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Abstract

Standard RAG pipelines based on chunking
excel at simple factual retrieval but fail on
complex multi-hop queries due to a lack of
structural connectivity. Conversely, initial
strategies that interleave retrieval with reason-
ing often lack global corpus awareness, while
Knowledge Graph (KG)-based RAG performs
strongly on complex multi-hop tasks but suf-
fers on fact-oriented single-hop queries. To
bridge this gap, we propose a novel RAG
framework: ToPG (Traversal over Proposition
Graphs). ToPG models its knowledge base as
a heterogeneous graph of propositions, enti-
ties, and passages, effectively combining the
granular fact density of propositions with graph
connectivity. We leverage this structure using it-
erative Suggestion-Selection cycles, where the
Suggestion phase enables a query-aware traver-
sal of the graph, and the Selection phase pro-
vides LLM feedback to prune irrelevant propo-
sitions and seed the next iteration. Evaluated
on three distinct QA tasks (Simple, Complex,
and Abstract QA), ToPG demonstrates strong
performance across both accuracy- and quality-
based metrics. Overall, ToPG shows that query-
aware graph traversal combined with factual
granularity is a critical component for efficient
structured RAG systems. ToPG is available at
anonymous-1link!.

1 Introduction

Retrieval-Augmented Generation (RAG) has be-
come the dominant paradigm for grounding Large
Language Models (LLMs). RAG directly addresses
the limitations of static parametric memory, mit-
igating hallucinations (Huang et al., 2025) and
improving recall, particularly for long-tail knowl-
edge (Kandpal et al., 2023). The standard RAG
pipeline relies on Dense Passage Retrieval (DPR)
over chunked documents (Karpukhin et al., 2020).

'The code will be made publicly available following the
anonymity period.
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Figure 1: The ToPG framework. The system operates
on a heterogeneous graph where propositions connect
entities and passages. ToPG navigates this graph using
iterative Suggestion-Selection cycles, allowing for three
operational modes: Naive (factoid retrieval), Local
(multi-hop inference), and Global (community-based
search).

While large embedding models (e.g., NV-Embed-
v2 (Lee et al., 2025)) have achieved state-of-the-
art performance on the MTEB benchmark (Muen-
nighoff et al., 2023), retrieval granularity repre-
sents a critical, often overlooked line for improve-
ments. Coarse-grained passages often contain ir-
relevant or distracting information that degrades
LLM generation (Shi et al., 2023). Conversely,
proposition-level retrieval (decomposing text into
decontextualized atomic facts) has proven superior
for direct, single-hop QA and fact checking (Chen
et al., 2024b; Min et al., 2023).

Real-world complex queries often require multi-
hop reasoning that necessitates connecting dis-
parate pieces of evidence across documents. While


anonymous-link

iterative retrieval and Chain-of-Thought (CoT) ap-
proaches (Trivedi et al., 2023) commonly opera-
tionalize this via successive local searches, they in-
herently lack a global, structured view of the corpus.
To bridge this structural gap, structure-augmented
RAG strategies have integrated Knowledge Graphs
(KGs) (Zhang et al., 2025). These methods explic-
itly model entities and relationships to support both
multi-hop inference and broader, abstract queries
(Edge et al., 2025).

Despite their structural advantages, current ap-
proaches face fundamental challenges. First, they
lead to information loss as standard KGs enforce
triples (s,p,0) representations, compressing com-
plex text into binary relations. Second, a practi-
cal challenge exists in navigating the graph. Cur-
rent strategies are broadly polarized between meth-
ods relying on purely topological heuristics (e.g.,
neighbours, random walks, etc.) and thus inher-
ently ignoring edge semantics, supervised GNNs
(Mavromatis and Karypis, 2025), or LLM-driven
exploration (Sun et al., 2024). To this end, we intro-
duce ToPG (Traversal Over Proposition Graphs), a
novel RAG framework that combines the granular-
ity of propositions with query-aware graph traver-
sal (Figure 1).

