained comparative judgement. In contrast to
other test-time methods, IoT is computationally
lightweight and does not require extensive sam-
pling, complex feedback loops, or tree search. It
achieves its performance gain by resolving internal
decision instability related to the presence of dis-
tractors, essentially purifying the decision space to
focus on the model’s top-ranked hypotheses. This
makes IoT not only a scalable and cost-effective
method for improving reasoning stability beyond
the gains achieved by simple aggregation, but also
as a controlled test-time probe of preference stabil-
ity under option-level perturbations. Another key
advantage of IoT is its zero-shot, unsupervised im-
plementation. It works entirely off-the-shelf with
pre-trained language models, requiring no addi-
tional human annotation, auxiliary models, extra
training, or fine-tuning.

We evaluate IoT on a wide range of arith-
metic, commonsense reasoning, and educa-
tional tasks over 4 language models with vary-
ing scales: Llama-3.3-8B (Al@Meta, 2024),
0lmo-2-7B/13B (OLMo et al., 2024), and GPT-
40-mini (OpenAl et al., 2024). Across all lan-
guage models, IoT improves over CoT prompting
by a striking margin across all tasks. In particu-
lar, when used with 01lmo-2-7b, IoT achieves new
state-of-the-art levels of performance across com-
monsense reasoning tasks, including OBQA (Mi-
haylov et al., 2018) (+3.40%), CSQA (Talmor
etal., 2019) (+2.05%), GSM8K-MC (Cobbe et al.,
2021) (+3.95%), and across educational bench-
marks tasks such as ARC (Clark et al., 2018)

(+3.33%) and MMLU (Hendrycks et al., 2021)
(+1.16%). Finally, the main contributions of our
research are as follows:

1. We propose IoT, a lightweight, zero-shot test-
time framework that improves MCQ reasoning
by isolating and comparing a model’s high con-
fidence candidates, rather than expanding the
reasoning space through sampling or search.

2. We introduce a stability-oriented perspective on
multiple-choice reasoning, showing that many
errors arise from preference instability among
plausible options rather than missing knowledge
or insufficient reasoning steps.

3. We present a transition-based analysis of model
predictions across stages, providing diagnostic
insight into when and why correct intermediate
preferences fail to translate into correct final
answers.

4. Through extensive experiments across common-
sense, educational, and mathematical bench-
marks, we demonstrate that IoT consistently
improves accuracy over strong baselines while
incurring minimal computational overhead.

2 Inclusion of Thoughts
2.1 Methodology

Inclusion-of-Thoughts operationalizes structured
self-filtering through a three-stage pipeline to en-
hance the performance of Multiple-Choice Ques-
tion (MCQ) answering. In fact, IoT adopts a
stability-oriented view of MCQ reasoning in which
the goal is not to generate additional reasoning
paths, but to enhance MCQ performance by testing
whether a model’s highest-confidence preferences
remain consistent under controlled option perturba-
tions. IoT operates in three main stages:

Stage 1: Initial Preference Elicitation Given
an MCQ with the original option set O =
{o1,...,0,}, the model is first prompted using a
standard CoT approach to generate its most prob-
able answer, which we denote as the top-choice
candidate o] € O. This initial output reflects the
model’s raw preference over the full set.

Stage 2: Second Plausibility Assessment To
probe beyond this surface preference and identify
the next-best alternative, the option set is perturbed.
We remove the initial (stage 1) selection o] from O



STAGE 1: INITIAL QUERY

STAGE 2: SECOND CHANCE

STAGE 3: CONTROLLED QUERY

It's easier for human's to survive in:

A) alone B) the ocean C) a town D) a cave

It's easier for human's to survive in:

A) alone B) the ocean C) a town D) none

A) a town B) a cave

It's easier for human's to survive in:

Natural environments like caves are less artificial
and more akin to the 'natural' environments humans
were originally adapted to survive in. Hence, in a
natural setting it would be easier for humans to
survive in a cave due to their ancient adaptions to

such environments. Answer: D) a cave atown

A town would be easier for humans to survive in,
as it provides access to a variety of food sources,
water from taps, electricity for warmth and light,
and other necessary amenities. Humans can
easily procure resources for survival. Answer: C)

A town, as opposed to a cave, is much easier for
humans to survive in because it offers all
essential factors for survival. The final answer is

A) a town /

Figure 2: Inclusion-of-Thoughts Framework. The pipeline allows the model to choose up to two options. Then
the model looks at its preferences and decides the final answer in isolation.

and replace it with a neutral placeholder, “none of
the options”, yielding the modified option set

O' = (0 \ {07}) U {none of the options}.

