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Abstract
Automated agents, powered by large lan-
guage models (LLMs), are emerging as
the go-to tool for querying information.
However, evaluation benchmarks for LLM
agents rarely feature natural questions that
are both information-seeking and genuinely
time-consuming for humans. To address this
gap we introduce MONACO, a benchmark
of 1,315 natural and time-consuming ques-
tions that require dozens, and at times
hundreds, of intermediate steps to solve—
far more than any existing QA benchmark. To
build MONACO, we developed a decomposed
annotation pipeline to elicit and manually an-
swer real-world time-consuming questions at
scale. Frontier LLMs evaluated on MONACO

achieve at most 61.2% F1, hampered by
low recall and hallucinations. Our results
underscore the limitations of LLM-powered
agents in handling the complexity and sheer
breadth of real-world information-seeking
tasks—with MONACO providing an effec-
tive resource for tracking such progress.
The MONACO benchmark, codebase, prompts,
and models predictions are all publicly
available at: https://tomerwolgithub
.github.io/monaco.

1 Introduction

Large language models (LLMs), and the ‘‘agen-
tic’’ systems built around them, are becoming
increasingly ingrained into how people seek and
query information (Guo et al., 2024; OpenAI,
2025a). It is therefore important to understand
how well LLM-powered agents fare in answer-
ing real-world questions that require combining
information from dozens or even hundreds of doc-
uments. For example, a political scientist may
want to know whether ‘‘In European countries,
are left-wing political parties more likely to be

∗Work done while the author was at Allen AI.

headed by women than right-wing ones?’’ a ques-
tion which, unless answered verbatim in some
source, is extremely time-consuming. In fact, an-
swering this question entails reviewing all current
political parties in each European country, extract-
ing their political affiliation and leader’s gender,
and then to reason over all these intermediate
facts, combining results from 719 distinct pages
(see Table 1).

While LLM-powered agents hold great promise
in solving realistic time-consuming tasks, such
questions are not well represented in contempo-
rary QA benchmarks (Wei et al., 2024, 2025).
Building a benchmark that contains challenging
questions which are also natural is no easy feat.
QA benchmarks that focus on natural questions
typically contain simple questions, answerable us-
ing a single passage of text (Abujabal et al., 2019;
Kwiatkowski et al., 2019). Collecting questions
that are realistic and complex has largely been
reserved for domain experts, which incur high an-
notation costs and often result in benchmarks that
are small or have questions that are not particu-
larity time-consuming, involving only a handful
of documents (Malaviya et al., 2024; Yoran et al.,
2024a). As it is non-trivial to collect complex
natural questions ‘‘in the wild’’, researchers have
instead focused on creating such benchmarks ar-
tificially (Trivedi et al., 2022; Li et al., 2024;
Wei et al., 2025). However, machine-based ap-
proaches often result in contrived questions that
do not reflect real-world users’ needs (x-axis of
Figure 1).

To address this gap we introduce MONACO,
a benchmark of More Natural and much more
Complex questions. This benchmark is designed
to evaluate LLM-based systems on information-
seeking tasks that are realistic and time-consuming,
and demand planning, collecting, and synthesizing
many of pieces of information.
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Domain Example # Pages # Steps
Politics In European countries, are current left-wing political parties more likely to be headed by women

than right-wing ones?
719 16

History What has been the highest percentage of parliament seats held by monarchist parties during the
time of the Third French Republic?

49 10

Demographics Which Nobel Prize category has the fewest number of Asian-born recipients? 871 6
Sports What was the youngest team in the NBA in 2021? 550 5
Culinary I want to cook a traditional Bulgarian meal for my girlfriend, that is allergic to eggs and dairy,

which dishes would be okay?
42 3

Art Which museums house the most famous paintings by each of the leading French Impressionists? 58 3
Literature Which books by Gabriel Garcia Marquez are based on real historical events? 21 3
Music What percentage of musicians with Billboard Year-end Hot 100 singles were born outside the

United States in 2020, 2010 and 2000?
449 22

Film & TV What are the 3 most common professions among the fathers of Oscar winners for best actress? 75 5
Pop Culture What are the most common names for girls in the UK that are not originally Biblical? 21 3
Other What percentage of US supreme court justices throughout history did not attend an Ivy League

school for their postgraduate degree?
59 7

Table 1: Questions from MONACO, along with their number of unique Wikipedia pages containing the
necessary evidence (# Pages), and the number of decomposition steps required to answer each question
(# Steps).

Figure 1: MONACO (in green) and 8 QA benchmarks,
plotted based on their ‘‘naturalness’’ (judged by hu-
mans) and their number of evidence documents. Natural
QA benchmarks are in blue, artificial ones in orange.
MONACO targets the top-right region: natural questions
that require dozens of evidence documents.

MONACO contains 1,315 challenging multi-step
questions whose solution involves retrieving, fil-
tering, and aggregating dozens of intermediate
facts, found in both unstructured and structured
sources (paragraphs and tables). All questions
in MONACO come with a gold-standard, manu-
ally annotated reasoning chain that contains all
of the intermediate steps, answers and support-
ing evidence required to solve it. Namely, each
question has between 1 and 2,379 Wikipedia
paragraphs and tables that are needed to solve
it—with an average of 43.3 unique pages per
question. The questions are designed to reflect

the information-seeking goals of human per-
sonas (history professor, amateur chef, etc.),
with a special emphasis on time-consuming tasks
(Table 1).

To construct MONACO, we first developed an
approach for eliciting complex questions from hu-
mans. Instead of relying on pre-defined templates,
we prompted workers to generate questions that
would engage specific ‘‘target personas’’. This
method produced questions that are not only more
challenging but also perceived as more realistic, as
confirmed by a user study comparing MONACO to
8 other complex QA benchmarks (§4). Concretely,
on the x-axis of Figure 1, MONACO questions rank
close to the natural yet simpler benchmarks (in
blue), while being ranked much higher than all
machine-generated benchmarks (in orange).

Collecting answers to MONACO is non-trivial as
questions typically require combining information
from dozens and even hundreds of documents.
Therefore, we use the question decomposition
method of Wolfson et al. (2020) to implement
a decomposed annotation pipeline, breaking the
process of annotating complex, time-consuming
questions into multiple, simpler tasks (Figure 2).
This distributed approach facilitates the annotation
of gold answers by enabling non-expert workers
to answer the simpler intermediate steps of much
more challenging questions.

