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Abstract

We design experiments to identify where Large
Language Models (LLMs) struggle when an-
swering complex questions. Our focus is
on two key stages, mirroring the human QA
process: 1) question decomposition, where
the model breaks down a complex question
into sub-questions and 2) subproblem solving,
where it addresses each sub-question to obtain
the final response. We preprocess and expand
three multi-hop datasets to create experimental
datasets featuring explicit and implicit multi-
hop questions, crowdsourced and templated
questions, and varying numbers of hops. Our
results show that larger models (Llama 3.1 70B
and o1) excel at decomposing explicit multi-
hop questions but struggle with implicit ones,
while smaller models (e.g., Llama 3.1 8B) have
difficulty with both. In the sub-problem solv-
ing stage, all models perform well on simple
questions with context. Furthermore, we found
no correlation between accuracy in the question
decomposition stage and final QA performance
(direct response), highlighting a key difference
between human and LLM reasoning.1

1 Introduction

With the release of language models (LMs) (Devlin
et al., 2019; Yang et al., 2019, inter alia), espe-
cially large language models (LLMs) (Brown et al.,
2020; Zhao et al., 2023, inter alia), there has been
a significant change in the research community. Us-
ing well-designed prompts (e.g., chain-of-thought
(CoT; Wei et al., 2022)), previous studies (Dua
et al., 2022; Kojima et al., 2022) have demonstrated
the reasoning abilities of LLMs in performing var-
ious tasks, such as arithmetic reasoning (Cobbe
et al., 2021), multi-hop (compositional) reason-
ing (Welbl et al., 2018), and commonsense reason-
ing (Talmor et al., 2019). While LLMs have demon-
strated impressive performance on many complex

1Our data and code are available at https://github.
com/Alab-NII/complex_ques_decomposition
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Figure 1: We examine model behavior across two stages:
1) question decomposition and 2) subproblem solving.

question-answering (QA) tasks, our understanding
of their answering process remains limited.

From a human perspective, complex questions
are typically answered through a process of decom-
position (Pelletier, 1994; Wolfson et al., 2020). For
example, to answer the question [What is the date
of birth of George Washington’s paternal grandfa-
ther?] (as shown in Figure 1), humans would break
it down into a chain of simpler sub-questions, be-
ginning with [Who is the father of George Washing-
ton?]. They would then answer these sub-questions
to obtain the final answer (Talmor and Berant, 2018;
Perez et al., 2020; Khot et al., 2023). Previous re-
search has employed question decomposition in
the QA process to enhance model performance and
explainability (Min et al., 2019b; Fu et al., 2021;
Press et al., 2023; Zhou et al., 2023; Zhang et al.,
2024). However, little prior work appears to ex-
plore the ability of LLMs to replicate the two-stage
process humans use to answer complex questions,
particularly with annotations for validating decom-
posed questions.

In this work, we aim to explore the ability of
LLMs to answer complex questions by mimicking
the human QA process. Specifically, we examine
how models perform across two key stages: 1) ques-
tion decomposition, where the model breaks down
a complex question into a chain of sub-questions
and 2) subproblem solving, where it addresses each
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sub-question to obtain the final response. An exam-
ple of these stages is illustrated in Figure 1. Since
LLMs operate as black-boxes, we argue that iden-
tifying where they fail throughout the process of
answering complex questions will provide valuable
insights for improving their effectiveness.

To gain a broader perspective on LLM capabil-
ities, we experiment with three distinct multi-hop
reasoning datasets: HotpotQA (Yang et al., 2018),
2WikiMultiHopQA (2Wiki; Ho et al., 2020), and
StrategyQA (Geva et al., 2021). These datasets fea-
ture both explicit and implicit multi-hop questions,
sourced from human crowdsourcing and template-
based generation, with the number of hops varying
from 2 to 4. We conduct our investigations using
three LLMs of different sizes –small, medium and
large– from two families: Llama 3.1 and GPT (o1).