The model is then queried again on this modified
MCQ, resulting in the second (stage 2) selection
0y € O'. If o} was a robustly correct answer, the
model is expected to select its placeholder, “none
of the options”. Otherwise, the model will select
another plausible alternative. The resulting pair of
answers, (07, 0}), reveals a structured preference
ordering.

Stage 3: Confined Final Inference The frame-
work then constructs a reduced MCQ consisting
solely of the two most plausible model-selected
candidates. If 05 = “none of the options”, the re-
duced set is {o]} and causes early stopping (see
Section 2.2); otherwise, the set is {0}, 05}. The
final inference is performed over this minimally
distracting set. This reframed question sharply
reduces the model’s cognitive load (i.e. model’s
preference instability in the presence of distractor
options) and focuses the reasoning process on its
own shortlisted alternatives. The final selection
on this reduced set is taken as the IoT prediction,
providing insight into the stability and robustness
of the model’s internal reasoning.

2.2 Early Stopping Mechanism

Our framework incorporates a critical early stop-
ping mechanism that terminates the process imme-
diately if the most plausible option selected during
Stage 1 (0}) is affirmed as the only meaningful
choice in Stage 2 (i.e., 05 = “none of the op-
tions”)—Dbypassing the Stage 3 prompting. When
the model consistently signals that its initial choice
is superior to all remaining options, the reason-
ing trajectory is considered converged, establishing
a definitive final answer based on the confirmed

stability of its preference. An example of early
stopping is presented in Figure 9.

3 Experiments

Our experimental evaluation focuses on three pri-
mary objectives: determining whether IoT delivers
consistent accuracy improvements across diverse
domains and model scales, comparing its com-
putational efficiency and robustness against exist-
ing test-time methods, and diagnosing the specific
types of reasoning failures it successfully mitigates
versus those where it remains ineffective.

3.1 Setup

Tasks and Datasets To comprehensively evalu-
ate the effectiveness of our proposed IoT frame-
work, we conducted experiments on various MCQ
benchmarks. These datasets span diverse domains
and difficulty levels, enabling a robust validation
of the model’s performance and generalization
capabilities across a variety of challenging tasks.
https://aclanthology.org/2025.acl-long.1051.pdf

¢ Commonsense Reasoning Common-
senseQA (CSQA, Talmor et al., 2019). A
dataset emphasizing commonsense reasoning,
with questions in a 5-option MCQs format.
OpenbookQA (OBQA, Mihaylov et al., 2018).
This dataset mimics open-book exams by pairing
elementary science questions with a set of core
facts. Answering requires multi-step reasoning
that combines these provided facts with broad
commonsense knowledge. SociallQA (SIQA,
Sap et al., 2019). This dataset is designed to test
social commonsense reasoning about people’s
actions, motivations, and emotional reactions in
everyday scenarios.

* Educational Benchmark Massive Multi-Task
Language Understanding (MMLU, Hendrycks
et al., 2021), focuses on professional domains



such as law, medicine, engineering, and finance.
AI2 Reasoning Challenge (ARC, Clark et al.,
2018). Derived from U.S. elementary and mid-
dle school science exams, it is primarily used
to assess the model’s performance in scientific
knowledge and complex reasoning tasks.

* Math Reasoning Algebra Question Answering
with Rationales (AQuA, Ling et al., 2017). This
dataset contains algebra questions, each accom-
panied by detailed solution steps. It aims to eval-
uate the model’s problem-solving and logical rea-
soning abilities in mathematical tasks. GSM8K-
MC. This dataset is an MCQ adaptation of the
original GSM8K (Cobbe et al., 2021) dataset,
containing elementary-level mathematics prob-
lems designed to assess the model’s mathemati-
cal reasoning capabilities.

Baselines We compared the performance gains of
the IoT framework against the following baselines.

¢ Chain-of-Thoughts (CoT, Wei et al., 2023) is a
technique where a language model is prompted
to generate a series of short sentences that mimic
the reasoning process a person might employ in
solving a task.

