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Abstract

We introduce ChemComp, a benchmark for
evaluating compositional multi-hop reasoning
in large language models (LLMs) focused on
the chemistry domain. To support industrial
applications, we develop an automated pipeline
that can construct benchmarks from proprietary
data sources. The pipeline integrates generative
reasoning models, chemical named-entity
recognition, and external knowledge bases
to build knowledge graphs. Crucially,
ChemComp targets domain-specific multi-hop
compositional reasoning capabilities rather
than factual recall, emphasizing reasoning over
memorization in chemical tasks. In this study,
we apply this pipeline to recent chemistry
literature. Multi-hop questions are generated
and refined with domain-expert feedback,
resulting in a high-quality dataset and robust
evaluation protocols. Using ChemComp, we
conduct systematic experiments comparing
LLM performance with and without retrieval
augmentation, including the idealized scenario
of gold-context provision. Our findings reveal
that even state-of-the-art models struggle
with compositional reasoning:  retrieval
significantly boosts accuracy, yet reasoning
errors persist even under perfect retrieval
conditions.  These results underscore the
limitations of current LLMs and the critical
role of retrieval-augmented methods in
scientific reasoning. Furthermore, our pipeline
is generalizable through domain-specific
fine-tuning of the pipeline, enabling the
creation of challenging benchmarks across
domains and proprietary datasets, advancing
the study of multi-hop reasoning in LLMs.

1 Introduction

Large Language Models (LLMs) have achieved
impressive performance on a wide range of
tasks, yet their ability to perform complex,
multi-step reasoning remains an ongoing challenge.

“These authors contributed equally.

Techniques such as chain-of-thought (CoT)
prompting (Wei et al., 2022; Wang et al., 2022;
Yao et al., 2023; Besta et al., 2024; Xiang et al.,
2025) and structural innovations (Lewis et al.,
2020; d’Avila Garcez and Lamb, 2020; Santoro
et al., 2017) have enabled notable improvements in
reasoning, particularly in mathematics and coding.
OpenAlT’s o-series (OpenAl, 2024a,b) was among
the first to introduce inference-time scaling of
CoT reasoning depth, and subsequent open-source
models such as DeepSeek R1 (Zelikman et al.,
2022; Guo et al., 2025) and Qwen QwQ (Patil,
2025) have adopted similar strategies. Notably,
these models also leverage reinforcement learning
during training to further refine their CoT
reasoning, consistently improving performance
with increased test-time compute.

For the integration of these models in
enterprise Al, a thorough evaluation of the
models, reflecting real-world use cases, is required.
However, evaluating reasoning capabilities remains
challenging, especially in domain-specific settings.
The community relies on multi-hop reasoning
benchmarks spanning mathematics (Cobbe et al.,
2021; Hendrycks et al., 2021), programming
(Chen et al., 2021; Austin et al., 2021; Jimenez
et al., 2023), and general QA tasks such as
HotpotQA (Yang et al., 2018) and StrategyQA
(Geva et al., 2021). While reasoning-focused
scaling methods have improved performance on
these benchmarks, they are largely general-purpose
and may not capture the nuanced reasoning
required in specialized domains. A key open
question is whether reasoning strategies learned
from general data transfer effectively to these
domains.

In scientific domains such as chemistry,
multi-hop reasoning is essential for integrating
interconnected, domain-specific knowledge.
Although several multi-hop question answering
benchmarks exist, evaluations tailored to chemical
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reasoning remain limited (Wellawatte et al.; Huang
et al., 2024; Rein et al., 2024). Recent efforts,
including datasets targeting subfields such as
reticular chemistry Zheng et al. (2025), further
highlight the need for more comprehensive and
challenging chemistry-focused benchmarks.

While complete prevention of data leakage
is ultimately unattainable, especially for widely
deployed LLMs, its effects can be substantially
mitigated through careful benchmark design.
Leveraging more recent or curated sources, along
with automatically generated tasks that require
multi-hop compositional reasoning, reduces the
probability that benchmark instances overlap with
pretraining data. Rather than claiming strict
isolation from pretraining corpora, our objective
is to create evaluation settings in which correct
answers are unlikely to be retrieved through
memorization alone, thereby providing a more
faithful measure of chemical reasoning capability.

While general-domain knowledge graph
question answering (KGQA) has seen significant
progress, chemistry-specific KGQA remains
relatively underexplored.  Existing chemistry
benchmarks predominantly emphasize factual
recall or single-hop inference, leaving a gap for
domain-grounded KGQA that explicitly evaluates
structured, multi-step reasoning. To address this
gap, future benchmarks should rely on carefully
curated or automatically generated data that is
unlikely to be memorized by general-purpose
LLMs.

Furthermore, real-world industrial and scientific
use cases often require long-range, multi-step
reasoning accompanied by multi-source data
integration (Gao et al., 2025); therefore, a reliable
benchmark should extend beyond evaluating the
domain knowledge of the models, mimicking
the real-world scenario of answering complex
questions that necessitate long-range reasoning and
multi-source integration using proprietary data.

To address this gap, we propose an automated
multi-hop reasoning QA generation pipeline
that leverages generative Al models (OpenAl’s
03-mini and gpt-40), domain-specific data, and
feedback from domain experts. Our pipeline
systematically extracts and verifies chemical
entities through named entity recognition
(NER) from recent domain-specific literature,
linking them to external databases to construct
a domain-specific knowledge graph. It also
systematically generates challenging multi-hop

question-answer pairs. Three rounds of expert
feedback and iterative pipeline refinement
were implemented to enhance the quality of
these complex, multi-hop question generations.
Verification by chemists on a random sample of
120 automatically generated questions revealed
an increase in the acceptance rate of questions
from 5% to 90%. Our solution, ChemComp, is
designed to measure domain-specific multi-hop
compositional reasoning capabilities rather than
factual recall, so every component of the dataset
aims to test reasoning capabilities in chemistry
beyond memorized facts.

In the next step, we evaluate 13 language models,
covering reasoning fine-tuned and non-reasoning
models, as well as open-source and proprietary
systems, in these tasks. We assess both their
question understanding and reliance on internal
knowledge, and measure how effectively they use
gold context to answer these challenging multi-hop
questions. Our contributions are as follows:

1. We provide extensive experimental evidence
that multi-hop compositional reasoning in
scientific domains remains a significant
limitation for current state-of-the-art LLMs.

2. We demonstrate that even retrieval
augmentation with perfect context does
not guarantee flawless reasoning, highlighting
the intrinsic difficulty of compositional
reasoning.

3. We introduce an automated, scalable pipeline
that constructs knowledge graphs and
generates domain-specific multi-hop QA
datasets using NER and generative models.

4. We release a challenging Chemistry
benchmark, curated and validated by domain
experts, to facilitate future research on
scientific reasoning.

2 Background and related works

Multi-hop  Question Multi-hop  question
answering (QA) has evolved as a key method to
evaluate the multi-step reasoning abilities of large
language models (Mavi et al., 2024). Answering
multi-hop questions requires integrating multiple
pieces of evidence. Traditionally, datasets such as
HotpotQA (Yang et al., 2018), 2WikiMultiHopQA
(Ho et al., 2020), and MedHop (Welbl et al., 2018)
were manually or semi-automatically curated
through crowd-sourcing and knowledge-base
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relations. While these approaches yield
high-quality, human-validated questions, they
are resource-intensive. More recently, LLMs are
leveraged to automatically generate multi-hop
datasets. In many cases, single-hop QA pairs
are first generated and later merged using entity
linking techniques, a common approach that
connects individual entities across questions.
For example, the MuSiQue framework (Trivedi
et al., 2022) fuses two QA pairs by linking
a named entity from the first answer to the
subsequent question, thereby forming a chain of
reasoning. Other methods, such as MultiHop-RAG
(Tang and Yang, 2024), extend this paradigm
by incorporating retrieval-augmented generation
(RAG) to paraphrase factual sentences and group
them based on shared topics, reflecting the
diverse strategies that are emerging in multi-hop
QA generation. Recent work has advanced
multi-hop question generation by improving
controllability and incorporating constraints. The
Dual-Perspective Keyword Guidance (DPKG)
model uses question- and document-oriented
keywords to guide transformer-based generation,
enhancing coherence and reasoning depth (Li
et al., 2025). (Zhao and Li, 2025) introduce RUBY,
which applies semantic-constraint dimensionality
reduction and dynamic projection to produce more
accurate, human-like multi-hop questions.