Unlike traditional KGs, we model the knowl-
edge base as a heterogeneous graph of entities,
propositions, and passages. This structure retains
the semantic richness of atomic facts while en-
abling the topological connectivity of a graph. To
leverage this structure, we propose a graph explo-
ration method based on Suggestion-Selection cy-
cles. The Suggestion phase leverages both query
similarity and graph topology to efficiently sug-
gest new relevant propositions. The subsequent
Selection phase acts as a feedback mechanism, us-
ing in-context LLLM-based interpretation to prune
irrelevant suggestions and seed the next iteration
with high-quality evidence. To address diverse QA
requirements, ToPG supports three complexity lev-
els: Naive proposition retrieval, Local multi-hop
inference, and Global community-based abstract

QA.
2 Methods

2.1 Graph Construction

We represent the knowledge base as a heteroge-
neous graph G = (V,E) where the node set
V = V,UV,UVp comprises three disjoint types of
nodes: atomic factual statements (propositions V},),

named entities that appear within propositions (en-
tities V.), and document segments that provide the
source context for propositions (passages Vp). The
edge set £ = E,... U E, p contains two types
of undirected edges, connecting each proposition
to its associated entities and to the passage from
which it originates.

Given a document chunk, we apply an LLM-
based in-context learning function (in a few-shot
setting) to sequentially extract named entities V,
and propositions V},. Each extracted proposition
and entity node is encoded using an encoder A(-).
Entity reconciliation is performed using cosine sim-
ilarity thresholding. Details in Appendix A.

In the resulting graph, each proposition effec-
tively acts as a hyperedge linking multiple entities
while being grounded in textual evidence”. Passage
nodes (Vp) serve a structural role by connecting
propositions originating from the same passage,
thereby enforcing local neighborhood coherence.
Unlike classical entity-centric KGs, our representa-
tion is explicitly proposition-centric: propositions
are modeled as first-class nodes, enabling richer
reasoning over factual, compositional, and multi-
hop relations.

2.2 Graph Navigation: Suggestion—Selection
Cycles

Suggestion-Selection Retrieval. We propose to
navigate the graph G through Suggestion-Selection
cycles. Conceptually, the suggestion step defines a
function:

Snew - SuggeStk (Q7 G7 Sold) (1)

Given a query ¢, a graph GG and a set of already
collected proposition nodes sq14, proposes k new
potentially relevant nodes Shew-

An effective suggestion mechanism should ac-
count for both the semantic relevance of nodes to
the query ¢, and the connectivity of nodes to the
seed set s,1g in G. Therefore, the suggestion pro-
cess should ideally be both query and graph aware.

The Selection phase defines a function that prune
irrelevant propositions from the pool Syew:

Snew — SeleCt(% Snew) 2)

It acts as feedback from the LLM and seeds the next
iteration of Suggest by performing LLM-based rel-
evance pruning: PROMPTseject (¢, Spew)- By mod-
ulating the query ¢ and collected propositions s,

Reciprocally, entities also create hyperedges between
propositions.



during iterative Suggestion-Selection cycles, we
can adapt the exploration behavior over G to differ-
ent question types (see section 2.3).

Query and Graph Aware Suggestions We in-
troduce a retrieval strategy based on a query-aware
Personalized PageRank (PPR) (Haveliwala, 2002).
An intuitive example is available in Appendix B.1.
We propose to determine new candidate proposi-
tions as

Snew - tOpk (PPR(M, Sold)) 5 (3)

where the transition matrix M combines structural
and semantic information:

M = QueryAwareTransiton(q, G, \)

= AT, + (1 = A)T,,. @

The parameter A controls the balance between struc-
tural and semantic guidance in M. The structural
component 7T encodes the topology of G: the
higher the connectivity between two propositions
through shared entities or passages, the greater the
probability of transition between them. Thus, T
captures connectivity to the seed nodes, but, is in-
dependent of the current query ¢. In contrast, the
semantic component 7}, maintains the same ad-
jacency pattern as T, but weights each potential
transition (4, j) according to the similarity between
node j and the query ¢, making nodes similar to the
query more attractive. Therefore, random walks are
biased toward proposition nodes that are not only
structurally connected to the current context s,;q4,
but, also semantically relevant to the question. In-
tuitively, the resulting transition matrix M encour-
ages exploration along paths that remain consistent
with the graph structure, while biased toward se-
mantically relevant regions. Then, setting A = 1,
gives a purely graph-based and query independent
Suggest function.

More formally, T, € R™*" is the degree-
normalized transition matrix derived from the
proposition—entity—passage connectivity:

Ts = Ap—>eP AeP—)p; (%)

where /Nlp_m p and fie P—p denote the normalized
transition matrices between propositions and enti-
ties/passages from the graph.