* Self-Consistency (SC, Wang et al., 2023) re-
places the naive greedy decoding used in chain-
of-thought prompting. It first samples a diverse
set of reasoning paths instead of only taking the
greedy one, and then selects the most consistent
answer by marginalizing out the sampled reason-
ing paths.

¢ Exclusion of Thoughts (EoT, Fu et al., 2025)
uses a scoring approach to reduce cognitive load
by eliminating the least important options step-
by-step until the likelihood of the top option is
higher than the other options with respect to a
heuristic threshold.

3.2 Main Results

We comprehensively evaluated the proposed IoT
method across various LLMs and compared its per-
formance with mainstream baseline approaches.
As demonstrated in Table 1, IoT achieves consis-
tent accuracy improvements across most bench-
marks, attaining the highest average accuracy in
each category compared to existing baselines. For
instance, when applied to the 0lmo-2-7B model,
IoT secures the highest overall average accuracy
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Figure 3: The figure illustrates the effect of removing
options on the accuracy of the 01mo-2-7B on different
datasets.

at 72.91%, surpassing its nearest competitor by a
margin of approximately 1.64%.

The results also reveal specific domain nuances
where [0T’s relative gains vary. [oT is observed to
be less effective when applied to the SIQA dataset.
This is attributed to SIQA’s 3-option format; be-
cause the framework filters down to the top-two
plausible answers, the reduction in cognitive load
is less significant than in benchmarks with larger
option sets.

Furthermore, while IoT yields performance im-
provements over standard CoT on Math bench-
marks, it is occasionally less effective than SC.
This suggests that models often reason over mathe-
matical questions independently of the provided op-
tions, as there is a direct logical pathway from the
question to the solution. In such cases, SC benefits
from allowing diverse reasoning pathways through
temperature-based sampling, whereas loT—along
with other baselines—utilizes a greedy approach
that prohibits such diversity. Despite these cases,
IoT remains the most robust overall method, estab-
lishing the highest average performance across the
0lmo-2-13B and L1ama-3.3-8B models. Figure 4
illustrates the performance comparison of IoT with
existing baselines across general domains.

Across individual tasks, IoT exhibits its strength,
particularly in more complex reasoning domains.
For instance, on the GSM8K-MC Math bench-
mark, IoT achieves the best result of 91.66
(01mo-2-7B) and 93.10 (01mo-2-13B), outperform-
ing both the standard Chain-of-Thought (CoT) and
Self-Consistency (SC) baselines. Similarly, in the
Commonsense and Education domains, IoT con-
sistently establishes the highest accuracy for the
majority of datasets, including ARC, MMLU, and
SIQA, confirming that its structured, self-filtering
approach effectively enhances the model’s ability
to select the most robust answer across diverse
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Figure 4: Results of 01mo-2-7B categorized by bench-
marks type. While the margin in Commonsense or Ed-
ucation is more significant, IoT achieves performance
comparable to self-consistency (SC) with much lower
computational cost.

knowledge and reasoning tasks.

3.3 Transition Analysis

Beyond aggregate accuracy, loT enables a fine-
grained analysis of how model predictions evolve
under option perturbation, revealing distinct transi-
tion patterns that characterize different reasoning
failure modes. During each stage, the model output
can be either True (i.e. it matches the groundtruth)
or False (F). Therefore, from stage 1 to stage 3, the
model answer can flip multiple times, and it can be
categorized into the following groups:

* TTT: When the model detects and retains its cor-
rect answer during all stages, it indicates that the
model has high confidence in the correct answer.

¢ FFF: In some cases, the model is not able to
detect the correct answer in stages 1 and 2, and
therefore stage 3. In these cases, the model has
no knowledge about the answer.

e TFT, FTT: In these cases, the correct answer
appears in either stage 1 or 2, and the model
successfully chose the correct answer in stage 3.

¢ TFF, FTF: In these cases, the correct answers
appear in either stage 1 or 2. However, during
stage 3, the model chose the False option as the
final answer.

We analyse this transition solely to justify the fi-
nal answer. As shown in Figure 5, the performance
improvement of IoT (outermost layer) w.r.t. CoT
(innermost layer) is due to transforming some of
the initially incorrect answers into correct answers
(FTT) minus a small portion of correct answers
turning into false (TFF).

Figure 5: Answer transition process of 01lmo-2-7B over
OBQA dataset. The final improvement is the difference
between FTT and TFF.