As an AI benchmark, MONACO enables us to
evaluate LLM-based systems in 4 key settings:
(1) evaluating parametric knowledge and reason-
ing, (2) evaluating complex reasoning over long
contexts when all the information is provided, (3)
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Figure 2: An overview of our annotation pipeline for building the MONACO benchmark.

evaluating end-to-end retrieval-augmented QA,
and (4) evaluating multi-document retrieval. In
our experiments (§5), we focus on the first three
settings. First, we find that frontier LLMs, includ-
ing recent AI reasoning models (OpenAI, 2024;
DeepSeek AI, 2025), struggle on MONACO, with
the top performing O3 model reaching an F1 score
of 61.2%—with only 38.7% of the examples get-
ting a perfect score. We observe that all models
suffer from low recall and tend to hallucinate
answers that involve aggregating many facts. Sec-
ond, even in an Oracle retrieval setting, where
all of the gold evidence is provided as context,
GPT-4O and LLAMA 3.1-405B struggle to per-
form long-context reasoning, scoring only 59%
F1. Third, retrieval-augmented generation did not
help, with BM25 retrieval hurting LLMs’ perfor-
mance by over 12 points, exhibiting a lack of
‘‘retrieval robustness’’ (Yoran et al., 2024b).

Overall, our contribution is threefold:

• We design an annotation pipeline to elicit and
annotate realistic, time-consuming questions,
with answers that often span across dozens
and even hundreds of documents (§2, §3).

• We release MONACO, a benchmark of 1,315
information-seeking questions that require
retrieving and aggregating information from
dozens of Wikipedia pages (§4).

• We experiment with 15 state-of-the-art
LLMs and highlight the shortcomings of
such models in answering MONACO ques-
tions (§5).

As LLM agents near human-level performance
on a variety of tasks, it becomes increasingly im-
portant to expose their limitations, especially when
tackling information-seeking questions. To this
end, MONACO serves as a unique and challenging
testbed for evaluating, LLM-powered, agentic and
‘‘Deep Research’’ systems (Huang et al., 2025)
on broad tasks that span across potentially hun-
dreds of documents, demanding extensive factual
knowledge, information retrieval and reasoning
skills.

2 Questions, Decompositions, & Answers

This section describes our novel approach for
collecting complex natural questions, their cor-
responding answers and a comprehensive set
of supporting evidence (Figure 2). Our first
stage is question writing, where annotators
write time-consuming questions that reflect the
information-seeking goals of target personas
(§2.1). In the next stage, we annotate each ques-
tion with a formal question decomposition (§2.2).
The decomposition enables us to facilitate the
answer annotation by breaking down challenging
questions into a series of much simpler annota-
tion tasks. Finally, we outline our decomposition
execution engine, which queries and aggregates
intermediate answers in order to derive the final
answer (§2.3).

2.1 Eliciting Complex Natural Questions
As discussed in §1, collecting realistic and
time-consuming questions ‘‘in the wild’’ is hard:
Users tend to shy away from issuing such queries
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Figure 3: Iteratively deriving intermediate questions using the question decomposition. The intermediate answers
from previous steps (highlighted) are assigned to the decomposition step, creating the follow-up questions. The
full answer assignments deriving each question are also presented at the bottom of each question box.

to search engines (Kwiatkowski et al., 2019;
Thakur et al., 2021), while collecting them from
user-AI interactions, most of which are private,
remains challenging (Lin et al., 2024). Instead,
we rely on human annotators to write ques-
tions that reflect real-world users’ information-
seeking goals.

Our approach is to prompt crowd workers to
write questions that would interest a particular
target persona. To illustrate, Part 1 in Figure 2
presents four personas: a history professor, an
amateur chef, a political scientist and a theater
scholar. By priming workers to assume a specific
persona and not to use any pre-defined ques-
tion templates, we encourage them to come up
with more realistic questions. In addition, the
use of multiple distinct personas helps diversify
our data. To encourage challenging questions, we
included five randomly selected reference ques-
tions (initially written by us and later replaced
by worker-written ones) which were intention-
ally time-consuming, often involving dozens of
documents. The complete details of the question
writing task are provided in Appendix B.1.

2.2 Annotating Intermediate Answers

Our next stage is to annotate each question with
its corresponding answers and supporting evi-
dence. Given that answering MONACO questions
involves multiple steps and may require dozens of
evidence documents, it is impractical for a single
annotator to answer them directly. To facilitate
answer annotation, we first have skilled workers
annotate each question with its question decom-
position, using QDMR (Wolfson et al., 2020) a
widely used formalism for representing complex,
multi-step questions (Saparina and Osokin, 2021;
Geva et al., 2022; Wolfson et al., 2022).

The decomposition is a series of intermediate
steps that form a plan for answering the original
question.1 Part 3 of Figure 2 displays the decom-
position of the question ‘‘Do people in Midwestern
US states support same sex marriage more than
in the Deep South?’’. By following the interme-
diate steps, workers are only asked to answer a
series of simpler questions—while the derivation
of follow-up questions and aggregation of inter-
mediate answers is executed automatically (§2.3).
As the answers to distinct intermediate questions
are often found in separate sources, this also facil-
itates the annotation of questions whose evidence
spans across many documents. For example, in
Figure 2 the answers to steps 1 (‘‘Midwestern
states’’) and 4 (‘‘states in the Deep South’’) lie in
two separate documents, a table and a sentence,
respectively.

2.3 Deriving the Final Answers

To query intermediate answers and derive the final
answer, we implemented a decomposition execu-
tion engine. The role of the execution engine
is twofold, as it leverages the inherent struc-
ture of the decomposition to map steps into
either: (1) intermediate questions for annotation,
or (2) executable Python programs that aggregate
intermediate answers to produce the final answer.

First, the automatic derivation of intermediate
questions, using the answers of previous steps,
is presented in Figure 3. The execution engine
assigns the annotated answers of step #1 (Henry
IV, Louis XIII, ...) to step #2, thereby deriving
its follow-up questions. Similarly, when deriving

1The same question may have multiple valid decompo-
sitions with varying levels of granularity, depending on the
underlying information source. As we focus on Wikipedia,
we made sure decompositions were annotated such that the
answer to each intermediate question lies in a single page.
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Figure 4: Executing a question decomposition as a Python program. Steps 1–3 have their answers annotated by
crowd workers. Steps 4–6 represent query operators and their answers are automatically computed.

questions from step #3, referring to steps 1–2, it is
assigned the answers from both these steps.

The second role of the execution engine is to
query the answers of intermediate steps. Namely,
decomposition steps can represent different query
operators that filter or aggregate the answers of
previous steps. Our execution engine provides a
concrete implementation for 31 such operators
(Appendix B.2). It maps each operator step into
an executable Python program with its input being
the answers of the previous steps that it refers to.