Then, to build T},, we compute the query-based
similarities ¢ = cosine(h(q), h(V})) and apply
temperature scaling and thresholding:

_ exp(c; /1), ife; >0,
C; = .
0, otherwise,

(6)

where 7 is the temperature (default 0.1) and 6 is
the cosine threshold (default 0.4). The semantic
transition matrix is then defined as

Cj 11,(i,5)>0

To(i, ) = —2- . 7
(0.9) >k Gk 11, (6,k)>0 2

In both T and T, self-connections are also can-
celed (eg. T5(i,1) = 0).

Subgraph Extraction As traversing the full
graph G is computationally expensive, we first ex-
tract a local subgraph G* using a Random Walk
with Restart (hereafter named GExtract) around
the set of seeds with a target size [. This process
mitigates hub bias and constrains the exploration
space.

2.3 Naive, Local and Global modes

We propose three search modes: Naive for simple
factual queries, Local for complex (eg., multi-hop)
queries, and Global for abstract questions.

2.3.1 Naive

Using a retrieval encoder h, a simple top-k
retrieval based on cosine similarity Spew =
topy, (cosine(h(g), h(V,))) can be seen as a naive
suggestion process: a retrieval over proposi-
tions that ignores both the graph G and previ-
ously collected nodes sqq. We define this as
SuggestNaive, (¢, G, ). Naive mode uses propo-
sitions retrieved from SuggestNaive as context to
answer the question, bypassing the Selection step.

2.3.2 Local

In the Local mode, the graph G is explored
through Suggestion-Selection cycles guided by
LLM feedback up to a maximum number of it-
erations (max-iter). A step-by-step example is
provided in Figure 2-Local. Starting from an ini-
tial query @siqrt, it completes a local set of propo-
sitions sjoc = {u1,u2, ..., uy, } that represent the
evolving context for answering the query. The ini-
tial propositions are collected with SuggestNaive
and the irrelevant ones are pruned by Select (step
1). This represents the initial seeding step in G.

Then, at each iteration, new candidate propo-
sitions (Spew) are proposed using SuggestLocal,
conditioned on the current query and the current
context (spoo1). Candidates are then pruned by
Select. The retained propositions are added to sjoc
and will seed the next iteration. In step 2, the first
iteration yields nodes u; and wuo.
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Figure 2: On the left, panel Local shows a step-by-step example for the Local mode. On the right panel, step-by-

step description of the Global mode.

The suggestion Shew =
SuggestLocal, (¢, G, spool) proceeds in three
stages:

G* = GExtract(G, Spool, 1),
M = QueryAwareTransiton(q, G*, \),
7 = PPR(M, Spoot),
Shew = top ()

®)

If the accumulated propositions remain in-
sufficient to answer the query (determined by
PROMPTEya) (Gstart, Sioc ))» additional targeted sub-
questions are generated to guide the next iteration
via PROMPTyexQ (gstart, Sioc)- In the running ex-
ample (step 3), this yields two new queries, which
in turn trigger a second Suggestion—Selection cy-
cle. This cycle is seeded on 5,001, CcONtaining g
and uo (step 4). At this iteration, Syey contained
the suggested propositions: us, u4, us, and ug and
the Select call pruned us. With s, now completed
by us, uq and ug, the query is answered in (step
5). Details and an illustrative example in Appendix
B.2.

2.3.3 Global

While Local retrieval effectively handles fact-
oriented or multi-hop reasoning tasks, abstract or
conceptual queries "How does soil health influ-
ence overall farm productivity?"” require a broader
and more diverse exploration of the graph G. In
such cases, identifying a missing fact or reason-
ing chain is insufficient, where a comprehensive
answer spans multiple, complementary and non-
local perspectives that need to be retrieved from
G. Rather than using PROMPTyexq to predict
new directions/questions as in Local, Global re-
fines queries after each Suggestion-Selection cy-
cle. Gathered anchor propositions sy, are then
used to identify communities in G. Communities
emerge naturally from the graph’s topology and can
represent potential facets (i.e., individual aspects
or perspectives) relevant to the query. Intermedi-
ate answers are generated from these communities,
scored by relevance, and aggregated into the final
response. A detailed diagram of the step-by-step
process is presented in Figure 2-Global.



