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Abstract
Large Language Models (LLMs) have shown remarkable success in multi-hop question-answering (M-QA) due to
their advanced reasoning capabilities. However, the influence of reasoning structures on their performance remains
underexplored, primarily due to the lack of M-QA datasets that explicitly encode the reasoning pathways underlying
each question-answer pair. While existing benchmarks such as HotpotQA, 2WikiMultiHopQA, MuSiQue, and
GSM8K evaluate multi-step reasoning, they do not provide a unified, explicit representation of reasoning structure
that enables controlled structural analysis. In this work, we introduce GRS-QA, a reasoning graph-structured
question answering dataset that augments multi-hop QA instances from exisiting datasets, with directed reasoning
graphs representing intermediate inference steps. By unifying and extending graph-style annotations across
multiple textual and mathematical benchmarks, GRS-QA enables fine-grained evaluation of LLM performance
across varying context structures, prompting styles, and data domains. We conduct a systematic prompting study
comparing reasoning graphs as contextual grounding versus as in-context exemplars. Our experiments reveal
that example-based structural prompting consistently outperforms graph-as-context conditioning, suggesting that
LLMs benefit more from explicit reasoning guidance than supplying contextual information alone. These findings
highlight the importance of unified structural annotations for understanding and improving multi-hop reasoning in LLMs.
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1. Introduction

Reasoning in natural language is the fundamental
aspect of intelligence (Huang and Chang, 2023),
and QA tasks provide a quantifiable way to test the
reasoning capabilities of intelligent systems (Yang
et al., 2018). The emergence of LLMs has demon-
strated an unprecedented reasoning capacity in
answering questions (Wei et al., 2022; Wang et al.,
2024). However, real-world applications often de-
mand more complex reasoning capability, such as
multi-hop reasoning (Atif et al., 2023), where sys-
tems integrate information from multiple sources
and perform multiple steps of thinking in a certain
order to arrive at the final answer and conclusion.

To evaluate the multi-hop reasoning capa-
bilities of LLMs, researchers have developed
several multi-hop question-answering (M-QA)
datasets, including HotpotQA (Yang et al., 2018),
2WikiMultiHopQA (Ho et al., 2020) (Wiki), and
MuSiQue (Trivedi et al., 2022). Multi-step mathe-
matical reasoning datasets and dynamically extend-
able benchmarks such as GSM8K (Cobbe et al.,
2021), and DARG (Zhang et al., 2024) have also

†These authors contributed equally to this work.
∗These authors contributed equally.

been developed.
HotpotQA is a large-scale and crowd-sourced

dataset comprising 113,000 Wikipedia-based QA
pairs, offering sentence-level supporting facts for
explainable predictions. MuSiQue constructs gen-
uine multi-step QA pairs by composing connected
single-hop questions through a bottom-up ap-
proach and mitigating existing common shortcuts.
2WikiMultiHopQA integrates structured and un-
structured data to provide comprehensive and evi-
dence based reasoning paths, which ensures au-
thentic multi-hop reasoning. GSM8K consists of
high quality, linguistically diverse grade school math
word problems, and DARG introduces dynamically
extended versions of current benchmarks, includ-
ing GSM8K.

Despite their contributions to benchmarking
LLMs’ multi-hop reasoning capabilities, the afore-
mentioned widely used M-QA datasets lack explicit
reasoning structures for each QA pair, preventing
LLMs from leveraging predefined reasoning path-
ways and forcing them to rely solely on their internal
knowledge. Furthermore, while some prior works
have introduced reasoning graphs and explanation

Code and dataset used in this paper are available at
https://github.com/kyone138/grs-qa.

https://github.com/kyone138/grs-qa
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structures, these efforts remain domain-specific.
For example, WorldTree (Jansen et al., 2018) con-
structs explanation graphs for elementary science
questions; QA-GNN (Yasunaga et al., 2021) builds
joint reasoning graphs over QA contexts and knowl-
edge graphs for commonsense reasoning; and
Reason2Drive (Nie et al., 2023) introduces reason-
ing chains for autonomous driving perception tasks.
However, none of these works provides a unified,
multi-domain benchmark that systematically anno-
tates reasoning graphs across existing multi-hop
QA datasets of varying complexity.

To address the lack of a unified benchmark for
multi-hop QA and enable structure-aware analysis
of multi-hop reasoning, we introduce GRS-QA, a
novel question answering dataset augmented with
explicit directed reasoning graphs. Each question-
answer pair is associated with an inference graph
in which nodes represent contextual evidence and
edges encode logical dependencies. This unified
representation enables structure-aware and sys-
tematic evaluation of how LLMs leverage structured
reasoning signals across domains and prompting
strategies. Our contributions can be summarized
as follows:

• A Graph-Structured Multi-Hop QA Dataset:
We introduce GRS-QA, a large-scale QA dataset
that explicitly pairs each question-answer in-
stance with a directed reasoning graph repre-
senting the logical steps required to derive the
answer. GRS-QA covers both textual and math-
ematical domains and reasoning complexities.

• Unified Structural Annotation Across Bench-
marks. By standardizing reasoning graphs
across datasets with varying characteristics and
reasoning complexities, GRS-QA enables fine-
grained analysis of how reasoning structure influ-
ences LLM performance. This unified represen-
tation allows comparison across domains and
reasoning types under a common structural for-
malism.

• Analysis of Structure Prompting Effects: We
conduct controlled experiments comparing differ-
ent prompting styles:
– Reasoning Graphs as Context (Factual

Groundings): Using reasoning graphs as input
context alongside the question.

– Reasoning Graphs as Examples (Prompting
Reasoning Paths): Using reasoning graphs
as examples in the prompt that demonstrate
reasoning steps and how to approach a similar
type of task.