Figure 4 displays the decomposition of our
running example and its corresponding program
operators. The answers toqa model steps are an-
notated by workers, while the executor computes
the answers of steps 4–6 based on their operator
types and input (e.g., the group operator in step #4
is given the answers of steps 2–3 as its input).

3 Data Collection

This section describes the crowdsourcing process
used to construct MONACO. As discussed in §2, we
divided data collection into several parts: question
writing and decomposition (§3.1), followed by the
annotation of intermediate answers and evidence
(§3.2). In §3.3 we describe our validation protocol
to ensure the quality of our data. Lastly, estimating
the potential human ‘‘ceiling performance’’ on
MONACO is discussed in §A.1.

3.1 Question Writing and Decomposition

As described in §2.1, we ‘‘prompt’’ workers
to write challenging information-seeking ques-
tions that would interest different target personas.
We employed 24 Amazon Mechanical Turk
crowd-workers who were paid $0.9 per ques-
tion. Overall, we collected 1,851 questions which,
following decomposition, answer annotation, and

validation, resulted in 1,315 fully annotated
examples.

The second step in our annotation pipeline was
question decomposition (§2.2). Given a question,
workers were asked to write a series of interme-
diate steps using the QDMR syntax, (i.e., the step
templates in Appendix B.2). For non-operator
steps, workers were instructed to label whether
the intermediate question is expected to have a
single answer or a list of answers. This label
was later used to set the price of intermedi-
ate answer annotation (§3.2). We employed four
expert crowd-workers, who were already famil-
iar with QDMR syntax, and paid them $0.5 per
decomposition.

3.2 Intermediate Answers and Evidence
Using the annotated decompositions and our ex-
ecution engine, we were able to automatically
derive intermediate questions which were then is-
sued to workers (§2.2). Workers were asked to
provide the answer and relevant evidence, using
the English version of Wikipedia. The original
(complex) question was also provided as con-
text to help resolve any potential ambiguity. In
addition, workers were asked to provide support-
ing evidence in the form of: (1) the relevant
Wikipedia page, (2) the section containing the an-
swer, and (3) the evidence sentence, or column if
the evidence is a table. If a worker determined a
question is unanswerable given the information in
Wikipedia, they were asked to write a short justi-
fication. Our method ensured that all answers in
MONACO are fully attributed to Wikipedia (Bohnet
et al., 2022) with evidence at varying levels of
granularity (page, section, sentence).

Workers were paid $0.5 for answering list
questions and $0.2 for factoid questions (single an-
swer). We collected 90K intermediate questions,
answers and evidence, using 10 crowd workers.
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3.3 Data Validation

We placed a strong emphasis on ensuring the
quality and validity of MONACO data. To achieve
this, we employed a range of validation methods,
some general, such as worker qualification and
feedback mechanisms, and others tailored to the
specific requirements of each annotation task. For
all of our tasks we enlisted Mechanical Turk
workers from English-speaking countries, with
over 5,000 HITs and an approval rating higher
than 95%. For each of the annotation tasks we
held preliminary qualifications and selected the
top performing workers.

Manual Review and Feedback Similar to prior
benchmarks, we conducted periodic reviews for
quality control (Yu et al., 2018; Zhu et al., 2024)
and provided ongoing feedback to workers—a
practice that has been empirically shown to im-
prove annotation quality (Scholman et al., 2022).
All questions and decompositions (§3.1) were re-
viewed by one of the paper authors. We ensured
that questions were grammatically correct, suffi-
ciently complex and likely to be answerable using
information from Wikipedia. In the question de-
composition task, 14% of the annotations were
corrected by the authors, primarily due to: (a)
QDMR syntax errors and (b) decompositions con-
taining questions that were unanswerable based
on Wikipedia. For intermediate answer annotation
(§3.2), we provided ongoing feedback to maintain
annotation quality, reviewing 2,079 intermediate
QA tasks in total. Lastly, the authors manually
validated the final answers to all of the complex
questions, resulting in 1,315 validated examples.

Factoid QA Validation To reduce annotation
costs, and motivated by the near human perfor-
mance of LLMs on factoid QA tasks (OpenAI,
2024; Wang et al., 2024), we chose to validate
single answer questions using a hybrid approach:
combining workers and a frontier LLM.

To validate worker answers we: (1) prompt an
LLM for factoid QA, and (2) prompt a second
LLM to judge the worker-LLM answer agree-
ment. Using an LLM as a judge has become a
standard approach (Phan et al., 2025; Wei et al.,
2025) as lexical matching is often insufficient for
measuring answer equivalence (Kamalloo et al.,
2023). If the LLM judged the two answers to be
distinct, we re-issued the question to a second
worker for annotation. The process was repeated

until two answers were judged to be in-agreement.
We used GPT-4O for both factoid QA and for judg-
ing answer agreement (prompts in Figures 15–16,
Appendix § B.4).

List QA Validation List questions are re-
sponsible for deriving multiple intermediate
questions (§2.2) and unlike factoid questions,
answering them remains challenging for LLMs
(Amouyal et al., 2023; Malaviya et al., 2023).
We therefore validate list questions manually,
having two crowd-workers annotate each ques-
tion. Worker answers were then compared based
on their: (1) answer overlap and (2) length dif-
ference. The answer overlap between lists li, lj
is max{contained(i, j), contained(j, i)}, where
contained(i, j) := |li ∩ lj |/max{|li|, |lj |}. We
consider item k ∈ li to be in li ∩ lj if there exists
a k′ ∈ lj such that the tokens of k are all in the set
of tokens of k′. The answer length difference of
lists li, lj is normalized by max{|li|, |lj |}.

Answers with an overlap score higher than 0.77
and normalized length difference below 0.25 were
considered to be correct, with the overlapping
answers being treated as the gold answer list.
If these criteria were not met, the question was
re-issued to another worker for annotation, until
two of the annotated lists would pass both criteria.

Unanswerable Questions Workers who were
unable to answer their question, given the in-
formation in Wikipedia, labeled the question
unanswerable along with a short justification.
Overall, 5,363 intermediate questions were la-
beled as unanswerable. Of these, 2,398 questions
were re-issued to a second worker, since their
justifications were lacking or missing. Following
re-annotation, the number of unanswerable inter-
mediate questions was reduced to 4,083 (4.5% of
the data).