Steps 1-2: Seeding The parameter m controls
the breadth of the exploration. We begin by decom-
posing the initial query gyt into m sub-queries
using PROMPT gecompose- Each sub-query is sent to
SuggestNaive and populates the pool of anchors
Spool after irrelevant propositions are pruned with
Select. This corresponds to the seeding step and
the first anchors added to sy,

Step 3: Compute Queries At each subsequent
iteration, every proposition node in the current pool
(u; € Spool) becomes an independent exploration
center, performing its own local walk through the
graph. To guide these walks, we refine the query
g; for each proposition using relevance feedback
(Rocchio Jr, 1971):

g = aq? + Ba —vq; . ©)

Intuitively, ¢; captures directions that previously
led to u;; qf encodes the proposition u; as a rele-
vance signal from Select, encouraging further ex-
ploration in this direction; and ¢; discourages di-
rections that were previously pruned. Therefore,
query vectors ¢; are refined by the LLM feedback
provided by Select, guiding the exploration to-
ward promising directions while avoiding previ-
ously pruned paths (further details in Appendix
B.3).

Step 4: Iteratively explore and collect To pre-
vent the search space from growing as more facts
accumulate, spoo1 18 partitioned into 1 subsets. The
SuggestGlobal strategy operates independently
on each partition s, With its associated queries
Qpart- Each node u; in spa has its own query g;
in qpa. Within a partition, a subgraph G* is ex-
tracted around spy, then, each proposition u; acts
as a singleton seed {u;} with its query g¢;, per-
forming an individual query-aware random walk.
The resulting probability distributions are aggre-
gated within the partition, and the top-k proposi-
tions are selected as new suggestions. In summary,
SuggestGlobaly, (qpart, G, Spart) is defined as:

G* = GExtract(G, spart, 1),
M; = QueryAwareTransiton(g;, G*, ),

Shew = topy, (Z 7ri)

%

(10)

The process is iterated until min_facts are col-
lected (or max-iter iterations are completed). See
details in Appendix B.4.

Step 5: Identifying communities The final set
of collected anchor propositions s, is used to ex-
tract associated communities from G. Communi-
ties are identified using a hierarchical Leiden al-
gorithm (Traag et al., 2019). We then follow a

greedy budgeted strategy: each community c is as-
[nodes(c)\S’|
size(c)
yet-uncovered anchor propositions (S”) it includes
relative to its size. Given a budget limit of B total
nodes, communities with the highest score are it-
eratively added to maximize coverage over anchor

propositions. See details of the procedure in B.5.

signed a score , representing how many

Steps 6-7: Generating answers Each commu-
nity contains a heterogeneous mix of nodes: propo-
sitions, entities, and passages. Entities highlight
central topics, propositions ground the key facts,
and passages provide broader context and connect
propositions together. Community content is di-
vided into chunks of pre-specified token size and
used to generate intermediary answers. Intermedi-
ary answers are ranked and combined into the final
prompt, inserting the most relevant information at
the beginning and the end (“lost-in-the-middle” ef-
fect (Liu et al., 2024)), before generating the final
answer.

3 Experimental Setup

We evaluate Naive, Local, and Global modes
across complementary QA settings. Our evaluation
spans: (i) Simple QA, testing the ability to retrieve
isolated factual evidence; (ii) Complex QA, requir-
ing the retrieval and composition of multiple evi-
dence (eg., multi-hop queries); and (iii) Abstract
QA, involving conceptual or multi-faceted queries
that require broad, long-form synthesis beyond ex-
plicit facts.

3.1 Datasets

Simple QA Following prior work (Gutiérrez
et al., 2024), we evaluated on a subset of 1,000
queries from PopQA (Mallen et al., 2023) and in-
cluded GraphRAG-Benchmark (Xiang et al., 2025)
Task 1 (Fact Retrieval), covering two distinct cor-
pora: Medical, containing NCCN clinical guide-
lines, and Novel, a collection of pre-20th-century
literary texts from Project Gutenberg.

Complex QA. We used the 1,000-query subsets
of the multi-hop QA datasets HotPotQA (Yang
et al., 2018) and MusiQue (Trivedi et al., 2022)
from Gutiérrez et al. (2025). We also included



two GraphRAG-Benchmark tasks: Complex Rea-
soning, which requires chaining multiple evidence,
and Contextual Summarization, which requires syn-
thesis of fragmented information. For them, we
follow the Answer Accuracy metric (Xiang et al.,
2025).