Incorporating Reasoning Graph Examples con-
sistently outperforms Reasoning Graph Context,
demonstrating that example-based prompting
provides effective guidance for LLM reasoning

even without access to ground-truth reasoning
structures.

• Impact of Domain Complexity and Model Ca-
pacity: Smaller LLMs struggle to interpret rea-
soning graph structures in the multi-hop textual
QA domains, while larger models exhibit better
adaptability.

• Robustness and Sensitivity Analysis: LLMs
demonstrate higher sensitivity to variations and
perturbations in reasoning graph examples within
textual QA tasks, but remain more stable in
the mathematical reasoning domain. Negatively
perturbed graphs lead to notable performance
degradation.

2. Dataset Creation

GRS-QA constructs reasoning graphs that trace
logical paths from questions to answers us-
ing QA pairs from HotpotQA (Yang et al.,
2018), MuSiQue (Trivedi et al., 2022), 2WikiMul-
tiHopQA (Ho et al., 2020), and DARG-processed
GSM8K (Zhang et al., 2024). GRS-QA builds these
graphs by leveraging structured fields—question,
answer, and supporting facts—where sentences
serve as nodes and edges represent logical rela-
tionships derived from annotations.

2.1. Positive Graphs

Positive reasoning graphs represent the ground
truth reasoning steps from a question to its answer.
In these graphs, nodes correspond to sentences or
mathematical equations of the golden context that
address portions of the question. Edges between
nodes define the logical flow that the LLM should
follow to arrive at the correct answer. The logi-
cal flow is determined by the context or evidence
provided in each of the datasets and how each
instance points to the others.

In the HotpotQA dataset, questions are catego-
rized as either "bridge" or "comparison." Each ques-
tion is paired with two sentences from the golden
context, which serve as nodes in a reasoning graph.
For "comparison" questions, no edges are estab-
lished between nodes. For "bridge" questions, we
use the "keyword" field to identify the second sen-
tence as the tail node, designate the other sentence
as the head node, and create an edge from head
to tail. Figure 1 shows an example of a HotpotQA
data instance.

In the MuSiQue dataset, we utilize the provided
question category (e.g., "4hop2") to determine the
graph structure. The supplied sentence IDs are
used to set up the nodes accordingly.
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Graph Type Question Decomposition

Comparison_2_1 (C-2-
1)

Between Athlete and Fun, which
band has more members? Athlete

1. How many members are in Athlete? Four members
2. How many members are in Fun? Three members

Bridge_2_1 (B-2-1) Who beat the player that won the
2017 Australian men’s open tennis
single title in the US open? Novak
Djokovic

1. Who wins the 2017 australian men’s open tennis single title? Roger
Federer
2. Who beat Roger Federer in the us open? Novak Djokovic

Comparison_3_1 (C-3-
1)

In which country is the administra-
tive territorial entity for the city where
Charlie Harper was born? United
Kingdom

1. Where was Charlie Harper born? Hackney
2. In which administrative territorial entity is Hackney located? Middlesex
3. Which country is Middlesex located in? United Kingdom

Bridge_3_1 (B-3-1) In which country is the administra-
tive territorial entity for the city where
Charlie Harper was born? United
Kingdom

1. Where was Charlie Harper born? Hackney
2. In which administrative territorial entity is Hackney located? Middlesex
3. Which country is Middlesex located in? United Kingdom

Compositional_3_2
(CO-3-2)

In which country is Midway, in the
same county as McRae in the same
state as KAGH-FM? U.S.

1. What state is KAGH-FM located? Arkansas
2. In which administrative territorial entity is McRae located? White County
3. Which country is Midway (near Pleasant Plains), White County,
Arkansas located in? U.S.

Comparison_4_1 (C-4-
1)

Did Albrecht Alt and Asli Hassan
Abade have the same occupation?
no

1. ["Asli Hassan Abade", "occupation", "pilot"]
2. ["Asli Hassan Abade", "occupation", "military figure"],
3. ["Asli Hassan Abade", "occupation", "civil activist"]
4. ["Albrecht Alt", "occupation", "theologian"]
5. ["Albrecht Alt", "occupation", "lecturer"]
6. ["Albrecht Alt", "occupation", "professor"]
"supporting_facts": [["Asli Hassan Abade", 0], ["Albrecht Alt", 0],["Albrecht
Alt", 2], ["Albrecht Alt", 6]]

Bridge_4_1 (B-4-1) When did Ukraine gain indepen-
dence from the first Allied nation to
reach the German city where the di-
rector of The Man from Morocco was
born? 1917

1. Who is the director of The Man from Morocco? Mutz Greenbaum
2. What is the place of birth of Mutz Greenbaum? Berlin
3. What allied nation was the first to reach the german capitol of Berlin?
Soviet Union
4. When did Ukraine gain independence from Soviet Union? 1917

Compositional_4_2
(CO-4-2)

Where is the place of death of
the man who became leader of
the largest country in Europe in
square miles after the collapse of
the nation Germany agreed to sign
a non-aggression pact with in 1939?
Moscow

1. What is the largest country in europe by square miles? Russia
2. In 1939 Germany agreed to sign a non-aggression pact with which
country? the Soviet Union
3. Who became leader of Russia after the collapse of the Soviet Union?
Boris Yeltsin
4. Where did Boris Yeltsin die? Moscow

Compositional_4_3
(CO-4-3)

In what country is Tuolumne, which
is within a county that borders
the county containing Jamestown,
and is located within the state
where Some Like It Hot was filmed?
United States

1. In which administrative territorial entity is Jamestown located? Tuolumne
County
2. Which entities share a border with Tuolumne County? Stanislaus
County
3. Where did they film some like it hot? in California
4. Which country is Tuolumne, Stanislaus County, in California located
in? United States