Recent work increasingly grounds multi-hop
reasoning in structured knowledge graphs to
improve compositionality and interpretability.
Ontology-guided and  evidence-path-based
KGQA models explicitly model reasoning chains
over graph substructures, enabling controllable
inference beyond surface-level entity linking (Liu
et al., 2025; Long et al.). Some studies combine
LLMe-assisted reasoning with graph exploration,
using reward-driven search or prompt-guided
generation to identify interpretable multi-hop
paths for (Long et al., 2025; Zhou et al., 2025).
LLM-augmented KGQA frameworks and
benchmark generators further integrate retrieval,
reasoning path refinement, and dataset audit steps
to improve evaluation quality, demonstrating
strong performance on multi-hop benchmarks such
as GrailQA and WebQSP (Zhang et al., 2025; Gu
et al., 2021; Yih et al., 2016).

Chemistry Domain. The chemical sciences pose
distinct challenges for multi-hop QA because
they require expert domain knowledge. Only

about 900 of HotpotQA’s questions focus on
chemistry, and those items rarely go beyond
two hops or delve deeply into chemistry-specific
concepts, which constrains both their difficulty
and topical relevance. More specialized
datasets, such as ChemLitQA (Wellawatte et al.),
provide around 1,000 single-hop and 700
multi-hop question-answer pairs generated using
LLMs based on ChemRxiv papers. However,
ChemLitQA-multi’s multi-hop questions typically
rely on a single linked entity across all hops, which
limits compositional complexity; the original
authors therefore highlight the need for future
work to develop more challenging multi-hop QA
benchmarks in chemistry.

The chemistry subset of the OlympicArena
benchmark (Huang et al., 2024) and the dataset
from Rein et al. (2024) contain challenging
problems that primarily evaluate models’ chemical
knowledge rather than explicit multi-hop reasoning.
Amiri and Bocklitz (2025) constructs a QA
dataset from recent ChemRxiv papers and takes
measures to minimize pretraining data leakage;
however, all their questions are single-hop. In
another effort, Mirza et al. (2025) introduces
ChemBench, an automated benchmark of over
2,700 expert-validated chemistry QA pairs to
systematically assess LLMs’ chemical reasoning
against human experts. In this benchmark,
chemical knowledge was more targeted than
reasoning, and there was no clarity on the
number of hops required to reach the answer in
both question generation and answer evaluation.
Humanity’s Last Exam (HLE) (Phan et al.,
2025) is another recent benchmark targeting
the broad frontier of human knowledge across
multiple modalities. However, it consists of only
2,500 questions, with approximately 7% covering
chemistry, and primarily evaluates closed-ended
academic questions rather than domain-specific
compositional reasoning.

Since a direct comparison with HLE, Olympic
Arena, and ChemBench would obscure the
domain-specific reasoning challenges ChemComp
is designed to capture, in this study we compare
against HotpotQA in related experiments, as it
contains a higher proportion of chemistry-related
questions and shares our emphasis on multi-hop
reasoning.

Knowledge Graph Generation. Automated
KG construction from text progressed along
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Figure 1: An Overview of the knowledge graph generation pipeline.

three complimentary directions.
schema-light pipelines. Early end-to-end
systems generate nodes then edges with
sequence models or classifiers (Melnyk et al.,
2022); EDC extends this with a three-phase
Extract-Define-Canonicalize process that induces
relations, writes natural language definitions, and
merges equivalents (Zhang and Soh, 2024). (2)
Dynamics and domain tailoring. KG-MRC
couples neural reading comprehension with
recurrent graph updates to track evolving entity
states in procedural text (Das et al., 2018),
while domain specific frameworks (e.g., CEAR)
leverage tailored ontologies to boost accuracy
on scientific corpora; coarse to fine adaptation
further specializes broad biomedical KGs to
niches like oncology with minimal manual
labels (Langer et al., 2024; Liao et al., 2023).
(3) LLM-augmented extraction. Recent
work integrates linguistic signals with LLMs.
CoDe-KG adds sentence-complexity modeling
and co-reference to lift recall on rare relations and
remain domain agnostic (Anuyah et al., 2025) and
scales to large scientific graphs. Mirza et al. (2025)
build a large scale knowledge graph for framework
materials from 100k+ papers using Qwen2-72B
and pair it with RAG for 91.67% QA accuracy,
highlighting the promise of LLM—KG hybrids for
precise, interpretable reasoning.

(1) General,

3 Methodology

Our methodology comprises three main
components:  knowledge graph generation,
multi-hop question-answer generation, and
evaluation of state-of-the-art large language
models on the question-answering task. The first
two components are described in this section, and
the last one is explained in the next section.

3.1 Knowledge Graph Generation

We began by constructing a comprehensive
knowledge graph from chemical literature. First,
we used the ChemRxiv API to collect all ChemRxiv
articles with licenses that permitted redistribution
(CC-BY 4.0). Next, we cleaned the articles using
regular expressions to extract their introductions.
Focusing on objective and factual information,
we extracted the first few paragraphs of each
introduction (up to 500 words). Finally, we
segmented the extracted text into chunks of up to
128 words, ensuring that no paragraph was split
across chunks.

Next, we applied named entity recognition
(NER) models to these text chunks to identify
chemical entities. In particular, we utilized an
NER model (Ruas and Couto, 2022) that leverages
a PubMedBERT architecture (Gu et al., 2020)
fine-tuned on various chemical datasets. To ensure
that the extracted entities were specific, verified,
and chemically relevant, we utilized OpenAl’s
gpt-40 to review and refine the outputs. The
same model was also employed to extract relations
between these verified entities, forming triplets that
capture the interactions and associations present in
the text. Additionally, large language models were
utilized to extract descriptive features from textual
data associated with each entity. To enrich the
nodes further during knowledge graph construction,
supplementary information from Wikipedia and the
PubChem dataset (Kim et al., 2021) was integrated
into the nodes’ attributes without creating any new
edges. Consequently, the finalized knowledge
graph comprises nodes representing chemical
entities, enhanced by metadata and descriptive
annotations from these sources, as well as edges
representing the relationships extracted from the
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textual data. Figure 1 illustrates the procedure
followed to generate the knowledge graph. Refer
to the Appendix S1.2 for a detailed explanation of
Knowledge Graph Generation.

3.2 Multi-hop Question-Answer Generation

To generate multi-hop questions, we first sampled
paths of varying lengths from the constructed
knowledge graph using a randomized breadth-first
search (BFS) path sampling algorithm. During
path sampling, we ensured that the sources for
the edges were distinct, encouraging solutions
to integrate information from multiple sources
and different parts of the context to answer the
questions. Therefore, each path with a length of
K involves K+1 entities, coming from K distinct
source texts extracted from the original ChemRxiv
database.

Adopting a bottom-up approach, we began by
sampling paths and generating individual 1-hop
questions from each hop. Specifically, For
every (entity,, relation, entity, ) triplet, we crafted
a prompt that asks which entity stands in the
specified relation to entity,, with entity; as the
correct answer. When a question lacked sufficient
specificity, we instructed an LLM to enrich it
with additional metadata or context from the other
sources, thereby enhancing clarity and precision.
These individual questions were then combined
into a single multi-hop question using OpenAl’s
03-mini model. Importantly, the final aggregated
question was constructed to begin with the last
sub-question and chain the entities up to the entity,
of the first relation, ensuring that the final answer
corresponds to the answer of the first question.