Our experimental results indicate that while
larger models (e.g., Llama 3.1 70B and o1) effec-
tively decompose explicit multi-hop questions, they
struggle with implicit ones, whereas smaller mod-
els (such as Llama 3.1 8B) face challenges with
both types. In the sub-problem solving stage, all
models demonstrate strong performance when an-
swering simple questions given the context. Addi-
tionally, we observed no clear correlation between
question decomposition accuracy and final QA per-
formance, underscoring a fundamental difference
between human and LLM reasoning. Humans of-
ten explicitly decompose complex questions into
smaller, manageable steps, whereas LLMs may in-
stead rely on latent multi-hop reasoning or heuristic
shortcuts, as suggested in prior work, or potentially
other mechanisms that have not yet been discov-
ered by the research community.

2 Related Work

The reasoning process with decomposition steps
in multi-hop QA offers benefits such as support-
ing explanation-focused evaluation tasks (Ho et al.,
2020; Inoue et al., 2020; Tang et al., 2021) or im-
proving answer explainability and final QA per-
formance when integrated into model design (Min
et al., 2019b; Fu et al., 2021; Press et al., 2023; Rad-
hakrishnan et al., 2023; Zhou et al., 2023). Some
previous works (Wu et al., 2024; Han and Gardent,
2025; Ammann et al., 2025) attempt to propose
a model or system to decompose questions into
subquestions. Recently, several studies have ana-
lyzed the internal workings of LLMs and shown
that latent multi-hop reasoning may exist (Yang

et al., 2024; Biran et al., 2024; Yang et al., 2025).
Our work differs from prior studies by examining
whether LLMs replicate the human two-stage pro-
cess for answering complex questions.

3 Datasets

We focus on the multi-hop reasoning task (Welbl
et al., 2018), which requires models to gather infor-
mation from multiple paragraphs, and then perform
compositional reasoning to obtain the final answer.
To broaden our understanding of LLM capabilities,
we select multi-hop reasoning datasets with explicit
and implicit questions, sourced from crowdsourc-
ing and templates, and hop counts ranging from
2 to 4. We decided to choose HotpotQA (Yang
et al., 2018), 2Wiki (Ho et al., 2020), and Strate-
gyQA (Geva et al., 2021). Appendix A shows the
per-hop and total sample counts for each dataset.

HotpotQA. HotpotQA questions are crowd-
sourced based on two gold paragraphs, with most
being 2-hop. As the original HotpotQA lacks
sub-questions and sub-answers, we use a 1,000-
question subset from Tang et al. (2021) that in-
cludes them. To filter samples likely to involve
reasoning shortcuts (e.g., overlap between the first
sub-answer and the final answer), we apply auto-
mated criteria, yielding 874 samples. We reserve 87
(10%) for development (e.g., parameter selection)
and use the remaining 787 for evaluation.

2Wiki. 2Wiki questions are template-based and
mostly two-hop. Since template-based questions
are easy to expand, we develop a process to extend
them to 3-hop and 4-hop while ensuring answer-
ability. The extension process involves four steps:
(1) obtaining basic 2-hop samples, (2) manually
verifying samples and related Wikidata triples, (3)
preparing templates, and (4) generating samples
automatically. Details of our process are provided
in Appendix A.1. Following standard practice, we
reserve 10% (84 samples) for development and 756
for evaluation. We refer to the extended version
used in our experiment as 2Wiki-complex.