Bridge_Comparison_4_1
(BC-4-1)

Are both directors of films The Blue
Bird (1940 Film) and Bharya Biddalu
from the same country? no

1. [’The Blue Bird (1940 film)’, ’director’, ’Walter Lang’]
2. [’Bharya Biddalu’, ’director’, ’Tatineni Rama Rao’]
3. [’Walter Lang’, ’country of citizenship’, ’American’]
4. [’Tatineni Rama Rao’, ’country of citizenship’, ’India’]

Comparison_5_1 (CO-
5-1)

Which film has more directors,
Red Cow (Film) or Chillerama?
Chillerama

1. ["Red Cow (film)", "director", "Tsivia Barkai Yacov"]
2. ["Chillerama", "director", "Adam Rifkin"]
3. ["Chillerama", "director", "Tim Sullivan"]
4. ["Chillerama", "director", "Adam Green"]
5. ["Chillerama", "director", "Joe Lynch"]

Bridge_Comparison_5_1
(BC-5-1)

"Do both films The Falcon (Film) and
Valentin The Good have the direc-
tors from the same country? no

1. ["The Falcon (film)", "director", "Vatroslav Mimica"]
2. ["Valentin the Good", "director", "Martin Fri0̆10d"]
3. ["Vatroslav Mimica", "country of citizenship", "Croatian"]
4. ["Vatroslav Mimica", "country of citizenship", "Yugoslavia"]
5. ["Martin Fri0̆10d", "country of citizenship", "Czech"]

Table 1: This table shows the reasoning graphs of GRS-QA. The reasoning graphs demonstrate the
decomposition of the larger question and the reasoning paths to approach the answer. Each of these is
constructed using the context and relevant entities for each question. The decomposition is shown with
varying formats in the right-most column of the graph, including more questions derived from the original
question as well as triples that represent the relations between entities and, in turn, provide subsets of the
context. This is consistent with the multiple datasets that each of the question types are extracted from.

For 2WikiMultiHopQA, the triplets in the "evi-
dences" field provide sufficient information to es-
tablish the edges for our graph. We extract enti-
ties from the initial sentence to locate their corre-

sponding sentences. Furthermore, the MuSiQue
dataset includes an ‘answerable’ field that indicates
whether the provided context contains the neces-
sary sentences to address parts of the question.
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Figure 1: Example reasoning graphs constructed
from HotpotQA (Yang et al., 2018) (left) and DARG-
processed GSM8K (Zhang et al., 2024) (right), il-
lustrating the logical steps required to derive the
answer. For HotpotQA, each node corresponds
to a supporting paragraph in the original dataset.
For GSM8K, each supporting sub equation corre-
sponds to a node. These reasoning graphs repre-
sent the gold reasoning path to answer the ques-
tion.

If the "answerable" field is marked as False, we
exclude that data point, as we cannot generate a
reasoning graph with incomplete context.

Lastly, from the DARG processed GSM8K
dataset we were able to extract a mid-step rendi-
tion of reasoning graphs, DARG reasoning graphs,
and Width and Depth increased reasoning graphs
which provide irrelevant extra node(s) for the graph
that acts as a perturbation. However, unlike the rest
of the datasets, GSM8K has too many variations in
each hop type, therefore, the breakdown of GSM8K
is limited to distribution of hops. Since GSM8K is
a math domain dataset, we were able to use the
intermediate equations that were given in the evi-
dence field as the content of the nodes. The graph
structure, edges, was created using the results of
each of the intermediate steps. An edge is created
from one node to the other if the result of a node
is a part of the operands of another node. More
information about graph construction and dataset
processing can be found in A, B.

2.2. Negative Graphs
In addition to the positive reasoning graphs, GRS-
QA introduces structurally perturbed variants, re-
ferred to as negative reasoning graphs, to assess
model sensitivity to reasoning path integrity. Unlike
traditional negative samples, which differ semanti-
cally, these perturbations alter only the graph struc-
ture, keeping sentence content largely unchanged.
This design isolates the impact of structural co-
herence on model behavior. We implement two

Graph Type MuSiQue Wiki Hotpot GSM8K
Bridge 1875 7652 7298 –
Compositional 121 – – –
Comparison – 5200 1747 –
Bridge-Comparison – 3448 – –
Multi-hop (3–11 hops) – – – 2796
Total 1996 16301 9045 2796

Table 2: Distribution of reasoning graph structures
across datasets used for experiments. GSM8K
has 3 to 11 hop questions with numerous edge
variations that do not fit into the shown types. This
distribution shows the breakdown of a subset of
MuSiQue, Wiki, Hotpot for evaluation purposes.
GSM8K is shown in its entirety. C provides more
information about the statistical analysis

primary types of structural perturbation.
Edge Perturbation: Gold graph nodes are re-

tained, but the edge connectivity is altered. This
includes deleting edges, adding incorrect edges, or
reversing edge directions, resulting in a misleading
or incoherent reasoning flow.

Node Perturbation: Distraction sentences,
sourced from a global context pool but irrelevant to
the gold reasoning path, are inserted or swapped
with gold nodes. These nodes are linked through
new edges, disrupting the logical progression.

3. Experiments

To assess the challenges GRS-QA pose to state-
of-the-art LLMs, we benchmark their performance
from three core perspectives:

• Effects of Structured Prompting on Perfor-
mance: How do differently structured prompting
strategies, such as using reasoning graphs as
examples or as context, affect the reasoning per-
formance of language models?

• Domain Complexity and Model Capacity Ef-
fects: How do different language models per-
form across diverse domains, such as factual
and mathematical question answering, and what
does this reveal about their domain-dependent
reasoning capabilities?

