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Abstract

In Question Answering (QA), Retrieval Aug-
mented Generation (RAG) has revolutionized
performance in various domains. However,
how to effectively capture multi-document re-
lationships remains an open question. This is
particularly critical for biomedical tasks due
to their reliance on information spread across
multiple documents. In this work, we pro-
pose a novel method CLAIMS, which utilizes
propositional claims to construct a local knowl-
edge graph from retrieved documents. Sum-
maries are then derived via layerwise summa-
rization from the knowledge graph to contex-
tualize a small language model to perform QA.
The structured summaries effectively capture
explicit and implicit relationships between en-
tities in the documents, thus having a more
comprehensive context to provide to LLMs.
CLAIMS achieved comparable or superior
performance over RAG baselines on several
biomedical QA benchmarks. We also evaluated
its generalizability and each individual step of
our approach with a targeted set of metrics,
demonstrating its effectiveness.

1 Introduction

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) has shown promise in augmenting
Large Language Models (LLMs) with documents
retrieved from established corpora. The process
uses these documents to ground LLM outputs, re-
ducing hallucinations and improving the contex-
tual relevance of generated responses. For a typ-
ical Question Answering (QA) task, RAG tends
to retrieve multiple documents relevant to an in-
put question. However, recognizing and leveraging
the multi-document relationships across these doc-
uments remains an underexplored challenge. Rely-
ing on a single LLM call to integrate all of these
relationships tends to prove inadequate, especially
in Biomedical QA where even seemingly straight-
forward questions like determining which muscle

fiber types fatigue first during sprinting can require
connecting properties described in one document
with mechanisms explained in another (Figure 1).
Existing work has introduced targeted techniques
to mitigate this problem, such as hierarchical sum-
marization of semantically related chunks (Sarthi
et al., 2024; Tang et al., 2024) or integrating Knowl-
edge Graphs (KGs) to represent explicit connec-
tions in retrieved text. Yet reliance on semantically
related chunks can miss documents that share top-
ics but differ in semantic focus, and works that
utilize KGs can face different limitations: some re-
quire access to the entire offline knowledge corpus
(Guo et al., 2024b; Wu et al., 2025) and operate
through hierarchical community-based partitioning
of such large corpora (Edge et al., 2024), while
others suffer from explicit information loss dur-
ing graph traversal for retrieval (Wang et al., 2024;
Guo et al., 2024a). Therefore, there is a need for
a method that effectively represents and utilizes
relevant multi-document relationships from dynam-
ically updated knowledge bases, enabling systems
to trace cross-document connections and achieve
more comprehensive reasoning in Biomedical QA.

Figure 1: Multi-document reasoning example in biomed-
ical QA. Requires connecting Type IIx fiber properties
across documents to infer fatigue susceptibility.
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To remedy this, we propose utilizing the con-
struction of a knowledge graph to underlay lay-
erwise document summarization via CLAIMS
(Connected Layered Analysis of Information
through Multi-level Summarization). Propositional
claims (Chen et al., 2024b) are utilized to represent
information and facilitate handling conflicting and
noisy claims extracted from retrieved documents.
A knowledge graph dynamically constructed from
these propositional claims captures relationships
beyond semantic similarity. Finally, our approach
performs layerwise graph summarization around
several key claims of interest to comprehensively
capture and filter multi-document relations and fit
them into a limited context window.

CLAIMS utilizes the properties of decontextual-
ized claims in the knowledge graph structure and
layerwise topological summarization to capture ex-
plicit and implicit relationships between entities
in the documents, thus having a more comprehen-
sive context to provide to LLMs. We evaluate each
part of our methodology, and compare CLAIMS
to traditional RAG retrieval baselines on several
biomedical QA datasets, achieving comparable or
superior performance over all baselines.

Our approach makes three main contributions.

• We introduce dynamic local knowledge graph
construction with propositional claims, enabling
capture of implicit cross-document relationships
without requiring prebuilt knowledge graphs.

• We introduce layerwise topological graph sum-
maries of key claims in this local knowledge
graph as context for LLM QA tasks, utilizing
progressive summarization to filter irrelevant
and conflicting information from retrieved docu-
ments.

• We evaluate CLAIMS on a comprehensive set
of benchmarks, including testing its intermediate
components, its impact on LLM reasoning, gen-
eralizability across domain-specific models, and
the final accuracy on several datasets.

2 Related Work

We review relevant work in RAG, summarization
techniques, and knowledge graph applications for
Biomedical QA. Current approaches face chal-
lenges in effectively capturing cross-document rela-
tionships. CLAIMS builds upon these foundations
while addressing their limitations through the novel
combination of propositional claims, local knowl-
edge graphs, and layerwise summarization.

2.1 Retrieval Augmented Generation

Information Retrieval methods have been used for
general QA tasks, including biomedical QA (Jin
et al., 2022). RAG extends these methods for use
with LLMs, allowing for the integration of exter-
nal corpora into pre-trained LLMs’ context win-
dows. The initial naive RAG approach utilized a
retriever and a seq2seq model to capture knowledge
from documents (Lewis et al., 2020), and has since
been followed by many follow-up refinements (Gao
et al., 2023b). Many works have been conducted on
the application of RAG in biomedical QA, such as
MedRAG which retrieves documents from a variety
of corpora (Xiong et al., 2024), BioMedRAG which
trains a retriever for improved retrieval of medical
documents (Li et al., 2024b), and Self-BioRAG
which uses on-demand retrieval and reflection to-
kens to select evidence (Yu et al., 2023), among
others (Liu et al., 2024; Zhou et al., 2023), which
tend to take strategies from general domain RAG
and adapt them to the biomedical domain. While
they provide benefits for QA tasks, they fall short in
capturing all relevant multi-document relationships
in retrieved documents.

2.2 Summarization

Summarization can condense documents into rele-
vant information while using less tokens, and is one
method by which retrieved documents can be pro-
cessed. RAPTOR (Sarthi et al., 2024) uses hierar-
chical summarization of documents to capture both
locally relevant information and distant interdepen-
dencies. However, its reliance on semantic similar-
ity means that it may miss explicit, non-semantic
connections. Long-context summarization meth-
ods like MemTree (Rezazadeh et al., 2024) or it-
erative hierarchical summarization methods like
ILM-TR (Tang et al., 2024) also use embedding
similarity to group contextual information, and thus
suffer from the same problem of missing explicit
connections. SiReRAG extends RAPTOR with an
additional hierarchical summarization of proposi-
tional claims (Zhang et al., 2025a), but while this
does capture relationships between shared entities
it still misses explicit multi-hop connections.

2.3 RAG with knowledge graphs

Graph based RAG is an alternative to semantic sim-
ilarity for capturing complex relationships. Exten-
sive prior work leverages knowledge graphs as data
structures, with recent advances in KG construc-
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Figure 2: Overview of the proposed CLAIMS framework. (a) Relation extraction: load in documents with
a retriever relevant to an input question, break documents into claims, break claims into triples. (b) Graph
construction: build local graph with claims and triples. (c) Graph summarization: summarize the graph layerwise
with the top re-ranked claims as the roots. (d) QA with LLM: the final summaries for each top-ranked claim are
collated and provided to a model as context for downstream QA tasks.

tion (Yang et al., 2025; Mo et al., 2025). Common
RAG methods include directly retrieving relevant
triples from the graph (Baek et al., 2023), subgraph
extraction (Gutiérrez et al., 2025; Sarmah et al.,
2024; Li et al., 2024a), or path based retrieval of
relevant documents (Chen et al., 2024a; Luo et al.,
2024; Jiang et al., 2024b; Ma et al., 2025). These
methods may miss out on information outside of
the explicit subgraphs or paths that are retrieved.

More recently, there has been work performing
hierarchical summarization on generated knowl-
edge graphs using different organizational strate-
gies. Graph RAG (Edge et al., 2024) employs
community-based summarization, partitioning en-
tire offline knowledge graphs into communities and
creating hierarchical summaries at multiple gran-
ularities. Similarly, MedGraphRAG (Wu et al.,
2025) uses hierarchical tagging approaches. While
these community-detection methods can capture
broad multi-document relationships, they operate
on static, large-scale corpora and require global
community identification. In contrast, CLAIMS
processes relationships hop-by-hop around specific
claims of interest, enabling summarization with-
out upfront community detection. Additionally,
these approaches require high upfront costs and
additional effort to update their graph summaries
with new information, making them less suitable
for dynamically retrieved documents.

Alternatively, retrieved documents can be turned
into a graph structure for additional processing.
Several works have opted for this, with many using
semantic similarity of text chunks in combination
with structural information to construct the graph.
Even with explicit connections formed by struc-
tural relationships, the retrieval uses agents (Wang
et al., 2024; Guo et al., 2024a) that can miss in-
formation outside of returned paths or requires a
trained GNN (Li et al., 2025). CLAIMS utilizes ex-
plicit connections from knowledge graph Resource
Description Framework (RDF) formats and does
layerwise summarization to capture these connec-
tions with off-the-shelf LLMs. Another work gen-
erates minigraphs from documents (Zhang et al.,
2025b), but does not use propositional claims as
their chunking modality and performs literature
review creation instead of QA.

3 Methods

Approach overview: CLAIMS handles the prob-
lem of processing and connecting distributed evi-
dence from multiple retrieved documents to solve
biomedical questions. At its core, our method takes
in a biomedical question, a set of retrieved docu-
ments, and possible multiple choice answers before
using a language model to process the documents
and determine the correct answer. More formally,
given an input biomedical question q, a set of an-
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swer options A, and a corpus of dynamically up-
dated unstructured documents D, a language model
L is used to generate the correct answer a ∈ A. The
output should satisfy three requirements:

1. Comprehensively identify and connect multi-
document relations.

2. Efficiently use the limited context window of L.
3. Reduce noise and preserve relevant information.

CLAIMS improves the extraction and presentation
of relevant information and multi-document rela-
tions from unstructured documents by the addi-
tion of layerwise graph summarization (Figure 2).
It proceeds by first extracting decontextualized
claims from each d ∈ D (Section 3.1), assembling
these into a local knowledge graph where shared
entities reveal cross-document connections (Sec-
tion 3.2), before performing layerwise summariza-
tion around key claims that progressively integrates
information along graph paths while filtering noise
(Section 3.3). This approach enables systematic
identification of multi-hop relationships that would
be difficult to discover from the documents alone.

3.1 Relation extraction
CLAIMS first transforms retrieved unstructured
documents into propositional claims and associated
RDF triples.

Retrieval: To accurately answer biomedical ques-
tions, CLAIMS gathers relevant information from
several knowledge bases. For a given input ques-
tion q, it is first preprocessed into a better suited re-
trieval query to retrieve relevant documents d ∈ D
via question rewriting (Ma et al., 2023) and HyDE
candidate answer generation (Gao et al., 2023a).