During the verification phase, each one-hop
question was first reviewed for clarity, relevance to
chemistry, and alignment with the corresponding
text that provided the answer. The multi-hop
question was then assessed through an additional
evaluation step, ensuring that its logical flow
effectively led to the final answer. An LLM-based
verification process was employed to confirm
factual accuracy, answerability based on available
context and metadata, and the logical coherence of
the sub-questions. Feedback from domain experts
was continuously incorporated into the prompts to
enhance the accuracy of verification. To enhance
the quality of the dataset, an additional round of
verification was conducted on the final questions,
resulting in the removal of a subset of questions.
Figure 2 illustrates the pipeline of Multi-hop QA

generation. Refer to the Appendix S1.3 for a
detailed explanation of QA Generation.

To minimize the impact of writing style
and summarization on accuracy evaluation, all
questions are designed to have short answers.
Answering these questions requires breaking down
the main question into smaller sub-questions,
finding the answer to each, and combining them to
arrive at the final answer. Even with full context
available, a correct answer cannot be obtained if
the model is incapable of inferring and integrating
different pieces of knowledge.

While our pipeline is largely automated, domain
expert input was integral to the development
process. We conducted two rounds of pilot
generations followed by detailed reviews from
chemists, using their feedback to improve the
pipeline and significantly enhance the quality of
the generated questions. Furthermore, as explained
in Section 5.1, a random subset of questions from
the final dataset was evaluated by a domain expert
to verify the quality of the generated dataset. See
the Supplementary Materials S1.4 for a statistical
analysis of the generated graph and questions,
as well as a comparative overview with other
chemistry QA datasets.

Although complete prevention of data leakage is
impossible, we took strong measures to minimize
overlap with previous benchmarks. The corpus
includes ChemRxiv material published after 2017
and prioritizes works whose licences permit
commercial redistribution. ChemComp is designed
to emphasize compositional reasoning over factual
recall: each question chains together foundational
chemistry knowledge with more recent findings,
requiring models to synthesize information across
multiple hops (e.g., combining a hop about
basic properties with a hop citing contemporary
literature). This structure reduces the chance that
correct answers can be memorized from any single
source, even if some overlap remains.

4 Experiments and Results

In our experiments, we evaluated the
domain-specific multi-hop question-answering
capabilities of a diverse range of state-of-the-art
large language models, including both
reasoning-focused and general-purpose models.
For clarity, throughout this work, we refer to
models specifically optimized to scale test-time
compute as reasoning models. These included
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open-source and proprietary variants, tested with
or without provided context.

To access the selected models for evaluation
in this experiment, we used different API
providers: (i) all tested OpenAl models (gpt-4o,
gpt-40-mini, ol-mini, o3-mini and gpt-5)
are accessed via the OpenAl platform (OpenAl,
2025a,b); (i) Amazon Bedrock Platform has been
used to access Anthropic Sonnet 3.7 (with and
without extended thinking), Anthropic Sonnet
3.5 V2 (Anthropic, 2025), Mistral Large (Jiang
et al., 2023), DeepSeek R1 (Guo et al., 2025) and
Llama 3.3 70B Instruct (Touvron et al., 2023);
and (iii) Google Gemma 3 27B (Team et al., 2025),
Qwen QwQ 32B (Bai et al., 2023), and DeepSeek
R1 Distill Qwen 32B are accessed via the

OpenRouter Platform and operate at bf16 precision.

All of these models can perform function-calling
tool use, so they were instructed to produce valid
JSON outputs to ensure consistency and enable
automated validation. All models are evaluated in
two settings: with and without provided context.
The first scenario reflects performance when the
models are paired with an ideal uni-directional
RAG system, while the second scenario relies
on the model’s internal parametric memory to
answer the questions. After parsing the JSON, the
correctness of the answers was verified using a
combination of exact-match evaluation and binary
judgements by GPT-5-mini guided with careful
instructions (including multiple human-verification
phases); these judgments were used to compute
the Correctness Rate (%). The GPT-5-mini judge
checks whether the generated response matches
the provided expected answer, so it does not

independently assess truth beyond exact alignment.

Our dataset comprises 1188 questions spanning
1 to 4 hops (On average, 299 questions per hop),
generated using the approach described in Section
3.2. The full Q&A dataset, along with the

evaluation code and results of human evaluations,
are accessible here. All artifacts are made available
under a CC BY-NC 4.0 (NonCommercial) license.

4.1 Models Performance

Figure 3 and Table S3 Summarize the performance
of 13 large language models, evaluated in terms of
correctness rate, cost, and latency under two setups:
gold context-provided and context-not-provided.
The gold-context setup simulates a perfect retrieval
system by supplying each model with the gold
context associated with all hops alongside the
question, while the context-not-provided setup
measures model performance when the models
must rely solely on their internal (parametric)
knowledge. The no-context results therefore
primarily reflect parametric knowledge; however,
they also demonstrate that compositional reasoning
in ChemComp places demands beyond mere
factual recall, as even state-of-the-art models with
strong parametric memory fail to surpass a 50%
correctness rate. Supplementary Table S3 further
reports detailed, per-model performance across
both evaluation scenarios.

In our evaluation, L1lama 3.3 70B Instruct
and GPT-40 models achieved the lowest cost
and notably low latency, but also the lowest
correctness rate, making them cost-efficient yet
less accurate. In contrast, Claude Sonnet 3.7
(with extended thinking) achieved the highest
correctness rate when provided with gold-context,
albeit at the expense of significantly higher cost
and latency. Meanwhile, gpt-5, QWEN 32B and
Deepseek R1 Distil QWEN 32B offered a favorable
balance between cost and correctness rate with gold
context; among them, gpt-5 had the lowest latency.
Claude Sonnet 3.7 also showed the highest
correctness rate among the none-reasoning models
(models without reasoning tokens), both with and
without context. This observation supports the
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Figure 3: Performance of selected models based on correctness rate, cost, and latency. The cost axis is log-scaled to
emphasize differences. The y-axis represents the percentage of questions answered correctly by each model, while
the size of the dots indicates the average latency for each model when answering questions. The top panel (above
0.5 correctness rate) displays results for setups where context is provided to the models, while the bottom panel

presents results for setups without context.

hypothesis that the regular Claude Sonnet 3.7
shares a similar architecture and training regime
with its extended thinking variant, differing mainly
in an operational “thinking budget” that is set to
zero in the regular configuration.

In context-not-provided setup, open-source
reasoning models (R1 Distill Qwen, QWQ-32B,
and R1) tend to have lower performance ranking
compared to other models. In contrast, for OpenAl
models, we observed an opposite trend, which
may indicate potentially richer pre-training data.
Among evaluated models, gpt-5 delivered the
highest correctness rate, which may reflect its more
recent release and potential incorporation of newer
data. For Claude 3.7, using extended thinking only
slightly improved the performance compared to the
no-thinking setup when the context is not provided
to the model; but it increased the output tokens,
latency and cost significantly.

4.2 Comparison with HotpotQA and
ChemlitQA

To demonstrate that large language models, even
those designed for reasoning, often struggle
with domain-specific multi-hop questions, we
sampled a chemistry-related subset of HotpotQA
(Yang et al., 2018), a well-known general text
benchmark primarily sourced from Wikipedia.
We sampled chemistry questions by starting
from Wikipedia’s Chemistry category, recursively
exploring its subcategories (up to three levels),
and then filtering HotpotQA based on exact title
matches. To maintain consistency with our
evaluation scheme, we excluded distractors and
included only supporting documents as context.
This chemistry-specific subset of HotpotQA data
is made available here.