• Robustness and Sensitivity: How robust and
consistent are language models when exposed
to varied versus static few-shot demonstrations,
in the presence of prompt noise, and to what
extent are they sensitive to prompt variations?

3.1. Experimental Settings
Prompt Settings. The prompt used in this work
consists of two components: Context and Exam-
ples. The context refers to the ground truth reason-
ing graph that can be used to derive the answer
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Setting Abbreviation Description
• No Context + No Examples NC + NE The question is provided without any context (i.e., zero-shot)
• No Context + Reasoning Graph
Examples

NC + Graph Ex The question is provided with examples from other questions
(i.e., few-shot), which consist of question-graph-answer triples

• Reasoning Graph Context + No
Examples

Graph Context + NE The question is provided with its graph-structured context, but
without any examples from other questions

• Reasoning Graph Context + Rea-
soning Graph Examples

Graph Context + Graph
Ex

The question is provided with its graph-structured context and
examples from other questions (question-graph-answer triples)

• No Context + Randomized Rea-
soning Graph Examples

NC + Ran Graph Ex The question is provided without context but with randomly se-
lected examples, consisting of question-graph-answer triples

Table 3: Prompt settings and descriptions.

to a given question. The examples are reasoning
graph instances included in the prompt to demon-
strate how different questions can be approached.
To evaluate the impact of different prompting struc-
tures, we experimented with various combinations
of these settings, as listed in Table 3.

LLMs. The LLMs evaluated in this paper
are: GPT4o-mini (OpenAI, 2024), Llama8b-
instruct (Grattafiori et al., 2024) (8.03B),
Qwen2 (Yang et al., 2024) (1.54B), and Phi3.5 (Ab-
din et al., 2024) (3.82B). These LLMs show how
differences in model size and training methods can
lead to variations in performance.

Evaluation Metrics. For evaluation, we use Ex-
act Match (EM), F1, and an LLM-as-a-Judge metric
(Zheng et al., 2023), where GPT-4o-mini serves as
the judge. EM measures correctness by check-
ing if the generated answer exactly matches the
ground truth answer, while F1 offers a more lenient
token-level comparison that rewards partial overlap
between the predicted and ground truth answers.

The LLM Judge assesses the quality of seman-
tics and reasoning capabilities beyond lexical simi-
larity. We report primarily the F1 score in the main
text, as it captures nuanced correctness and shows
trends observed over all metrics. To reduce noise
and ensure fair comparison, model outputs are nor-
malized and truncated to include only the text after
the keyword “Answer:”, isolating the final predicted
answer from any preceding reasoning steps.

3.2. Effects of Structured Prompting
Prompts can have varying impacts on reasoning
performance depending on how they are struc-
tured. To examine how different prompt designs in-
fluence performance, we compare several prompt-
ing strategies, including reasoning graphs as ex-
amples, reasoning graphs used as context, and
evidence-based examples. Table 3 summarizes
the prompt settings used for evaluation in this sec-
tion.

These prompt settings are applied across all
the domains in the GRS-QA dataset, which in-
cludes Wiki, MuSiQue, Hotpot, and GSM8K. Ta-
ble 2 shows the distribution of reasoning graph

structures across subsets of data that were used
to evaluate the models. Experimental results are
reported separately for each dataset, leading to the
following key observations.

LLMs struggle to fully utilize the provided
graph context. We first compare two settings: NC
+ Graph Ex and Graph Context + NE. This compar-
ison reveals how well LLMs perform when given
relevant context for a question versus when they
are provided reasoning graph-based guidelines for
solving the question within the prompt. The first
two points on the x-axis of Figure 2 correspond to
these two settings.

We see that there is a common trend across Wiki,
Hotpot, and GSM8K, where NC + Graph Ex con-
siderably outperforms Graph Context + NE across
LLama, GPT4o, and Phi3.5. Phi3.5 has some fluc-
tuation on Hotpot, and this variation is further am-
plified in Qwen2’s performance. Qwen2 performs
better for Hotpot, Wiki, and MuSiQue, for the Graph
Context + No Ex setting.

This shows that even when LLMs are given the
relevant context to a question, they may not know
how to approach or effectively use it to their advan-
tage, and providing guidelines or demonstrations
on how to approach a question can be more use-
ful. Overall, Hotpot, Wiki, and GSM8K yield better
results across all LLMs (except Hotpot with Phi3.5)
in the NC + Graph Ex setting, whereas MuSiQue
is an outlier, showing higher performance in the
Graph Context + No Ex setting.

LLMs understand relevant context better
when it is paired with examples of how they are
used in the prompt. Based on the previous ex-
periments, we present an additional setting: Graph
Context + Graph Ex. This experiment shows that
combining the two previous settings, NC + Graph
Ex and Graph Context + NE, and giving relevant
context and guidance to LLMs improves perfor-
mance in most cases as shown in Figure 2. This
shows that LLMs capable of effectively understand-
ing Graph Examples independently tend to perform
even better when the Graph Context and Graph
Examples are combined into one setting, as shown
in Figure 2d. The rest of Figure 2 shows the same
trend for Llama and 4o-mini.
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(a) MuSiQue (b) Wiki

(c) Hotpot (d) GSM8K

Figure 2: Performance of LLMs across data domains in GRS-QA under different prompt settings: (1) No
Context + Graph Examples, (2) Graph Context + No Examples, and (3) Graph Context + Graph Examples.