The final query with the rewritten question,
answer options, and candidate answer is used to
retrieve text chunks d ∈ D. Further details on the
retrieval corpora and the retrieval process can be
found in Appendix A.1.

Claim extraction: To connect information across
documents, documents are broken down into con-
cise, independent pieces. From the retrieved text
chunks d ∈ D, the model L extracts propositional
claims C = {c1, c2, ..., cn}. These claims must be

• Atomic: includes only a single statement that
cannot be broken down, and

• Decontextualized: fully understandable on its
own with no unresolved entity references.

This chunking strategy improves the retriever’s
performance (Chen et al., 2024b) and is especially
important in CLAIMS for later reranking and
summarization.

Triple extraction: Once a claim c ∈ C is extracted,
it is prepared for addition to the local graph G.
We assume that the claim extraction process has
given us atomic claims with only one key relation.
This step involves extracting a single RDF triple
(subj, pred, obj) from each claim c. This triple
format captures the relationship pred between the
two entities subj and obj, with the extraction being
based on the LLM’s best judgment.

3.2 Graph construction
The RDF triples and claims from Section 3.1 are
processed into a local graph structure that captures
the relationships between concepts.

Deduplication: While our claim extraction
phase (Section 3.1) resolves coreferences to the
same entities, the entities in each RDF triple
can still have multiple possible representations.
Deduplication of entities in the RDF triples is
performed to ensure that all references to the
same concept point towards the same node in the
graph. Specifically, embeddings are placed into
the same cluster using a similarity threshold of
0.8 with Unweighted Average Linkage Clustering
(UPGMA) (Sokal and Michener, 1958).

Graph structure: After deduplication, the pro-
cessed RDF triples and claims are used to construct
the graph G. Each node n ∈ G is an entity from
the RDF triples. Each edge e ∈ G between nodes
includes the representative claim c the entities were
extracted from and relevancy score s. The scores
are calculated using a reranker R according to the
edge claim’s relevance to the input question q. All
edges are treated as undirected in further process-
ing, and allow for multiple edges between nodes.

3.3 Graph summarization
CLAIMS condenses the content in G into several
claims of interest to capture the most relevant
information for answering the input question.

Obtaining claims of interest: Due to the many
documents under consideration, our method selects
several key claims of interest K from G, which
provides a diverse set of entry points into the graph.
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CLAIMS starts with the top 10 ranked claims in
the graph based on their relevance scores s.

To evaluate which claims are most suitable for
summarization, we assess the informativeness of
their local neighborhoods. For each candidate
claim of interest, we gather its 1-hop neighboring
claims, concatenate them as context, and gener-
ate a preliminary test summary. These summaries
are scored for relevance using reranker R, with the
scores used to rerank the claims of interest, priori-
tizing those likely to yield high-quality summaries.

As adjacent claims should produce similar sum-
maries, we remove all claims that are 1-hop neigh-
bors of higher ranked claims in K. This returns
a more focused list, improving efficiency while
retaining coverage of relevant information.

Figure 3: Layerwise summarization overview. For a
claim of interest (Claim 1), the graph is organized into
layers based on each connected claim’s distance from it.
The summarization begins from the furthest layer, mov-
ing inwards. For each layer, claims are summarized
using previously generated summaries of connected
claims in lower layers. This process ensures that path
content and multi-document relationships are preserved
while filtering out irrelevant information.

Layerwise summarization: Layerwise summa-
rization for each claim of interest involves organiz-
ing its connected component in G into layers based
on each claim’s distance (Figure 3).

Definition 1 (Layer). Given a claim of interest k
in graph G, the ith layer consists of all claims that
are exactly i-hop away from k in G.

The summarization process starts from the
outermost layer and proceeds inwards. For each
claim in the current layer, our method considers the
summaries of connected claims one layer below.
These summaries from connected claims are again
summarized to create the current claim’s own
summary. Each claim is processed only once and
uses summaries from already processed claims,

ensuring that there are no cycles. This occurs layer
by layer until the claim of interest is reached.

Summary generation: The final summary for each
claim of interest captures information from its en-
tire connected component in G, focused around the
central claim. Although the claims of interest share
common topics due to their high relevance to the in-
put question, each final summary differs as they em-
phasize their local relationships. The final output
concatenates the summaries in the order of their rel-
evance rankings. This set of summaries is provided
as context for an LLM to perform QA. Additional
method details are provided in Appendix A.

4 Experiments

Our experiments assess both CLAIMS’ overall QA
performance and the effectiveness of its individual
components. We evaluate on multiple benchmarks
(Section 4.1), comparing against standard RAG
baselines (Section 4.3) and domain-specific models
(Section 4.4). We employ masking tests to evaluate
CLAIMS’ ability to improve LLM reasoning ca-
pabilities (Section 4.5). Additionally, each part of
CLAIMS was assessed individually (Section 4.6)
and as a whole (Section 4.7) to test its robustness.

4.1 Evaluation datasets

We evaluate CLAIMS on established biomedical
QA benchmarks. We use the test sets of Pub-
MedQA (Jin et al., 2019), MedQA (Jin et al.,
2021), and the MMLU clinical topics datasets
(Hendrycks et al., 2021) (Anatomy, Clinical Knowl-
edge, College Biology, Professional Medicine, Col-
lege Medicine, and Medical Genetics). For vali-
dation, a combination of the validation sets of the
MMLU datasets is used, termed MMLU validation.
More information is provided in Appendix G.

4.2 Experimental setup

Model configuration: All QA experiments were
run with greedy decoding to ensure reproducible
results. Results were averaged across 5 runs (1 non-
shuffled and 4 shuffled answer options) to control
for positional bias. For CLAIMS contexts gen-
eration and QA benchmarking we used Mistral-
7B-Instruct-v0.1 (Jiang et al., 2023) based on pre-
liminary experiments demonstrating that domain-
specific models had degraded performance on aux-
iliary tasks such as entity extraction. More details
are in Appendix E.
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Approach MMLU-
A*

MMLU-
CM

MMLU-
CB

MMLU-
PM

MMLU-
MG

MMLU-
CK

MMLU-
V

PMQA MedQA Overall
SE

MedRAG 0.57 0.50 0.51 0.54 0.69 0.54 0.57 0.60 0.44 0.0027
KGP 0.48 0.46 0.52 0.52 0.61 0.54 0.55 0.54 0.44 0.0033
SiReRAG 0.58 0.53 0.58 0.62 0.70 0.59 0.65 0.55 0.51 0.0009
RAPTOR 0.56 0.57 0.62 0.61 0.72 0.64 0.66 0.68 0.50 0.0034
CLAIMS 0.62 0.60 0.64 0.64 0.74 0.66 0.70 0.61 0.52 0.0021
*MMLU prefixes denote: V-Validation, A-Anatomy, CB-College Biology, CM-College Medicine,
PM-Professional Medicine, MG-Medical Genetics, CK-Clinical Knowledge

Table 1: Accuracy scores across RAG approaches with Overall SE representing the standard error of overall
performance (average across all datasets) over 5 runs. CLAIMS shows consistent improvements over baselines.

Approach MMLU-
A*

MMLU-
CM

MMLU-
CB

MMLU-
PM

MMLU-
MG

MMLU-
CK

MMLU-
V

PMQA MedQA Overall
SE

MMed 0.61 0.54 0.65 0.67 0.69 0.66 0.69 0.57 0.53 0.0032
BioMistral 0.51 0.52 0.56 0.57 0.62 0.60 0.57 0.38 0.46 0.0049
Meditron 3 0.61 0.66 0.76 0.79 0.76 0.75 0.77 0.58 0.61 0.0030
Med42 0.70 0.67 0.79 0.77 0.77 0.76 0.80 0.53 0.62 0.0045
MMed Ctxs 0.65 0.56 0.65 0.69 0.76 0.67 0.73 0.65 0.57 0.0034
BioMistral Ctxs 0.58 0.56 0.60 0.65 0.76 0.64 0.69 0.57 0.51 0.0040
Meditron 3 Ctxs 0.71 0.68 0.76 0.82 0.81 0.77 0.81 0.70 0.66 0.0038
Med42 Ctxs 0.72 0.68 0.80 0.81 0.80 0.76 0.81 0.65 0.65 0.0039
*MMLU prefixes denote: V-Validation, A-Anatomy, CB-College Biology, CM-College Medicine,
PM-Professional Medicine, MG-Medical Genetics, CK-Clinical Knowledge

Table 2: Accuracy scores across various domain specific LLMs, with and without the contexts produced by our
CLAIMS method. Overall SE represents the standard error of overall performance (average across all datasets) over
5 runs. Augmentation with CLAIMS shows consistent improvements over the baseline domain-specific models.

Answer extraction protocol: Due to the variabil-
ity in LLM outputs, we implemented a standard-
ized answer extraction via Mistral-7B-Instruct-v0.1
(Jiang et al., 2023) to parse the model output and ex-
tract the selected option into a JSON object. JSON
format is enforced via lm-format-enforcer1.

4.3 Comparison with RAG baselines

We compared CLAIMS with several representative
RAG approaches: RAPTOR for hierarchical sum-
marization (Sarthi et al., 2024), KGP for dynamic
knowledge graph generation (Wang et al., 2024),
SiReRAG for claim summarization (Zhang et al.,
2025a), and MedRAG for direct retrieval (Xiong
et al., 2024) with our retrieval datasets.
Experimental details: We used these approaches’
provided code and prompts, with minor modifica-
tions for compatibility with our retrieval corpora
and evaluation framework. All approaches were
subject to truncation to model max lengths. For
MedRAG, we utilized retrieval from our corpora us-
ing only embedding similarity for document scores.
Results: CLAIMS achieved comparable or supe-
rior performance to all baseline methods (Table 1),
with improvements ranging from 1.46% (RAP-
TOR) to 11.64% (KGP) on non-validation datasets.
While CLAIMS showed a decrease compared to

1https://github.com/noamgat/lm-format-enforcer

RAPTOR on PubMedQA, it outperformed RAP-
TOR and the other methods on all other bench-
marks, demonstrating that structured knowledge
representation and layerwise summarization pro-
vide meaningful advantages over both direct graph
traversal and semantic clustering approaches.