Figure 4 illustrates the average performance of
all models on each dataset under two conditions:
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Figure 4: Comparison of LLMs’ performance on the
chemical subset of HotPotQA with ChemComp

with gold context provided and without context
in the prompt. In both setups, models found our
benchmark more challenging than the HotpotQA
chemistry subset, with the gap widening when
no context was provided. This likely reflects
HotpotQA'’s reliance on Wikipedia, text included
in the pretraining corpora of the evaluated models,
whereas our benchmark draws from more recent
ChemRxiv papers, reducing overlap with model
pretraining data and increasing difficulty.

5 Analysis and Ablation

This section presents detailed ablation studies and
analyses of the benchmark. We begin with the
results from a manual evaluation by our panel of
domain experts on a subset of the final dataset.
Next, we examine the effects of context availability
and test-time reasoning on model performance and
efficiency. Finally, we evaluate how the number
of reasoning hops, used as a proxy for question
difficulty, impacts model accuracy and the number
of tokens required to generate answers.

5.1 Expert Feedback

A panel of domain experts with graduate degree
in Chemistry was invited to review a randomly
selected subset of questions from the database.
This review focused on the accuracy and quality of
both the questions and their corresponding answers,
as well as the necessity of multi-hop reasoning for
answering them. 120 multi-hop questions, each
paired with a fully worked, hop-by-hop answer
were evaluated by domain experts.

These 120 questions fall into three expert-rated
categories: Perfect (83 questions, 69%), Good
(25 questions, 21%), and Poor (12 questions,
10%), generally approving 90% of the evaluated
questions. For each category, the mean number of
reasoning hops per question is reported in Table S5.

The results indicate that more complex questions,
measured by greater number of hops, are more
prone to low quality. Most questions labeled as
low quality were rejected based on expert feedback
citing the presence of multiple valid answers. All
annotation guidelines, per-question ratings, and
raw model outputs are available here.

5.2 Context and Reasoning

In this analysis, we compare the performance
of reasoning and non-reasoning models, i.e.,
models with and without test-time reasoning
capabilities, respectively, in two scenarios: with
context provided and without context provided.
As illustrated in Figure 5-A, providing context
significantly improves model performance, nearly
doubling the correctness of both reasoning and
non-reasoning models. Additionally, reasoning
models outperform non-reasoning models
in correctly answering questions, and their
reasoning capabilities further benefit them in the
context-provided setup.

To investigate a model’s reasoning capability
independently of input context, we compare
reasoning and non-reasoning models—i.e.,
models with and without test-time reasoning
capabilities—across two scenarios: with context
provided and without context, in terms of
correctness, token usage, and latency.As expected
and shown in Figure 5B, non-reasoning models
are faster than reasoning models. Although these
non-reasoning models benefit significantly from
context to improve their performance, their latency
did not significantly change when context was
provided to the model. This could be explained
by the fact that the number of output tokens in
these models is not sensitive to the length of the
input prompt and the availability of context (see
Figure S4). For reasoning models, we observed
that the availability of context lowers latency

Impact of Context & Reasoning on Correctness Rate Impact of Context & Reasoning on

Lat
o soning
s
H = 69% s
S0 = 62%, K
§
20% w0
32% 35%
10%
o
tProvided Context Provided

Context Not Provided Context Provided Context Not

ncy (ms)

Figure 5: Impact of reasoning and context on models’
Correctness Rate (left panel) and latency (right panel).
Error bars represent the standard error of the mean for
the models in each category.
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Figure 6: Analysis of the impact of the number of hops on models’ performance in Context Provided setup. panel A
illustrates the relationship between output token usage (x-axis) and correctness rate (y-axis) for varying numbers of
hops. Each point represents a model, while the colored areas indicate distribution estimates for each hop count.
Panel B, depicts the distribution of correctness rates for non-reasoning models across questions with different
numbers of hops, with the dots representing the median of each distribution.

and output token count, likely because available
context streamlines the thought process. For
further analysis of context and reasoning in these
models, refer to Appendix S1.10.

Evaluating bare LLMs without retrieval or
fine-tuning establishes a clear baseline, showing
how far off-the-shelf reasoning remains before
incorporating more advanced methods such
as enhanced prompting, supervised fine-tuning,
reinforcement learning, or RAG pipelines.

5.3 Impact of the Number of Hops

In this section, we investigate how the number
of reasoning hops influences the correctness rate
and the output token count. Figure 6 presents
the results for the setup with Context Provided.
For reasoning models, Figure 6-A illustrates the
distribution of answer correctness in relation to
the number of generated output tokens. The first
observation is that as the number of hops increases,
the output token count, including the number of
thinking tokens, also increases. Correctness rate
generally decreases with more hops, although two-
and three-hop questions show comparable accuracy.
In non-reasoning models, output token count is
insensitive to question context or complexity;
so we evaluated these models solely by answer
correctness. Figure 6-B depicts the distribution
of answer correctness rate across these models for
different numbers of hops. These models exhibit a
trend similar to that seen in reasoning models.

6 Conclusion

Our study introduces ChemComp: a domain-
specific multi-hop QA benchmark and an

automated pipeline for generating complex
scientific reasoning tasks, and uses them to
evaluate state-of-the-art large language models in
chemistry. Compared to established baselines,
models show a marked drop in performance on
our dataset, indicating that ChemComp poses
more complex, domain-specific challenges. When
context is unavailable, all models correctly
answer fewer than half of the questions; and
reasoning-fine-tuned models show only modest
improvements compared to non-reasoning models.
Supplying gold context substantially improves
accuracy—nearly doubling performance for both
reasoning and non-reasoning models, but no model
reaches near-perfect performance even with gold
context. We also present a fully automated pipeline
that combines advanced chemical named-entity
recognition, knowledge-graph construction, and
constrained multi-hop question generation. The
pipeline is adaptable to proprietary data in
chemistry and other domains by swapping domain
sources and ontologies, providing a practical,
generalizable framework for creating challenging
reasoning benchmarks. By releasing the knowledge
graph, linked hop paths, and dataset, we
offer a reusable resource for future works and
evaluations also on synergized reasoning and
retrieval augmented systems (Gao et al., 2025).
Overall, ChemComp highlights current LLM
limitations on compositional scientific reasoning
and establishes a robust foundation for efforts
to improve reasoning capabilities in specialized
domains.
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Limitations

While our work makes significant strides in
evaluating multi-hop reasoning across large
language models, we acknowledge six key
limitations that also highlight promising directions
for future research.

Model Coverage We evaluated 13 representative
models available at the time of study. GPT-5,
introduced later, was tested separately from other
proprietary models. As the landscape of generative
models continues to evolve, newer architectures,
fine-tuning strategies, decoding methods, or

temperature settings may yield different outcomes.

This underscores the importance of ongoing
benchmarking to capture emerging capabilities.

Automated Data Construction Our knowledge
graph (KG) construction and question generation
pipeline relies heavily on generative models,
including multi-stage verification. While this
approach enables scale and diversity, it may
introduce noise. To mitigate this, we incorporated
iterative domain-expert refinement, targeted expert
reviews, and additional validation stages. These
efforts substantially improved data quality, though
some automation-induced bias may persist.

Evaluation with External Knowledge
Augmentation Our gold-context setting provides
an idealised upper bound that helps disentangle
reasoning failures from retrieval errors. However,
this condition does not reflect the behavior
of realistic retrieval systems. Intermediate
configurations—such as varying retrievers,
retrieval budgets, and RAG architectures—may
yield different performance trade-offs. Systematic
exploration of these settings could clarify how
retrieval quality and reasoning interact, and
whether integrated approaches can narrow or even
overcome the observed parametric limitations.