4 The MONACO Dataset

This section provides an in-depth analysis of the
MONACO data. In §4.1 we break down questions
based on their type, decomposition, intermediate
documents and answers—statistics that highlight
the diverse nature of our data. Next, we em-
pirically assess whether we have achieved our
goal of collecting questions that are more com-
plex than existing benchmarks (§4.2) while also
more natural than other complex QA bench-
marks (§4.3).
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Complex questions: 1,315
- Avg. # question tokens 14.5
- Avg. # decomp. tokens 37.6
- Avg. # reasoning steps 5.1
- Aggregate operators % 45.3%

Intermediate questions: 90,773
- List | Boolean | other 8,549 | 40,125 | 42,099
- Evidence Wiki pages 36,194

- Sent. | Table | List % 29.5% | 67.8% | 2.7%
- # Wiki pages per Q 43.3 (avg) | 12 (median)
- # int. questions per Q 66.5 (avg) | 23 (median)
- # int. answers per Q 152.5 (avg) | 53 (median)

Table 2: MONACO data statistics.

4.1 Data Statistics

Table 2 summarizes the key statistics of our bench-
mark. MONACO questions are shorter than those
in popular complex QA benchmarks, with 14.5
words on average compared to 17.5 in HOTPOTQA,
15.7 in MUSIQUE, and 17.3 in FANOUTQA. While
questions in MONACO are shorter, they entail far
more intermediate steps than all these benchmarks
(§4.2). This highlights how more natural questions
can often entail complex reasoning using relatively
concise language.

The 1,315 complex questions in MONACO have
90K intermediate questions, including 8,549 list
questions, each list having 16.2 answers on aver-
age and a median of 5 answers. For comparison,
the list QA benchmarks QAMPARI and QUEST
have 2,000 and 3,357 manually written ques-
tions, making MONACO the largest benchmark of
human-written list questions. MONACO also con-
tains 40,125 Boolean (yes/no) questions, much
more than past benchmarks such as BOOLQ (Clark
et al., 2019) and STRATEGYQA (Geva et al., 2021)
with 15,942 and 2,835, respectively.

The intermediate answers are supported by ev-
idence from 36,194 distinct Wikipedia pages. As
described in §3.2, the evidence is either a sentence
(29.5%), a table (67.8%) or a list (2.7%). This
underscores the multi-modal aspect of MONACO,
as answering its questions requires reasoning on
both paragraphs and tables (Talmor et al., 2021).

4.2 How Complex are MONACO Questions?

To measure the complexity of MONACO questions,
we compare it to 8 popular QA benchmarks:
HOTPOTQA (Yang et al., 2018), DROP (Dua et al.,
2019), NAT. QUESTIONS (Kwiatkowski et al., 2019),
MINTAKA (Sen et al., 2022), MUSIQUE (Trivedi
et al., 2022), QUEST (Malaviya et al., 2023), and

Benchmark #Pages #Steps %Agg. %Arith. #Temp. Divers.
DROP 1.0 2.8 12.5 35.0 39 2.89
FANOUTQA 7.0 3.2 6.0 2.0 40 2.59
HOTPOTQA 2.0 2.2 2.5 1.0 36 2.39
MINTAKA 1.8 2.4 12.0 2.0 33 2.71
MUSIQUE 2.6 2.6 2.5 2.5 30 1.93
NAT. QS 1.0 1.1 2.5 1.0 13 0.56
QAMPARI 13.0 1.6 0.0 0.0 11 1.33
QUEST 10.5 2.9 0.5 0.0 22 2.25
MONACO 43.3 5.0 38.0 17.5 119 4.48

Table 3: Question complexity across benchmarks.

QAMPARI (Amouyal et al., 2023). Our analysis
is presented in Table 3.

We first compared the average number of
Wikipedia pages per question (#Pages), with
MONACO averaging 43.3 evidence pages—more
than thrice of that of the second highest bench-
mark. Next, we analyzed properties pertaining to
the reasoning skills that these questions entail. To
assess reasoning-related properties we represented
questions using their question decomposition.
For MONACO, questions were already annotated
with decompositions, while for the remaining
benchmarks we generated decompositions using a
few-shot prompted GPT-4O.

We sampled 200 questions from each bench-
mark’s test set, generated their decompositions
and measured the following:

• Reasoning steps (#Steps): We list the aver-
age number of decomposition steps for the
questions in each benchmark.

• Aggregation skills (%Agg.): The percentage
of questions that require an aggregation op-
eration (min, max, sum, average, median,
group).

• Arithmetic skills (%Arith.): The percent-
age of questions entailing an arithmetic
operation (addition, subtraction, division,
multiplication).

• Reasoning templates (#Temp.): We define
the sequence of decomposition step operators
as the question’s reasoning template, e.g. the
template of the decomposition in Figure 4 is:
qa model*3;group by;a sorted by b;top n.
A higher number of reasoning templates
indicates that the benchmark is more
challenging.

• Reasoning diversity (Divers.): We measure
the diversity of questions in terms of their
reasoning templates, computing Shannon’s

29



diversity index (Shannon, 1948) over the
unique templates from each benchmark.

The results in Table 3 demonstrate that
MONACO questions are more reasoning-intensive
than past benchmarks. The average number of
reasoning steps is 5.1 compared to 3.2 for the
second highest benchmark. Over 38% and 17% of
MONACO questions require aggregate and arith-
metic operations respectively, while its diversity
is significantly higher than the other benchmarks.

4.3 How Natural are MONACO Questions?

A main goal in building MONACO was to en-
sure that its questions were natural and reflected
the information-seeking goals of real-world users
(de Vries et al., 2020; Bowman and Dahl, 2021).
We followed Sen et al. (2022) in trying to measure
how natural are MONACO questions compared
to existing benchmarks: four containing natural
questions (NAT. QUESTIONS, DROP, MINTAKA, and
FANOUTQA) and four with questions that were par-
tially machine generated (HOTPOTQA, MUSIQUE,
QAMPARI, and QUEST).

Rather than having crowd-workers assign ques-
tions an underspecified (and rather ambiguous)
‘‘naturalness’’ score, we defined two criteria:

• Labeling ‘‘who is more likely to have written
the question?’’ out of: (a) an expert user, (b) a
regular user, (c) a machine rule-based script.

• A score between 1 and 5 indicating ‘‘how
likely does the person asking the question al-
ready know its answer?’’, 5 being extremely
likely.

The first criterion is fairly straightforward,
while the motivation behind the second is
that, in real-world settings, people posing
information-seeking questions are unlikely to be
aware of the correct answer in advance. However,
many questions in existing benchmarks give the
impression that the question writer is already
aware of the answer: ‘‘What was triggered by a
British Conservative Party politician?’’;‘‘Who
is the sibling of the producer of Embedded in
Baghdad?’’ (Yang et al., 2018; Trivedi et al.,
2022).