Context Setting GPT-4o-mini LLaMA Qwen2 Phi-3.5
EM F1 LLM EM F1 LLM EM F1 LLM EM F1 LLM

Evidence Context 0.479 0.479 0.481 0.244 0.244 0.246 0.186 0.191 0.198 0.174 0.276 0.374
Reasoning Graph Context 0.504 0.504 0.505 0.161 0.163 0.166 0.151 0.155 0.162 0.179 0.223 0.259
No context + Evidence Examples in
Prompt

0.791 0.791 0.791 0.449 0.449 0.449 0.243 0.243 0.244 0.591 0.591 0.593

No context + Reasoning Graph Exam-
ples

0.792 0.792 0.791 0.427 0.427 0.428 0.201 0.201 0.202 0.581 0.581 0.582

Evidence Context + Evidence Examples
in Prompt

0.919 0.919 0.920 0.845 0.845 0.845 0.278 0.316 0.399 0.886 0.886 0.887

Reasoning Graph Context + Reasoning
Graphs Examples

0.908 0.908 0.909 0.866 0.866 0.870 0.385 0.400 0.415 0.906 0.911 0.923

Table 4: Performance across different prompt settings for GSM8K for each model, evaluated using Exact
Match (EM), F1, and LLM Judge (GPT-4o-mini).

However, we also see that the two smallest mod-
els, Phi3.5 and Qwen2, perform the worst with the
Graph Context + Graph Ex setting on Wiki, Hotpot,
and MuSiQue. This indicates that reasoning graph
examples may be too complicated for the smaller
models to process and understand.

LLMs struggle to understand reasoning
graph structures. In addition to the settings shown
in Table 3, we evaluate the same settings with ev-
idence context. Evidence context has the same
information that the reasoning graph context has
except it is just unstructured plain text. The trends

we observe is that the performances of reason-
ing graphs and evidence context are on par with
each other in most cases, with some LLMs prefer-
ring evidence context over reasoning graph context.
These trends are shown in Table 4. These results
show that in many cases the reasoning graphs still
help the LLMs perform better by providing a better
breakdown of the information necessary to arrive to
the correct answer. However, many LLMs remain
unequipped to handle reasoning graphs without the
aid of prompts or additional fine-tuning, highlighting
the need to enhance their ability to learn from and
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reason over graph-structured information.

3.3. Domain Complexity and Model
Capacity Effects

To address the research question, “How do lan-
guage models perform across diverse domains?”,
we evaluate language models on both textual
and mathematical QA tasks to analyze domain-
dependent reasoning capabilities, which leads to
the following key observation.

Smaller LLMs struggle to understand the Rea-
soning Graph Structures provided for textual
domain. Overall, we see in Figure 2d that GPT4o-
mini outperforms all other LLMs in the mathemati-
cal domain across all prompting styles. Similarly,
GPT4o-mini also outperforms LLama and Phi3.5
in the NC + Graph Examples setting for all data do-
mains. However, Qwen2 and Phi3.5 outperforms
the other LLMs in the Graph Context + No Exam-
ples setting as illustrated in Figures 2a to 2c.

Looking at the performance of each LLM, we can
conclude that smaller LLMs like Phi3.5 and Qwen2
have a harder time understanding the reasoning
graph structures given in the prompts for textual
domains. For MuSiQue and Hotpot, Phi3.5 and
Qwen2 have the same pattern of performing better
for Graph Context + No Ex Prompt setting com-
pared to the No Context + Graph Ex setting. This
is also the case for Wiki with Qwen2. We can see
that while Graph Context is helpful for the smaller
LLMs, the Graph Examples are not as easily un-
derstood in textual reasoning settings. Therefore,
we can assume smaller LLMs have a harder time
replicating the reasoning graph structures for the
given question when facing textual data domains
like Wiki, Hotpot, and MuSiQue.

These results show that across all LLMs, GSM8K
gains the most out of the reasoning graph struc-
tures. GSM8K is the dataset in which all models
have consistent performance (Figure 2d). This in-
dicates that GSM8K consists of the least complex
reasoning paths compared to the textual dataset
domains such as MuSiQue. The mathematical na-
ture of GSM8K likely contributes to the consistent
performance in all models, while the more linguisti-
cally complex content of textual domains demands
more reasoning capabilities.

In addition, we observe that in the textual
datasets, MuSiQue is an outlier, indicating that it
is the most complex and difficult to comprehend
for most LLMs. Lastly, Phi3.5 and Qwen2’s perfor-
mance across the textual domains deviates from
the other LLMs, which suggests potential limita-
tions of their modeling capabilities. Smaller Models,
such as Phi3.5 and Qwen2, may benefit more from
the ground truth relevant graph context and have
a harder time understanding longer prompts that

have too many examples.

3.4. Robustness and Sensitivity
To explore how consistent language models are
when exposed to varied versus static few-shot
demonstrations of reasoning graphs, we analyze
the settings, NC + Ran Graph Ex and NC + Graph
Ex, revealing how stable or sensitive each model
is to prompt variation.

3.4.1. Effect of Graph Example Choice

LLMs exhibit higher sensitivity to variations in
reasoning graph examples for multi-hop textual
QA tasks, while showing greater stability in the
mathematical domain. As shown in Figure 3d, we
see that the mathematical tasks (GSM8K) perform
slightly better with the randomized set of three ex-
amples in the prompt across all LLMs, while the
performance of Wiki (Figure 3b), Hotpot (Figure 3c),
and MuSiQue (Figure 3a) is greatly reduced when
random examples are given in the prompt across
all LLMs.

It is understandable that GSM8k’s performance
is not impacted by the randomized example set,
which consists only of GSM8K examples in the
prompt, since GSM8K is a mathematical and pro-
cedural reasoning task where both the necessary
steps to perform and the information needed to
derive an answer are part of the question itself.
Therefore, even if the examples change in length
and variety, it does not affect the performance as
much as the steps to derive the reasoning path
stays the same across all the questions in GSM8K.