4.4 Generalizability across biomedical models

To evaluate the generalizability of CLAIMS’ con-
texts, we tested its ability to improve the perfor-
mance of models pretrained on biomedical texts.
This demonstrates that CLAIMS provides gen-
uinely useful information rather than simply com-
pensating for missing domain knowledge, and val-
idates that our approach works across different
model architectures and training paradigms.
Experimental details: We evaluated four represen-
tative biomedical models: BioMistral-7B (Labrak
et al., 2024), Meditron3-8B (Chen et al., 2023),
Llama3-Med42-8B (Christophe et al., 2024), and
MMed-Llama-3-8B (Qiu et al., 2024). Each model
was tested with baseline (parametric knowledge
only) and augmented (with CLAIMS-generated
contexts) conditions on the evaluation datasets.
Results: CLAIMS was able to improve the per-
formance across all models, showcasing its ef-
fectiveness (Table 2). The improvements ranged
from 3.27% (Med42) to 8.26% (BioMistral) on
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Approach MMLU-
A*

MMLU-
CM

MMLU-
CB

MMLU-
PM

MMLU-
MG

MMLU-
CK

MMLU-
V

PMQA MedQA Overall
SE

HyDE 0.25 0.24 0.27 0.27 0.31 0.27 0.25 0.38 0.26 0.0011
CLAIMS 0.26 0.30 0.26 0.30 0.35 0.32 0.32 0.42 0.28 0.0016
*MMLU prefixes denote: V-Validation, A-Anatomy, CB-College Biology, CM-College Medicine,
PM-Professional Medicine, MG-Medical Genetics, CK-Clinical Knowledge

Table 3: Accuracy scores with masked retrieved documents, input questions, and answer options. Overall SE
represents the standard error of overall performance (average across all datasets) over 5 runs. Our CLAIMS approach
achieved higher scores on 7 of 8 non-validation datasets.

the non-validation datasets. The consistent im-
provements across models with different training
backgrounds demonstrate that CLAIMS provides
structured knowledge that complements rather than
duplicates existing model capabilities.

4.5 Entity masking evaluation

Experimental details: To evaluate whether
CLAIMS improves LLM reasoning beyond sim-
ply leveraging memorized biomedical facts, we
masked biomedical entities. This removes the
model’s ability to rely on entity associations
learned during pretraining while preserving the log-
ical structure of the reasoning task.

We prompted the Llama-3.3-70B-Instruct model
(Dubey et al., 2024) to identify and mask key
biomedical entities into one of 13 categories as
generic labels. We compared CLAIMS under this
circumstance against directly adding masked docu-
ments to the LLM’s context window (HyDE in the
table). More details can be found in Appendix I.
Entity masking results: Notably, the accuracy
scores of the masked configuration are significantly
lower than their unmasked variants, suggesting that
the masking of entities has disrupted entity-specific
knowledge that had been learned during pretrain-
ing. CLAIMS had superior performance on 7 of 8
non-validation datasets, achieving an average im-
provement of 3% on them (Table 3). This demon-
strates that CLAIMS improves the reasoning abil-
ity of LLMs independent of parametric knowledge,
rather than only utilizing entity patterns learned
during pretraining.

4.6 Component level analysis

To demonstrate the effectiveness of each step of
CLAIMS, we obtained evaluation results for each
of CLAIMS’ three core components: relation ex-
traction, graph construction, and graph summa-
rization on our MMLU validation dataset. All re-
sults were obtained using Mistral-7B-Instruct-v0.1
(Jiang et al., 2023) with greedy decoding once.

Approach Ref Score Sem. Sim. Claim Ret.
single-stage 0.94 0.90 1.00
two-stage 0.95 0.90 1.00
direct-triples 0.97 0.87 1.00
pairs-relations 0.99 0.82 1.00

Table 4: Relation extraction evaluation with Ref. Score
(decontextualization ability), Sem. Sim. (original mean-
ing preservation), and Claim Ret. (key information
preservation). Results demonstrate the trade-off be-
tween entity and claim based approaches, with our
single-stage method achieving a balanced performance
while maintaining good computational efficiency.

Relation extraction: We evaluated our single-
stage claim extraction to determine whether it effec-
tively balances decontextualization with semantic
preservation. We compared four methods across
Ref Score (ratio of explicit to total entity refer-
ences), Sem. Similarity (embedding similarity be-
tween documents and extracted claims), and Claim
Ret. (fraction of important claims preserved) (Ta-
ble 4). Of the methods, our single-stage method ex-
tracts and decontextualizes claims in one step, com-
pared to performing them separately (two-stage),
directly extracting RDF triples (direct-triples), and
extracting entities before relations (pairs-relations).

Entity-based approaches achieved higher Ref
scores (direct-triples: 0.97, pairs-relations: 0.99)
compared to claim-based ones (single-stage: 0.94,
two-stage: 0.95) due to extracting explicit entities
which naturally avoids leaving unresolved refer-
ences. However, the claim-based methods achieved
strong Sem. Similarity performance (0.90 and 0.90
vs 0.87 and 0.82). This advantage suggests that
retaining the sentence structure of claims results
in lower loss of semantic meaning. All methods
achieved a perfect Claim Ret. score.

The results support our usage of the single-stage
approach with its comparable Ref score and supe-
rior Sem. Similarity to the entity extraction ap-
proaches, and almost identical performance to two-
stage at a fraction of the computational cost. This
ensures reliable extraction that preserves semantic
meaning for downstream graph creation and QA.
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Approach Summary Score Wins
Graph Communities 59.35%
Semantic Communities 40.65%

Table 5: Relevance scores between graph and semantic-
based summarization. Results show percentage of times
each method produced higher relevance score sum-
maries, and demonstrate the graph community sum-
mary’s superior ability to capture relevant information.

Graph construction: We evaluated whether graph-
based communities contain more relevant infor-
mation to the input question than semantic com-
munities by comparing their produced summaries’
relevance scores. Graph communities were formed
from 1-hop neighbors around claims of interest,
while semantic communities used claims with >0.8
cosine similarity to claims of interest.

Graph community summaries had higher rele-
vance scores compared to semantic communities
59.35% of the time (Table 5). This demonstrates
that while semantic communities are limited to cap-
turing relationships based on semantic similarity,
our graph construction identifies connections that
may be relevant topically yet semantically dissimi-
lar, explaining CLAIMS’ advantages over semantic
clustering approaches in the main QA experiments.

Approach Faithfulness Relevancy Source Div.
CLAIMS 0.96 0.84 0.96
Semantic 0.97 0.86 0.92
Subgraph 0.95 0.79 0.94

Table 6: Three summarization approaches across faith-
fulness (hallucination), relevancy (relevance to input
question), and source diversity (multi-document rela-
tions) metrics. Results demonstrate CLAIMS’ ability to
maintain a high faithfulness and relevancy while achiev-
ing superior source diversity.

Graph summarization: We assessed whether
CLAIMS successfully integrates multi-document
information while maintaining quality, comparing
CLAIMS against the graph and semantic commu-
nities from the graph construction component level
analysis. Their output summaries’ claims were
evaluated on faithfulness (hallucination rate), rele-
vancy (relevance to the input question), and source
diversity (fraction of documents integrated).

CLAIMS achieved comparable faithfulness
(0.96) and relevancy scores (0.84) while having su-
perior source diversity (0.96) (Table 6). CLAIMS
had a slightly lower faithfulness score (0.96) com-
pared to semantic communities (0.97), likely due
to the multiple LLM calls in its pipeline increas-
ing the potential for hallucination. It also had a

slightly lower relevancy (0.84) than semantic clus-
tering (0.86), reflecting the inclusion of individu-
ally irrelevant bridging information that connects
relevant statements across documents. However,
the relatively small differences suggest these are
acceptable trade-offs for improved reasoning capa-
bilities, and this balance between direct relevance
and comprehensive multi-document integration ex-
plains CLAIMS’ effectiveness across diverse QA
benchmarks where multi-document reasoning is es-
sential. The results of our evaluations are discussed
in more detail in Appendix K, with additional QA
accuracy ablations in Appendix H.

4.7 Human Evaluations

Human evaluation of MMLU validation graphs
showed high core entity extraction (> 92%) and
claims accuracy (> 91%) with substantial inter-rater
agreement (>72%) (Appendix B). Case study anal-
ysis revealed that successful cases demonstrated
effective discrimination between similar concepts
and mechanistic pathway reasoning. Failed cases
revealed two modes: sparse graph construction,
and knowledge gaps in generated contexts. De-
tailed information provided in Appendix C and D.

5 Conclusion

We introduce CLAIMS, a novel method for
retrieval-based biomedical QA tasks, targeting
the key challenge of recognizing and leveraging
multi-document relationships. It utilizes proposi-
tional claims to construct a local knowledge graph
from retrieved documents, before constructing sum-
maries derived via layerwise summarization from
the graph. These summaries contextualize a small
language model to produce the final QA deci-
sions. Our comprehensive evaluation demonstrates
CLAIMS’ effectiveness across multiple dimen-
sions. CLAIMS achieved consistent improvements
over established RAG baselines (1.46-11.64% av-
erage gains) and successfully augmented domain-
specific models with its produced contexts (3.27%
to 8.26% improvements), demonstrating broad gen-
eralizability in enabling even a small model to ef-
fectively synthesize complex multi-document infor-
mation. Entity masking experiments revealed that
CLAIMS provides reasoning benefits beyond lever-
aging entity relationships, while component level
evaluations showed the robustness of each pipeline
stage. Together, these results establish CLAIMS as
an effective approach for biomedical QA tasks.
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6 Limitations

Denoising: Our approach currently relies on
the summarization’s inherent denoising ability
to remove irrelevant information from the con-
structed graph. This was done in lieu of entirely
removing irrelevant claims in an attempt to retain
connections that were individually irrelevant yet
important to connect relevant content together for
the summaries. Future work will target methods
to limit the effects of these irrelevant claims and
improve detection and removal of conflicting
information.

Model use: We currently only test on Mistral-
7B-Instruct-v0.1 (Jiang et al., 2023) for the main
model. We chose this model due to its balance
of performance and computational accessibility,
allowing our method to be implemented with more
modest hardware requirements compared to larger
models. In future work, we plan on testing on other
newer, more advanced models as well as a more
diverse set of retrieval datasets and evaluation
benchmarks.

Claim extraction efficiency: CLAIMS uses
LLM-based extraction to ensure high-quality claim
decontextualization and relationship identification.
Although this provides superior semantic under-
standing compared to rule-based approaches, it
involves computational overhead proportional to
document volume. Future work could explore
hybrid approaches combining LLMs with more
efficient preprocessing.

Data leakage: Like other RAG approaches,
CLAIMS operates on retrieved documents that
may overlap with evaluation data. We follow
standard evaluation practices and our method’s
improvements over established baselines suggest
genuine methodological contributions rather
than data artifacts. Future work will incorporate
additional data provenance tracking.

Free-form reasoning: Our evaluation focuses on
multiple-choice QA, which enables standardized
assessment but may not fully capture real-world
biomedical reasoning complexity. While CLAIMS
effectively captures cross-document relationships
for structured questions, extending to free-form rea-
soning would require adapting our summarization
approach for open-ended answer generation and

developing appropriate evaluation metrics. Future
work will investigate CLAIMS’ performance on
free-form biomedical reasoning tasks.