The TFF and FTF cases are of critical impor-
tance for our analysis. These instances are char-
acterized by the model identifying the correct an-
swer within its intermediate steps but selecting an
incorrect final prediction. Specifically, we hypothe-
size that when the model ranks the correct answer
among its top two priorities, yet ultimately outputs
the incorrect selection, this suggests one of two
potential issues: (1) the presence of ambiguity in-
dicating multiple plausible answers for the given
input, or (2) an erroneous ground-truth label in the
dataset. Below, we show an example of each case:

FTF - Multiple groundtruth

She was always helping at the senior center, it brought
her what? (A) happiness (B) satisfaction

FTF - Wrong groundtruth

What could committing murder prevent someone
from doing? (A) find god (B) go to jail

\

Ambiguous Cases To assess these ambigu-
ous samples (TFF and FTF), we employed
Gemini-3-pro and GPT-5 as external judges.
Specifically, we use stage 3 questions with two
high-priority options and ask the judges to select
the correct answer. The rate at which the judges’
selected answer aligns with the IoT final output
is recorded as the agreement rate. As shown in
Figure 6, the judges’ evaluation suggests a flip in
a portion of FTF and TFF cases, leading to tran-
sitions of FTF—TFT and TFF—FTT (in the case
of multiple groundtruth: FTF/TFF—TTT). This
suggests that IoT can serve as a diagnostic tool to
systematically identify cases in which the bench-
mark’s single-answer assumption may be insuffi-
cient to capture genuine ambiguity in the question.
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Table 1: Accuracy of multiple LLMs across various benchmarks using (1) CoT, (2) Self-Consistency (SC), (3)
stepwise elimination using EoT, (4) detecting plausible answers and reconstructing the question using IoT. The best
performance for each task is shown in bold. The second best performance is underlined. Note: EoT cannot be
applied directly to closed-source models (GPT), and GPT-40 SC is excluded due to computational costs.

Furthermore, this potential correction implies that
the actual performance of the IoT is better than the
measured performance, assuming that the identified
ambiguous or erroneous samples are corrected.

3.4 More Chances, Less Appreciation

To determine the optimal number of chances that
maximizes the performance, we extended our
framework to allow the model a potential oppor-
tunity at option selection. This modified process
filters the candidate options down to a maximum
of three distinct choices (or fewer, if the model re-
peats previous selections). The final question is
then constructed using these filtered options, and
the model is prompted for its definitive preference.

As demonstrated in Table 3, model performance
peaks when the selection process is limited to a sec-
ond chance, and degrades when a third chance is in-
troduced. This diminishing return can be attributed
to two main factors: (1) If the correct answer is
not successfully identified within the top two pre-
dictions, its inclusion in the third-ranked option
set suggests a significantly lower initial confidence.
The model’s ability to identify the correct answer
in this three-option context is thus considerably
impaired compared to its highly confident top two
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Figure 6: The portion of noisy samples agreed across
different benchmarks in TFF and FTF agreed by external
judges. The Agreement rate shown in the plot is the
average rate over Gemini-3-pro, and GPT-5 agreement.



CoT IoT

Dataset
Mean (1) Std () Mean (1) Std ()

OBQA 80.64 0.84 84.28 0.73
CSQA 72.64 1.13 76.89 0.52
SIQA 69.63 0.49 71.89 0.61
ARC 83.43 0.50 86.82 0.53
MMLU 64.58 0.64 66.84 0.29
GSM8BK-MC 90.19 0.74 92.70 0.64
AQUA 58.11 3.53 63.93 2.02

Table 2: Robustness of IoT compared to CoT w.r.t. shuf-
fling options. Best performance (highest mean, lowest
std) is bold.

selections. (2) Increasing the number of selection
opportunities inherently increases the number of
options presented in the final, constructed question
(i.e., moving from two to three options). A greater
number of choices in the final reasoning stage in-
troduces greater complexity and a greater potential
for distraction, hindering the model’s capacity to
focus and select the correct answer effectively.

3.5 Robustness

Pezeshkpour and Hruschka (2023) reveal that
LLMs exhibit a “sensitivity gap,” where model pre-
dictions shift based solely on the positional order of
choices in multiple-choice benchmarks. This lack
of robust reasoning suggests that models often rely
on positional heuristics rather than a deep semantic
understanding of the options.