To score questions, we conducted a user study
with 18 graduate students from the fields of natural
language processing and data management. None
of the paper authors took part in the user study.
We randomly sampled 900 questions, with 100

Figure 5: Measuring how natural are questions from
different QA benchmarks. Benchmarks with natural
questions are in blue while artificial ones are in orange.

Figure 6: Breaking down benchmark questions based
on their most likely writer: expert, user, or machine.

questions from MONACO and each of the 8 afore-
mentioned benchmarks test sets. Each participant
was asked to score 50 random questions according
to the guidelines in Appendix B.3. While partic-
ipants were presented questions from different
benchmarks they were unaware of their origin.

Figures 1, 5, and 6 present the user study re-
sults. The ‘‘naturalness’’ score in Figure 1 is a
weighted average of both our measures, normal-
ized between 0 and 100. In Figure 5 we plot
each benchmark based on the percentage of ques-
tions labeled as machine-written (y-axis) and how
likely was the question writer already aware of
the answer (x-axis). The results demonstrate how
questions from the natural benchmarks (in blue)
tend to score lower on both our measures, in stark
contrast to the more artificial benchmarks (in or-
ange). MONACO questions (in green) appear much
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closer to the natural QA benchmarks than to the
artificial ones. In Figure 6 we display the results of
the most likely question writer. Somewhat unsur-
prising is that the top scoring Natural Questions
(NQ) benchmark has only 7% of its questions
labeled as being machine-written compared to
20% in MONACO. However, MONACO has 49%
of its questions labeled as being expert-written
compared to 13% in NQ.

Overall, this study highlights MONACO as more
aligned with natural QA benchmarks while being
more likely to have been expert-written—results
that are fully in-line with our goals.

5 Experiments

We evaluated 15 frontier LLMs on MONACO

and analyzed their performance across various
types of questions and prompting methods. First,
we describe our evaluation setup (§5.1) and
present LLMs’ closed-book results (§5.2). In
§5.3 we analyze model performance based on
the amount of intermediate steps and documents
required to solve each question. Last, we exam-
ine LLM performance in a retrieval-augmented
setting (§5.4).

5.1 Evaluation Setup

We evaluated 15 LLMs, including 8 mod-
els designed specifically for multi-step rea-
soning (OpenAI, 2024, 2025b; DeepSeek AI,
2025; Gemini Team, 2025; Anthropic, 2025). All
models were prompted using the same instruc-
tions, provided in Figure 11 (Appendix B.4).

As string-based measures are often brittle
(Kamalloo et al., 2023) we use GPT-4.12 as a
judge to validate models predictions against the
gold answers. We modified the evaluation prompt
used by Phan et al. (2025) and Wei et al. (2025)
to enable us to compute precision and recall
automatically and in the case of numerical an-
swers, to compute a normalized similarity score
(Figure 12). For questions where the answer is a
list of items, the LLM judge generates the total
number of answers predicted by the model, fol-
lowed by the list of predicted answers that also
appear in the gold answers list. Both results enable
us to compute precision and recall automatically
based on the total number of predicted answers
and the number of correctly predicted ones.

2gpt-4.1-2025-04-14.

Model Precision Recall F1
GPT-5 (2025-08) 66.38 58.98 60.11
O3 (2025-05) 68.10 59.54 61.18
O4-MINI (2025-04) 62.50 53.01 54.92
O3-MINI (2025-04) 59.29 46.19 48.75
CLAUDE 4-OPUS (2025-07) 62.28 53.47 55.03
GEMINI 2.5-PRO (2025-07) 65.02 58.14 59.11
GEMINI 2.5-FLASH (2025-07) 58.10 50.60 52.01
DEEPSEEK-R1 62.52 51.50 53.82

GPT-4O (2025-03) 57.37 46.98 48.98
+ few shot chains 63.33 52.88 55.05

GPT-4 TURBO (2024-05) 49.61 40.95 42.57
+ few shot chains 56.26 46.81 48.58

DEEPSEEK-V3 57.45 47.55 49.47
+ few shot chains 62.31 53.37 55.04

LLAMA 3.1-405B 55.03 46.28 47.67
+ few shot chains 55.97 51.20 51.39

LLAMA 3-70B 51.40 43.47 44.76
+ few shot chains 55.15 45.12 47.00

QWEN 2.5-72B 50.49 41.08 42.85
+ few shot chains 53.84 45.48 47.05

QWEN 2-72B 51.03 40.94 42.64
+ few shot chains 50.80 42.89 43.92

Table 4: Performance on MONACO of reasoning
(top) and non-reasoning LLMs (bottom). Dashed
lines separate closed-weights models from open
ones. We underline the top performing model of
each category.

We note that the predictions of all of the eval-
uated models, as well as the judgment scores
generated by the LLM judge, are publicly re-
leased along with the MONACO data. For CLAUDE

4-OPUS we enabled its ‘‘extended thinking’’ with
a ‘‘budget tokens’’ value of 6,000. For GEMINI

2.5-PRO and GEMINI 2.5-FLASH we asked to ‘‘in-
clude thoughts’’ using the default ‘‘dynamic
thinking’’, where the model decides how much
to think. GPT-5 was evaluated using the default
parameters for its ‘‘reasoning effort’’ (medium).

5.2 Language Models Performance

In this setting we evaluated the parametric knowl-
edge of LLMs together with their ability to
reason and aggregate over hundreds of facts. The
results in Table 4 show that all LLMs fall sig-
nificantly short of achieving a perfect score on
MONACO. Even the top performing model, Open-
AI’s O3, reaches an F1 score of 61.2%, leaving
substantial headroom for improvement. We ob-
serve that reasoning LLMs generally outperform
strong non-reasoning models such as GPT-4O and
LLAMA 3.1-405B. Notably, both DEEPSEEK-R1 and
DEEPSEEK-V3 models performed quite well and are
among the strongest models evaluated.
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Figure 7: Complex QA performance (F1) as a function of the number intermediate answers / evidence pages.

Chain-of-Thought Prompting using a chain-of-
thought (CoT) has been shown to improve per-
formance on reasoning-heavy tasks (Wei et al.,
2022; Kojima et al., 2022). We therefore sought
to test whether CoT-prompting could further
improve LLMs’ performance on MONACO. We
evaluated non-reasoning LLMs3 using three CoT
prompt variants: (1) a zero-shot prompt with the
‘‘think step-by-step’’ instructions; (2) a few-shot
prompt with questions, answers and short expla-
nations (Figure 17); (3) a few-shot prompt with
full reasoning chains, including all of the inter-
mediate questions, answers and reasoning steps
(Figure 18). For both few-shot prompts (2), (3) we
included the same 21 examples which cover all of
the operator types in MONACO (Table 7).