Source attribution: While CLAIMS effectively
synthesizes information across multiple documents,
the multi-level aggregation process makes it chal-
lenging to trace specific claims in the final sum-
mary back to exact source sentences. To address
this, we have implemented a document reranking
approach (Appendix J) that retrieves and prioritizes
source documents most likely to contain supporting
evidence for the generated summaries. However,
this provides document-level rather than sentence-
level attribution, representing an inherent trade-off
of hierarchical summarization methods that priori-
tize comprehensive cross-document reasoning over
granular source traceability.

7 Ethical Considerations

Our system, while demonstrating improved QA Ac-
curacy on biomedical QA benchmarks, inherits the
fundamental limitations of LLM-based approaches
in healthcare contexts. We caution against using
CLAIMS or similar systems for medical diagno-
sis or treatment decisions without expert oversight.
The knowledge graphs constructed reflect the in-
formation and potential biases in retrieved source
documents, so verification of model outputs is es-
sential. This tool is not intended to replace clini-
cal expertise, and implementations should include
clear limitation disclaimers and verification mecha-
nisms.

8 Code Availability

Our code is available at https://github.com/
lxguan1/local_graph_clean.
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Appendix

A Methods Details

A.1 RAG retrieval
The retrieval corpora include Simple Wikipedia
(CC-BY-SA) (Foundation), medical textbooks
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from MedQA (MIT License) (Jin et al., 2021),
PubMed abstracts and fulltext articles taken from
GLKB (CC BY-NC-ND 4.0) (Huang et al., 2024),
and StatPearls articles2 (CC BY-NC-ND 4.0).
Simple Wikipedia provides accessible explana-
tions of basic scientific concepts using simpli-
fied language to aid in cross-document entity link-
ing, medical textbooks provide authoritative struc-
tured academic knowledge with standardized med-
ical terminology and established medical princi-
ples, StatPearls documents provide comprehensive
clinically-focused reference information bridging
academic knowledge with practical medical appli-
cation, and PubMed abstracts/fulltext articles cap-
ture the latest research findings and evidence-based
clinical data. This combination ensures compre-
hensive coverage across different knowledge do-
mains and complexity levels, inspired by MedRAG
(Xiong et al., 2024). For Simple Wikipedia and
medical textbooks, we chunk them into chunks
of 1000 tokens via LlamaIndex’s SentenceSplitter,
with 200 token overlaps. PubMedCentral full text
articles are chunked using semantic chunking sen-
tence by sentence with a breakpoint threshold of
0.95 to ensure we have relevant chunks. For Stat-
Pearls, we use MedRAG’s scripts to chunk them
hierarchically.

We retrieve from each corpus with a variety of
methods. From Simple Wikipedia, we use the
BM25 Retriever (Robertson and Zaragoza, 2009)
to retrieve relevant articles due to the size of the
corpora and the retrieval process’s speed. From
the medical textbooks and StatPearls, we use both
BM25 and dense vector retrieval to include seman-
tic meanings that might be missed from pure BM25
retrieval. Reciprocal Rank Fusion (Cormack et al.,
2009) is used to combine the results of the two
retrieval methods. We use LlamaIndex’s imple-
mentations of BM25 Retriever and Vector Index
Retriever to implement these retrieval processes.
GLKB retrieval of abstracts is conducted via dense
vector retrieval through the GLKB API (Huang
et al., 2024). For each of the retrieved abstracts, we
consider their pubid. If these articles are part of the
PubMedCentral corpus, we extract and chunk their
fulltext articles via the BioC API (Comeau et al.,
2013). We retrieve 3 documents from each of these
retrieval sources. Before we do further processing,
we first perform an additional chunking of all in-
puts to be within 1024 tokens via the LlamaIndex

2https://www.statpearls.com/

SentenceSplitter to ensure model context window
limits are not exceeded, as well as remove special
characters to ensure smooth handling of the texts.
All data was used in accordance with their license
agreements.

Extract ALL claims from this medical
text as independent statements. For
each claim:

1. Make it atomic - break apart any
grouped findings/measurements into
individual claims , even if they were
presented together in the text (e.g

., if text says 'measurements A, B
and C showed improvement ', create
three separate claims)

2. Make it standalone by including ALL
necessary context within each claim:

- Study type and time period
- Population characteristics and sample

size
- Study setting
- Relevant conditions
- Statistical Significance if noted

3. Structure each claim as a complete
sentence that:

- Avoids phrases like 'the study found '
or 'results showed '

- Includes full technical terms with
abbreviations

- Could be understood without any other
context

- Contains all qualifying information

Example transformations:
BAD claims (missing context , ambiguous

source , or incomplete):
CLAIM: Blood pressure and heart rate

improved.
CLAIM: The study found improvements in

vital signs.
CLAIM: 30% of patients showed positive

outcomes.
CLAIM: This randomized trial

demonstrated efficacy.
CLAIM: In this study , BMI decreased

significantly.
CLAIM: The present analysis showed

improved outcomes ..

GOOD claims:
CLAIM: The 2010 -2015 Mayo Clinic

randomized controlled trial of 100
hypertensive patients aged 45-65
demonstrated systolic blood pressure
decreases of 15mmHg (95% CI: 10-20

mmHg , p <0.001) after 6 weeks of
treatment.

CLAIM: The 2010 -2015 Mayo Clinic
randomized controlled trial of 100
hypertensive patients aged 45-65
showed resting heart rate decreases
of 8 bpm (95% CI: 5-11 bpm , p <0.001)
after 6 weeks of treatment.

CLAIM: The 2018 -2020 Cleveland Clinic
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prospective cohort study of 250
diabetic patients aged 30-50
demonstrated hemoglobin A1C level
decreases of 1.2% (95% CI: 0.8-1.6%,
p <0.01) in the intervention group

receiving intensive lifestyle
modification.

CLAIM: The 2015 -2017 Johns Hopkins
Hospital double -blind placebo -
controlled trial of 180 arthritis
patients aged 50-75 showed morning
stiffness duration decreases of 45
minutes (95% CI: 30-60 minutes , p
<0.005) in patients receiving the
experimental treatment.

CLAIM: The 2012 -2014 Stanford Medical
Center retrospective analysis of 300
obesity clinic patients aged 18-40

demonstrated body mass index
decreases of 2.5 kg/ m (95% CI:
1.8 -3.2 kg/ m , p <0.001) after 12
months of structured weight
management.

Format each claim starting with 'CLAIM:'
on a new line. Include every

finding mentioned in the text , no
matter how minor.

Text: {text}

Prompt 1: Claim Extraction Prompt

Given these existing claims , find any
ADDITIONAL claims from the text that
weren 't already captured.

Do NOT modify or restate the existing
claims - only add new ones.

If all claims have already been captured
, respond with 'NO_ADDITIONAL_CLAIMS
'.

Each new claim must be self -contained
and decontextualized with:

- All relevant entities and background
information

- Study conditions , populations , and
timeframes

- Statistical significance where
mentioned

- All context needed for independent
understanding

- Clear , single statements (not
paragraphs)

- Be a standalone , self -contained
statement that does not reference or
depend on any other claims , the

original text , or any external
context

Existing claims:
{claims}

Text: {text}

List only NEW claims , starting each with
'CLAIM:' (or respond with '

NO_ADDITIONAL_CLAIMS ')

Prompt 2: Claim Extraction Verification Prompt

A.2 Claim extraction prompts

For claim extraction (Section 3.1), we do the
process in two gleanings. The first one can be seen
with Prompt 1. The second one takes the extracted
claims from the first pass, and asks the model to
extract claims it missed from the documents as
shown in Prompt 2. This is to ensure that we don’t
miss any important information while keeping
efficiency at a reasonable level. We deduplicate
all of the extracted claims in each document to
prevent repeats from occurring.

Consider the following question and
answer options. Choose the correct
response and explain your decision.

Question: {question}
Answer Options: {answer_options}
Answer:

Prompt 3: HyDE Candidate Answer Prompt

HyDE queries: In HyDE query generation
(Section 3.1), as the answer options are multiple
choice for the benchmarks we are considering, we
prompt the model to generate an accompanying
explanation for the selected answer choice.
This ensures we are taking advantage of the
parametric knowledge inside of the model using
this explanation to find associated documents, and
are not stuck with only a simple multiple choice
selection in the HyDE query. The prompt for
creating the accompanying explanation can be
seen in Prompt 3.

Question: {question}
Main Claim: {claim}
Related Claims from Local Community:
{unique_contexts}

Please provide a comprehensive analysis
of how the main claim relates to the
question , considering the context

from related claims.

Prompt 4: Claim of Interest Prompt

Claim of Interest prompts: In the claims of
interest summarization prompts (Section 3.3),
we emphasize the central claim of interest when
contextualizing it with the surrounding contexts.
This is to ensure that the central claim is not
overwhelmed by the surrounding contexts. The
output of this procedure is a test summary that is
used to rerank the claims of interest. This can be
seen in Prompt 4.
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You are tasked with enriching and
contextualizing claims using related
information. Your goal is to create
a comprehensive summary that:

1. Preserves ALL important information
from the original claims

2. Integrates relevant context from
related claims

3. Makes implicit relationships explicit
4. Filters out redundant or irrelevant

information

The following summaries provide relevant
context. Each represents a claim

that leads to or supports the above
claims:

{context_summaries}

The claims to contextualize are:
{claims}

Produce a summary that:
- MUST preserve the complete meaning and

all key details of the original
claims

- Incorporate relevant context that
helps understand or validate the
claims

- Make implicit connections explicit (e.
g., if context suggests a cause -
effect relationship not directly
stated)

- Filter out redundant or tangential
information from the context

- Use clear , precise language
- Maintain factual accuracy without

speculation

Focus on enriching the claims while
ensuring NO important information is
lost. When in doubt , include

information rather than exclude it.

Summary:

Prompt 5: Layerwise Summarization Summary Prompt

Layerwise summarization prompts: In the lay-
erwise summarization prompts (Section 3.3), we
emphasize several key points. These include pre-
serving all important medical knowledge, integrat-
ing information together to capture multi-hop rela-
tions, capturing implicit relationships that are not
explicitly mentioned, and filtering out redundant or
irrelevant information. To ensure that information
important for multi document relations are retained
even when they are not apparent, we ask in the
prompt to preserve information if possible, as long
as it does not conflict with the removal of noise.
This can be seen in Prompt 5.

The following will be several examples
of claims , and their extraction into
subject - predicate - object

triples.

Extract only the single most important
relationship from each claim. For
research results , focus on the main
finding. For factual claims , focus
on the central relationship.

Claim: A correlation exists between
histologic chorioamnionitis and the
usage of antibiotics.

SUBJECT: histologic chorioamnionitis
PREDICATE: correlation
OBJECT: usage of antibiotics

Claim: Early cast -related complaints
predicted the development of complex
regional pain syndrome.

