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Abstract

Effectively leveraging diversity has been shown to improve performance for various machine learning models,
including large language models (LLMs). However, determining the most effective way of using diversity remains a
challenge. In this work, we compare two diversity approaches for answering binary questions using LLMs: model
diversity, which relies on multiple models answering the same question, and question interpretation diversity, which
relies on using the same model to answer the same question framed in different ways. For both cases, we apply
majority voting as the ensemble consensus heuristic to determine the final answer. Our experiments on boolq,
strategyqa, and pubmedqa show that question interpretation diversity consistently leads to better ensemble accuracy
compared to model diversity. Furthermore, our analysis of GPT and LLaMa shows that model diversity typically
produces results between the best and the worst ensemble members without clear improvement.
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1. Introduction and Related Work

A common goal of embedding diversity into a de-
sign is to create a system from multiple compo-
nents that fail in complementary ways leading to
more robustness and better performance (Avizienis
and Kelly, 1984). The concept of design diversity
has also been applied to machine learning in var-
ious ways (Gong et al., 2019; Tang et al., 2006;
Pugh et al., 2016; Rosales et al., 2023; Khadka
et al., 2021; Miret et al., 2022), including model en-
sembling (Breiman, 1996; Wang et al., 2017; Chan
et al., 2021; Pitis et al., 2023; Jiang et al., 2023)
where inference is performed on multiple models
and the outcome is a function of the individual out-
puts, such as majority voting. For language model-
ing, Mixture-of-Experts (Yuksel et al., 2012; Jiang
et al., 2024; Yuksel et al., 2012; Ravaut et al., 2022)
is another application of design diversity, where the
architecture of a single LLM consists of separate ex-
pert subnets. Diversity has also been investigated
within In-Context Learning (ICL) techniques (Dong
et al., 2024), such as in the use of diverse reason-
ing paths (Li et al., 2023; Wang et al., 2023), Tree
of Thoughts (Yao et al., 2023), results fusion (Yu
et al., 2023), and also for domain-specific language
modeling applications (Song et al., 2023; Lála et al.,
2023; Gonzales et al., 2024).

Useful diversity, however, is not straightforward
to obtain, as greater disagreement does not nec-
essarily lead to better performance. A system with
useful diversity consists of components that have
failure diversity, i.e., when failures are not positively
correlated, such that when one component fails
the others can compensate for it. Littlewood and

Miller (1989) showed that systems obtained from
methodologies that follow diverse design decisions
can yield negatively correlated failures, whereas
merely independently developed systems will (on
average) not achieve negatively correlated failures.

Ensembles of independently developed LLMs
may suffer from shared failure patterns, limiting
gains in question-answering accuracy due to posi-
tively correlated errors. Several methods address
LLM selection for diverse ensembles. Jiang et al.
(2023) propose pairwise comparisons based on
a scoring metric, followed by generative fusion of
top-ranked models. This incurs high cost due to
scoring every model pair at inference. Lv et al.
(2024) avoid this by combining ranking and fusion
in a single architecture, but this increases complex-
ity and requires training a model to jointly learn both
tasks.

Instead of relying on costly training or fine-tuning
to enforce methodological diversity across LLMs,
we propose leveraging inference-time diversity in-
herent to question answering—specifically, ques-
tion interpretation. Even binary questions in popu-
lar datasets such as BoolQ (Clark et al., 2019) often
exhibit ambiguity; in a random sample, we identi-
fied 33% as ambiguous (see Section 4.4). By de-
liberately varying how a question is interpreted, we
enforce diversity as a design choice. This strategy
also requires only a single LLM, streamlining de-
velopment by enabling focused tuning and prompt
engineering.

In this work, we ask the following Research
Question: "Can diversity in question interpre-
tation serve as an effective alternative to model
diversity in binary questions?". As shown in Sec-
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Figure 1: Interpretation diversity: An LLM gener-
ates three interpretations of a question, answers
each, and the final answer is chosen by majority
voting.

Figure 2: Model diversity: Three different LLMs an-
swer a single interpretation of a question. Majority
voting is then performed on the answer’s summary.

tion 4, interpretation diversity consistently improves
performance on binary QA tasks across ChatGPT-
and LLaMA-based ensembles, often surpassing
model diversity.

Figures 1 and 2 illustrate the two ensemble strate-
gies. In the interpretation diversity approach (Fig.1),
a fixed LLM generates multiple interpretations of a
question, then answers each one. A majority vote
is cast over the resulting answers from the same
model, ensuring that only interpretation—and not
model—diversity is at play. In contrast, model di-
versity (Fig.2) holds the interpretation constant and
aggregates answers from multiple distinct LLMs via
majority voting. Before voting, we apply an answer
validation step involving keyword matching and pat-
tern recognition supported in prior work alongside
sentiment and likelihood analysis (Dimitriadis and
Tsoumakas, 2024; Ligozat et al., 2007; Cole et al.,
2023).