However, the rest of GRS-QA mainly consists
of textual question answer pairs. As a result, the
randomized example set pool is made up of a com-
bination of Wiki, MuSiQue, and Hotpot. Therefore,
although the datasets might be similar at their core,
there are still a variety of graph structures, question
types, and entity relations that could end up con-
fusing the model more if the randomization favors
one dataset over the others. To summarize, rea-
soning graph diversity aids procedural reasoning
tasks (e.g., math) where reasoning patterns are ab-
stract and generalizable, but can hinder knowledge-
based reasoning tasks where factual grounding and
relational consistency are crucial.

3.4.2. Effect of Negatively Perturbed Graphs

We further test the robustness and sensitivity of a
language model by incorporating negative graphs
into the settings. Specifically, we introduce three
new types of graphs: Darg Graph, Increased Width
1 Graph, Increased Depth 1 Graph. Darg Graph
Context for GSM8K basically has the same infor-
mation as the Reasoning Graph in GRS-QA, but
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(a) MuSiQue (b) Wiki

(c) Hotpot (d) GSM8K

Figure 3: Performance of LLMs across data domains in GRS-QA under different prompt settings: (1) No
Context + No Examples, (2) No Context + Same Set of Graph Examples, (3) No Context + Random Set of
Graph Examples. This set of examples are evaluated on a smaller subset of data points from Table 2.

it is presented in a more expanded notation of
nodes and edges compared to GRS-QA. Increased
Width 1 and Depth 1 graphs are perturbations of
the graphs and they are also referred to as nega-
tive graphs. In the case of Width 1 and Depth 1
increased graphs ((Zhang et al., 2024)), the pertur-
bation adds extra nodes to the reasoning graphs
that add an extra step to the derivation of the an-
swer, which is not present in the question itself.

We observe that the GRS-QA reasoning graphs
outperform DARG Graph Context in Table 5. In ad-
dition, we also see that negative graphs of GSM8K
also impact the performance for the worse. There-
fore, we can conclude that the correctness and
relevance of nodes and edges in reasoning graphs
are crucial for guiding multi-hop reasoning. Fur-
thermore, LLMs are sensitive to extraneous steps,
which can mislead the reasoning process even if
the additional nodes are logically coherent but irrel-
evant to the question.

4. Related Work

GRS-QA draws on foundational insights from promi-
nent multi-hop QA datasets, such as HotpotQA
(Yang et al., 2018), MuSiQue (Trivedi et al., 2022),
2WikiMultiHopQA (Ho et al., 2020), and GSM8K
(Zhang et al., 2024; Cobbe et al., 2021). Several
prior works have introduced structured reasoning
representations as well. WorldTree (Jansen et al.,
2018) constructs explanation graphs for elemen-
tary science questions. QA-GNN (Yasunaga et al.,
2021) integrates joint reasoning graphs over textual
contexts and knowledge graphs for commonsense
reasoning. Reason2Drive (Nie et al., 2023) pro-
vides structured reasoning chains tailored to au-
tonomous driving perception tasks. These efforts
demonstrate the value of graph-based or structured
explanations for interpretability and reasoning con-
trol. However, they are largely domain-specific and
do not systematically annotates reasoning struc-
tures across multiple established multi-hop QA
benchmarks of varying complexity.

Advancements in retrieval and reasoning also
inform GRS-QA. SURE summarizes retrieved pas-
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Context Setting EM F1
Reasoning Graph Context + No Ex 0.504 0.504
DARG Graph Context + No Ex 0.244 0.254
Increased Width 1 Reasoning Graph
Context + No Ex

0.425 0.425

Increased Depth 1 Reasoning Graph
Context + No Ex

0.422 0.422

Increased Width 1 DARG Graph Con-
text + No Ex

0.190 0.195

Increased Depth 1 DARG Graph
Context + No Ex

0.180 0.184

No context + Reasoning Graph Ex-
amples + No Ex

0.792 0.792

No context + DARG Reasoning
Graph Examples

0.685 0.685

Table 5: Performance of GPT-4o-mini across varia-
tions in graph context and reasoning graph exam-
ples, evaluated with Exact Match (EM) and F1.

sages (Kim et al., 2024), dense retrieval with dual
encoders is explored in (Karpukhin et al., 2020),
and ORQA retrieves evidence via question-answer
pairs (Lee et al., 2019), while generative models
aid passage retrieval (Izacard and Grave, 2021).
In KGQA, (Wu et al., 2023) rewrites KG knowledge
as text, and MRPQA enhances answer prediction
with minimal labeled data (Wang et al., 2022).

While these approaches improve question an-
swering through retrieval augmentation, structural
guidance, or model tuning, GRS-QA focuses on
evaluating reasoning robustness by embedding
structured reasoning pathways directly into the
dataset. In contrast to prior structured reasoning
efforts that focus on specific domains or model
architectures, GRS-QA unifies and extends graph-
style reasoning annotations across multiple existing
multi-hop QA benchmarks. By embedding struc-
tured reasoning pathways directly into the dataset,
it enables controlled and fine-grained evaluation of
reasoning robustness across domains and reason-
ing complexities. This unified, cross-benchmark
design distinguishes GRS-QA within the broader
structured-reasoning QA literature.

5. Conclusion

In this paper, we introduce GRS-QA, which cap-
tures different types of reasoning pathways nec-
essary for multi-hop and multi-step question an-
swering. In GRS-QA, we map out logical steps
to reach the answer, and construct the reasoning
graph for each question. This structured represen-
tation provides a new lens for analyzing how LLMs
handle complex multi-hop reasoning and offers
a fine-grained evaluation of the reasoning steps.
Through our analysis of the reasoning structures
in GRS-QA, we found that while current QA mod-

els perform well on many general tasks, they often
struggle with questions that exhibit complex reason-
ing structures, especially those requiring multi-step
inference. This highlights the need for improve-
ments in models’ ability to process and reason
through intricate logical pathways.