The LLMs prompted using variants (1) and
(2) did not perform any better than our original
non-CoT prompt. The key improvement we ob-
served was in using prompt (3), where the few-shot
examples contained entire reasoning chains
(Figure 18, Appendix B.4), explicitly prompting
the LLM to generate all intermediate reasoning
steps before its answer. Ultimately, the results in
Table 4 show that all non-reasoning LLMs im-
prove when prompted with few-shot reasoning
chains.

5.3 Performance Breakdown and Analysis
Breakdown by Question Properties We break
down model performance based on the amount
of intermediate steps and factual information en-
tailed by MONACO questions. Namely, we group
questions based on the number of: (1) interme-
diate answers, and (2) distinct Wikipedia pages.
Figure 7 presents the performance breakdown re-
sults, highlighting how all models struggle as the

3Following OpenAI and DeepSeek guidelines, we did not
experiment with CoT-prompting the reasoning LLMs.

Figure 8: List QA prompted LLMs performance on the
intermediate list questions in MONACO. We provide the
average precision and recall scores. The full results are
provided in Appendix A.2.

number of intermediate answers and evidence in-
creases. However, O3 and GPT-5 performance is
an exception: while it is on par with the other
LLMs when the number of pages or intermediate
answers is small, the gap increases significantly as
the number of Wiki pages is in the dozens (>20).

List Questions Questions in MONACO generally
entail solving intermediate steps that have a list
of answers. List questions have been shown to be
challenging for past LLMs (Amouyal et al., 2023;
Malaviya et al., 2023) and we revisit this chal-
lenge by evaluating GPT-4O and LLAMA 3-70B on
all 8,549 intermediate list question in MONACO.
Both models were prompted to generate an ex-
haustive list of answers using the few-shot prompt
in Figure 14 (Appendix B.4). Due to cost limi-
tations, we evaluate list QA precision and recall
using string-based measures: matching each pre-
dicted answer to its most similar item in the gold
answers based on their tokens F1 score. The re-
sults in Figure 8 demonstrate that list QA remains
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Figure 9: Retrieval-augmented LLM performance on
MONACO (F1 score), with documents retrieved by
BM25 or given the gold evidence documents (Oracle).
The full results are provided in Appendix A.3.

challenging for frontier LLMs. While GPT-4O pre-
cision is high (75–80%) its recall sharply decreases
with the number of expected answers.

5.4 Retrieval Augmented LLMs

Oracle Retrieval Unlike the experiments in
§5.2, where models rely solely on their parametric
knowledge, we also evaluated the complex rea-
soning skills of models over long contexts, when
all the relevant evidence to MONACO questions
is provided as input. This is an Oracle retrieval
setting, where the LLM is provided all of the
gold evidence documents in its prompt, effec-
tively evaluating its reasoning skills in isolation
from the task of knowledge retrieval. We evaluate
GPT-4O and LLAMA 3.1-405B, and use the prompt
in Figure 13 (Appendix B.4) to indicate that all
input documents are indeed relevant. The Oracle
results in Figure 9 show that both LLMs expe-
rience a 10 point improvement compared to the
closed-book setting (None). Nevertheless, the fact
that they reach only 58.7% indicates that even with
all relevant knowledge, the complex reasoning in
MONACO questions remains a challenge.

End-to-End RAG Retrieval-augmented gener-
ation (RAG) (Lewis et al., 2020) is a highly
realistic setting where the LLM is provided with
retrieved documents. We constructed a new re-
trieval index for Wikipedia, with 80M documents,
since unlike the paragraph-specific indices used
in prior work (Kwiatkowski et al., 2019), doc-
uments in MONACO can be either paragraphs,
tables or lists. Our retriever is BM25 (Robertson

et al., 2009) and we provide its top-20 docu-
ments as input to the LLM prompt (Figure 13,
Appendix B.4). Ideally, RAG should improve over
the closed-book setting, with LLMs utilizing in-
formation outside of their parametric knowledge
while ignoring any irrelevant documents. How-
ever, both RAG models experience a sharp drop in
performance compared to the original closed-book
setting (Figure 9). While BM25 documents may
only be partially relevant, our RAG prompt ex-
plicitly instructs to ignore the retrieved documents
in such cases. While this lack of ‘‘retrieval robust-
ness’’ (Yoran et al., 2024b) has been observed in
weaker models, the limitation appears to persist
even in current frontier LLMs.

6 Related Work

Information-seeking question answering is a long-
standing approach to evaluate the reasoning skills
of LLMs (Rodriguez and Boyd-Graber, 2021).
Natural QA benchmarks consist almost entirely
of ‘‘simple’’ questions, where the answers can be
found within a single span of text (Bajaj et al.,
2016; Abujabal et al., 2019; Jin et al., 2019;
Krithara et al., 2023; Wei et al., 2024). As the
reasoning skills of models improved, researchers
have sought to evaluate LLMs on questions that
require multi-hop reasoning skills (Yang et al.,
2018; Geva et al., 2021; Trivedi et al., 2022; Press
et al., 2023; Wei et al., 2025), as well as questions
whose answer is a set of items which is spread
across many documents (Amouyal et al., 2023;
Malaviya et al., 2023; Zhong et al., 2023; Katz
et al., 2023; Rassin et al., 2024).

Recent works introduced benchmarks featur-
ing more naturally elicited questions that involve
multiple documents (Sen et al., 2022; Zhu et al.,
2024; Malaviya et al., 2024; Krishna et al., 2024;
Yang et al., 2024; Phan et al., 2025). However,
solving the questions in each of these benchmarks
involves no more than a handful of webpages.
By contrast, MONACO questions are significantly
more time-consuming, as the evidence to answer
each question typically involves dozens of pages.

More recently, Wei et al. (2025) intro-
duced the BrowseComp benchmark for retrieving
hard-to-find information. MONACO differs from
this work in two main aspects. First, BrowseComp
questions target niche topics and are phrased more
as trivia questions, where the question writer al-
ready knows the answer and is trying to challenge
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someone else. In contrast, MONACO questions aim
to convey the info-seeking goals of real-world
users (§4.3). Second, the answers of BrowseComp
questions are easy to verify, as their supporting
evidence involves only a few webpages. MONACO

questions are much broader, with answers that
require to synthesize many pieces of evidence that
are spread across dozens of Wikipedia pages.

WideSearch, a contemporary work by Wong
et al. (2025), is a benchmark of real-world
questions that evaluate LLM agents’ ability to col-
lect broad information. WideSearch contains 100
English questions, compared to 1,350 in MONACO.