Abstract QA. To evaluate abstract queries, we
follow the LightRAG setup (Guo et al., 2025) and
generate abstract questions on three corpora from
the UltraDomain benchmark (college-level text-
books): Agriculture, Computer Science, and Legal
(Qian et al., 2025). We compare responses on 4
dimensions with LLM-as-a-judge (Gu et al., 2025):
Comprehensiveness, Diversity, Empowerment and
finally Overall. See details and examples of queries
in Appendix C.

3.2 Settings and Baselines

For Simple and Complex QA, we evaluated three
structure-augmented RAG baselines: GraphRAG
(Edge et al., 2025), LightRAG (Guo et al., 2025),
and HippoRAG 2 (Gutiérrez et al., 2025). For
both Simple and Complex QA, we used k£ = 20
propositions for Naive and Local modes, assess-
ing the latter with max-iter € {1,3}. Hyperpa-
rameters analysis can be found in Appendix D. To
isolate the benefits of proposition-level retrieval,
we also include a vanilla passage-level RAG base-
line that uses the same prompting configuration as
the Naive mode.

For Abstract QA, we evaluate the Global mode
with varying numbers of collected anchor propo-
sitions (200-1000). We compare two variants of
query refinement: Rocchio-style feedback us-
ing (a=1, =0.7, v=0.15) (Rocchio Jr, 1971),
incorporating both selected and pruned proposi-
tions; and Simple-feedback, where ¢; ignores sig-
nals from Select (=1, S=v=0). For fairness, we
evaluate against GraphRAG and LightRAG, as both
explicitly support abstract-level QA with dedicated
global/hybrid modes.

To ensure fair comparison, all baselines use
the same embedding model (bge-large-en-v1.5)
and the same open LLM Gemma-3-27B (Team et al.,
2025) for indexing and inference using vLLM
(Kwon et al., 2023) on one H100. For experiments
on GraphRAG-Benchmark, we align with the as-
sociated protocol and used GPT-40-mini (OpenAl
et al., 2024) for both indexing and inference. For
additional details, please see Appendix E.

4 Results

Table 1 reports QA performance for Simple and
Complex QA tasks. On Simple QA, Naive mode
and Vanilla-RAG on passages outperform graph-
based approaches by a significant margin, partic-
ularly on PopQA. However, the structural advan-
tages of graph-based methods become apparent
in Complex QA settings, notably in multi-hop
scenarios where ToPG-Local demonstrates supe-
rior performance. Interestingly, even when con-
figured with max-iter = 1, ToPG-Local already
exhibits significant improvements in multi-hop set-
tings compared to its Naive mode. Increasing iter-
ations to max-iter = 3 yields substantial gains
in multi-hop tasks but offers only marginal im-
provements in Complex Reasoning and Contex-
tual Summarization (Medical and Novel corpora).
For summarization tasks, both GraphRAG (local)
and HippoRAG 2 also achieve competitive perfor-
mance.

Figure 3 illustrates the win rates of ToPG-
Global against baselines on Abstract QA across
four criteria (see an example in Appendix F). ToPG-
Global significantly outperforms LightRAG across
all configurations, reaching comparable perfor-
mance with GraphRAG (= 50% win rate) on the
Agriculture and CS datasets, though it underper-
forms on the Legal dataset. While GraphRAG con-
sistently outperforms on the Comprehensiveness
axis, ToPG achieves greater diversity and is per-
ceived as more empowering in its answers. For
all criteria except Comprehensiveness, increasing
the number of collected facts shows a positive im-
pact that plateaus around 600 propositions, beyond
which performance stagnates or degrades. In con-
trast, feedback settings for query refinement show
only a negligible impact on overall performance,
providing a minor improvement only in Compre-
hensiveness.

Figure 4 compares the average token cost per
abstract query, indicating that LightRAG has the
lowest token cost for both input and output tokens.
GraphRAG is identified with the highest token
cost, particularly regarding input tokens. ToPG
is cheaper than GraphRAG in completion tokens
when configured with less than 600 collected an-
chors, but is more costly on the MusiQue dataset.