StrategyQA. StrategyQA questions are crowd-
sourced. Unlike HotpotQA and 2Wiki, where the
reasoning process is explicitly stated in the ques-
tion, StrategyQA questions are implicit, with all
reasoning steps unstated (Geva et al., 2021). We
select 620 training samples with 2–4 sub-questions
and 2–4 unique paragraphs. Since sub-answers
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Dataset Llama 3.1 8B Llama 3.1 70B o1

∆sub linked PD RC CSQ ∆sub linked PD RC CSQ ∆sub linked PD RC CSQ

Hotpot 0.3 64.9 3.2 9.5 31.3 71.1 97.3 57.9 64.2 67.5 80.9 97.9 63.2 68.4 70.7
2Wiki-c 3.2 79.8 4.0 5.0 33.2 81.0 100.0 85.0 85.0 93.8 92.0 100.0 87.0 91.0 92.3
Strategy 14.8 17.8 5.4 8.7 30.3 39.1 79.7 41.3 45.7 63.2 58.4 97.8 19.6 20.7 32.2

Table 1: Automatic and human scores (green) in the decomposition stage. PD, RC, and CSQ denote Perfect
Decomposition, Reasoning Chain, and Correct Sub-questions, as defined in our human evaluation guidelines.

are missing, we generate them using Llama-3.3-
70B based on the provided short facts. Since sub-
questions are dependent, we use generated sub-
answers to replace placeholders and obtain the fi-
nal answer. We retain only samples where all sub-
answers lead to the correct final answer and filter
out those with sub-answers longer than 100 char-
acters based on our observations. This yields 373
samples, with 37 (10%) for development and 336
for evaluation. Details are in Appendix A.2.

4 Experiments

4.1 Experimental Settings

We conduct experiments using both open-source
and closed-source LLMs. For open-source, we
use the instruction-tuned versions of Llama 3.1 8B,
Llama 3.1 70B, and Llama 3.3 70B (Grattafiori
et al., 2024). For closed-source, we use o1 (o1-
2024-12-17). We run experiments on development
sets and observe that 2-shot prompting often yields
better automatic scores. Therefore, we use 2-shot
prompting in our decomposition stage. Note that
we use Llama 3.3 70B solely for judgment.

4.2 Results

4.2.1 Decomposition Stage
At this stage, the input is a complex question, and
the output is a list of connected sub-questions.
Since there are many valid ways to split a com-
plex question into sub-questions, we also provide
context in the prompt and instruct the models to
refer to it if decomposition is challenging. We use
both automatic and human evaluation for this stage,
and the scores are presented in Table 1.

Automatic Evaluation. We use two metrics:
∆sub, which scores 1 if the number of gener-
ated sub-questions matches the gold sub-questions
and 0 otherwise, and linked, which scores 1 if
all sub-questions are connected through placehold-
ers (e.g., #1 or #Ans1), and 0 otherwise. As
shown in Table 1, large models achieve high linked

scores, demonstrating their ability to follow instruc-
tions for linking sub-questions. Large models also
achieve high ∆sub scores, but for StrategyQA,
these scores are relatively low, highlighting the
challenge of generating the exact number of sub-
questions in this dataset. Notably, these metrics do
not evaluate subquestion content.

Human Evaluation. We manually assess 100
randomly selected samples per dataset2 based on
three criteria: (1) Perfect Decomposition, scored as
1 if all sub-questions are logically connected, the fi-
nal question leads to a correct answer, and there are
no redundant sub-questions; (2) Reasoning Chain,
scored as 1 if the decomposition is generally cor-
rect but contains some redundancy; and (3) Number
of Correct Sub-questions, representing the count
of correctly formulated sub-questions. The full
human evaluation guidelines are in Appendix B.1.

As shown in Table 1, the small model (Llama
3.1 8B) performs poorly across all three datasets,
indicating a lack of decomposition ability. In con-
trast, larger models (Llama 3.1 70B and o1) excel at
decomposing explicit multi-hop questions (Hotpot
and 2Wiki-c) but struggle with implicit multi-hop
questions (Strategy), where the reasoning steps are
not explicitly mentioned in the questions. Addi-
tionally, we observe that these larger models han-
dle template-based multi-hop questions (2Wiki-c)
well but perform less effectively on human crowd-
sourced questions (Hotpot).