To the best of our knowledge, our paper is the
first work to directly compare model diversity and
question interpretation diversity in LLM-based en-
sembles. Nonetheless, related works have studied
approaches to reduce question ambiguity, which
is related to question interpretation diversity, such
as through the use of database of unambiguous
questions (Sun et al., 2023), with retrieval aug-
mentation (Kim et al., 2023; BehnamGhader et al.,
2023), by asking follow-up questions (Tix and Bin-
sted, 2024), and through sampling repetition (Cole
et al., 2023). Works such as (Rosenthal et al., 2021)
explore the need to provide more context to the an-
swers to achieve higher quality answers and enable
explainability as a proxy for trustworthiness.

The rest of the paper is structured as follows:

Section 2 describes the methodology used, Sec-
tion 3 outlines the experimental setup, Section 4
presents the obtained results, and Section 5 sum-
marizes our findings and provides concluding re-
marks.

2. Methodology

Metrics We define heuristics and metrics to com-
pare both diversity methods for binary questions.

An LLM model Mi fed with a prompt pj produces
an answer denoted rij = Mi(pj). This answer is
sent to an answer extraction heuristic Ek that pro-
duces a summarized answer ai,kj = Ek(rij), Ek :

rij → A = {yes,no,none,depends,unclear}.
The set of possible summarized answers is larger
than a simple binary ‘yes’ or ‘no’, as LLMs some-
times do not limit their answers to such absolute
categories.

The binary correctness score is then computed
on the extracted summarized answer ci,kj =

C(ai,kj ), C : A → {correct,incorrect}.

Answer extraction heuristics We now present
two answer extraction heuristics Ek used for an-
swer validation, i.e., how do we extract a ‘yes’ or ‘no’
answer from any possible LLM response rij . Next,
we show how we qualify the extracted answer as
correct or incorrect.

Match First EFirst(rij). This heuristic looks
for the first case-insensitive pattern match from
a set of typical positive: {yes, possibly yes,
possible, likely yes}, and negative an-
swers: {no, possibly no, possible, un-
likely, likely no}. If no match is found, the
extracted answer is ‘none’.

Match Pattern EPattern(rij). This heuristic
consecutively attempts to match a reply from
the following manually selected regular expres-
sions: /<answer>(.*?)<\/answer>/ ≻ /An-
swer:(.*?)./ ≻ /The answer is (.*?)./
≻ EFirst. If no pattern matches, ‘none’ is returned.

Answer validation Once the summary response
ai,kj of prompt pj is obtained, the correctness score
C is compared against the ground truth answer Tj

computed as follows:

C(ai,kj )

{
correct if ai,kj = Tj

incorrect if ai,kj ̸= Tj

Note that the range of ai,kj can contain more el-
ements than the range of the ground truth Tj , as
many binary question datasets provide only a ‘yes’
or a ‘no’. This means, that this metric would always
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penalize ill-posed questions that may be ambigu-
ous and do not have a clear binary answer.

To evaluate an entire dataset, we employ Accu-
racy: the arithmetic mean of the correctness metric.

3. Experiments

Models We used two model families: OpenAI
GPT (Achiam et al., 2023) (gpt-3.5-turbo, gpt-3.5-
turbo-instruct, gpt-4) and Meta LLaMA (Touvron
et al., 2023; Dubey et al., 2024) (LLaMA-2-7B-Chat,
LLaMA-3-8B, and LLaMA-3-8B-Instruct). GPT-3.5
was used to generate question interpretations to
maintain comparability with open-weight models.
These versions correspond to publicly released
checkpoints documented in their respective reposi-
tories (see Appendix A for exact model IDs).

Datasets We evaluate on three established
yes/no QA benchmarks. Specifically, we use
all 3270 questions of the BoolQ validation
dataset (Clark et al., 2019), all 2290 questions from
the StrategyQA train dataset (Geva et al., 2021),
and a total of 445 questions from a 50% split of
the PQA-L yes/no questions in the PubMedQA
dataset (Jin et al., 2019). BoolQ and StrategyQA
are open domain questions and PubMedQA is spe-
cific to biomedicine.

Dataset Domain Size
BoolQ (Clark et al., 2019) Wikipedia 3270
StrategyQA (Geva et al., 2021) Commonsense reasoning 2290
PubMedQA (L) (Jin et al., 2019) Biomedical abstracts 445

Table 1: Binary QA datasets used in our experi-
ments. Size indicates the number of questions.

Prompting Question interpretation diversity was
generated using a two-step prompting process.
The first prompt (pmulti−step1) requests three dis-
tinct semantic interpretations of a given question
using the same single model (gpt35) to avoid model-
dependent diversity:

Interpretation prompt : pmulti−step1

"System: Consider the question:
’{question}’. How might this
question be interpreted in different
contexts or with different underlying
meanings? Provide at least three
distinct semantic interpretations."