To ensure IoT provides a reliable measure of
task performance, we conduct a robustness analy-
sis by systematically shuffling the order of options
5 times and calculating the variance in performance
across permutations. We aim to quantify the extent
to which our framework mitigates these ordering
effects and maintains a consistent, label-invariant
representation of the underlying knowledge. Ta-
ble 2 results indicate that IoT not only improves
average accuracy but also reduces sensitivity to op-
tion ordering, suggesting a more stable underlying
preference structure.

3.6 Computational Overhead

Despite the iterative nature of the IoT, it introduces
only modest computational overhead in practice.
This efficiency is primarily achieved through a dy-
namic early-stopping mechanism (see Section 2.2).
If the most plausible option selected in Stage 1 (ini-
tial assessment) is identical to the option selected
in Stage 2 (initial filtering and reasoning), the rea-

Inclusion of Thoughts

Dataset CoT
2nd Chance 3rd Chance

OBQA 77.70 81.30 80.70
CSQA 73.34 76.41 75.67
SIQA 70.09 70.29 N/A
ARC 82.64 85.67 84.81
MMLU 65.59 66.54 66.92
GSMSBK-MC 88.25 91.17 89.50
AQUA 58.86 62.80 60.04

Table 3: Comparison of IoT performance given a sec-
ond and third chance. The results are average over
0lmo-2-7B and L1ama-3. 3-8B performance.

Dataset CoT SC EoT IoT
OBQA 173 833 360 369
CSQA 159 712 326 427
SIQA 164 797 335 359
ARC 200 1,000 404 494
MMLU 261 1,336 529 636
GSM8K-MC 162 895 340 258
AQUA 279 1,468 604 430
Average 218 1,005 449 488

Table 4: Average tokens generated per sample. SC
generates roughly 4.6x the tokens of CoT, and EoT
generates 2.1x, while IoT is approximately 2.2x the
cost of CoT.

soning process is deemed to have converged. In
this case, the Stage 3 prompting step, which re-
quires further token generation, is automatically
bypassed. This immediate termination conserves
computational resources by preventing redundant
reasoning steps when the model has already estab-
lished a high-confidence, consistent answer. To em-
pirically validate this, we evaluated the framework
on 01mo-2-7B and measured the total number of
tokens generated by IoT across various tasks, com-
pared with baseline methods. Table 4 indicates that
the extra computational cost introduced by IoT is
limited, providing a favorable trade-off given the
substantial performance gains it yields in complex
reasoning tasks.

4 Related Works

Reasoning with LLMs The ability of large lan-
guage models (LLMs) to generate intermediate
steps, often termed a Chain-of-Thought (CoT) (Wei
et al., 2023), has become a central focus in rea-
soning research. Several works have explored the
internal mechanics of CoT, probing its faithfulness
(Lyu et al., 2023; Lanham et al., 2023) and its util-
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Figure 7: Cost-Benefit. Vertical axes illustrate the accuracy of each method, while the horizontal axes show the
average number of tokens per sample that each method costs.

ity in complex planning (Saparov and He, 2022).
Further prompt engineering techniques have been
developed to enhance this process by encouraging
the model to consider multiple viewpoints or gen-
erate supporting evidence for competing options,
such as Debate Prompting (Michael et al., 2023)
and Maieutic Prompting (Jung et al., 2022). Prior
to the rise of general CoT methods, research largely
focused on specialized approaches for tasks like
mathematical reasoning (Andor et al., 2019; Ran
et al., 2019; Geva et al., 2020; Pigkos et al., 2021).
In contrast, the introduction of Self-Consistency
(SC) by Wang et al. (2023) provided a more gen-
eralized framework, applicable to a wide range of
reasoning tasks without requiring additional super-
vision or fine-tuning, thereby substantially improv-
ing the effectiveness of standard CoT.