SUBJECT: early cast -related complaints
PREDICATE: predict
OBJECT: development of complex regional

pain syndrome

Given the following claim , identify the
single most important relationship.

List exactly one triple using "SUBJECT",
"PREDICATE", and "OBJECT" on

separate lines.
All fields must contain content from the

claim.
Claim:

Prompt 6: RDF Triple Extraction Prompt

A.3 Triple extraction fallbacks

For RDF triple extraction (Section 3.1), we begin
with Prompt 6. Occasionally, the model has the
tendency to leave an entity field or the relation
field empty when extracting RDF triples from
the propositional claims. In those cases, we have
several fallbacks which we sequentially attempt
when the previous one fails.

Triple extraction fallback: The first is to provide
the previous faulty output of the RDF triple
extraction to the model, mention that there
is a missing/malformed output, and prompting
the model to provide the correctly formatted output.

Entity extraction fallback: The second is to fall
back to extracting two key entities and the relation,
with one prompt extracting the two entities. The
first two listed entities are used if there are more
than two entities in the outputs. The relation
between entities is extracted with another prompt.

SpaCy extraction fallback: If this still fails due to
malformed outputs, we use SciSpaCy (Neumann
et al., 2019) to extract two entities from the claim,
and use the "associated" relation to describe their
relation.
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A.4 Deduplication of numerical entities
Due to the free-form entity extraction process (Sec-
tion 3.2), sometimes numerical items are used as
entity nodes. We have empirically found that the
embeddings of these numerical items can receive
high semantic similarities between each other, re-
sulting in nodes being placed in the same cluster
that are completely unrelated from our entity dedu-
plication. To combat this special case, we check the
contents of each entity node, and if over half of the
characters are numeric, we treat them as numeric
nodes and don’t allow them to be placed in other
clusters.

In addition, we don’t use character-based Leven-
shtein distance because medical entities that have
only minor character differences can have entirely
different meanings.

Contexts: {context_claims}
Question: {question}
Answer Options: {answer_choices}

Prompt 7: Model Generation Prompt

A.5 Summary generation
Throughout our layerwise summarization method
(Section 3.3), we need to ensure that combining
summaries does not exceed the model’s context
window. When the combined tokenization length
of the connected summaries exceeds a predefined
token limit (2k tokens for our testing), semantic
clustering based compression is used to cut down
on the size while preserving key information. After
first determining a rough number of clusters from
the total length of the input summaries, summaries
are placed into the same cluster using KMeans
with their individual embeddings. Each cluster is
summarized, and if the combined resulting clusters
are still too long, they are recursively summarized.
The final summaries of the resulting clusters are
returned to continue the layerwise summarization.

The layerwise summarization process is used
because it has three key benefits. First, it is ca-
pable of capturing all the information in the local
connected component, including both the direct
content and path-based information. This is im-
portant for understanding multi-document relations
between different medical concepts. Second, our
layerwise processing of claims will inherently filter
out irrelevant content. Finally, this method places
emphasis on claims closer in G to the claims of
interest, which naturally prioritizes more topically
relevant information in the final summaries. The

summaries produced by layerwise summarization
are concatenated together and fed to the LLM via
Prompt 7.

Component Time Taken (seconds)
Claim Extraction 121.75
Triple Extraction 116.82
Graph Construction 5.14
Graph Summarization 39.98
Final Generation 1.62

Table 7: Average time taken for each step in CLAIMS
over all of the questions in all evaluated QA bench-
marks.

Method Average Time (seconds)
MedRAG 8.45
KGP 46.39
RAPTOR 66.00
CLAIMS (Sequential) 285.29
CLAIMS (Parallelized) 80.55
SiReRAG 1139.42

Table 8: Average inference time per question for differ-
ent methods.

A.6 Computational efficiency
We recorded the overall efficiency of our approach,
for each of the claim extraction, triple extraction,
graph construction, layerwise summarization, and
final generation steps of CLAIMS. The average
times needed for each of the components over every
question in each of the benchmarks is shown in
Table 7. The most computationally expensive part
of CLAIMS is triple extraction, while the least
expensive is the final generation.
Comparison with baselines: We compared the
computational efficiency of CLAIMS against base-
line approaches. Table 8 shows the average in-
ference time per question across all benchmarks.
While CLAIMS requires more computation time
than simpler retrieval methods like MedRAG (8.45
seconds) and KGP (46.39 seconds), it is compa-
rable to RAPTOR (66.0 seconds) and provides
substantially better accuracy on multi-document
reasoning tasks. SiReRAG requires significantly
more computation time (1139.42 seconds). This
overhead stems from SiReRAG’s dependence on
strictly formatted outputs at multiple pipeline
stages. We used the same non-fine-tuned Mistral-
7B-Instruct-v0.1 model (Jiang et al., 2023) for all
methods to ensure fair comparison. Even when
using tools like lm-format-enforcer3 to constrain
JSON generation, smaller non-finetuned models

3https://github.com/noamgat/lm-format-enforcer
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frequently produce improperly formatted or trun-
cated outputs that necessitate re-runs. These
formatting failures compound across SiReRAG’s
pipeline, substantially increasing total inference
time. While fine-tuned models specifically trained
for structured output generation might improve
SiReRAG’s efficiency, this reliance on specialized
models reduces practical accessibility compared
to methods that work reliably with off-the-shelf
models.
CLAIMS parallelization: To improve CLAIMS’
computational efficiency in practice, one approach
is to parallelize the processing of individual docu-
ments during the relation extraction phase. While
we currently lack the infrastructure to implement
full parallelization, we approximated its potential
impact by identifying the longest processing time
for each step across all documents for each ques-
tion in the MMLU validation dataset. The results
show that when processing documents in parallel,
the bottleneck would be determined by the slow-
est documents: 9.17 seconds for the first pass of
claim extraction, 8.32 seconds for the second pass
of claim verification, and 16.32 seconds for triple
extraction. Compared to the sequential processing
times in Table 7 (121.75 seconds for claim extrac-
tion and 116.82 seconds for triple extraction), paral-
lelization could provide substantial speedup, reduc-
ing the total time to approximately 80.55 seconds.
This would make CLAIMS comparable to RAP-
TOR while maintaining superior performance on
multi-document reasoning tasks. This represents a
promising direction for improving CLAIMS’ prac-
tical deployment. Additionally, we have imple-
mented continuous batching using vLLM, which
on the MMLU validation dataset reduced sequen-
tial processing time from 245.31 to 118.69 seconds
(a greater than 2× speedup), and we are actively
exploring how these approaches can be combined.

A.7 Hyperparameter selection
We initially selected the deduplication threshold of
0.8 and 10 claims of interest based on small-scale
pilot experiments during method development. To
validate these choices, we conducted comprehen-
sive sensitivity analysis on the full MMLU vali-
dation set, testing deduplication thresholds of 0.5,
0.6, 0.7, 0.8, and 0.9 (with 10 claims of interest
held constant), as well as 5 and 15 claims of inter-
est (with 0.8 threshold) with their average scores
over 5 rounds of answer shuffling taken (Table 9).
On the validation set, only 0.7 threshold achieved

Config Accuracy
0.5 similarity threshold 0.67
0.6 similarity threshold 0.69
0.7 similarity threshold 0.71
0.8 similarity threshold 0.70
0.9 similarity threshold 0.68
5 claims of interest 0.67
15 claims of interest 0.70

Table 9: Performance of different hyperparameter con-
figurations on MMLU validation. Similarity thresholds
are thresholds for deduplication, and number of claims
are the number of claims we consider for claims of in-
terest before claim filtering. The similarity threshold
configurations all use 10 initial claims of interest, and
the number of claims configurations all use a threshold
of 0.8.

marginally better performance (0.71 vs 0.70 for
0.8). However, when evaluated across all bench-
marks, 0.8 performed better (Table 10), suggesting
0.7 may have overfit to the validation set charac-
teristics. All other configurations showed minimal
performance variation, confirming the method’s ro-
bustness to these hyperparameters. We attribute
this robustness to our filtering of connected claims
(Section 3.3), which naturally constrains the final
claim set regardless of initial selection parameters.

A.8 Retrieval Source Ablation

To better understand the impact of each retrieval
source on CLAIMS performance, we conducted
an ablation study testing different combinations of
our retrieval corpora. This analysis ensures that
each source contributes positively to overall perfor-
mance rather than introducing noise or redundancy.

We evaluated CLAIMS on the MMLU vali-
dation dataset using five progressive configura-
tions: (1) no retrieval sources (baseline), (2) Simple
Wikipedia only, (3) Wikipedia + medical textbooks,
(4) Wikipedia + medical textbooks + StatPearls,
and (5) all sources including PubMed abstracts and
fulltext articles. The ordering progresses from gen-
eral to domain-specific knowledge, with Wikipedia
providing general domain information, medical
textbooks offering foundational medical knowl-
edge, StatPearls contributing specific clinical in-
formation, and PubMed articles providing recent
research findings. Each configuration was run 5
times with answer option shuffling to control for
positional bias using the Mistral-7B-Instruct-v0.1
model.

The results demonstrate that all retrieval sources
contribute positively to performance (Table 11).
Both medical textbooks and PubMed abstracts/full-
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Similarity
Thresh-
old

MMLU-
A*

MMLU-
CM

MMLU-
CB

MMLU-
PM

MMLU-
MG

MMLU-
CK

MMLU-
V

PMQA MedQA Overall
SE

0.7 0.63 0.58 0.63 0.62 0.71 0.65 0.71 0.60 0.51 0.0033
0.8 0.62 0.60 0.64 0.64 0.74 0.66 0.70 0.61 0.52 0.0021
*MMLU prefixes denote: V-Validation, A-Anatomy, CB-College Biology, CM-College Medicine,
PM-Professional Medicine, MG-Medical Genetics, CK-Clinical Knowledge

Table 10: Comparison of accuracy scores between 0.7 and 0.8 deduplication similarity threshold over 5 runs. The
0.8 threshold achieved comparable or higher scores on all datasets. The MMLU prefixes denote different subject
areas, as noted under the table.

Configuration Average Acc Overall SE
Baseline 0.54 0.0129
W 0.57 0.0095
W + T 0.63 0.0093
W + T + S 0.64 0.0075
W + T + S + P 0.70 0.0107

Table 11: Retrieval Source Ablation with different re-
trieval corpora combinations on the MMLU validation
dataset. Overall SE represents the standard error of over-
all performance over 5 runs. W=Wikipedia, T=Medical
Textbooks, S=StatPearls, P=PubMed Abstracts/Fulltext
Articles.

text articles provided substantial 6% improvements,
though at different stages of the ablation. Medi-
cal textbooks increased performance from 57% to
63% when added after Wikipedia, while PubMed
abstracts and fulltext articles later increased perfor-
mance from 64% to 70% as the final addition. The
addition of Simple Wikipedia alone improved ac-
curacy by 3% over the no-retrieval baseline (from
54% to 57%), while StatPearls provided a 1% im-
provement (from 63% to 64%). This progressive
improvement pattern validates our multi-source re-
trieval strategy and confirms that the breadth of
knowledge sources enhances CLAIMS’ ability to
answer complex biomedical questions.