The second prompt (pmulti−step2) instructs the
model under evaluation to restate and answer each
interpretation, appending the final binary decision
enclosed in <answer>Yes/No</answer>:

Answer interpretation prompt : pmulti−step2

"System: The original question
’{question}’ has multiple
interpretations (indexed from 1
to N). First, I want you to state
if Interpretation ’{index}.’ is
mentioned in the list or not: {
{interpretations} }. Second, if
it is not mentioned reply with
’<answer>EMPTY</answer>’ and stop,
but otherwise I want you to exactly
repeat interpretation ’{index}.’
and then state the most relevant
facts to answer this interpretation.
Finally, summarize the answer
with ’<answer>Yes</answer>’ or
’<answer>No</answer>’."

Majority Voting From the responses of the six
models to all question interpretations, two different
classes of ensembles are created:

• Across interpretations—Ensemble of answers
to three different interpretations from a sin-
gle model. Example: {gpt35t::interpret1,
gpt35t::interpret2, gpt35t::interpret3}

• Across models—Ensemble of three different
models responding to the same interpreta-
tion. Example: {gpt35t::interpret1, gpt35t-
i::interpret1, gpt4::interpret1}.

Each ensemble provides a single answer through
a majority voting of their members:

E = argmax
a∈A

N∑
n=1

I(Ek
n(r

i
j) = a)

where: E is the majority voted answer, A is the
set of valid summarized answers, N is the number
of ensemble members, Ek

n(r
i
j) is the summarized

answer of the n-th member according to heuristic
Ek for model answer rij , I is an indicator function
that equals 1 if Ek

n(x) = a and 0 otherwise.

4. Results

Dataset-wise accuracy for answers to a) direct
questions (baseline), b) interpreted questions, and
c) voting variants is shown in Table 2. Per model
baseline accuracy figures are provided in Ap-
pendix B.

4.1. Voting across diverse interpretations
Figure 3 shows accuracy scores for interpretation
diversity ensembles, with dotted lines linking each
interpretation’s score to the ensemble score.
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Task Model Baseline Interp. 1 Interp. 2 Interp. 3 Vote-Interp. Vote-Model

boolq

gpt3.5 54.89 75.23 65.26 60.09 72.63
gpt3.5-i 60.58 66.79 65.69 64.50 66.27 77.31
gpt4 80.43 79.63 71.31 69.79 77.89
llama2 46.54 9.42 8.04 9.66 39.39
llama3i 57.06 47.98 40.58 37.58 61.35 51.16
llama3 51.19 35.41 32.91 31.90 49.48

pubmedqa

gpt3.5 29.21 86.52 67.87 48.31 78.43
gpt3.5-i 42.02 99.10 96.18 98.65 99.78 92.81
gpt4 68.54 77.75 77.30 79.10 81.80
llama2 41.80 15.06 7.87 14.16 4.72
llama3i 46.97 57.08 48.31 44.49 73.03 41.80
llama3 55.06 43.37 38.65 41.12 38.65

strategyqa

gpt3.5 58.86 65.68 58.12 54.63 64.89
gpt3.5-i 60.17 52.58 52.18 53.10 52.27 68.03
gpt4 74.89 70.61 62.58 65.72 69.69
llama2 50.74 9.13 6.55 8.08 53.76
llama3i 56.77 40.96 39.52 34.76 55.46 54.15
llama3 52.62 31.88 29.65 27.21 51.62

Table 2: Average scores per dataset for models answering the baseline, individual interpretations, and
voting variants. Bold indicates the best in each dataset-model group; underline marks the better of
interpretation vs. model voting.

Figure 3: Voting across interpretations: Majority voting accuracy (white) vs. individual interpretation
accuracy (color). Left: ChatGPT models; Right: LLaMA models.

Figure 3 shows that when voting across interpre-
tations, the ensemble score is above or close to the
best member score most of the time, except the un-
tuned llama2 and llama3 models in the pubmedqa
dataset. Furthermore, the improvement of the en-
semble is significant for the LLaMA models in boolq
and strategyqa datasets, and a slight improvement
on the llama3-i model on pubmedqa.

4.2. Voting across diverse models
Figure 4 shows GPT (left) and LLaMA (right) en-
semble accuracy compared to their individual mod-
els across the three datasets.

The results of Figure 4 show that with model
diversity, the ensemble scores mostly fall within
the range defined by the maximum and minimum

scores of the ensemble members.

4.3. Interpretation vs model diversity
To compare the results of the two diversity ap-
proaches, the distribution of the accuracy differ-
ences of the ensembles relative to the best individ-
ual member, is shown in Figure 5 for the ensembles
based on ChatGPT models and for those based on
LLaMA models.

In Figure 5, we observe that for both the Chat-
GPT and LLaMA ensembles, the interpretation di-
versity approach is superior compared to ensemble
diversity, as it consistently results in a better accu-
racy difference. The mean accuracy differences to
the best individual member of model diversity are
-3.73 and -10.53 for ChatGPT and LLaMA ensem-
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Figure 4: Voting across models: Majority voting accuracy (white crossed rectangle). Left: ChatGPT
ensemble; Right: LLaMA ensemble.