On StrategyQA, Llama 3.1 70B outperforms o1
by a large margin, mainly due to referencing issues
in o1’s outputs, such as using ‘the individual in
question’ instead of naming entities. We manually
analyze error cases across three datasets. In Strat-
egyQA, o1 has referencing issues in 45 out of 75
cases, while Llama 3.1 70B has 1 out of 54. Accept-
ing referencing issues, 12 cases in o1 become valid
decompositions, but none in Llama 3.1 70B. As
a result, o1’s perfect decomposition score is 32.6,

2We removed 5 Hotpot and 8 Strategy samples during
human evaluation due to gold decomposition issues.
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Dataset Llama 3.1 8B Llama 3.1 70B o1

Equal All Equal All Equal All

Hotpot 96.2 92.8 96.7 93.7 94.7 90.5
2Wiki-c 95.5 86.5 99.1 97.2 99.4 98.0
Strategy 77.1 52.0 79.6 59.4 81.3 64.0

Table 2: LLM-as-a-Judge accuracy (based on Llama 3.3
70B) in the sub-problem-solving stage for two scenarios:
equal weight (Equal) and all sub-questions correct (All).

Dataset Llama 3.1 8B Llama 3.1 70B o1

0-CoT De-Cor 0-CoT De-Cor 0-CoT De-Cor

Hotpot 90.5 0.058 91.6 0.125 91.6 0.004
2Wiki-c 82.0 0.096 89.0 -0.148 99.0 0.260
Strategy 63.0 0.084 78.3 0.282 80.4 0.105

Table 3: LLM-as-a-Judge accuracy (Llama 3.3 70B)
for full-QA performance using zero-shot-CoT. We also
highlight in blue (De-Cor) the correlation between full-
QA performance and the question decomposition.

still lower than Llama 3.1 70B’s 41.3. Detailed
error analysis and examples are in Appendix B.3.

4.2.2 Subproblem Solving Stage
In this stage, the input is a simple question with
context; the output is the answer to that question.
We observe that both Exact Match (EM) and F1
scores fail to accurately reflect model performance
due to varied answer representations (e.g., different
formats for names). Examples comparing EM/F1
scores and LLM-as-a-judge are in Appendix B.2.

To address this, we design a few-shot prompting
approach using Llama 3.3 70B as a judge (Verga
et al., 2024) to evaluate predicted answers based
on the correct answer and context. The model se-
lects one of three labels: Correct, Incorrect, or Not
sure. Table 2 presents the LLM-as-a-Judge accu-
racy in the sub-problem-solving stage for two sce-
narios: (1) assuming all sub-questions are of equal
importance, and (2) requiring that all sub-questions
within the same sample be answered correctly. (EM
and F1 scores are presented in Appendix B.2.)

As shown in Table 2, all models score high at this
stage due to the simplicity of the questions. How-
ever, Strategy scores lower than the other datasets,
with a notable drop when all sub-questions in a
sample must be correct. A manual analysis reveals
three key reasons: (1) Strategy includes compar-
ison questions that models often answer as ‘Not
sure’; (2) some sub-questions have context but no
answer, leading to ‘cannot answer’; and (3) the
lack of gold sub-answers in Strategy means that

our generated sub-answers may contain errors.

4.3 Final Performance vs. Decomposition

We first evaluate models on the multi-hop QA task
using 300 samples from Section 4.2.1 with zero-
shot CoT (Kojima et al., 2022). We then compute
Pearson correlation coefficients between multi-hop
QA performance and the decomposition stage (us-
ing Perfect Decomposition). All scores are in Table
3. The results show that all models perform well
on HotpotQA and 2Wiki-c with gold context. How-
ever, performance is lower on Strategy, highlight-
ing the challenge of its implicit multi-hop question
format. We observe that, in most cases, the corre-
lation between final QA performance and the de-
composition stage is negligible (with scores below
0.19). However, Llama 3.1 70B on Strategy and
o1 on 2Wiki-c show a moderate correlation, sug-
gesting some relationship between decomposition
quality and overall accuracy. Overall, these results
indicate that QA performance does not strongly
align with variations in decomposition quality.