B Human Evaluations

Metric Rater 1 Rater 2 Agreement
Mean Mean (≤ 0.10)

Graph
Comp

0.95 0.92 74%

Claim Acc 0.91 0.95 72%

Table 12: Inter-rater reliability and performance metrics
for human evaluation of CLAIMS outputs on MMLU
validation set graphs.
Note: Agreement reported as percent of graphs where
raters differed by ≤ 0.10.

To evaluate CLAIMS’ performance, we conducted
a two-phase human evaluation. First, we performed
a systematic quantitative assessment of 123 graphs
from the MMLU validation dataset, measuring

Graph Comprehensiveness and Claim Accuracy
across all samples. This large-scale evaluation
established the overall reliability and quality of
the system’s outputs. Second, we conducted de-
tailed qualitative case studies on selected indices
to examine the system’s reasoning process, error
modes, and specific strengths in handling complex
biomedical queries (Appendix D). Together, these
complementary approaches provide both breadth
of evaluation coverage and depth of understanding
of CLAIMS’ capabilities.

Human evaluations were conducted by a CS
PhD student and a Bioinformatics postdoctoral re-
searcher who independently assessed 123 graphs
from the MMLU validation dataset across two met-
rics.

Graph Comprehensiveness evaluated whether en-
tity extraction captured the core concepts needed
for the final summaries. Raters first examined out-
put summaries to identify central concept entities,
then determined how many of these concepts were
represented in the entities composing the subgraph
around claims of interest.

Claim Accuracy assessed the faithfulness of ex-
tracted claims. Raters examined each claim in the
subgraph and its source document, determining
whether the claim’s information could plausibly
have been derived from the source.

Inter-rater reliability between human raters was
74% agreement (within 0.10) for Graph Compre-
hensiveness and 72% for Claim Accuracy (Ta-
ble 12). Both metrics showed high mean scores
(Comprehensiveness: R1 M=0.95, R2 M=0.92;
Accuracy: R1 M=0.91, R2 M=0.95), indicating
that CLAIMS successfully extracted comprehen-
sive entities and accurate claims from biomedical
documents. The high scores across both metrics
demonstrate the system’s ability to perform reliable
knowledge graph construction for biomedical QA
tasks.
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C Failure Mode Analysis

To understand what distinguishes successful from
failed reasoning, we analyzed both structural
(graph-theoretic) and content-based features across
correct and incorrect outputs. Graph topology
metrics of the subgraphs around claims of inter-
est, including node count, edge count, density, de-
gree distribution, clustering coefficient, diameter,
and radius, exhibited minimal predictive power,
with only the number of disconnected components
showing weak significance (p=0.050, Cohen’s d=-
0.34). In contrast, a content-based semantic scoring
metric (reranker relevance scores of concatenated
summaries) demonstrated statistically significant
differentiation between correct and incorrect an-
swers (Mann-Whitney U test: p=0.0097, Cohen’s
d=0.46), with correct outputs scoring substantially
higher (mean: 8.46 vs 7.48). This small-to-medium
effect size contrasts sharply with topological fea-
tures, showing stronger significance and 35% larger
effect size than the sole marginally significant struc-
tural metric. These results indicate that reasoning
correctness is primarily determined by semantic
content quality rather than graph structure, support-
ing the two failure modes found in our case studies
(Appendix D): (1) sparse or disconnected graphs
that fail to retrieve key entities, preventing relevant
content from entering the graph, and (2) seman-
tic gaps where retrieved information lacks critical
details needed for accurate reasoning, despite ade-
quate graph connectivity.

D Case Studies

To provide deeper insights into CLAIMS’ behavior,
we performed several case studies of representa-
tive correct and incorrect answers. We analyzed
the constructed graph and the CLAIMS generated
contexts to better understand their contribution to
the model output. All examples are taken from
questions in the MMLU validation dataset without
answer shuffling.

D.1 Correct example 1

Question: In all-out exercise such as sprinting the
first fibre types to fatigue are the:
Answer Choices:
(A) Type I fibres.
(B) Type Ia fibres.
(C) Type IIa fibres.
(D) Type IIX fibres.
CLAIMS Answer: (D) Type IIx fibres.

Figure 4: Graph structure of Correct example 1, focused
on the subgraphs around the claims of interest. Nodes
are entities, edges are claims extracted from retrieved
documents that are related to the two entities.

Challenge: Distinguishing between multiple fiber
types (I, Ia, IIa, IIx).

Due to the lengths of the summaries, we present
relevant snippets.
Key information in CLAIMS generated con-
texts:

• Type IIx fibers rapid fatigue: "...Type IIx fibers
are recruited for high-intensity, short-duration
exercises such as full-effort sprints. These fibers
rapidly fatigue due to their low oxidative capacity
and high myosin ATPase activity, which makes
them more prone to fatigue..."

• Type I fibers are slow-twitch, fatigue-resistant:
"...Type I fibers are slow-twitch, fatigue-resistant
motor units that generate less tension than other
fibers. These fibers are found in high-endurance
athletes such as marathon runners, where they
are responsible for generating endurance and are
characterized by their ability to contract slowly
and continuously over long periods of time. The
high percentage of Type I fibers in the muscles
of these athletes is what allows them to sustain
their performance for extended periods..."

• Type IIb fibers fatigue rapidly: "... type IIb fibers
have a low level of oxidative enzymes but exhibit
high anaerobic enzyme activity and store a con-
siderable amount of glycogen. As a result, they
fatigue rapidly as a result of production of lactic
acid..."

CLAIMS Success: Successfully identified Type
IIx as specifically associated with sprinting
context, avoiding confusion with Type IIb (also
rapidly fatiguing) and correctly rejecting Type
I (fatigue-resistant). Although Type IIa was
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not mentioned, it allows the LLM to make an
informed decision on the remaining information.
A visualization of the graph is available in Figure 4.

D.2 Correct example 2

Figure 5: Graph structure of Correct example 2, focused
on the subgraphs around the claims of interest. Nodes
are entities, edges are claims extracted from retrieved
documents that are related to the two entities.

Question: During exercise, adrenaline secretion
from the adrenal glands is stimulated by:
Answer Choices:
(A) increased plasma glucose.
(B) increased plasma fatty acids.
(C) increased plasma ACTH.
(D) increased sympathetic nerve activity.
CLAIMS Answer: (D) increased sympathetic
nerve activity.

Challenge: Identifying the direct mechanism that
stimulates adrenaline secretion during exercise.

Due to the lengths of the summaries, we present
relevant snippets.
Key information in CLAIMS generated con-
texts:

• Direct regulation mechanism: "...The secretion of
epinephrine and norepinephrine from the adrenal
medulla is regulated primarily by descending
sympathetic signals in response to various forms
of stress, including exercise, hypoglycemia, and
hemorrhagic hypovolemia...."

• Chemical pathway: "...The chemical signal for
secretion of catecholamine from the adrenal
medulla is acetylcholine (ACh), which is se-
creted from preganglionic sympathetic neurons
and binds to nicotinic receptors on chromaffin
cells..."

• Exercise-specific connection: "...Sweating re-
sponds to emotional state, leading to an increase

in sympathetic nerve activity and epinephrine
secretion from the adrenal gland..."

CLAIMS Success: Successfully identified the
mechanistic pathway where sympathetic nerve
activity directly stimulates adrenaline secretion
during exercise. The contexts provided both
the general mechanism (sympathetic signals
regulate adrenaline) and the specific chemical
pathway (ACh from sympathetic neurons),
allowing the LLM to correctly choose sym-
pathetic nerve activity over the other choices.
A visualization of the graph is available in Figure 5.

D.3 Incorrect example 1

Figure 6: Graph structure of Incorrect example 1, fo-
cused on the subgraphs around the claims of interest.
Nodes are entities, edges are claims extracted from re-
trieved documents that are related to the two entities.

Question: Which of the following physiological
characteristics is not important for success in
endurance events such as the marathon race?
Answer Choices:
(A) The ability to regulate body temperature.
(B) The ability to supply oxygen to the exercising
muscles.
(C) The availability of body stores of carbohydrate.
(D) Muscle ATP and phosphocreatine content.
CLAIMS Answer: (A) The ability to regulate
body temperature.
Correct Answer: (D) Muscle ATP and phospho-
creatine content.

Challenge: Identifying which factor is NOT
important for marathon success.

Due to the lengths of the summaries, we present
relevant snippets.
Key information in CLAIMS generated con-
texts:
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• Temperature regulation importance: "...Ther-
moregulatory efficiency was also found to play
an important role in determining success in
marathon running..."

• Oxygen supply importance: "...The oxygen cost
of running (VO2 15) and fractional utilization
of VO2 max at marathon race pace (%VO2 Ma
X VO2 max-1) are additional factors that affect
marathon performance..."

• Fuel/Carbohydrate importance: "...The choice of
fuels for the exercising muscles is related to the
%VO2 Ma X VO2 max-1, which is a major limit-
ing factor to marathon performance. Therefore,
optimizing fuel intake can significantly improve
marathon performance..."

• No information about muscle ATP or phospho-
creatine content.

CLAIMS Failure: The sparse graph construction
prevented retrieval of information about muscle
ATP and phosphocreatine content, leaving this
option unaddressed in the final contexts. While
the contexts did clearly establish that temperature
regulation, oxygen supply, and carbohydrate stores
are important for marathon success, the absence
of information about ATP/phosphocreatine made
it difficult for the model to properly evaluate
option (D). A denser constructed graph with better
entity connections during graph construction and
deduplication might have better captured relevant
information about ATP or phosphocreatine’s
limited role in endurance metabolism.

Potential improvements: Enhanced entity
linking algorithms and more flexible similarity
thresholds during deduplication could improve
graph connectivity. Additionally, incorporating
domain-specific entity recognition might capture
more relevant connections between concepts. A
visualization of the sparse graph is available in
Figure 6.

D.4 Incorrect example 2

Question: Mr Wood has just returned from surgery
and has severe internal bleeding. Which of the
following observations would you NOT expect to
find on undertaking post-operative observations?
Answer Choices:
(A) Hypotension.
(B) Bradycardia.
(C) Confusion.

Figure 7: Graph structure of Incorrect example 2, fo-
cused on the subgraphs around the claims of interest.
Nodes are entities, edges are claims extracted from re-
trieved documents that are related to the two entities.

(D) Tachypnoea.
CLAIMS Answer: (C) Confusion.
Correct Answer: (B) Bradycardia.

Challenge: Identifying which observation would
NOT occur during severe internal bleeding.