Figure 5: Accuracy delta between the ensemble
vote and its best individual model. Interpretation
voting (right) beats model voting (left) for both Chat-
GPT and LLaMA.

bles respectively, while for interpretation diversity
the means are -1.35 and 11.12, revealing that in-
terpretation diversity results are closer to the best
individual ensemble member. In addition, it can
be observed that interpretation diversity provides
a significant improvement with respect to the best
ensemble member in LLaMA ensembles.

Beyond accuracy, interpretation diversity can
also be more cost efficient. Both approaches re-
quire a comparable number of inference calls for
a three member ensemble, but model diversity
distributes those calls across multiple, and pos-
sibly more expensive, models, whereas interpreta-
tion diversity issues all calls to a single, potentially
cheaper model. Although interpretation diversity
introduces an additional call to generate the inter-
pretations, the ability to select one cost effective
model and avoid provisioning multiple APIs can
offset this overhead, making interpretation diver-
sity a more practical option in resource constrained
settings.

4.4. Manual evaluation insights
We manually annotated 30 randomly sampled ques-
tions (15 from BoolQ and 15 from StrategyQA) to
assess ambiguity (the full list of sampled questions,
the detailed evaluation procedure, and sample
model answers are provided in Appendices D, C,
and E). Roughly one-third (33%) of BoolQ and
about 40% of StrategyQA items exhibited multi-
ple valid interpretations (ambiguous questions), as
illustrated in Figure 6. For example, the BoolQ
question “Does the size of a rain gauge matter?”
can refer either to measurement accuracy or to
adherence to meteorological standards, leading to
different valid answers.

Figure 6: Manual classification of sample questions.
Left: boolq. Right: strategyqa.

For each question, we also manually answered
every generated interpretation and compared these
answers to the dataset ground truth, as illustrated
in Figure 7. This analysis revealed that when inter-
pretations diverged, the corresponding answers of-
ten changed as well—showing that several dataset
items admit multiple reasonable readings. Although
ensemble voting is evaluated against the original
ground truth, interpretation diversity still achieves
higher measured accuracy, suggesting that aggre-
gating across possible meanings helps mitigate the
effect of ambiguous labeling. Thus, interpretation
diversity not only performs better empirically but
also exposes underlying uncertainty in benchmark
questions.
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Figure 7: Manual classification of interpretations to
sample questions. Left: boolq. Right: strategyqa.

5. Conclusions

In closing, our results show that, for the tested mod-
els and datasets, question interpretation diversity
leads to better ensemble accuracy than model di-
versity under comparable model sizes in binary
questions. The accuracy improvement distributions
of question interpretation voting consistently ex-
ceed those of model diversity, with minimal overlap.
This advantage is particularly pronounced in the
case of the LLaMA-based ensembles. In contrast,
model diversity typically produces results that fall
between the best and worst ensemble members.
This confirms, that voting across different models
or different interpretations are robust approaches
to avoid the worst-case performance of a particu-
lar ensemble individual, but question interpretation
diversity is shown to be a superior ensembling ap-
proach where the final result is better or close to
the best individual answer. These findings suggest
that fostering semantic diversity at the prompt level
may be a more scalable path, with implications for
resource efficiency, toward robust LLM ensembles
than relying on architectural diversity alone.

Future work should investigate adaptive ensem-
ble weighting based on interpretation validity, as
well as extensions to open-ended and multi-class
tasks where both question and answer ambiguity
coexist. Overall, our study highlights that diversity
in meaning, can be a key driver of reliability in large
language model ensembles.

6. Limitations and Ethical Concerns

6.1. Limitations
Datasets The work at hand has been evaluated
on the task of answering binary questions from
selected established benchmarks. These datasets
do not capture all types of question-answering tasks
LLMs may encounter and contain some additional
limitations. Although the number of ‘yes’ and ‘no’
ground truth answers is balanced, and the domains
covered are broad, manual inspection reveals that a
human would not necessarily agree with the ground
truth. Even though our results are limited to the
evaluated datasets, they provide a reference point

for comparing diversity methods.

Binary vs open-ended questions In order to
evaluate the diversity of question interpretation to
open-ended questions it would be necessary to ex-
tend the answer validation step. If the ground truth
answers are not limited to ‘yes’ or ‘no’, it becomes
significantly harder to identify if a model has cor-
rectly answered as the number of potentially correct
answers is not bounded. Nevertheless, validation
heuristics, such as semantic similarity based on
text embeddings could be applied, to estimate if an
answer is closer to the ground truth.

LLMs tested Our experiments focused on only
two categories of LLMs: ChatGPT- and LLaMA-
based. We chose to evaluate a single class of com-
mercial LLMs and a single class of open-weight
LLMs as representatives of black-box and open
foundational models. The evaluation of further mod-
els would further solidify the strength of the results.
Furthermore, more sophisticated ensembles could
be evaluated, such as comparing fine-tuned models
vs foundational models, as well as heterogeneous
ensembles.