We hypothesize two key factors behind these cor-
relation scores: (1) Humans typically explicitly de-
compose complex questions into smaller, manage-
able subproblems before solving them. In contrast,
LLMs often rely on implicit, end-to-end reason-
ing, engaging in latent multi-hop reasoning (Yang
et al., 2024) or statistical correlations, rather than
structured decomposition. (2) Instead of follow-
ing a step-by-step reasoning process as expected,
models may leverage shortcuts (Chen and Durrett,
2019; Min et al., 2019a) to arrive at answers, which
affects their final QA performance.

5 Conclusion

We reuse three multi-hop datasets to create data
with sub-questions, sub-answers, explicit and im-
plicit questions, and varying hops. Using these,
we analyze where LLMs fail by mimicking the hu-
man QA process of decomposition and subproblem-
solving. Our results show that larger models handle
explicit multi-hop questions but struggle with im-
plicit ones, while smaller models struggle with both.
All models perform well on simple questions with
context. Notably, decomposition accuracy appears
to have only a weak correlation with final QA per-
formance. This suggests that, unlike humans who
explicitly decompose complex questions, LLMs
may instead rely on alternative reasoning strategies
or other poorly understood mechanisms.

115



Limitations

Our research has two main limitations. The first
limitation is that our study assumes access to the
gold paragraph (the one containing the necessary
information to find the answer). However, this does
not reflect real-world scenarios where the gold para-
graph is unavailable, requiring models to retrieve
relevant information instead.

The second concern is our reliance on LLM-as-
a-judge (few-shot prompting with Llama 3.3 70B),
which may not always provide accurate judgments.
Since Llama 3.3 70B is not the most advanced
model, it may occasionally make errors, potentially
affecting evaluation reliability.
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A Dataset Details

Table 4 shows the sample count per hop and total
count for each dataset.

Hotpot 2Wiki-complex Strategy

2-hop 787 166 86
3-hop - 347 208
4-hop - 243 42

Total 787 756 336

Table 4: The number of samples per hop and the total
number of samples for the three datasets.

A.1 2Wiki-complex

Specifically, (Step 1) from the development set of
2Wiki, we only retain the questions related to father
or mother relations (1,025 samples). The primary
reason for this is that the combination of the two
parent relations can form a new relational word,
such as ‘mother’ and ‘mother’ combining to create
‘maternal grandmother’. (Step 2) Since 2Wiki is
constructed automatically, it contains unanswerable
questions. Therefore, we randomly selected 200
samples and manually verified them to ensure that
all samples we use for generating more hops are
answerable, resulting in 182 2-hop samples. (Step
3 & 4) We prepare a list of templates for extending
questions from n-hop to (n+ 1)-hop, where n can
be 2 or 3. Table 5 presents a list of templates that
we use to extend from 2-hop to 3-hop. For exam-
ple, if the 2-hop question is [Who is the maternal
grandmother of person A?], the corresponding 3-
hop question would be [What is the date of birth
of the maternal grandmother of person A?]. After
obtaining all necessary information, we automati-
cally generate the samples, resulting in 392 3-hop
samples, and 266 4-hop samples.

This is an example of the process for extending
a 2-hop sample to a 3-hop sample. Each 2-hop
sample corresponds to two triples, (e1, r1, e2) and
(e2, r2, e3), and two paragraphs (p1 and p2) that
describe the two entities, e1 and e2. To obtain a
new 3-hop sample from a 2-hop sample, we start
with the entity e3 and obtain a list of new triples,
such as (e3, r31, e4) and (e3, r32, e4). We manually
verify this list of new triples. When a triple (e.g.,
(e3, r31, e4)) is confirmed to be correct, we use the
three triples (e1, r1, e2), (e2, r2, e3), and (e3, r31,
e4) to generate a 3-hop sample.
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Figure 2: Histogram showing the character lengths of
sub-answers.