Limitations. GRS-QA’s primary limitation is the
imbalance in graph types, with simpler structures
like bridge_2_1 (60.54%) dominating, while com-
plex types like bridge_comparison_5_1 are less
frequent. This may bias models toward easier
patterns, affecting their ability to generalize. The
dataset’s broad domain range, though enhanc-
ing generalization, poses challenges in domain-
specific reasoning, as questions span diverse top-
ics without clear boundaries. Additionally, the
complexity of multi-hop reasoning graphs, while
a strength, presents challenges for current LLMs
in handling intricate, multi-step reasoning.

Future Work. To address the imbalance in graph
types, future work could focus on generating syn-
thetic data to better represent complex structures.
Additionally, segmenting the dataset by domain
(e.g., historical, scientific) could lead to domain-
adapted models, improving QA performance in spe-
cialized contexts. Expanding negative graph vari-
eties could also offer deeper insights into how dif-
ferent graph structures impact model performance.
Also, testing diverse model architectures, such
as graph neural networks (GNNs) and retrieval-
augmented models, could reveal the most effective
approaches for handling graph structures.

An important open question raised by our find-
ings is why LLMs benefit from reasoning graph
examples yet still struggle to understand the under-
lying structure of the reasoning graphs. Future work
should investigate whether models are genuinely
learning to follow graph connectivity — traversing
logical dependencies between nodes — or sim-
ply imitating surface-level patterns in the examples.
Probing studies and attention analyses could help
disentangle these two behaviors, shedding light
on the degree to which current LLMs are capable
of true structure-aware reasoning versus shallow
pattern matching. Understanding this distinction
is critical for designing prompting strategies and
architectures that more faithfully leverage explicit
reasoning structures.

6. Ethics Statement

The GRS-QA dataset promotes interpretability in
language models by explicitly providing reasoning
pathways in a structured and concise form. These
reasoning graphs can serve as training material
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to help models develop more structured, step-by-
step reasoning capabilities, making their thought
process more understandable and transparent to
users.
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10. Appendix

A. Illustrative Graph Construction
Example

To concretely demonstrate how decompositions cor-
respond to reasoning graphs, we present a repre-
sentative example from the bridge_3_1 category.
Consider the following question:
\textit{“In which country is the
administrative territorial entity for
the city where Charlie Harper was born?”}

Its stepwise decomposition is:

1. Where was Charlie Harper born? → Hackney

2. In which administrative territorial entity is Hack-
ney located? → Middlesex

3. Which country is Middlesex located in? →
United Kingdom

Each sentence relevant to these steps is treated
as a node in the reasoning graph. Edges are added
between nodes based on logical progression: Step
1 → Step 2 → Step 3, forming a linear directed
path. This sequence reflects the stepwise reason-
ing needed to arrive at the final answer.

Another example that has a different decomposi-
tion is as below:
“Are Captain Robert S. Craig
Cottage and Wiichen Men’S Meetinghouse
located in the same country?”

Its stepwise decomposition is:

1. [’Captain Robert S. Craig Cottage’,
0] →

[’Captain Robert S. Craig Cottage’,
’country’, ’United States’]

2. ["Wiichen Men’s Meetinghouse", 3] →
["Wiichen Men’s Meetinghouse",

’country’, ’United States’]

3. ["Wiichen Men’s Meetinghouse", 0] →
["Wiichen Men’s Meetinghouse",

’country’, ’Federated States of Mi-
cronesia’]

Each entity has an accompanying relation that
contains the context needed to answer the ques-
tion. Each of the relations are treated as nodes.
However, unlike Bridge-3-1, there is no linear path
since these are not directly related to each other,
rather they are compared to derived the final an-
swer. Therefore, there are no edges for this graph.

B. GRS-QA Dataset Construction

B.1. HotPotQA Processing
For each data item, nodes and edges are con-
structed, with nodes generated from positive para-
graphs and characterized by attributes such as ev-
idence and type. In cases where the data item is
classified as a "bridge" type, specific handling is ap-
plied to determine the presence of a "bridge" in the
positive paragraphs, influencing edge connections.
This results in a primary graph structure containing
nodes and edges. The process also generates 5
sets of negative examples, where each set consists
of two graphs: one with an additional node and an-
other with altered edge connections, creating chal-
lenging negative samples. Additionally, another

https://doi.org/10.18653/v1/2020.coling-main.580
https://doi.org/10.18653/v1/2020.coling-main.580
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five sets of negative examples are created by ran-
domly selecting nodes from negative paragraphs
and constructing corresponding edges. The final
output comprises a list of processed data items,
including the original question, concatenated posi-
tive evidence, correct answers, the primary positive
graph, and sets of negative graphs.

B.2. MuSiQue Processing

For each data item, nodes and edges are con-
structed, with nodes generated from the answers of
the question decomposition and edges created by
using attributes such as the type. The process also
generates five sets of negative examples, where
each set consists of two graphs: one with an ad-
ditional node and another with altered edge con-
nections, creating challenging negative samples.
Additionally, another five sets of negative examples
are created by randomly selecting nodes from neg-
ative paragraphs and constructing corresponding
edges. The final output comprises a list of pro-
cessed data items, including the original question,
concatenated positive evidence, correct answers,
the primary positive graph, and sets of hard and
easy negative graphs.

B.3. 2WikiMultiHopQA Processing

To construct 2WikiMultiHopQA reasoning graphs,
we extracted four primary graph types—Inference,
Comparison, Bridge Comparison, and Composi-
tional—from the raw dataset, varying node counts
to generate additional structures. Gold graphs were
built using supporting facts and evidences, with
nodes representing supporting facts and edges
created based on relations between entities shown
in the evidences. Five sets of negative graphs were
created by using nodes from the context to add an
extra node. Another five sets of negative graphs
were created by randomly selecting and construct-
ing the corresponding edges. The final output com-
prises a list of processed data items, including the
original question, concatenated positive evidence,
correct answers, the primary positive graph, and
sets of negative graphs.