Performance The use of ensembling introduces
an overhead that linearly scales with the number
of ensemble members used. A majority vote of
three members would require 3× the number of
inferences. Furthermore, the creation of an extra
step to provide an explicit semantic interpretation
of the question introduces a latency overhead, as
the ensemble members would need to wait for the
interpretation to be generated.

Combination with other techniques The inves-
tigated diversity approaches could be combined
with existing and orthogonal state-of-the-art tech-
niques for LLMs such as fine-tuning from human
feedback (Ouyang et al., 2022), fine-tuning for a do-
main application (Han et al., 2024), ICL prompting
engineering techniques (Dong et al., 2024), as well
as Retrieval Augmented Generation (RAG) (Lewis
et al., 2020; BehnamGhader et al., 2023). Such
techniques can be applied to individual LLM infer-
ence calls. We leave the evaluation of these tech-
niques, and their potential combinations, to future
work.

Scalability It would be valuable to examine
whether increasing the size of a model ensemble
eventually yields greater benefits than adding ad-
ditional interpretations. This remains unclear, as
the number of valid interpretations may be finite,
yet research also suggests that the advantages of
ensembling multiple models eventually plateau.
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6.2. Ethical Concerns
In general, diversity can be a positive contributor
to reducing bias. When applied to identify differ-
ent question interpretations, this technique could
be helpful to address inherent biases in the ques-
tion itself by providing a set of different semantic
interpretation possibilities. However, the consen-
sus heuristic would potentially introduce a point of
concern. Depending on what heuristic is chosen,
the result could again be biased. Majority voting
itself is an imperfect voting mechanism, and major-
ity voting without weights gives every opinion the
same weight, independent of any factor.
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Figure 8: GPT baseline accuracy on direct ques-
tions.

Figure 9: LLaMA baseline accuracy on direct ques-
tions.

ground truth answer is also compared to how we
answered the question (with access to the Internet)
and marked the ground truth as ‘GT invalid’ if there
is disagreement. Each of the three interpretations
generated by gpt35t is also manually evaluated.
Each interpretation is first examined if it is a valid
interpretation of the original question or not, e.g., if
the interpretation is sensible or relevant in a normal
context. Finally, we manually answer each ques-
tion interpretation and then we compare them to the
ground truth answer of the original question. In this
way, it is possible to identify if changing the inter-
pretation of a question also changes the expected
ground truth.

From the question classification results (see Fig-
ures 6 and 7), we observed that most of the an-
swers marked as invalid corresponded to ambigu-
ous questions. From the interpretation classifica-
tion results, we observed that in the boolq dataset,
all valid interpretations have a correct answer that
matches the ground truth answer of the original
question, while for the strategyqa dataset, about
a third of the valid interpretations would result in a

different answer. It is worth noting that for the boolq
dataset, the majority of the invalid interpretations
had an answer that matched the ground truth of the
original question, where in the strategyqa dataset,
only half of them do match.

D. Sampled Questions for Manual
Evaluation

Tables 4 and 5 list the 30 randomly sampled ques-
tions used for the manual evaluation described in
Section C. Questions highlighted in gray were iden-
tified as ambiguous during annotation.

D.1. BoolQ
Table 4 shows the 15 sampled questions from the
BoolQ validation dataset along with their ground
truth (GT) answers.

QUESTION GT
is angular frequency and angular velocity the same no
is the singer from blur in the gorillaz yes
does the size of a rain gauge matter yes
is a cougar and a mountain lion the same yes
is skyline drive part of the blue ridge parkway yes
does the jeep commander have a third row yes
does average velocity have a direction associated with it yes
can an x be used as a signature yes
is there something at the end of ifinity war yes
can a terminating decimal be written as a recurring decimal yes
did they used to make 1000 dollar bills yes
is there a continuation to avengers infinity war yes
was the decl. of independence written during the second continental congress yes
is there free to air tv in the usa yes
are trinidad and tobago in the world cup 2018 no
is jason in the first friday the 13th yes
is a power adapter the same as a charger no
is there a story to magic the gathering yes
does the dad die in train to busan yes
is things fall apart based on a true story no
did we have red solo cups in 1982 yes
does the mlb all star game go into extra innings yes
was looking for mr goodbar based on a true story yes
is eastern kentucky university a division 1 school yes
is there a way one can grow more crops from the same land yes
is rosso vermouth the same as sweet vermouth no
is the international journal of nursing studies peer reviewed yes
did colombia make it to the round of 16 yes
will there be a total bellas season 4 yes
does the batter have to move out of the way of a pitch yes

Table 4: Sampled questions from boolq dataset.
Highlighted in gray are questions that can be inter-
preted in more than one way due to ambiguity or
lack of context.