A.2 StrategyQA
Notably, unlike HotpotQA and 2Wiki, StrategyQA
consists of yes/no questions. Geva et al. (2021)
provided the following example to illustrate the
difference between explicit and implicit multi-hop
reasoning:

• Explicit Question: Was Aristotle alive when
the laptop was invented?

• Implicit Question: Did Aristotle use a lap-
top?

Sample Selection. The training and test sets con-
tain 2,290 and 490 samples, respectively. However,
since sub-questions are unavailable in the test set,
we select samples only from the training set. To
consolidate evidence from different annotators, we
collect all annotated paragraph titles and remove
duplicates. This results in 87, 257, 443, 513, 428,
284, and 159 samples with 1 to 7 paragraphs, re-
spectively, along with a few samples containing
more than 7 paragraphs. Since samples with mul-
tiple paragraphs may contain multiple reasoning
paths, we focus on those with 2 to 4 paragraphs.
The training set contains 18, 626, 1,219, 342, and
85 samples with 1 to 5 sub-questions. To maintain
a balanced level of complexity, we further restrict
our selection to samples with 2 to 4 sub-questions.

Sub-Answer Generation Process. We run
Llama-3.3 70B with few-shot prompting to gen-
erate sub-answers for the sub-questions. Since the
sub-questions are dependent, we process them step
by step to obtain their answers. Our prompting
incorporates both provided short facts and context
because short facts are more useful in helping the
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Relation_1 Relation_2 Relation_3 Question_template

father father father Who is the paternal grandfather’s father of #name?
father father mother Who is the paternal grandfather’s mother of #name?
father father spouse Who is the paternal grandfather’s wife of #name?
father father date of birth What is the date of birth of paternal grandfather of #name?
father father date of death What is the date of death of paternal grandfather of #name?
father father place of birth What is the place of birth of paternal grandfather of #name?
father father place of death What is the place of death of paternal grandfather of #name?
father father country of citizenship What is the nationality of paternal grandfather of #name?
father father cause of death What is the cause of death of paternal grandfather of #name?

father mother father Who is the paternal grandmother’s father of #name?
father mother mother Who is the paternal grandmother’s mother of #name?
father mother spouse Who is the paternal grandmother’s husband of #name?
father mother date of birth What is the date of birth of paternal grandmother of #name?
father mother date of death What is the date of death of paternal grandmother of #name?
father mother place of birth What is the place of birth of paternal grandmother of #name?
father mother place of death What is the place of death of paternal grandmother of #name?
father mother country of citizenship What is the nationality of paternal grandmother of #name?
father mother cause of death What is the cause of death of paternal grandmother of #name?

mother mother father Who is the maternal grandmother’s father of #name?
mother mother mother Who is the maternal grandmother’s mother of #name?
mother mother spouse Who is the maternal grandmother’s husband of #name?
mother mother date of birth What is the date of birth of maternal grandmother of #name?
mother mother date of death What is the date of death of maternal grandmother of #name?
mother mother place of birth What is the place of birth of maternal grandmother of #name?
mother mother place of death What is the place of death of maternal grandmother of #name?
mother mother country of citizenship What is the nationality of maternal grandmother of #name?
mother mother cause of death What is the cause of death of maternal grandmother of #name?

mother father father Who is the maternal grandfather’s father of #name?
mother father mother Who is the maternal grandfather’s mother of #name?
mother father spouse Who is the maternal grandfather’s wife of #name?
mother father date of birth What is the date of birth of maternal grandfather of #name?
mother father date of death What is the date of death of maternal grandfather of #name?
mother father place of birth What is the place of birth of maternal grandfather of #name?
mother father place of death What is the place of death of maternal grandfather of #name?
mother father country of citizenship What is the nationality of maternal grandfather of #name?
mother father cause of death What is the cause of death of maternal grandfather of #name?