5 Discussion

Graph-based approaches demonstrate competitive
performance, particularly in Complex QA (multi-



Method MusiQue  HotPotQA  PopQA MEDICAL' NOVEL'
FR CR CS FR CR CS

Vanilla-RAG 19.7/30.6  52.7/655 492/622] 637 576 637 588 414 50.1
GraphRAG (local) 17.8/26.70  473/60.2 38.1/52.6 | 38.6 47.0 419 493 509 64.4
LightRAG (local) 16.7/25.62 48.0/59.9 39.7/534 | 626 633 613 586 49.1 489
HippoRAG 2 247/362  55.1/669 384/486| 663 620 63.1 601 534 64.1
ToPG-Naive 19.5/30.3  492/61.0 51.6/639 | 729 685 677 673 556 63.7
ToPG-Local (1) 28/41.1 55.3/67.8 48.4/595| 725 685 688 67.0 550 612
ToPG-Local (3) 34.0/47.0 593/727 489/602 | 726 692 683 67.6 539 61.0
A Local (3)-Naive *114.5/167 1101/11.7 [27/37 103 105 106 103 |17 |27

Table 1: Results on Simple and Complex QA tasks, highlighting the best and second-best results. Performance
(Exact Match / F1) on Simple and Multi-Hop QA (Left: MusiQue, HotPotQA, PopQA) and GraphRAG-Benchmark
tasks (Right: Fact Retrieval, Complex Reasoning, Contextual Summarization) measured using the Answer Accuracy
metric. ToPG-Local (1 and 3) report results for (max-iter = 1 and 3) respectively. A Local (3) - Naive shows
the difference between Local (max-iter = 3) and Naive.

100

Comprehensiveness

80 |

Diversity

Empowerment

Overall

Topic

—— Agricultur

- CS

e

Legal

— VS, GraphRAG

Win rate (%)

VS. LightRAG

Feedback
—— Rocchio-style feedback
== Simple feedback

o o =) =) =) o o
S S S S S o o S S S o

Min number of collected propositions (anchors

o o o o o o o o o
(=3 (=3 o o (=] [=3 (=3 o
< © o o~ < © [s) o

—

~ 100
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hop), where the graph layer effectively connects
disparate named entities central to the query.
Similarly to (Han et al., 2025), we also note
that this structural advantage, however, is often
detrimental or minimal for standard factual QA,
where proposition-level retrieval with ToPG-Naive
achieves higher information density due to their
self-contained and factoid content.

While baselines typically construct a standard
KG with subject-predicate-object triples, their
traversal often relies purely on topological heuris-
tics (e.g., neighbours, random walks), thus ne-
glecting the semantics encoded in the predicate.
ToPG proposes a query and graph aware Sugges-
tion mechanism to explicitly leverage the semantics
of propositions, coupled with an LLM-driven Se-
lection step that provides explicit feedback for the
next iteration, but, entails the overall token cost.
This Suggestion-Selection mechanism, even with

only one iteration (max-iter = 1), significantly
improves performance over ToPG-Naive and alter-
native baselines in multi-hop settings.

In abstract QA, both GraphRAG and ToPG-
Global rely on iterative graph exploration and ex-
ploit the inner graph modularity to extract and gen-
erate intermediary answers from node communi-
ties. While this process significantly increases to-
ken costs, it significantly improves the depth (com-
prehensiveness, diversity, empowerment) of gen-
erated answers over simpler keyword expansion
strategies (e.g., LightRAG). Moreover, ToPG is de-
signed for easier scalability and updates as it avoids
pre-computing community summaries and instead
uses Suggestion-Selection cycles for community
exploration. Our observations suggest that the util-
ity of collecting additional anchors is saturated by
the current LLM’s reasoning capacity, implying
that further benefits would only arise when using a
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stronger base model.

Overall, our results suggest that query-aware ex-
ploration over a graph of granular information units
is the critical component, rather than the formal
structure of the KG with strict predicates. Traver-
sal of the proposed heterogeneous graph through an
effective Suggestion-Selection mechanism shows
robust performance and versatility across different
QA tasks.