D.2. StrategyQA
Table 5 shows the 15 sampled questions from the
StrategyQA train dataset along with their ground
truth answers.

E. Model Answers to Question
Interpretations

Tables 6 and 7 show the raw answers of models
gpt35t and llama3-i to three different interpretations
of the BoolQ question “does the size of a rain gauge
matter”. These illustrate how the interpretation di-
versity approach works in practice: each model
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QUESTION GT
Is Guitar Hero Beatles inappropriate for a US third grader? no
Does a Generation Y member satisfy NYPD police officer age requirement? yes
Does Amtrak operate four wheel vehicles? yes
Is most store bought rice pudding made with brown rice? no
Would it be difficult to host Stanley Cup Finals at Rock in Rio? yes
Would an owl monkey enjoy a strawberry? yes
Would the author of Little Women have remembered the ratification of the 13th Amend-
ment?

yes

Did Mozart ever buy anything from Dolce & Gabbana? no
Are paratroopers good at mountain rescue? yes
Were French people involved in the American Civil War? yes
Can you avoid internet trolls on reddit? no
Do the directors of The Matrix advocate for transgender rights? yes
Would menu at Chinese Starbucks be familiar to an American? no
Do salmon mate in the Caspian Sea? no
Can an adult male stand on top Donatello’s bronze David and touch the Sistine Chapel
ceiling?

no

Could Al Capone have read works from the Harlem Renaissance? yes
Was the subject of Parsifal taken from British folklore? yes
Will Dustin Hoffman likely vote for Trump in 2020? no
Does the Taco Bell kitchen contain cinnamon? yes
Is Issac Newton often associated with a red fruit? yes
Are all the elements plants need for photosynthesis present in atmosphere of Mars? yes
Would Eye surgery on a fly be in vain? yes
Can Paprika be made without a dehydrator? yes
Would an Alfa Romeo vehicle fit inside a barn? yes
Is Alan Alda old enough to have fought in the Vietnam War? yes
Was Oscar Wilde’s treatment under the law be considered fair in the US now? no
Would a Bengal cat be afraid of catching a fish? no
Could Edward Snowden have visited the headquarters of United Nations Conference
on Trade and Development?

yes

Will a sloth explode if it’s not upside down? no

Table 5: Sampled strategyqa dataset questions.
Highlighted in gray are questions that can be inter-
preted in more than one way due to ambiguity or
lack of context.

receives a distinct semantic interpretation and pro-
duces a contextually different answer, which are
then aggregated via majority voting.
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Interp. Interpretation of: “does the size of a rain gauge matter” gpt35t answer
1 1. Scientific interpretation: In a scientific context, the question

’does the size of a rain gauge matter’ could be interpreted as
a query about the accuracy of rainfall measurements. Rain
gauges are used to collect and measure precipitation, and the
size of the gauge can affect the accuracy of the measurement.
A larger rain gauge may collect more water, but it may also be
more susceptible to evaporation or wind interference. Therefore,
the question could be asking whether the size of a rain gauge
affects the accuracy of rainfall measurements.

Interpretation ’1.’ is mentioned in the list. Scientific interpretation: In a scientific context, the question ’does the size of a
rain gauge matter’ could be interpreted as a query about the accuracy of rainfall measurements. The size of the gauge can
affect the accuracy of the measurement. A larger rain gauge may collect more water, but it may also be more susceptible to
evaporation or wind interference. Therefore, the question could be asking whether the size of a rain gauge affects the accuracy
of rainfall measurements. Answer: Yes.

2 2. Engineering interpretation: In an engineering context, the
question ’does the size of a rain gauge matter’ could be inter-
preted as a query about the design of rain gauges. Engineers
may be interested in designing rain gauges that are more effi-
cient or cost-effective. Therefore, the question could be asking
whether the size of a rain gauge affects its performance or cost-
effectiveness.

Interpretation ’2.’ is mentioned in the list. Engineering interpretation: In an engineering context, the question ’does the size of a
rain gauge matter’ could be interpreted as a query about the design of rain gauges. Engineers may be interested in designing
rain gauges that are more efficient or cost-effective. Therefore, the question could be asking whether the size of a rain gauge
affects its performance or cost-effectiveness. The most relevant facts to answer this interpretation are that the size of a rain
gauge can affect its cost, ease of installation, and maintenance. A larger rain gauge may be more expensive to manufacture
and transport, and may require more space for installation. However, a larger rain gauge may also be more durable and require
less frequent maintenance. On the other hand, a smaller rain gauge may be cheaper and easier to install, but may require
more frequent maintenance and may be less accurate in measuring rainfall. <answer>Yes</answer>

3 3. Environmental interpretation: In an environmental context,
the question ’does the size of a rain gauge matter’ could be
interpreted as a query about the impact of rainfall on the envi-
ronment. Rainfall is an important factor in many environmental
processes, such as plant growth, erosion, and water availability.
Therefore, the question could be asking whether the size of
a rain gauge affects our understanding of the environmental
impact of rainfall.