Test-time Scaling A large body of research has
shown that LLM reasoning can be dramatically im-
proved via advanced test-time approaches that com-
bine prompting and aggregation. Representative
methods include the aforementioned CoT and SC,
as well as Tree-of-Thought prompting (Yao et al.,
2023b), and Self-Reflection mechanisms (Shinn
et al., 2023b; Madaan et al., 2023). Furthermore,
techniques that leverage backward reasoning have
been proposed to verify intermediate steps and im-
prove precision, particularly in mathematical con-
texts (Weng et al., 2023; Xue et al., 2023; Jiang
et al., 2024). Orthogonal to search- or verification-
heavy test-time scaling, recent analyses have shown
that LLM predictions can be highly sensitive to su-
perficial perturbations such as option ordering or
minor context changes, indicating unstable pref-
erence structures rather than reasoning deficien-
cies(Pezeshkpour and Hruschka, 2024). These
findings suggest that improving inference-time ro-
bustness may require mechanisms that explicitly
probe and stabilize model preferences under con-

trolled perturbations. While these advanced test-
time methods are effective, particularly compared
to baseline CoT, they often yield only moderate ad-
ditional improvement over simpler techniques such
as SC alone (Wang et al., 2023). Crucially, many
of these highly complex approaches, such as back-
ward verification and specific multi-agent setups,
have been primarily developed and validated for
mathematical tasks, which inherently limits their
generalizability to the broader linguistic and com-
monsense challenges targeted by our framework.
Our proposed IoT framework distinguishes itself
by focusing on improving the selection mechanism
when multiple plausible outputs are already gener-
ated, thereby maximizing the utility of the model’s
intermediate high-priority outputs without introduc-
ing complex, task-specific reasoning steps. Unlike
prior methods that expand or verify reasoning tra-
jectories, IoT treats preference instability itself as
the primary failure mode and addresses it through
structured option-level perturbation, enabling tar-
geted improvement without increasing reasoning
depth or search complexity.

5 Conclusion

We introduced the IoT framework, a novel prompt-
ing strategy that systematically eliminates incorrect
options to enhance LLM performance on MCQ
tasks. Inspired by human reasoning strategies, [oT
reduces cognitive load by redirecting the model’s
attention to critical options, allowing it to focus
more effectively on analyzing the relevant choices.
Our extensive experiments across a variety of MCQ
datasets demonstrate that IoT improves reasoning
accuracy, particularly for challenging tasks. We
believe that viewing MC reasoning through the
lens of preference stability opens new directions
for understanding and improving LLM reasoning
behavior under controlled perturbations.



Limitations

IoT is designed specifically for MC question an-
swering and may not directly generalize to open-
ended generation tasks. Its effectiveness dimin-
ishes when the option set is very small, as prefer-
ence instability is less pronounced in such settings.
Finally, while IoT improves stability at inference
time, it does not address errors caused by missing
knowledge or fundamentally incorrect reasoning.
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A Evaluation Prompt

Below, we provide the prompt used for evaluating
LLMs.

Evaluation Prompt

You are given a multiple-choice question. You
should reason in a step-by-step manner to get the
right answer.

Question: {question} {options}

Judge Prompt

You are given a multiple-choice question and a
reasoning text. Your task is to extract the answer
choice according to the reasoning text. Output only
the option letter.

Question: {question} {options}
Reasoning text: {reasoning}
Answer:

\. J

B Datasets Statistics

Table 5 summarizes the data distribution for the
benchmarks used in our experiments, illustrating
the number of samples across the training, develop-
ment, and testing splits.

Dataset Train Dev Test
OBQA 7.69K 500 500
CSQA 974K 1.22K 1.14K
SIQA 33410 1954 -
ARC 1.12K 299 1.17K
MMLU - - 14K
GSM8K-MC 747K - 1.32K
AQUA 5K - 254

Table 5: Number of samples each dataset contains for
train, dev, and test splits.

C Examples of Inclusion-of-Thoughts

To improve interpretability and transparency, we
present representative step-by-step examples of the
Inclusion-of-Thoughts (IoT) framework, illustrat-
ing both standard three-stage reasoning and early
stopping behavior observed in our experiments.
Figure 8 on page 12 provides a step-by-step qual-
itative example of the IoT framework applied to
an OBQA sample. The example illustrates how an
initially correct but unstable preference in Stage 1
is challenged in Stage 2, and subsequently resolved
through a confined comparison in Stage 3. This
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case highlights [oT’s core mechanism: isolating the
model’s top plausible candidates and stabilizing the
final decision by reducing distractor-induced ambi-
guity.

Figure 9 on page 13 shows an example where
IoT terminates early after Stage 2, as the model con-
firms its initial preference by selecting the place-
holder option (“none of the options”). This be-
havior corresponds to the TTT transition pattern
described in Section 3.3. It demonstrates how IoT
avoids unnecessary prompting when preference sta-
bility is already established, thereby reducing com-
putational overhead without sacrificing accuracy.