6 Related Work

Early strategies for complex question answering
combine retrieval with reasoning via interleaving
DPR with CoT or question decomposition tech-
niques (Trivedi et al., 2023; Press et al., 2023; Patel
etal., 2022; Shao et al., 2023), an approach likewise
employed in the Local mode. Furthermore, propo-
sitions have been explored as an efficient granular-
ity level, particularly for fact-oriented QA (Chen
et al., 2024c¢) and claim or fact checking (Min et al.,
2023; Kamoi et al., 2023). To address the need
for global structural awareness, recent approaches
construct KGs directly from the corpus (Zhang
et al., 2025). These systems seed retrieval using
DPR over entities or triples and then navigate the
resulting graph using topological heuristics such
as community detection (GraphRAG) (Edge et al.,
2025), ego-network (LightRAG) (Guo et al., 2025),
path search (PathRAG) (Chen et al., 2025), or Per-
sonalized PageRank (HippoRAG, HippoRAG 2)
(Gutiérrez et al., 2024, 2025).

Combining propositions with graph structure,
Wang and Han (2025) proposes to apply a similar
approach to HippoRAG on a graph where nodes
represent entities and passages, and edges link enti-
ties that co-occur within the same proposition. Luo
et al. (2025) instead constructs a graph of propo-
sitions and perform neighborhood expansion after
an initial seeding step. Unlike these approaches,
ToPG leverages its Suggestion-Selection cycles

and query-aware traversal to support three distinct
modes tailored to different QA requirements: fac-
toid, multi-hop, and abstract.

The Selection phase, which provides LLM-based
feedback, also aligns with a broader line of work
on LLM-guided KG exploration (Sun et al., 2024;
Chen et al., 2024a; Ma et al., 2025). These ap-
proaches typically alternate phases of search and
pruning over entities and relations in the KG.
Finnaly, in contrast to GraphRAG or RAPTOR
(Sarthi et al., 2024), which rely on pre-processed
summaries for abstract QA (Xu et al., 2022; Pa-
pakostas and Papadopoulou, 2023), ToPG instead
derives intermediary answers directly from the
communities extracted around anchor nodes ob-
tained through multiple Suggestion-Selection cy-
cles.

7 Conclusion

ToPG reconciles fact-level granularity with graph
connectivity through a heterogeneous graph com-
posed of passages, propositions, and entities. The
proposed graph navigation strategy based on itera-
tive Suggestion-Selection cycles, while simple by
design, proves highly versatile and adaptable to di-
verse QA requirements. The strategic modulation
of the query and the collected evidence enables
distinct operational modes: Naive (for factoid re-
trieval), Local (for complex, multi-hop reasoning),
and Global (for abstract questions). Overall, our
experiments demonstrate the efficacy of this frame-
work and suggest that structure-augmented RAG
architectures should prioritize query-aware graph
traversal and factual granularity over the restrictive
formal structure of traditional KGs.

8 Limitations

A primary limitation of our framework is the com-
putational overhead in token cost, both during in-



dexing and inference. Similar to other structure-
augmented methods, the process of extracting
propositions and building the graph significantly in-
creases indexing costs compared to standard RAG.
During inference, token consumption is inflated by
the LLM-driven Selection phase (in Local mode)
and the generation of intermediate community an-
swers (in Global mode). While these mechanisms
are essential for answer depth, they make ToPG
less suitable for cost-critical scenarios compared
to lighter alternatives like LightRAG. Future work
could mitigate this by replacing the LLM selec-
tor with a specialized, lightweight classifier or by
fine-tuning prompts for token efficiency.

Second, performance is also bound by the qual-
ity of the underlying graph. Relying on embed-
ding similarity for entity disambiguation can occa-
sionally introduce noisy or misleading edges. Fur-
thermore, while proposition extraction enhances
information density, it may result in minor infor-
mation loss compared to full paragraphs. There-
fore, integrating external knowledge bases (e.g.,
Wikipedia or DBpedia) for more robust entity link-
ing and maintaining hybrid access to original pas-
sages could be beneficial. However, we deliberately
restricted our evaluation to the proposition level for
this work.

Finally, while ToPG offers three distinct opera-
tional modes (Naive, Local, Global), the current
framework lacks an automated routing mechanism.
A learned classifier capable of dynamically select-
ing the optimal mode based on the query complex-
ity would make the framework more end-to-end.
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Figure 5: Knowledge base extraction process. Propo-
sitions and entities are extracted from input passages
and populate the graph. Entity embeddings (used for
synonym resolution) are omitted for clarity reasons.