Table 5: List of question templates that are used to extend a question from 2-hop to 3-hop in the 2Wiki-complex
dataset.
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model generate accurate sub-answers. After ob-
taining all sub-answers, we identify 508 samples
where the predicted final answer aligns with the
gold final answer. However, we observe that some
sub-answers are excessively long. Figure 2 presents
a histogram of sub-answer character lengths. Since
each question may have multiple sub-questions and
sub-answers, we take the maximum sub-answer
length within a sample to represent it. Based on
this histogram and manual inspection, we retain
only samples where sub-answers are under 100
characters.

B Experimental Results

B.1 Decomposition Stage
Human Evaluation Guideline. We present the
following evaluation guidelines to the annotators.

• Perfection Decomposition: 1 and 0

- All sub-questions are connected, and the
final sub-question should lead to the cor-
rect final answer.

- All sub-questions are useful (each con-
tributing to the final answer) and not re-
dundant.

- If you label it as 1, no further annotations
are needed for this sample.

• Reasoning Chain: 1 and 0

- All sub-questions are connected, and the
final sub-question should lead to the cor-
rect final answer.

- The sub-question cannot be the same as
the original question.

- Redundancy or missing sub-questions
are differences from the perfect decom-
position score.

• Number of Correct Sub-questions: We
present the annotators with a list of 0s cor-
responding to the number of generated sub-
questions. If the annotators believe a sub-
question is correct and useful for finding the
final answer, they can change the label from 0
to 1 for that sub-question. The final score is
calculated by dividing the number of correctly
generated sub-questions by the total number
of generated sub-questions.

It is important to note that the evaluation was
conducted by two authors of the paper. We have

Dataset Llama 3.1 8B Llama 3.1 70B o1

EM F1 EM F1 EM F1

Hotpot 66.2 82.6 68.2 83.2 62.1 78.0
2Wiki-c 73.4 88.5 80.0 92.6 71.3 89.4
Strategy 44.5 55.0 46.8 57.1 17.9 30.7

Table 6: EM and F1 scores in the sub-problem-solving
stage for the case where all sub-questions are of equal
importance.

discussed our guidelines, as well as any special
cases that caused confusion or were unclear.

B.2 Subproblem Solving Stage
Table 6 presents EM and F1 scores in the sub-
problem-solving stage for the case where all sub-
questions are of equal importance.

We provide examples of the differences between
EM/F1 scores and LLM-as-a-judge in Table 7.

B.3 Decomposition Error Analysis
Table 8 presents a detailed error analysis of the
decomposition stage for Llama 3.1 70B and o1.

We provide error examples from the decomposi-
tion stage in Table 9.
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Example Question Predicted Answer Gold Answer Scores

1 When was the poet Rumi active?
30 September 1207 – 17
December 1273

13th century
EM: false
F1: 0.0
LLM: CORRECT

2
In a monopoly, how many different
entities supply goods?

One 1
EM: false
F1: 0.0
LLM: CORRECT

3
What class of animals do silverfish
belong to?

Insects Insect
EM: false
F1: 0.0
LLM: CORRECT

4
What ages are most medicare
recipients?

65 and older, as well as
some younger people with
disability status as ...