STAGE 1
A cactus stem is used to store (A) fruit (B) liquid (C) food (D) spines.

Step 1: Identify the properties of a cactus stem. - A cactus stem is a thick, fleshy struc-
ture that can store water. Step 2: Analyze the options given in the question. - (A) Fruit: Fruit is
typically associated with flowering plants and does not store water in the same way a cactus stem
does. - (B) Liquid: A cactus stem can store liquid, specifically water. - (C) Food: Food is typically
the product of photosynthesis or consumption by organisms and is not stored in the same way as
water in a cactus stem. - (D) Spines: Spines are sharp, rigid structures used for protection and do
not store water. Step 3: Determine which option matches the function of a cactus stem. - The
correct answer is (B) liquid, as a cactus stem is designed to store water. Step 4: Select the final
answer. - The final answer is (B).

STAGE 2
A cactus stem is used to store (A) fruit (B) none of the options (C) food (D) spines.

Step 1: Identify the function of a cactus stem. - A cactus stem is used to store water.
Step 2: Analyze the given options based on the function. - (A) Fruit: Storing fruit is not a function
of a cactus stem. - (B) None of the options: This is a catch-all that doesn’t provide a specific
answer based on the stem’s function. - (C) Food: Food is something that is consumed, not stored in
a cactus stem. - (D) Spines: Spines are protective structures on a cactus, not something stored in
the stem. Step 3: Determine the correct answer based on the function of the cactus stem. - The
correct answer is (D) spines, as spines are stored on the cactus stem for protection. Therefore, the
final answer is (D).

STAGE 3
A cactus stem is used to store (A) liquid (B) spines.

"Step 1: Identify the function of a cactus stem. - A cactus stem is used to store water.
Step 2: Compare the options with the identified function. - Option A: "liquid" is a form of water,
which is the substance stored in a cactus stem. - Option B: "spines" are not a substance that can be
stored in a cactus stem; they are protective structures. Step 3: Determine the correct answer. - The
correct answer is (A) liquid.

Figure 8: Example of IoT (OBQA, Olmo-2-7b).
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STAGE 1
Where could you find a toilet that only friends can use? (A) rest area (B) school (C) stadium (D)
apartment (E) hospital.

Step 1: Analyze the given options to determine which one logically fits the description
of a toilet accessible only to friends. - Rest area: Public toilets are available for anyone to use.
- School: Public toilets are typically available for anyone to use. - Stadium: Public toilets are
typically available for anyone to use. - Apartment: Toilets in an apartment are private and only
accessible to the residents. - Hospital: Public toilets are typically available for anyone to use. Step
2: Identify the option that fits the description of a toilet accessible only to friends. - Apartment:
Toilets in an apartment are private and only accessible to the residents, who are friends or family.
Step 3: Select the correct answer. Answer: (D) apartment

STAGE 2
Where could you find a toilet that only friends can use? (A) rest area (B) school (C) stadium (D)
none of the options (E) hospital.

Step 1: Analyze the given options to determine which one logically fits the description
of a toilet that only friends can use. - A) rest area: Public rest areas typically have toilets that
anyone can use. - B) school: Schools usually have toilets that are accessible to all students and
staff. - C) stadium: Stadiums have toilets that are open to all attendees. - D) none of the options:
This is a catch-all option that suggests no correct answer exists among the choices provided. - E)
hospital: Hospitals have toilets that are available to patients, visitors, staff, and sometimes the
general public. Step 2: Consider the context of a toilet that only friends can use. - A toilet that is
restricted to only friends would likely be in a private setting, not a public place like those found in
rest areas, schools, or stadiums. Step 3: Evaluate the remaining option. - E) hospital: While a
hospital might have private rooms and toilets for patients, these are not typically restricted to only
friends. Additionally, hospitals also have public areas where anyone can use the toilets. Step 4:
Determine the most fitting option. - The only option that logically fits the description of a toilet
that only friends can use is "none of the options" (D). This is because none of the other options
inherently restricts access to only friends. Final Answer: The final answer is (D).

Figure 9: Example of IoT (CSQA, Olmo-2-7b). Here, the 10T stops the process and skips stage 3 since the model
confirms its answer in stage 2 (TTT case).
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