Another key aspect in QA research has
been benchmarking retrieval-augmented LLMs
(Lewis et al., 2020; Ram et al., 2023). A
great number of retrieval benchmarks focus
on information-seeking tasks that are either
domain-general (Voorhees and Tice, 2000; Thakur
et al., 2021; Yang et al., 2024), domain-specific
(Dasigi et al., 2021; Asai et al., 2024) or in-
volve implicit reasoning skills (Geva et al., 2021;
Hongjin et al., 2025). Nevertheless, the questions
in all of these benchmarks rarely require to re-
trieve more than five evidence documents. The
sheer breadth of evidence in MONACO position it
as an advanced and more rigorous benchmark than
many of the existing tasks for retrieval-augmented
generation (Hsieh et al., 2024; Krishna et al., 2024)
and factual attribution (Bohnet et al., 2022; Gao
et al., 2023; Jacovi et al., 2025).

7 Conclusion

Questions that require extensive research across
multiple webpages are incredibly important, yet
they are not represented in current LLM bench-
marks. To this end we introduce MONACO,
a benchmark of human-written, realistic and
time-consuming questions. It contains 1,315 ques-
tions, manually annotated with gold standard
reasoning chains that include 90K intermediate
questions, answers and supporting evidence docu-
ments. The modest performance of frontier LLMs
on MONACO suggests that reasoning over dozens
of documents remains an open challenge. As such,
MONACO serves as a unique testbed for evaluating
LLMs-powered systems on much broader tasks,
which span across lots of documents and demand
extensive factual knowledge, information retrieval
and reasoning skills.

8 Limitations

Time-Dependent Questions A key factor in the
evaluation of information-seeking questions is the
potential of certain answers to change over time
(Zhang and Choi, 2021; Vu et al., 2024). In our
experiments, we did not measure the effect that
temporal-dependence may have on the accuracy
of future models evaluated on MONACO. Never-
theless, we fully provide users with the necessary
resources to account for time-dependent answers.4

Each question in MONACO was manually labeled
by the paper authors as to whether its answer is
expected to: (a) remain as is; (b) change every
few years; (c) change on a yearly basis. Over-
all, 49.8% of the questions are time-independent;
34.1% have answers that change every few years;
and 16.1% of have answers that are expected to
change each year. Furthermore, we release the full
timestamp of each answer in MONACO (i.e. the
answer annotation date), enabling users to deter-
mine the relevant time-frame for every question in
our data. This data should facilitate future usage
of MONACO and enables researchers to evaluate
models’ performance at particular points in time.

Deep Research Systems In our experiments,
we did not evaluate any LLM-powered ‘‘Deep
Research’’ systems (OpenAI, 2025a; Huang et al.,
2025) nor did we evaluate multi-step RAG systems
that iteratively retrieve, decompose, and answer
complex questions—interleaving retrieval and QA
(Asai et al., 2023; Trivedi et al., 2023; Yoran
et al., 2023). Since answering MONACO questions
requires to retrieve and synthesize information
from dozens of different webpages, it can serve as
a useful testbed for evaluating the capabilities of
such Deep Research systems.

LLM as a Judge As discussed in §5.1, we
used GPT-4.1 to compare the answers generated
by models to the gold answers and to determine
whether or not the two are equivalent. While
this is a commonly used practice (Phan et al.,
2025; Wei et al., 2025) the judge model may
still make mistakes, predicting wrong answers to
be correct and vice-versa. Nevertheless, we view
this as a reasonable compromise and, as LLMs
continue to improve, swapping GPT-4.1 for a
‘‘stronger’’ judge model should further improve
future evaluation.

4https://huggingface.co/datasets
/allenai/MoNaCo_Benchmark.
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A Appendix: Supplementary Results

A.1 Benchmark Ceiling Performance
Several question answering benchmarks have included estimates of the human ceiling performance
on their task (Rajpurkar et al., 2016; Yang et al., 2018; Dua et al., 2019; Geva et al., 2021). Such
benchmarks typically contain questions which are not time-consuming and can be solved relatively
fast by a single human annotator. By contrast, MONACO questions are time-consuming and require
to combine information from 43 distinct webpages on average. This inherent complexity is what
encouraged us to divide our benchmark’s annotation process into multiple, much simpler steps, as
described in §3.

Rather than estimating human performance directly, we sought to ensure that the collected answers
to MONACO questions were indeed valid (§3.3). Question decompositions were manually reviewed;
factoid question answers were human-annotated, then validated by GPT-4O, or a second crowd-worker
if the first worker’s answer contradicted that of the LLM. In the case of intermediate ‘‘list questions’’
there was a higher risk of ambiguity in the question. For example, in questions like ‘‘What are some
vegan dishes in Chile?’’ or ‘‘Who are female poets of Andalusian Spain?’’. However, the answers
to such questions are unambiguous given our underlying information-source—the English version of
Wikipedia. Furthermore, the validation process of list QA demanded a high answer overlap between two
human annotators (>77%), which further indicates our list questions are unambiguous, given Wikipedia.

Lastly, the execution of operator steps such as aggregation or numerical comparison is performed
automatically, leaving no room for potential calculation errors by humans.

A.2 List QA Performance
Table 5 provides the detailed performance breakdown of models over the intermediate list questions in
MONACO. The results are displayed as a plot in Figure 8.

Model # Ans. # Ex. Pre. Rec. F1

GPT-4O

2–5 4,812 68.9 61.1 62.3
6–10 1,312 72.8 65.6 66.5

11–20 1,064 73.1 61.7 64.5
21–100 1,206 80.1 53.5 60.7

101–500 137 79.8 27.6 37.6
>500 18 80.8 2.5 4.8

All: 8,549 76.0 61.8 64.5

LLAMA 3-70B

1–5 4,812 59.1 53.9 53.6
6–10 1,312 60.2 59.8 57.3

11–20 1,064 58.8 53.8 53.9
21–100 1,206 66.0 47.6 52.4

101–500 137 63.7 28.2 34.4
>500 18 59.4 19.0 17.9

All: 8,549 60.3 53.3 53.7

Table 5: List QA prompted LLMs performance on the intermedi-
ate list questions in MONACO. We provide the average precision,
recall, and F1 scores.
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A.3 Retrieval Performance
Table 6 provides the detailed results of the RAG experiments on MONACO (also plotted in Figure 9).