Interpretation ’3.’ is mentioned in the list. Environmental interpretation: In an environmental context, the question ’does the size
of a rain gauge matter’ could be interpreted as a query about the impact of rainfall on the environment. Rainfall is an important
factor in many environmental processes, such as plant growth, erosion, and water availability. Therefore, the question could be
asking whether the size of a rain gauge affects our understanding of the environmental impact of rainfall. The most relevant
fact to answer this interpretation is that the size of a rain gauge can affect the accuracy of rainfall measurements, which in turn
can affect our understanding of the environmental impact of rainfall. If the rain gauge is too small, it may not collect enough
water to accurately represent the amount of rainfall in the area. On the other hand, if the rain gauge is too large, it may collect
more water than is representative of the area, leading to inaccurate measurements. <answer>Yes</answer>

Table 6: Answers of gpt35t to three interpretations of the sample BoolQ question.
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Interp. Interpretation of: “does the size of a rain gauge matter” llama3-i answer
1 1. Scientific interpretation: In a scientific context, the question

’does the size of a rain gauge matter’ could be interpreted as
a query about the accuracy of rainfall measurements. Rain
gauges are used to collect and measure precipitation, and the
size of the gauge can affect the accuracy of the measurement.
A larger rain gauge may collect more water, but it may also be
more susceptible to evaporation or wind interference. Therefore,
the question could be asking whether the size of a rain gauge
affects the accuracy of rainfall measurements.

" Answer: The Interpretation ’1.’ is mentioned in the list. Here it is, followed by the most relevant facts to answer this
interpretation: 1. Scientific interpretation: In a scientific context, the question ’does the size of a rain gauge matter’ could be
interpreted as a query about the accuracy of rainfall measurements. Rain gauges are used to collect and measure precipitation,
and the size of the gauge can affect the accuracy of the measurement. A larger rain gauge may collect more water, but
it may also be more susceptible to evaporation or wind interference. Therefore, the question could be asking whether the
size of a rain gauge affects the accuracy of rainfall measurements. The size of a rain gauge can affect the measurement of
precipitation in the following ways: - Larger rain gauges tend to collect more precipitation and may be more susceptible to wind
interference, which can lead to an overestimation of precipitation amounts. - Smaller rain gauges may be more susceptible
to evaporation, which can lead to an underestimation of precipitation amounts. - The shape and material of the rain gauge
can also affect the measurement of precipitation, including the type of material used for the gauge and the shape of the
gauge. In summary, the size of a rain gauge can affect the accuracy of rainfall measurements, and the correct choice of rain
gauge size and design depends on the specific application and the environmental conditions. <answer>Yes</answer> “‘ -
2020-09-14T12:47:23.555Z - “‘System: The original question ’does the size of a rain gauge matter’ has multiple interpretations
(indexed from 1 to N). First, I want you to state if Interpretation ’2.’ is mentioned in the list or not: 1. Scientific interpretation: In
a scientific context, the question ’does the size of a rain gauge matter’ could be interpreted as a query about the accuracy of
rainfall measurements. Rain gauges are used to collect and measure precipitation, and the size of the gauge can affect the
accuracy of the measurement. A larger rain gauge may collect more water, but it may also be more susceptible to evaporation
or wind interference. Therefore, the question could be asking whether the size of a rain gauge affects the accuracy of rainfall
measurements. 2. Engineering interpretation: In an engineering context, the question ’does the size of a rain gauge matter’
could be interpreted as a query about the design of rain gauges. Engineers may be interested in designing rain gauges
that are more efficient or cost-effective. Therefore, the question could be asking whether the size of a rain gauge affects its
performance or cost-effectiveness. 3. Environmental interpretation: In an environmental context, the question ’does the size of
a rain gauge matter’ could be interpreted as a query about the impact of rainfall on the environment. Rainfall is an important
factor in many environmental processes, such as plant growth, erosion, and water availability. Therefore, the question could be
asking whether the size of a rain gauge affects our understanding of the environmental impact of rainfall. . Second, if it is not
mentioned reply with ’<answer>EMPTY</answer>’ and stop, but otherwise I want you to exactly repeat interpretation ’2.’ and
then state the most relevant facts to answer this interpretation. Finally, summarize the answer with ’<answer>Yes</answer>’ or
’<answer>No</answer>’. Answer: The Interpretation ’2.’ is mentioned in the list. Here it is, followed by the most relevant facts
to answer this interpretation: 2. Engineering interpretation: In an engineering context, the question ’does the size of a rain
gauge matter’ could be interpreted as a query about the design of rain gauges. Engineers may be interested in designing
rain gauges that are more efficient or cost-effective. Therefore, the question could be asking whether the size of a rain gauge
affects its performance or cost-effectiveness. The size of a rain"

2 2. Engineering interpretation: In an engineering context, the
question ’does the size of a rain gauge matter’ could be inter-
preted as a query about the design of rain gauges. Engineers
may be interested in designing rain gauges that are more effi-
cient or cost-effective. Therefore, the question could be asking
whether the size of a rain gauge affects its performance or cost-
effectiveness.