Advanced Reasoning Strategies Our evaluation
focuses on bare LLMs, which isolates core
parametric reasoning capabilities but does not
capture the full range of techniques used in
practice. Bridging the observed compositional
reasoning gap may require more advanced
interventions,  including targeted prompt
engineering, domain-specific ~ fine-tuning,
reinforcement learning from preferences, or
retrieval-augmented generation. Investigating
such strategies represents a natural direction for

future work, and would help position ChemComp
as a benchmark that supports progress toward
increasingly sophisticated reasoning systems.

Computational Resources Constructing
the KG, generating questions, and evaluating
multiple LLMs required substantial computational
resources, which may pose challenges for some
research groups. To support broader accessibility,
we plan to release the KG, dataset, generation
pipeline, and evaluation scripts. This will allow
others to reproduce our results with reduced
compute—by evaluating a subset of models
or using smaller local models—and to extend
benchmarking with new approaches and models.

Risk Associated with Expanding Beyond the
Current Setup Our current setup demonstrates
strong potential for generating multi-hop questions
across proprietary datasets, as well as in other
domains and languages. However, extending the
pipeline to new contexts requires careful attention
to updating all components to reflect the specific
characteristics of the new use case. To ensure
reliability and avoid producing incomplete or
inaccurate results, it is essential to incorporate
domain expert feedback throughout the refinement
process. While the pipeline is designed to be
adaptable, thoughtful calibration and validation
remain critical to maintaining quality and avoiding
unintended risks in downstream decision-making.
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S1 Appendix
S1.1 Released Dataset

The extracted knowledge graph, question—answer
pairs, sub-questions, and entity links used in
ChemComp, together with the evaluation code and
human annotation results, are publicly available
at this repository. All released resources
are distributed under the Creative Commons
Attribution—NonCommercial 4.0 International (CC
BY-NC 4.0) license. The benchmark covers the
chemistry domain and is provided in English.

S1.2 Detailed Knowledge Graph Generation

In this section, we explain each step in our graph
generation process, illustrating how unstructured
chemical text is transformed into a structured
representation suitable for downstream tasks.

S1.2.1 Text Preprocessing

Our preprocessing pipeline is designed to isolate
the most informative portions of ChemRxiv
articles and prepare them for entity and relation
extraction. First, we retrieved all ChemRxiv
articles whose licenses permit redistribution via
the ChemRxiv API. Using regular expressions,
we extracted the introduction sections of each
paper, as these typically focus on concise, objective
statements about chemical phenomena. From each
introduction, we extracted the first 500 words;
this limit strikes a balance between covering
key background information and minimizing the
inclusion of less relevant or overly general text.
To avoid fragmenting paragraphs, we ensured that
no paragraph was split across chunks. Finally,
we segmented each introduction into contiguous
chunks of up to 128 words, preserving natural
sentence boundaries. This segmentation reduces
the input length for subsequent processing steps,
ensuring that each chunk remains within the token
limits of our downstream models while retaining
semantic coherence.

S1.2.2 Node Extraction

Once the text is segmented, we identify chemical
entities and their interrelations. We apply a named
entity recognition (NER) model based on the
PubMedBERT architecture, fine-tuned on multiple
chemical datasets, to detect candidate entities
within each 128-word chunk. To further improve
precision and eliminate spurious mentions, we
refine the NER output using OpenAl’s gpt-4o,

prompting it with a few shots to verify whether
each detected span indeed corresponds to a
chemically meaningful entity and to standardize
entity labels (for instance, converting "MeOH" to
"methanol"). Below, we showed the prompt for
Entity verification.

You are a chemistry expert specializing in entity
recognition. Your task is to validate and
filter the extracted entities, ensuring they are
chemically meaningful based on the provided
text. Remove any irrelevant terms, including
general descriptors, numerical values, reaction
conditions, and vague terms.

Entities Extracted by NER:
{entities}

Text for Context:
{text}

Criteria for Valid Entities:

v/ Chemical compounds (e.g., HCI, Sodium
hydroxide, Ethanol, Benzene)

v/ Chemical elements (e.g., Carbon, Oxygen,
Cesium)

v Specific catalysts, solvents, reagents (e.g.,
Cs,COs, Toluene, Palladium)

Remove the Following Types of Entities:

X Generic terms (e.g., Reaction, Solvent, Acid,
Base, Solution)

X Experimental conditions (e.g.,
Temperature, 2 M, Strong acid)

pH,
X Measurement/technique terms (e.g., X-ray

diffraction, NMR)

X General  descriptors  (e.g.,
concentration, Low efficiency)

High

Output Format:

Return only a Python list of valid chemical
entities—no explanations, markdown, or extra
formatting.

S1.2.3 Edge Extraction

After obtaining a vetted set of entities, we extract
pairwise relations using the same gpt-4o instance.
For each pair of entities co-occurring within a
chunk, we prompt the model with a few shots to
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classify or generate the nature of their relationship,
producing triplets of the form (entity_A, relation,
entity_B). The result of this step is a set of
entity nodes (chemical names) and directed edges
(relation labels) extracted directly from the text,
forming a raw triplet collection that reflects the
functional associations present in the chemical
literature. Below, we show the prompt for Edge
Extraction.

7

You are an expert in chemical text analysis.
Your task is to extract only chemically
meaningful relationships between a given set
of entities from the provided text.

Guidelines for Relation Extraction:

1. Entity Matching: Consider only the
entities in the given set. If an entity appears
in the text but has no meaningful chemical
relationship with another entity in the set,
ignore it.

2. Chemically Significant Relations Only:
Extract relations describing interactions,
transformations, or properties (e.g.,
“reacts with,” “catalyzes,” “dissolves in,”
“produces”).

3. Factual Relations: Only extract factual
relations; avoid observations or opinions.

4. Tuple Format: Output facts as (entityl,
relation, entity2).

5. Avoid Generic Relations: Exclude weak
relations like “is,” “are,” “exists,” “relates

tO ER]

99 <<

Valid Relation Types (Examples):
v’ reacts with

v’ catalyzes

v’ binds to

dissolves in

oxidizes

inhibits

precipitates with

NN N RN

acts as a solvent for

v’ is synthesized from

Entities Provided:
{entities}

Text:
{text}

Extract at most {max_facts} factual
statements.

Output Format:
Provide a Python list of tuples, only
the extracted relationships (no code
fences/backticks).
Example Output:

[("HC1","dissolves in","Water"),

("HCI","reacts with","Sodium hydroxide")]

S1.24 Knowledge Enrichment

To enrich each node with descriptive metadata
and resolve naming ambiguities, we retrieved
supplemental information from two external
resources: Wikipedia and PubChem. From
Wikipedia, we extracted the introductory summary
of each entity’s page, providing a concise
description of its common usage, historical context,
or primary function. = From PubChem, we
obtained the official compound name (Record
Title) along with additional names and identifiers
sourced from the "Names and Identifiers" section.
We retrieved a textual description from the
"Record Description" heading, summarizing key
properties or applications. Safety annotations,
including hazard statements or pictograms, were
collected from the "Chemical Safety" subsection.
Structural information was captured in the form of
the canonical SMILES string under "Computed
Descriptors,” and the molecular formula was
fetched from the "Molecular Formula" field.
Finally, we extracted computed physicochemical
properties, such as molecular weight, topological
polar surface area, and log P values, from the
"Computed Properties" list within "Chemical and
Physical Properties." All of these metadata fields
were stored as additional text and added as external
information for each node.

S1.2.5 Graph Generation

At this stage, we constructed the graph by forming
triplets of the form (node, edge, node). Each
node was linked to the original text segment from
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which it was extracted and, if available, to its
corresponding external metadata. Likewise, each
edge was associated with the specific text chunk
that produced it. In this way, both nodes and
edges maintain direct references to their source text,
ensuring traceability throughout the knowledge
graph.