Due to the lengths of the summaries, we present
relevant snippets.
Key information in CLAIMS generated con-
texts:

• Hypotension mentioned: "...persistent hypoten-
sion despite restoration of intravascular volume
necessitating vasopressor support..."

• General hemodynamic deterioration: "...Hemo-
dynamic deterioration generally denotes ongoing
bleeding for which some form of intervention
(i.e., operation or interven-tional radiology) is
required..."

• Cognitive effects suggested: "...inability to re-
tain a span of digits... suggests that they may
have cognitive impairments or other neurological
issues that are contributing to their condition..."

• No specific information about heart rate re-
sponses (bradycardia) or breathing patterns
(tachypnoea) in bleeding patients.

CLAIMS Failure: The contexts lacked specific
information about cardiovascular responses
to severe bleeding, particularly information
about bradycardia, indicating a retrieval failure.
While hypotension was mentioned and cognitive
effects were suggested, the absence of detailed
information about heart rate/respiratory responses
prevented CLAIMS from identifying that bradycar-
dia would not be expected.
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Potential improvements: Expanding retrieval
corpora to include more comprehensive medical
texts could provide better coverage of expected
physiological responses. Alternative query
formulation strategies that specifically target
clinical signs and symptoms might retrieve more
relevant detailed information. A visualization of
the graph is available in Figure 7.

You are an evaluation machine. Look at
the following answer without
considering the given explanation: [
BEGIN PROVIDED ANSWER] {
provided_answer} [END PROVIDED
ANSWER] Looking at the answer , was
the FINAL answer it gave {
answer_choices }? Only give the final
answer the answer explicitly

returned in the provided answer text
, do not do any additional reasoning
. That is, at the very end of the
answer text it should have
explicitly mentioned that its final
answer was one of the options {
answer_choices }. Return that answer ,
and ignore all of the caveats the

answer mentioned. Do not reason
about the answer , simply return what
the model explicitly put as its

final answer. The answer should be
in a json object , with only the
letter corresponding to the answer
under the key "answer", so if the
answer as (A) the output should be
{" answer" : "a"}

Prompt 8: Evaluation Output Extraction prompt

E Model Settings

We use the Mistral-7B-Instruct-v0.1 model
(Apache 2.0) for both construction and summa-
rization of the graph for all evaluations (Jiang et al.,
2023), and run it without sampling. For experi-
ments that involved LLM-as-a-judge capabilities,
we used Mixtral-8x7B-Instruct-v0.1 (apache 2.0)
(Jiang et al., 2024a). For the domain-specific model
augmentation experiments, we used BioMistral-
7B (apache 2.0) (Labrak et al., 2024), Meditron3-
8B (Llama 3.1 License) 4, Llama3-Med42-8B
(Llama 3 License) (Christophe et al., 2024), and
MMed-Llama-3-8B (Llama 3 License) (Qiu et al.,
2024). For the RAG methods experiments, we
compared RAPTOR5, SiReRAG6, MedRAG7, and

4https://huggingface.co/OpenMeditron/Meditron3-8B
5https://llamahub.ai/l/llama-packs/llama-index-packs-

raptor
6https://github.com/SalesforceAIResearch/SiReRAG
7https://github.com/Teddy-XiongGZ/MedRAG

KGP8 with our approach. For Entity Masking,
we use Llama-3.3-70B-Instruct (Llama 3.3 Com-
munity License Agreement) (Dubey et al., 2024).
We applied each model’s provided chat templates
where available; otherwise we used jinja templates
from MedRAG (Xiong et al., 2024). For Rerank-
ing, we used bge-reranker-v2-gemma (apache
2.0), and for embedding we used bge-large-en-
v1.5 (MIT License) (Li et al., 2023). We use
the en_core_sci_scibert spacy model (apache 2.0)
(Neumann et al., 2019) due to its better perfor-
mance on scientific tasks compared to general do-
main spacy models, and the neural entity recogni-
tion pipeline to extract entities. For answer extrac-
tion, we used lm-format-enforcer (MIT License)
and Prompt 8. We run experiments on NVIDIA
L40S and A40 GPUs, and H100s when possible.
All of the experiments and benchmarks took ap-
proximately 1750 GPU hours to run once. All
models were used only for academic research and
did not violate their license agreements.

F Generative AI Use

In this work, we used Claude9 to assist in generat-
ing code for some of the more tedious implemen-
tation components. This assistance was limited to
routine programming tasks such as data process-
ing functions, formatting conversions, etc. The
core algorithmic approaches, system architecture
design, and experimental methodology were con-
ceived and developed by the authors. For writing
this paper, generative AI use was limited to minor
grammatical adjustments.

G Evaluation Datasets

For the datasets that we used, Table 14 lists the
number of examples in each of them. We used
MMLU Clinical Topics (MIT License) (Hendrycks
et al., 2021), PubMedQA (MIT License) (Jin et al.,
2019) and MedQA (MIT License) (Jin et al., 2021).
The datasets were used in accordance with their
license agreements.

H Ablation Test

We compared the QA accuracy of CLAIMS with
four alternative methods, testing the importance of
each individual component of our method to the
final performance. We ran each method one time
with greedy decoding.

8https://github.com/YuWVandy/KG-LLM-MDQA
9www.claude.ai
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Approach MMLU-
V*

MMLU-
A

MMLU-
CB

MMLU-
CM

MMLU-
PM

MMLU-
MG

MMLU-
CK

PMQA MedQA

Baseline 0.55 0.46 0.57 0.46 0.51 0.60 0.54 0.50 0.44
Rewrite 0.47 0.44 0.45 0.38 0.48 0.62 0.43 0.59 0.46
HyDE 0.55 0.47 0.47 0.45 0.57 0.65 0.46 0.60 0.50
Claim 0.55 0.50 0.47 0.42 0.54 0.69 0.45 0.58 0.48
CLAIMS 0.69 0.59 0.67 0.58 0.61 0.78 0.68 0.59 0.52
*MMLU prefixes denote: V-Validation, A-Anatomy, CB-College Biology, CM-College Medicine,
PM-Professional Medicine, MG-Medical Genetics, CK-Clinical Knowledge

Table 13: Comparison of accuracy scores across various biomedical QA approaches, with Claim referring to the
ablation configuration of only using the propositional claims without the final layerwise summarization. Our
CLAIMS approach achieved comparable or higher scores on all datasets. The MMLU prefixes denote different
subject areas, as noted under the table.

Dataset Dataset Size
PubMedQA 500
MedQA 1273
MMLU Anatomy 135
MMLU College Biology 144
MMLU Professional Medicine 272
MMLU Clinical Knowledge 265
MMLU College Medicine 173
MMLU Medical Genetics 100
MMLU Validation 123

Table 14: Sizes of the evaluation datasets we used in
this work.

• Baseline: Only includes the input question and
answer options, relying on the model’s paramet-
ric knowledge to answer the questions.

• Rewrite: Question rewriting is used to retrieve
unstructured documents, added with reranking
to the model’s context window until the context
limit is reached.

• HyDE (Gao et al., 2023a): The question, an-
swer options, and candidate answer are used to
retrieve unstructured documents. The retrieved
documents are reranked and added to the model’s
context window up to the context limit.

• Claim: We use the HyDE query generation
method, and chunk the documents into proposi-
tional claims. The claims are reranked and added
to the model’s context window up to the context
limit.

Our final CLAIMS method achieved a compara-
ble or higher score on all datasets. The largest
average improvement of our method is over the
Rewrite method at 14.63%. It had an average im-
provement of 11.13% over Claim over the non-
validation datasets, which suggests that our graph
construction and summarization had a significant
improvement over just using propositional claims
as a chunking modality (Table 13).

You are a biomedical NLP expert.
Identify and extract key biomedical

entities from the text. Categorize
them into: Gene , Chemical , Disease ,
Phenotype , Policy ,
MedicalInterventions ,
ExperimentalTechnique , Examination ,
ComputationalMethod , Location ,
Population , Organism , or OtherEntity
. Return the results in JSON format
like: {" entities ": [{" text": "entity
text", "type": "entity type", "

index ": 1}]}. Return only the json
object.

Text:

Prompt 9: Entity Extraction Prompt

You are a biomedical NLP expert. Your
task is to:

1. Analyze the provided text and list of
entities

2. For each entity , extract all its
mentions in the text , skipping over
mentions that are inside of other
words

3. Return a JSON object with the
following structure , ensuring that
all fields are present:

{
"entity_mentions ": [

{
"entity_type ": "type",
"index ": 1,
"original_form ": "main form

",
"mentions ": [" mention1", "

mention2", "mention3", "
mention4", "mention5"],

}
]

}
Ensure consistent indexing for the same

entity across all its forms. Each
mention in "mentions" should be
unique words , "mention1", "mention2"
should not be the same.

You must output a single valid json
object.

text: {text}
entities: {entities}
Return only the json object.

Prompt 10: Entity Mention Prompt
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I Entity Masking

For the Entity Masking experiments, we masked
the entities in the retrieved documents, questions,
and answer options before providing them to the
model. Llama-3.3-70B-Instruct (Dubey et al.,
2024) classified key biomedical entities into one
of 13 categories: Gene, Chemical, Disease, Phe-
notype, Policy, MedicalInterventions, Experimen-
talTechnique, Examination, ComputationalMethod,
Location, Population, Organism, or OtherEntity.
The prompt to do so is in Prompt 9.

Then, the same model is used to identify all
mentions of each entity. These mentions are all
replaced with a generic label in format <Category
+ entity number>, such as <Gene1> or <Disease2>
using Prompt 10. The generic label masks used
were aligned in all documents, answer options, and
the question for each index, ensuring that the ’entity
number’ used for each entity’s mask is consistent
across all of these mentions.

J Source Attribution

While CLAIMS effectively synthesizes informa-
tion across multiple documents through layerwise
summarization, this approach creates a trade-off be-
tween comprehensive information integration and
precise source attribution. The multi-level aggrega-
tion process makes it challenging to trace specific
claims in the final summary back to exact source
sentences.

To support source verification and transparency,
we implement a document reranking approach. Af-
ter generating the final summary, we retrieve all
documents that appear on relevant connected paths
in the knowledge graph. These documents are then
reranked based on their relevance to the generated
summary content. This provides users with a pri-
oritized list of source documents most likely to
contain supporting evidence for the claims in the
summary.

While this approach does not provide sentence-
level attribution, it enables practical verification by
directing users to the most relevant source materi-
als. This trade-off is inherent to hierarchical sum-
marization methods and represents a design choice
that prioritizes comprehensive cross-document rea-
soning over granular source traceability.

K Component Level Analyses

We perform component level analyses to evalu-
ate the effectiveness of each component in our ap-

proach. In relevant metrics that use the LLM-as-
a-Judge methods, we use the token probabilities
of ’Yes’ vs. ’No’ to determine the model’s selec-
tion. The following sections discuss the analysis
performed in Section 4.6 in more detail.