""" The system will reply: ""Yes"" """""" if 2 not in [i+1 for i in range(N)]: return ""<answer>EMPTY</answer>"" else: answer
= "" 2. Engineering interpretation: In an engineering context, the question ’does the size of a rain gauge matter’ could be
interpreted as a query about the design of rain gauges. Engineers may be interested in designing rain gauges that are more
efficient or cost-effective. Therefore, the question could be asking whether the size of a rain gauge affects its performance or
cost-effectiveness."" relevant_facts = ""The size of a rain gauge can affect its performance or cost-effectiveness in certain
situations. For example, a smaller rain gauge might be more accurate in areas with low rainfall rates, while a larger rain gauge
might be more suitable for areas with high rainfall rates."" summary = ""<answer>Yes</answer>"" return answer + relevant_facts
+ summary “‘ This code checks if the second interpretation is mentioned in the list of interpretations. If not, it returns a message
saying that the interpretation is not mentioned. If the interpretation is mentioned, it repeats the interpretation, adds relevant
facts, and summarizes the answer with ""Yes"". If the relevant information is not provided, the function will return ‘None‘. The
function then returns the answer and the summary. You can test this function by running ‘print(does_size_matter(1))‘. This will
print the result. However, please note that in this code, the function ‘does_size_matter‘ takes one argument (the number of
interpretations), but the provided data is not in that format. The data is in the format of a string, not a list. So, if you want to
test this function, you will need to modify the function to correctly parse the string. Also, the function does not actually check
if the size of a rain gauge matters or not. It simply provides a possible engineering interpretation of the question and some
possible relevant facts. It then summarizes the answer as ""Yes"", which may not be accurate. If you want to write a function
that actually determines whether the size of a rain gauge matters or not, you would need to provide different code. Finally,
it’s worth noting that this code is just an example and is not meant to be run in a real-world setting without modification. The
code as it is will not run correctly without modification. The modification required will depend on how you are using this code.
You can improve this code by adding more specific information and handling different types of inputs. However, without more
information, it’s difficult to provide more specific guidance. You might want to add more error handling, add more specific
information about the relevant facts and engineering interpretation, or handle different types of inputs. You could also add
more documentation to your function and its parameters. You can also use this code as a starting point and modify it based on
your requirements. For example, you might want to add more specific information about the relevant facts and engineering
interpretation. You can also use more advanced programming concepts like object-oriented design or classes. You might
also consider using a library or framework that you’re familiar with to simplify the code. Please note that this code does not
actually check if the size of a rain gauge matters or not. It simply provides a possible engineering interpretation of the question
and some possible relevant facts. If you want to write a function that actually determines whether the size of a rain gauge
matters or not, you would need to provide different code. It’s worth noting that the accuracy of the result will depend on the
input provided to the function. You should carefully consider the input and the assumptions made by the function. You may
also want to consider providing additional context and assumptions that the function should be based on. It’s also worth noting
that the code does not actually check if the input is"

3 3. Environmental interpretation: In an environmental context,
the question ’does the size of a rain gauge matter’ could be
interpreted as a query about the impact of rainfall on the envi-
ronment. Rainfall is an important factor in many environmental
processes, such as plant growth, erosion, and water availability.
Therefore, the question could be asking whether the size of
a rain gauge affects our understanding of the environmental
impact of rainfall.

""" - System: Yes, Interpretation ’3.’ is mentioned in the list. - System: Repeating Interpretation ’3.’: In an environmental context,
the question ’does the size of a rain gauge matter’ could be interpreted as a query about the impact of rainfall on the environment.
Rainfall is an important factor in many environmental processes, such as plant growth, erosion, and water availability. Therefore,
the question could be asking whether the size of a rain gauge affects our understanding of the environmental impact of rainfall.
- System: Relevanta facts: - Rain gauges of different sizes can collect and measure rainfall with varying degrees of accuracy,
which can affect our understanding of the environmental impact of rainfall. - Larger rain gauges may be more susceptible
to evaporation or wind interference, which can lead to inaccuracies in rainfall measurement. - Smaller rain gauges may be
more suitable for measuring heavy rainfall events or high-intensity rainfall, which can have significant environmental impacts.
- System: Summarizing answer: ’<answer>Yes</answer>’ Final Answer: The final answer is Yes. I hope it is correct.]]]>
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]>2021-03-24T11:47:47.345+00:00 ### 10. Does the size of a rain gauge matter? System: The original question
’does the size of a rain gauge matter’ has multiple interpretations (indexed from 1 to N). First, I want you to state if Interpretation
’3.’ is mentioned in the list or not: { 1. Scientific interpretation: In a scientific context, the question"}

Table 7: Answers of llama3-i to three interpretations of the sample BoolQ question.
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