Due to entity string inconsistencies in the data
for 2WikiMultiHopQA train set, there were 4507
instances of the data that were discarded since they
were unable to be used to create positive graphs.

B.4. GSM8K Data Processing

Lastly, from the DARG-processed GSM8K dataset,
we construct several variants of reasoning graphs,
including (i) positive reasoning graphs and (ii) per-
turbed graphs with increased width and depth. The
latter introduces additional, irrelevant node(s) that

act as controlled perturbations to the original rea-
soning structure based on DARG. The positive
graphs are derived directly from the structured in-
termediate reasoning steps provided in GSM8K.
Each problem instance contains a question equa-
tion, a sequence of intermediate equations (with
answers), and a final answer. We treat each in-
termediate equation as a node in the reasoning
graph. The value computed at each step serves
as the semantic output of the node and determines
the graph connectivity. Specifically, we create a
directed edge between two nodes when the nu-
merical result of one intermediate equation is used
as an operand in a subsequent equation. In this
way, the graph encodes the functional dependen-
cies between intermediate computations, yielding
a structured representation of the solution trajec-
tory. Using the DARG framework, we then generate
perturbations of these positive graphs to evaluate
reasoning robustness. Width-based perturbations
introduce additional nodes at a given reasoning
depth that are syntactically valid but semantically
irrelevant to the final answer. Depth-based pertur-
bations extend the graph with extraneous reason-
ing steps that do not alter the correct solution path
but increase the structural complexity of the graph.
These perturbations preserve the original question
and correct answer while modifying the reasoning
steps it takes to arrive to the answer.

B.5. Licensing
Our use of the following datasets is consistent with
their licenses, specifically:

• 2WikiMultiHopQA: Apache-2.0 Li-
cense https://github.com/Alab-
NII/2wikimultihop?tab=Apache-2.0-1-ov-file

• HotpotQA: CC BY-SA 4.0 License
https://hotpotqa.github.io/

• MuSiQue: CC BY 4.0 License
https://github.com/stonybrooknlp/musique

• GSM8K: MIT License
https://github.com/openai/grade-school-
math/blob/master/LICENSE

• DARG: ODC Attribution License (ODC-By)
https://salt-nlp.github.io/DARG_website/

Our dataset is released under the Creative Com-
mons Attribution 4.0 International License (CC BY
4.0).

C. Statistical Analysis – Breakdown
of each dataset

Dataset Distribution The constructed reasoning
graphs in GRS-QA span four primary reasoning cat-
egories: comparison, bridge, compositional, and

https://github.com/Alab-NII/2wikimultihop?tab=Apache-2.0-1-ov-file
https://github.com/Alab-NII/2wikimultihop?tab=Apache-2.0-1-ov-file
https://hotpotqa.github.io/
https://github.com/stonybrooknlp/musique
https://github.com/openai/grade-school-math/blob/master/LICENSE
https://github.com/openai/grade-school-math/blob/master/LICENSE
https://salt-nlp.github.io/DARG_website/
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Question Type Train Val Test
B-2-1 58384 7298 7298
C-2-1 13964 1745 1747
total 72348 9043 9045

Table 6: Breakdown of Question Types and Unique
Question Count for HotpotQA

Question Type Train Val Test
B-2-1 61209 7651 7652
C-2-1 41324 5165 5167
C-3-1 234 29 30
C-4-1 10 1 2
C-5-1 - - 1
C-3-2 3 - 1
BC-4-1 27266 3408 3409
BC-5-1 308 38 39
total 130354 16292 16301

Table 7: Breakdown of Question Types and Unique
Question Count for 2WikiMultiHopQA

bridge-comparison, yielding a total of 12 distinct
graph structures. (Graph Types for GSM8k is not
included in this since there are too many distinct
types.)

Table 1 summarizes the characteristics of each
graph type, including representative example ques-
tions, corresponding decompositions, and struc-
tural properties.

Figure 4 presents key dataset statistics: (a) distri-
bution of question types across splits, (b) average
number of nodes and edges per graph, and (c)
average token count per graph structure.

We observe that bridge and comparison graphs
constitute the majority of the dataset, reflecting both
their dominance in the source datasets and their
relevance to common reasoning patterns.

Interestingly, question types with simpler graph
structures tend to include fewer but longer sen-
tences, leading to higher average token counts, as
seen in Figure 4. This indicates a trade-off between
graph complexity and sentence granularity, with im-

Question Type Train Val Test
B-2-1 11478 1434 1436
B-3-1 2987 373 374
CO-3-2 519 64 66
B-4-1 516 64 65
CO-4-2 101 12 14
CO-4-3 319 39 41
total 15920 1986 1996

Table 8: Breakdown of Question Types and Unique
Question Count for MuSiQue

Graph Type Total Instances Unique Edges
3-hop 848 6
4-hop 882 34
5-hop 565 96
6-hop 263 155
7-hop 150 117
8-hop 59 47
9-hop 20 20
10-hop 7 7
11-hop 2 2
Total 2796 484

Table 9: Hop-based distribution of graph types in
the GSM8K dataset.

plications for model performance and reasoning
analysis.
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(a) Number of Questions by Graph
types in all dataset splits

(b) Average number of nodes and
edges in each question type Positive
Graphs

(c) Average number of tokens in each
question type’s Positive Graphs

Figure 4: Statistical Analysis of the Distribution of GRS-QA. (Wiki, Hotpot, Musique)
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