K.1 Relation extraction
The goal of the relation extraction phase is to
turn the retrieved documents into decontextualized
claims with associated RDF triples. The desired
properties of these claims and triples are that each
claim is self-contained and the meaning of the
source documents are retained. In the case that
the content in the documents are not exhaustively
maintained, at least the key points must be. Thus,
for relation extraction, we evaluated the method’s
ability on three key criteria, namely decontextu-
alization of entity references, preservation of se-
mantic meaning of the original documents, and key
claim extraction from the original documents.

The Reference tracker evaluation tests the de-
contextualization. To do so, it uses SpaCy to extract
both explicit entity mentions and all entity refer-
ences in each claim. A claim’s score is the number
of explicit entity mentions over the total number of
entity references. The score is aggregated over all
claims that are extracted. A well-decontextualized
set of claims would have a lower number of unre-
solved references and thus a higher score.

The Semantic similarity evaluation test assesses
the method’s ability to preserve the original docu-
ment’s meaning. The evaluation involves compar-
ing the semantic similarity between the embedding
of the input document and the concatenated form
of all of the extracted claims. The score is averaged
over all of the retrieved and chunked documents.
The score of a set of extracted claims that preserve
most of the original meaning would be high.

The Key relation retention evaluation test as-
sesses the ability of the extraction to extract key
claims. A larger judge LLM extracts important
claims from the source documents, and is subse-
quently asked whether the claims retrieved from
the document by the method under evaluation in-
clude the information from each of the key claims.
The score is calculated by determining the fraction
of key claims that are retained, averaging the scores
over all of the source documents. The methods un-
der evaluation must extract all relevant key claims
to prevent unpredictable downstream behavior.

To assess our method, we compare it with several
alternatives.
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• Single stage (Our Method): Extracts the claims
from the documents and decontextualizes them
in a single prompt.

• Two stage: Performs the extraction and decontex-
tualization separately, could potentially improve
the performance of the decontextualization but
has a drop in efficiency.

• Direct triples: Extracts RDF triples instead of
claims, improves the efficiency of the overall
pipeline due to skipping the claim extraction step.

• Pairs relations: Extracts the entities first before
extracting the relations between entities, a more
traditional KG creation method.

Summarize the following claims , focusing
on how the additional claims

provide context for the first claim:

MAIN CLAIM:
{claim}

CONTEXT CLAIMS:
{claims}

Prompt 11: Graph construction component level
analysis subgraph and semantic summaries

K.2 Graph construction

The goal of the graph construction phase is to have
the RDF triples that come out of the relation extrac-
tion phase connect related claims. The communi-
ties in the graph should make sense upon consider-
ation of their relevance to the input question. Thus,
for graph construction, we tested the method’s abil-
ity to have high quality graph communities cen-
tered around key claims.

To evaluate the communities, we want commu-
nities that are effective at answering the input ques-
tion and are centered at the claims of interest. We
consider the summaries obtained from extracting a
subgraph around the claims of interest that are the
top 10 most relevant to the input question based on
our reranker, filtered to those that are not within
1-hop of a higher ranked claim. This filtering is
the same as that in our graph summarization proce-
dure (Section 3.3). We compare our graph structure
using subgraph retrieval with the alternative of re-
trieving semantically similar claims to the claims of
interest. For the subgraph retrieval, we consider all
1-hop connections around the entities in the claims
of interest. For semantic similarity, we retrieve
all claims that have a similarity above the cosine
similarity threshold of 0.8 with the claims of in-
terest. The score for an index with either method

is calculated by obtaining the relevance score of
the concatenation of all produced summaries of
that index via Prompt 11. As the actual relevance
scores produced by rerankers are only useful to
compare the two methods, we record which of the
two methods had a higher score for each index.

We have extracted a claim from a summary
. Was this claim derived from the
below document?

SUMMARY: {summary}
CLAIM: {claim}
DOCUMENT: {doc}

Answer (Yes/No):

Prompt 12: Graph summarization component level
analysis source diversity prompt

We have extracted a claim from a summary
. Is this claim supported by this
document?

SUMMARY: {summary}
CLAIM: {claim}
DOCUMENT: {source_doc}

Answer (Yes/No):

Prompt 13: Graph summarization component level
analysis faithfulness prompt

We have extracted a claim from a summary
. Is this claim relevant to
answering the question in the
context of the summary?

SUMMARY: {summary}
CLAIM: {claim}
QUESTION: {question}

Answer (Yes/No):

Prompt 14: Graph summarization component level
analysis relevancy prompt

K.3 Graph summarization

The goal of graph summarization is to ensure that
the summaries produced by the summarization
method are useful for the input question. The re-
quirements for these summaries are that the con-
tents should be relevant, have little hallucinations,
and have information from various sources. Thus,
for graph summarization, we further test three dif-
ferent metrics: faithfulness, answer relevance, and
source diversity.
We evaluate 3 different approaches,

• Our CLAIMS method,
• Subgraph retrieval, and
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• Semantic similarity based extraction.

All metrics are tested on a subset of the top 10
ranked claims according to the input question, the
claims of interest from Section 3.3. We first uti-
lize our community ranking approach from our
CLAIMS method to filter the top 10 claims, re-
taining the claims that are outside of other claims’
1-hop neighbors. For subgraph retrieval, we cre-
ate summaries from the 1-hop neighbors of these
claims of interest, while for the semantic similarity
method we use all claims that have cosine simi-
larity scores over 80% with the claims of interest.
Each of the metrics obtain a score for each index,
and the final score is the average score over all of
the indices.

Answer relevance determines what fraction of
the claims made in the output summary are relevant
to answering the question. Using the output sum-
mary as context, we consider each of the claims
we extract from the output summary one by one,
and ask a Judge LLM whether it is relevant with
Prompt 14. The percentage of relevant claims over
all summaries in that index is used as the metric’s
performance. A higher score means that a higher
proportion of claims in the summaries are relevant
to the input question.

The Source diversity test tests the ability of
each method to integrate information from a diverse
number of source documents. For each claim ex-
tracted from the output summary, we ask the Judge
LLM whether it could have come from any of the
input source documents with Prompt 12. The score
is the number of unique source documents over the
total number of documents. The final score for each
index is averaged over all of the indices for each
individual summarization method. A higher score
means that a larger number of multi-document re-
lationships are present in the summaries.

The Faithfulness test ensures that each claim in
the output summary is truthful based on whether
it occurred in the input documents. For each ex-
tracted claim from the summaries, we consider
each of its source documents from the source diver-
sity test. For each possible source document, we
ask the model whether the contexts fully support
the accuracy of that claim with Prompt 13. The
percentage of supported claims over all summaries
in that index is used as the metric’s performance.
A higher score means less hallucination in the sum-
maries.

K.4 Relation extraction component results

Our relation extraction evaluation compared four
methods across three metrics: reference tracking
(Ref Score), semantic preservation (Sem. Similar-
ity), and key claim retention (Claim Ret.) (Table 4).
The reference tracking scores show a clear pattern
between the claim and entity-based approaches.
The pairs relations method achieved the highest
reference tracking score (0.99) followed by di-
rect triples (0.97), while the two claim-based ap-
proaches scored slightly lower (0.94, 0.95). This
difference is due to the inherent nature of direct
entity extraction, which focuses on extracting ex-
plicit entities and thus naturally avoids leaving unre-
solved references. However, the claim-based meth-
ods still achieved strong scores above 0.94, indi-
cating the effectiveness of the decontextualization
while maintaining sentence structure.

In contrast, the semantic preservation perfor-
mance of the two claim extraction methods are
superior. Our single stage (0.90) and the two
stage (0.90) methods significantly outperformed
the entity-based extraction methods, (0.87, 0.82).
This advantage suggests that retaining the sentence
structure of the claims results in lower informa-
tion loss of semantic meaning. All of our meth-
ods achieved a perfect key claim retention score,
indicating that critical information was preserved
regardless of which extraction approach was used.

These results support our usage of the single
stage approach, as while it shows slightly lower
reference tracking performance compared to the
entity-based methods, it achieves essentially identi-
cal performance to the two stage approach while be-
ing more computationally efficient without the addi-
tional decontextualization step. The higher seman-
tic similarity score suggests that the minor trade-
offs in the decontextualization performance are
compensated by better preservation of the claims’
original meanings. The perfect claim retention in-
dicates that there is no loss of critical information.
The balance of performance metrics and higher ef-
ficiency gives it an edge for extracting information
from the retrieved documents.

K.5 Graph construction component results

The summaries produced by the graph communi-
ties had a higher relevance score compared to the
summaries produced by the semantic communities
59.35% of the time (Table 5). This demonstrates
that the summaries produced from our graph struc-
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ture more effectively group relevant information
for answering the input question. While semantic
communities are limited to capturing relationships
based on pure textual similarity, our graph con-
struction identifies topical connections that may not
be apparent from semantic similarity alone. This
property allows for relevant topically related yet
semantically dissimilar information to be added
to the final summaries. Such connections might
be missed by pure semantic grouping, contribut-
ing to our method producing more comprehensive
relevant summaries for question answering.

K.6 Graph summarization component results
Our CLAIMS method achieved comparable faith-
fulness (0.96) and relevancy scores (0.84) com-
pared to the alternative approaches while having
superior source diversity (0.96) (Table 6). The
higher source diversity score demonstrates our
CLAIMS method’s effectiveness at integrating
multi-document relationships, surpassing the se-
mantic (0.92) and subgraph (0.94) approaches.
This implies that our layerwise processing has
the advantage of incorporating information from a
more diverse group of sources.

The slightly lower relevancy score of our
CLAIMS method (0.84) compared to semantic clus-
tering (0.86) stems from the nature of our graph
structure, where information that is not directly rel-
evant to the question but is useful for connecting
relevant statements is included in the summaries.
This design decision enables more comprehensive
answers but lowers the total number of claims that
are directly relevant to the input question in the
summaries. The more significant drop in relevancy
score for the subgraph method (0.79) demonstrates
how our CLAIMS approach filters out irrelevant
claims that subgraph extraction retains.

The consistently high faithfulness values (>0.94)
for all three alternative methods confirms that none
of them suffer from significant hallucinations, with
our method achieving strong faithfulness (0.96)
with superior source diversity. CLAIMS had a
slightly lower faithfulness score (0.96) compared
to semantic communities (0.97), likely due to the
multiple LLM calls in its pipeline increasing the
potential for hallucination. However, the relatively
small difference suggest this is an acceptable trade-
off for improved reasoning capabilities. This vali-
dates our CLAIMS approach’s ability to maintain
quality content while integrating information from
more sources, therefore having a higher chance of

combining relevant information that other methods
would not have considered.
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