S1.3 Detailed Question Generation

S1.3.1 Path Sampling from the Knowledge
Graph

To generate multi-hop questions, we first sampled
paths of varying lengths from the constructed
knowledge graph using a randomized breadth-first
search (BFS) path sampling algorithm. During path
sampling, we enforced that each edge in a sampled
path originates from a distinct source text, thereby
encouraging the integration of information from
multiple, separate context passages. Concretely,
a path of length K comprises K + 1 entities and
traces through K different source texts extracted
from the original ChemRxiv database. By requiring
unique sources for each edge, we ensure that
correct solutions must draw on evidence scattered
across several documents rather than a single
paragraph.

S1.3.2 One-Hop Question Formulation

Adopting a bottom-up approach, we generated
individual one-hop questions for each edge
along a sampled path. For every triplet
(entity,, relation, entity,), we framed a question
whose answer is entity; by asking, "Which entity
holds the relation relation to entity,?" If the initial
phrasing lacked sufficient specificity or clarity, we
invoked a language model (OpenAl’s 03-mini) to
augment the prompt with metadata drawn from the
original text segment, such as contextual phrases
or qualifying details. This enrichment step ensures
that each one-hop question remains clear, precise,
and answerable from the associated source text
alone. Below is the prompt for generating the
one-hop questions.

7

You are given a text along with an entity and its
relation to another entity.

Entity 1: {entity1}

Relation: {relation}

Entity 2: {entity2}

Text: {text}

Information about Entity 1: {entity1_meta

if entityl_meta else None}

Task. Generate a factual question whose
answer is Entity 1. The question must:

* ask for the entity that has the specified
Relation to Entity 2;

* not mention the answer (Entity 1) in the
question text;

* be answerable solely from the provided
Text and (optionally) the Information
about Entity 1;

* avoid meta references such as “Abstract,”
“Table #1,” “in the text,” or “in the article.”

If Entity 1 and the Relation are not specific
enough (i.e., multiple answers are possible),
incorporate precise descriptors from the Text
and/or the Information about Entity 1 so that
Entity 1 is uniquely determined.

Output. Return exactly a dictionary (no code
fences/backticks/markdown) with keys "q" and

non,

a
n_n,

* "q": the question you generated;

e "3": {entityl}.

S1.3.3 Multi-Hop Question Aggregation

Once all one-hop questions for a path were vetted,
we combined them into a single multi-hop question
by prompting OpenAlI’s 03-mini model, with a few
shots. The final aggregated question is constructed
by starting with the sub-question corresponding to
the last edge (i.e., the entity nearest to the "tail"
of the path) and then chaining backward through
each preceding entity until reaching entity; of the
first relation. In other words, if the sampled path is
(entity, "2, entity,), (entity, " entity,), ..., (entityy 2%, entity )
the aggregated question asks first about entity - ,
(the final tail), then uses its answer as context
for the penultimate question, and so on, so
that the final answer corresponds to entity;.
This reverse-chaining structure ensures that the
multi-hop prompt leads directly to the original
target node while preserving logical flow. Below,
we show the prompt for generating the multi-hop
question.
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You are given multiple factual questions and
their answers that are logically connected. Your
task is to chain them into a single, coherent
multi-hop question that requires multiple
reasoning steps. The only correct answer must
be the answer to the first question. Do not
include any of the answers in the generated
question text.

Start from the last generated question and build
upward so the final question aggregates all
steps, yet its answer remains the first question’s
answer.

Example

* QlI:

What is oxidized to form Carbon

Dioxide? Al: Methane

* Q2: What is used in Photosynthesis?  A2:
Carbon Dioxide

* Q3: What produces Oxygen? A3:
Photosynthesis

Multi-hop question:

Q: What is oxidized to produce a substance that
is used in a process that results in Oxygen?

A: Methane

Generated Q&A (input):

{formatted_gas}

Output Return exactly a Python dictionary (no
code fences/backticks/markdown) with keys:

° Ilq n
* "a" — the final answer (must equal the first
question’s answer).

— the final multi-hop question,

\

S1.3.4 Verification and Filtering

During verification, we first reviewed each one-hop
question for clarity, chemical relevance, and direct
answerability based on its corresponding source
text. Below is the prompt for evaluating one-hop

questions.

r

You are a chemistry expert. Your task is to
determine whether the given question is (i) a
factual chemistry question, (ii) unambiguous
(has only one correct answer), and (iii)
answerable from the provided context. A
factual question is grounded in actual chemical
properties, reactions, or experimentally verified

An answerable question must be solvable using
the given context and must not be open-ended or
have multiple correct answers. Make sure the
question has only one correct answer. There

principles and is strictly related to chemistry.

{question}

Answer:
{answer}

{context}

should not be any other entity besides the given
answer that could also be correct.

Question:

Context:

Please analyze the context and verify if
the question is factual, unambiguous, and
answerable. If the question is factual, has
only one correct answer, is strictly related to
chemistry, and can be answered based on the
context, return yes. Otherwise, return no.

Examples of Factual Chemistry Questions:

v/ What dissolves in water and evaporates at
0°C?

v/ What catalyst is used in the reaction
between A and B?

Examples of Non-Factual or Ambiguous
Questions:

X What is the song of Nirvana that is a
chemical entity?

X What chemical entity and structural unit
form the layered hydroxide structures with
intercalated water ions used in battery
materials and OER catalysis?  (Both
M(OH)¢ and o-Ni(OH), are valid answers.)

X Any question with multiple possible correct
answers or not strictly related to chemistry.

Next, the multi-hop question underwent an

additional evaluation step to confirm that the
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logical chain, from the final sub-question back to
the first, correctly guides a reader (or model) to
entity;. We employed an LLM-based verification
process to assess factual accuracy, answerability
given available context and metadata, and overall
coherence among sub-questions. Feedback from
domain experts was continuously incorporated
into the prompt templates to refine the accuracy
of verification.
or multi-hop, that was answered incorrectly by
all evaluated models was excluded from the
benchmark to minimize ambiguity and ensure
high-quality, unambiguous reasoning tasks. Below

Any question, either one-hop



is the prompt for evaluating the whole path.

You are a chemistry expert. Decide whether

the question is (i) a factual chemistry question

and (ii) answerable from the provided path. A

factual question is grounded in real chemical

properties, reactions, or experimentally verified

principles (strictly within chemistry). An

answerable question must be solvable using

the given path information (not open-ended or

opinion-based).

Path information:

{path_text}

Question:

{question}

Answer:

{answer}

Analyze the path and decide if the question is

factual and answerable from it. If both hold,

return yes; otherwise return no.

Examples of factual chemistry questions:

v/ What dissolves in water?

v/ What catalyst is used in the reaction between
A and B?

v/ Which compound undergoes oxidation in
this reaction?

v/ What product is formed when sodium reacts
with chlorine?

Examples of non-factual / opinion-based

questions:

X Why do some scientists think this reaction is
inefficient?

X What is the best solvent for this reaction?

X Is this reaction useful in industry?

X Do you think this compound is a good
catalyst?

Output: Provide only yes or no.

S1.3.5 Short-Answer Design and Rationale

To minimize the impact of writing style
and summarization on accuracy evaluation,
all questions were deliberately designed to
elicit short, concise answers. Answering a
multi-hop question requires decomposing it into its
constitutive one-hop sub-questions, retrieving each
intermediate answer, and then combining them to
arrive at the final answer. Even when full context
is available, a correct response cannot be produced
if a model fails to infer and integrate multiple
pieces of knowledge. By keeping answers brief and
focusing on discrete factual steps, we ensure that

performance evaluation reflects a model’s ability to
conduct multi-hop inference rather than its capacity
to paraphrase or generate lengthy explanations.