65 or older
EM: false
F1: 0.15
LLM: CORRECT

5
What is the maximum depth of the
Sea of Japan?

3,742 meters (12,277 ft)
12,276 feet
(3,742 metres)

EM: false
F1: 0.25
LLM: CORRECT

6
What is the range of a Hwasong-15
missile?

More than 13,000 km
(8,100 miles)

8,000 miles
EM: false
F1: 0.25
LLM: CORRECT

7
Who is the father of Princess
Victoria Melita of Saxe-Coburg and
Gotha

Alfred, Duke of
Saxe-Coburg and Gotha

Alfred
EM: false
F1: 0.28
LLM: CORRECT

8
How big is Walt Disney World in
square miles?

39 sq mi 39
EM: false
F1: 0.5
LLM: CORRECT

9
Who is the father of Princess
Catherine Of Schleswig-Holstein-
Sonderburg-Beck?

Duke Peter August of
Holstein-Beck

Peter August
EM: false
F1: 0.57
LLM: CORRECT

10
When was the play Dido, Queen of
Carthage written?

It was probably written
between 1587 and 1593

between 1587
and 1593

EM: false
F1: 0.67
LLM: CORRECT

11

Worldview Entertainment is an American
independent motion picture company that
produced which 2015 mystery thriller film
based on a novel?

Child 44 Child 44 (film)

EM: false
F1: 0.8
LLM: CORRECT

12
Who is the father of Godfrey I,
Count of Verdun?

Gozlin, Count of Bidgau
and Methingau

Gozlin, Count
of Bidgau

EM: false
F1: 0.8
LLM: CORRECT

Table 7: Examples of differences between EM/F1 scores and LLM-as-a-judge.

Dataset Llama 3.1 70B o1

#Err #Ref #Acc #Err #Ref #Acc

Hotpot (95) 40 2 0 35 23 15
2Wiki-c (100) 15 0 0 13 1 1
Strategy (92) 54 1 0 74 45 12

Table 8: Detailed error analysis in the decomposition
stage: #Err represents the number of decomposition
error cases, #Ref indicates the number of cases related
to referencing issues, and #Acc counts the number of
cases that become acceptable once the referencing issue
is resolved.
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Dataset Question Generated Decomposition Gold Decomposition Error Type

Strategy

Does the anatomy
of a camel lend
itself to jokes on
Wednesdays?

1. Which notable aspect of this animal’s
anatomy might be relevant to lighthearted
remarks?
2. Does #Ans1 share a term or concept with a
mid-week day in typical work schedules?
3. If #Ans2 is yes, does that shared reference
inspire humor on that day?

1. As a joke, what is Wednesday
otherwise known as?
2. What are camels known for
having?
3. Is there overlap between #1
and #2?

Referencing
issue
Accept
after
fixing

Strategy

Are ground bell
peppers the main
ingredient of black
pepper?

1. Do the two items in the question come
from the same plant source?
2. If #Ans1 is no, can ground bell peppers be
the main ingredient of black pepper?

1. What is used to make black
pepper?
2. Is #1 the same thing as bell
pepper?

Referencing
issue
Do not
accept

Strategy
Was Rumi’s work
serialized in a
magazine?

1. Did this individual produce any written
works?
2. Were any of #Ans1 published in multiple
parts over time?
3. If #Ans2 is yes, did those publications
appear in a magazine format?

1. When was the first magazine
ever published?
2. When was the poet Rumi
active?
3. Was #1 before #2?

Referencing
issue
Do not
accept

Hotpot

When did the
Disney sitcom in
which Genevieve
Knight G̈Ḧannelius
starred as Avery
Jennings end?

1. Which TV show featured this actress in the
role of Avery Jennings?
2. When did #Ans1 end?

1. What is the Disney sitcom
that Genevieve Knight
G̈Ḧannelius starred as Avery
Jennings?
2. When did #1 end?

Referencing
issue
Accept
after
fixing

Hotpot

The director of a
film about Wong
Fei-hung also made
what film?

1. Which motion picture focuses on the
Chinese folk hero referenced in the original
inquiry?
2. Who directed #Ans1?
3. Which other film did #Ans2 also create?

1. Who is the director of a film
about Wong Fei-hung?
2. #1 also made what film?

Referencing
issue
Do not
accept

Table 9: Examples of errors in the decomposition stage. Accept after fixing means it is acceptable once the
referencing issue is fixed. Do not accept means it is not acceptable even if the referencing issue is fixed.
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