Model Retriever Pre. Rec. F1

GPT-4O

None 57.37 46.98 48.98
BM25 48.21 34.94 37.28
Oracle 67.28 56.08 58.67

LLAMA 3.1-405B
None 55.03 46.28 47.67
BM25 44.18 33.32 35.06
Oracle 66.68 56.57 58.83

Table 6: LLM performance on MONACO given gold evidence
(Oracle) and retrieved documents (BM25) as input.

B Appendix: Additional Implementation Details

B.1 Eliciting Complex Natural Questions: Additional Details
In each question-writing task, workers were provided with: (1) a persona description, (2) helpful
keywords, and (3) reference questions from different personas. We came up with 28 target personas,
covering a wide range of domains: geography, demographics, politics, world leaders, economics, higher
education, languages, history, nutrition, cuisine, sports, film, television, music, literature, and theater.
Each persona was described in 2–4 sentences, as shown in Part 1 of Figure 2. To promote diversity,
workers received seven keywords which were randomly selected from a larger persona-specific pool.
To encourage the creation of challenging questions, we also included five reference questions (initially
written by us and later replaced by worker-written ones) which were intentionally time-consuming, often
involving dozens of documents. Importantly, we were careful to use reference questions from personas
that were unrelated to the target persona, thereby discouraging workers from simply paraphrasing
reference questions. To further promote creativity, we avoided restricting workers to a set of pre-defined
question templates. Finally, in order to reduce any potential reasoning shortcuts in questions, we did not
provide workers with any of the answers (or evidence) in advance.

Overall, this approach enabled us to collect questions that were judged as both realistic and
significantly more time-consuming than those in existing benchmarks §4.3.

B.2 Decomposition Execution
Table 7 lists all query operators supported by our executor and their corresponding Python function
signatures. This implementation extends the original QDMR representation in Wolfson et al. (2020) to
31 operators.

B.3 Natural Questions User Study
Figure 10 provides the full guidelines given to the participants of our user study that measures how
natural are the questions in MONACO, compared to those in other information-seeking QA benchmarks.
For the user study details see §4.3.

B.4 Prompts
This section describes the prompts used throughout the paper. Please note that some of the prompts
have only part of their examples listed, to save space. For the full prompt descriptions please refer to
our project’s repository at: https://tomerwolgithub.github.io/monaco/.
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Operator Decomposition Template Python Function Signature

Question A free-form question qa model(question: str) -> str | list[str]

Yes/no filter return #x where #y is {true / false} filter boolean(entities: list[str], booleans: list[bool],
required value: bool = True) -> list[str]

Comparison filter return #x where #y {comparator} {val} filter compare(entities: list[str], left values: list[float],
comparator: Literal[">", "<", ">=", "<=", "=="], right value or values:
Number | datetime | list[float] | list[datetime]) -> list[str]:

Superlative filter return #x where #y is {highest / lowest} filter superlative(entities: list[str], values: list[float],
superlative: Literal["max", "min"]) -> list[str]

Sort return #x sorted {by #y} {ascending / descending} a sorted by b(items a: list[str], items b: list[Number | datetime],
reverse: bool = False) -> list[str]

Set intersection return {#x / val} in both #y and #z items in both(list of items a: list[str], list of items b: list[str]) ->
list[str]

Set union return #x, #y {, #z, ...} concatenate items(*items: str | Number | datetime) -> list[str | Number
| datetime]

Set difference return #x besides { #y / val} discard(items: list[str], items to discard: str | list[str]) ->
list[str]

Top-n return the top {num} of #x top n(items: list[str], n: int) -> list[str]

Item at n’th position return the {ordinal} of #x access list index(items: list[str], n: int) -> str

Addition return sum of #x and #y addition(number or list 1: Number | list[Number], number or list 2: Number
| list[Number]) -> Number | list[Number]

Subtraction return difference of #x and #y difference(number or list 1: Number | list[Number], number or list 2:
Number | list[Number]) -> Number | list[Number]

Multiplication return multiplication of #x and #y multiplication(number or list 1: Number | list[Number], number or list 2:
Number | list[Number]) -> Number | list[Number]

Division return division of #x and #y division(number or list 1: Number | list[Number], number or list 2: Number
| list[Number]) -> Number | list[Number]

Percentage return percentage of #x and #y percentage(number or list 1: Number | list[Number], number or list 2:
Number | list[Number]) -> Number | list[Number]

Count return number of #x count(items: list[str]) -> int

Average return average of #x average(items: list[Number]) -> Number

Median return median of #x median(items: list[Number]) -> Number

Max return highest of #x max(items: list[Number]) -> Number

Min return lowest of #x min(items: list[Number]) -> Number

Sum return sum of #x sum(items: list[Number]) -> Number

Group return the {aggregate} of #y for each #x group by(entities: list[str], aggregator: Literal["count", "sum",
"average", "median", "min", "max"], values: list[Number | datetime]) ->
dict[str, Number | datetime] | list[str, Number | datetime]

== return if #x is equal to {#y / val} equals(item 1: str | Number | datetime, item 2: str | Number | datetime)
-> bool

< return if #x is less than {#y / val} greater than(item 1: Number | datetime, item 2: Number | datetime) ->
bool

> return if #x is higher than {#y / val} less than(item 1: Number | datetime, item 2: Number | datetime) -> bool

>= return if #x is at most {#y / val} at least(item 1: Number | datetime, item 2: Number | datetime) -> bool

<= return if #x is at least {#y / val} at most(item 1: Number | datetime, item 2: Number | datetime) -> bool

Boolean intersection return if both #x and #y are {true / false} both true(items a: bool, items b: bool) -> bool

Arg max return which is highest of #x, #y {, #z, ...} argmax(*items: Number) -> Number

Arg min return which is lowest of #x, #y {, #z, ...} argmin(*items: Number) -> Number

Arg true return which is true of #x, #y {, #z, ...} which is true(items a: bool, items b: bool) -> bool

Table 7: All of the query operators supported by our decomposition executor.

Figure 10: The guidelines for our user study measuring how natural are the questions of complex QA benchmarks.
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Figure 11: Complex QA system prompt, used to benchmark LLMs performance on MONACO.

Figure 12: The LLM-as-judge evaluation prompt.

Figure 13: Retrieval-augmented QA instructions which follow the same system prompt from Figure 11.
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Figure 14: Excerpt of the list QA prompt, used to evaluate LLM performance on list questions.

Figure 15: Excerpt of the factoid QA prompt, used for factoid QA validation.
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Figure 16: Excerpt of the answer agreement prompt, used for factoid QA validation.

Figure 17: Excerpt of the few-shot chain-of-thought prompt (CoT).

Figure 18: Excerpt of the few-shot chain-of-thought prompt which includes intermediate answers (CoT+Ans).
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