S1.4 Statistical Details of the Generated
Graph and Dataset

Table S1 provides a concise overview of both our
dataset-level and graph-level statistics. In Table
Sla, we summarize key properties of the 971
multi-hop questions, including average question
and answer lengths (in characters and tokens), the
mean number of hops per question, total and pooled
context lengths, and the proportion of questions
containing at least one shortcut edge.

On average, questions were 319.4 chars long
(SD = 129.2) or 45.5 tokens (SD = 18.6), while
answers averaged just 16.7 chars (SD = 9.7) or
1.76 tokens (SD = 0.96). Each question required
a mean of 2.45 hops (SD = 1.12). Summing all
hops per question yields a total context length of
5,993 characters (SD = 5, 009) or 849 tokens (SD
= 726), and the pooled hop lengths average 2,447
characters (SD = 2,222) and 346 tokens (SD =
324). Only 96 questions (9.9 %) include at least one
shortcut edge (mean = 0.12, SD = 0.38). The full
hop-count breakdown appears in the "Hop-count
Distribution" block of Table S1a.

Table S1b then reports the main network
characteristics of the underlying knowledge graph:
its size (nodes and edges), sparsity (density),
degree distribution (min, max, and average),
number of connected components, and the size
of the largest component, as well as clustering
and assortativity coefficients. The graph contains
14,523 nodes and 13,419 edges (density =
0.000127), with node degrees ranging from 0 to
257 (mean = 1.85). It splits into 4,684 connected
components, the largest of which spans 7,318
nodes. The average clustering coefficient is 0.0298,
and the degree assortativity coefficient is —0.0265.
Finally, the five highest-degree nodes, hydrogen,
carbon, oxygen, CO,, and lithium, are listed to
highlight the most central concepts in the graph.
Table S2 compares our chemical
dataset (ChemKGMultiHopQA) with
HotpotQA-Chemistry and ChemLitQA-multi
across question count, bridged entities, entity
types, answer format, domain, and source.
ChemKGMultiHopQA comprises 971 ChemRxiv
questions enhanced by PubChem and Wikipedia
(1-4 hops, auto-built KG with expert-verified
subset), offering richer multi-hop chemical
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QA Metric Mean Std. Dev.
Question length (tokens) 80.0 322
Answer length (tokens) 5.4 6.0
Mean # hops per question 245 1.12
Total context length (tokens) 1480.2 1244.5
Shortcut count per question 0.12 0.38
Hop-count Distribution (of 1188 questions)

1 hop 299 (26.6%)
2 hops 299 (25.2%)
3 hops 300 (24.9%)
4 hops 300 (23.3%)
Questions w/ > 1 shortcut 96 (9.9%)

(a) Dataset-level statistics for multi-hop questions

Graph Metric Value
Number of nodes 14523
Number of edges 13419
Density 0.000127
Degree (min / max / avg) 0/257/1.85
Connected components 4684
Largest component size 7318
Avg. clustering coefficient 0.0298
Degree assortativity coefficient —0.0265

Top 5 nodes by degree
hydrogen (257), carbon (250), oxygen (232),
CO; (220), lithium (155)

(b) Key network-level properties of the loaded knowledge
graph

Table SI1: Overview of both dataset-level and
graph-level statistics. Left panel: Table S1a summarizes
the dataset-level statistics for our 971 multi-hop
questions. Right panel: Key properties of the underlying
knowledge graph are reported in Table S1b.

reasoning than HotpotQA-Chemistry (980
Wikipedia questions, 2 hops, no chemical entities)
and ChemLitQA-multi (742 ChemRxiv questions,
1 entity, LLM+expert verification).

S1.5 Summary of models’ performance

The summary of tested models and their
performance is provided in Table S3.

S1.6 Detailed Performance Based on Context
Availability

Figure S1 shows that model performance is
strongly influenced by whether context is provided
in the input. In particular, Claude 3.7 with extended
thinking achieved a correctness rate of 84% with
context, whereas 03-mini recorded the highest
correctness rate (48%) when the context was
absent. Note that 03-mini was primarily used to
generate the questions, which may have introduced
a slight bias, resulting in its minor improvement in
correctness. Figures S2 and S3 illustrate the token
usage and latency of the models, respectively.

S1.7 Performance of models on Chemistry
Subset of HotpotQA

Table S4 shows the details of each model’s
performance, latency, and tokens used in both
setups of context provided and not provided for
the chemistry subset of HotpotQA (Yang et al.,
2018) questions.
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Dataset #Qs #bridged entities # entity type Answer type Domain Source

HotpotQA-Chemistry 980 2 General Short ‘Wikipedia Crowd (Wiki)
ChemLitQA-multi 742 1 Chemistry Long & Short ChemRxiv LLM + expert verified
ChemKGMultiHopQA 971 1-4 Chemistry Short ChemRxiv enhanced by PubChem & Wikipedia LLM + NER + KG (auto) + An expert verified subset

Table S2: Comparison of HotpotQA, ChemLitQA-multi, and ChemKGMultiHopQA data sets.

Correctness Rate (%)  Avg Duration (s) Avg Input Tokens  Avg Output Tokens

Model
NoCtx GoldCtx NoCtx GoldCtx NoCtx GoldCtx NoCtx Gold Ctx

Llama 3.3 70B Instruct  25.13 53.54 0.33 0.40 330 1770 11 11
Mistral Large 32.29 72.60 0.41 0.57 178 1898 14 15
QwQ-32B 31.11 71.08 69.23 27.66 168 1653 2194 830
R1 39.04 72.51 21.54 9.35 159 1540 1498 624
R1 Distill Qwen-32B 30.27 70.24 31.67 12.54 159 1624 1060 418
Sonnet 3.5 32.21 62.90 1.53 1.67 567 2196 30 30
Sonnet 3.7 37.52 68.13 1.61 1.83 567 2196 30 30
Sonnet 3.7 Thinking 39.80 73.27 39.88 16.11 583 2214 1816 754
gemma-3-27b-it 27.57 61.30 0.89 0.99 164 1576 12 13
gpt-4o 32.29 56.32 0.64 0.69 205 1617 10 10
gpt-40-mini 25.38 52.78 0.63 0.69 205 1617 10 10
gpt-5 45.11 71.68 22.45 9.89 204 689 1565 713
ol-mini 32.55 61.47 7.96 5.84 161 1598 1070 742
03-mini 39.38 69.48 11.95 6.43 211 1623 1231 601

Table S3: Summary of tested models’ performance in terms of Correctness rate, average latency, average input
tokens, and average output tokens for both Contextual and Non-Contextual Setups

Impact of Context & ing on Models' Performat
Context Used
0.73 = Context Not Provided
0.73 . 0.73 = Context Provided
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Figure S1: Correctness rate of models with respect to context.
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Number of Output Tokens (log scale)

3

Impact of Context on Models' Output Token Usage

=3 Context Not Provided
=1 Context Provided
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Figure S2: Token usage of models with respect to context
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Figure S3: Latency with respect to context
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Model Correctness Rate (%)  Avg Duration (s) Avg Input Tokens  Avg Output Tokens
NoCtx GoldCtx NoCtx GoldCtx NoCtx GoldCtx NoCtx Gold Ctx
Anthropic Claude Sonnet 3.5 V2 53.78 85.31 1.26 1.32 517 618 29 29
Anthropic Claude Sonnet 3.7 59.49 86.73 1.87 1.94 517 618 29 29
Anthropic Claude Sonnet 3.7 (Thinking)  66.33 87.96 17.54 10.10 539 640 726 390
OpenAl GPT-40-mini 4541 80.41 0.43 0.50 170 257 7 8
OpenAl GPT-40 55.51 82.24 0.62 0.63 170 257 8 8
OpenAl ol-mini 51.94 86.12 4.82 341 127 217 719 426
OpenAl 03-mini 60.00 87.86 9.65 3.74 166 253 977 247
Mistral Large 5.00 1.12 0.49 0.36 198 303 18 12
Llama 3.3 70B Instruct 44.90 79.59 0.32 0.29 284 373 9 9
Google Gemma 3 27B 40.31 80.31 0.77 0.82 127 218 10 11
DeepSeek R1 60.10 86.12 8.93 5.12 125 212 612 358
Qwen QwQ 32B 52.76 89.39 2791 11.01 126 219 865 412
DeepSeek R1 Distill Qwen 32B 46.84 87.55 16.20 7.98 119 208 565 287

Table S4: Summary of tested models’ performance on the HotpotQA chemistry subset in terms of Correctness rate,
average latency, average input tokens, and average output tokens for both Contextual and Non-Contextual Setups

S1.8 Collected Feedback on questions quality
from domain experts

Table S5 summarize the collected feedbacks on
questions quality from domain experts and the
average number of hops presented in questions
categorized in each group.

Cat. Num. Que. Avg.len.
Good 83 (69%) 2.46
Ok 25 (21%) 2.55
Poor 12 (10%) 2.60

Table S5: The 40 high-confidence questions are grouped
by expert-rated quality (Good, Ok, Poor). Num. Que.
shows the count and percentage of questions in each
category. Avg. len. is the average number of reasoning
hops per question.

For failure analysis, we selected 50 questions from the hard
subset (answered incorrectly by at least 14 models) and the
medium subset (answered incorrectly by 6—8 models). Across
these questions, models relied on the provided text in 61% of
cases but still chose an incorrect answer (e.g., selecting the
wrong component). In the remaining 39%, models appeared
to rely on internal knowledge and produced answers that do
not occur in the text.

S1.9 A Multi-Hop QA Generation Example

Figure S1.9 illustrates a typical multi-hop QA
example derived from our knowledge-graph-based
methodology. The context is drawn from chemical
literature discussing the use of carbon dioxide
as a renewable feedstock for formic acid, which
then serves as a non-gaseous CO surrogate in
carbonylation reactions. By chaining these facts
together, our approach constructs a question that
requires integrating multiple pieces of information
to arrive at the correct answer. This demonstrates
how multi-hop reasoning, guided by entity relations
and supplemented with descriptive metadata,
enables the generation and evaluation of more
complex questions by large language models.
Additionally, Figure 2 shows the step-by-step
process of deriving multi-hop questions from
a knowledge graph, illustrating how entities,
relations, and descriptive metadata are combined
to construct more complex queries.

Context:

[Source 1%*]: Carbonylation reactions
constitute a potent tool to manufacture
carboxylic acids and their derivatives both
in industry and academic organic synthesis.
In general, carbonylation requires the use of
toxic carbon monoxide, which thus usually
demands certified high-pressure reaction
vessels. Therefore, developing non-gaseous
CO surrogate for conducting safe and
facile-operation carbonylation is an important
and ongoing research topic. Among these
established CO surrogates, formic acid is one
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kind of versatile atom.

[Source 2*]: The utilization of carbon dioxide
as a Cl feedstock for the generation of
industrially relevant chemicals is also an
interesting approach. CO, is an attractive
renewable C1 source, which can lead to
formic acid . Those approaches would
not only reduce carbon dioxide emissions
through carbon capture but also compensate
sequestration costs by producing chemicals in
global demand.

Question:

What is the process that uses a substance,
produced from carbon dioxide and known as
the simplest carboxylic acid with antibacterial
and preservative properties, as a non-gaseous
surrogate to safely form carboxylic acids and
their derivatives under mild conditions?

Answer: carbonylation reactions

Sentence-level supporting facts:

1) formic acid can be produced from
carbon dioxide .

2) formic acid is the simplest carboxylic acid
with antibacterial and preservative properties.
3) formic acid can act as a non-gaseous CO
surrogate.

4) carbonylation reactions safely produce
carboxylic acids under mild conditions using
formic acid as a CO surrogate.

Path (multi-hop chain of reasoning):
carbon dioxide — formic acid
carbonylation reactions

—

* Source 1 and source 2 are coming from different
documents.

Context:

[Source 1*]: The most common way to
functionalise two-dimensional materials such
as graphene is through reactions occurring in

solution .
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[Source 2%*]: Radiolytic shielding via
graphene membranes has been demonstrated,
highlighting the role of the two-dimensional
allotrope graphene .

[Source 3*]: A variety of chemisorptionbased
solid sorbents exist, such as amines grafted
onto porous solids like silica, cellulose,
or metalorganic  frameworks  (MOFs).
Membrane-based DAC captures CO2 by
selectively allowing COs to permeate
membranes while excluding other gases like

Cr3(CryCl)3(BTT)s 2(BTTs,
1,3,5-benzenetristetrazolate);o

MOF exhibits very high selectivity for Oq
over [iffl0geH. While multiple factors can
influence gas adsorption in MOFs, the origin
of very high selectivity for O2 is perplexing
because structurally similar metal ion MOFs
are unselective.

Question:

What is the metal-organic framework that
exhibits very high oxygen selectivity over
the major atmospheric diatomic gas, which
is typically excluded by the selective barriers
used for isolating carbon dioxide, and which
act as radiolytic shields when formed from a
two-dimensional carbon allotrope that is often
functionalised in solution?

Answer:
CI‘3 (CI‘4 Cl)g (BTT)gQ (BTT3

1,3,5-benzenetristetrazolate);o

Sentence-level supporting facts:
1) Solution -phase chemistry is the standard
route to functionalise graphene .
2) Graphene can form membranes that

provide radiolytic shielding.
3) Membranes used for DAC selectively

exclude [iffOSEH.

4) Crg(Cr4C1)3(BTT)82 MOF shows very
high O, selectivity over [Hilfogen-




Path (multi-hop chain of reasoning):
solution — graphene — membranes —

- — Cr3(CrsCl)3(BTT)go

*Sources 1-4 are extracted from four different documents.

\

S1.10 Impact of Context and Reasoning on
output tokens count

Figure S4 illustrates the impact of context
availability on the average number of output tokens
generated by reasoning and non-reasoning models
when answering questions. Non-reasoning models
produce a similar number of tokens, as they do
not engage in test-time reasoning. In contrast, for
reasoning models, the number of tokens generated
to answer questions decreases with the availability
of context, suggesting a potential requirement for
less cognitive effort when the context is available.

Impact of Context on Model Output Token Usage

T Reasoning

Output Token Usage

Context Not Provided Context Provided
Context Availability

Figure S4: Visualization of the token usage distribution
based on input context availability and model reasoning
capability. The y-axis is log-scaled.

S1.11 Performance Analysis Based on
Number of Hops

The following figures illustrate the details of each
model’s performance, latency, and tokens used for
question clusters requiring a different number of
hops to be answered.
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Impact of Number of Hops on Models' Correctness Rate: (Context Provided)

n_hops
n_hops = 1
n_hops = 2

Correctness Rate

-—
-

= 077 278w n_hops = 3
-

Figure S5: Overall performance of models as a function of the number of hops When context is provided.

Impact of Number of Hops on Models' Correctness Rate: (Context Not Provided)

n_hops

Correctness Rate

e n_hops = 1
e n_hops =2
046 WM n_hops =3
e n_hops = 4

Figure S6: Overall performance of models as a function of the number of hops when context is not provided.
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Output Token Usage Distribution by Model and Number of Hops (Context Provided)
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Figure S7: Token usage across different numbers of hops when context is provided.
Output Token Usage Distribution by Model and Number of Hops (Context Not Provided)
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Figure S8: Token usage across different numbers of hops when context is not provided.
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Latency Distribution by Model and Number of Hops (Context Provided)
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Figure S9: Latency measurements across different numbers of hops when context is provided.
Latency Distribution by Model and Number of Hops (Context Not Provided)
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Figure S10: Latency measurements across different numbers of hops when context is not provided.
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