An illustration of the knowledge base extraction
is presented in Figure 5. The prompt strategy used
for entities and propositions extraction is presented
in Figure 6. For synonym reconciliation, given
an encoder h, two entities e and e’ are considered
synonymous if cosine(h(e), h(e’)) > 6 (default
0.9).
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We also report statistics for the knowledge base
construction (indexing) stage of our approach. Ta-
ble 2 summarizes the resulting graph sizes, includ-
ing counts of passages, propositions, and entities,
as well as the total number of edges. The over-
all indexing cost, using the MusiQue corpus as a
reference, is also provided and compared against
baseline systems in Table 3.

B Supplementary Methods

B.1 Query Aware Transition: an illustrative
example

Figure 7 provides an illustrative and intuitive rep-
resentation behind the construction of the query-
aware transition matrix M. The panel P1 shows
a hypothetical input subgraph G*, with four an-
notated nodes (A, B, C' and D) that serve as ref-
erence points for the next panels. P2 describes
the proposition-projected graph associated with T,
as a propositions to propositions graph. For in-
stance, nodes around D are all connected to the
same entity in P1, creating a clique in the resulting
projected graph in P2. The width of the arrows is
proportional to the transition probability between
two nodes, according to their connectivity (through
entities and passages) in the original graph. P3
describes the second component of M: T,. In
this graph, the attraction of a node relative to its
neighbors, indicated by the width of the arrow, is
proportional to its similarity to the query (default:
cosine similarity). Nodes A, B, C' and D become
attractive as their embeddings are similar to the
query compared to other nodes (e.g., in the neigh-
borhood of D). In P4, we exemplify the results
of running a PPR using A as the starting node and
following the built M transition matrix, balancing
the transitions between Ts and T},. In this example,
proposition nodes like D or B would be among the
top-ranked nodes.

B.2 Local mode

Algorithm 1 describes the query process in Local
mode. An illustrative example is also provided in
Figure 8.

B.3 Global mode: Compute queries

The approach for query vector refinement is in-
spired by the Rocchio algorithm (Rocchio Jr, 1971),
which applies relevance feedback to refine a query
by weighting vectors of relevant and non-relevant
documents.
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We adapt this principle to compute a refined
query vector g; for each newly collected propo-
sition node u; € Spool. The refinement process
combines: the directions that lead to u; in the previ-
ous walks, the semantic representation of u; itself,
and, the directions that were pruned.

Let C; denote the set of partitions where u; was
identified. For a given partition ¢ € C;, let q,gi)
be the query vector of the walker that most likely
reached u;, where k* = argmaxy ﬂ',(:) (u;). Fur-
thermore, let 5’125) = YEEQV \ sﬁilv be the set of
candidate nodes that were pruned by the Select
procedure in that partition and B(S’Sg\),v) their aver-
aged embedding.

The query vector for u; is then given by:

¢ =gl + Bg; —vq;  where,

1 c
= oy 20

ceC;
(11)

q'?_ = h(ul)a
_ 1 -~ =(c
q; = G| Zh(sl(lezv)

v ceC;

The coefficients «, 5, and ~y are positive weights
that modulate the influence of the initial, positive,
and negative feedback components, respectively.

B.4 Global mode: Collecting anchor nodes

Algorithm 2 describes the iterative exploration
and collection process that builds the set of an-
chor propositions, before community extraction in
Global mode.

B.5 Global mode: Greedy community
selection with budget

A complete description of the greedy procedure is
presented in Algorithm 3. Candidate communities
c € C are pre-fitlered by size (number of nodes):
10 < |¢| < 150 and the budget B is fixed to 8000
in the experiments.

C Abstracts Questions: Protocol and
Examples

We follow the procedure described by LightRAG
authors®. To emulate a large variety of potential
queries, the LLM is first instructed to generate 5
potential users with 5 related tasks for each, given a
summary of the corpus. For each task, 5 questions

Shttps://github.com/HKUDS/LightRAG


https://github.com/HKUDS/LightRAG

Prompt-NER

Your task is to extract all relevant entities from the Passage.

- An entity can be a named entity, an idea, a concept, or an object central to the statement.

- Include named entities, objects, phenomena, concepts, places, people, organizations, and multi-word
terms.

- Do not include redundant or nested variants of the same concept.

If the input passage is not a valid paragraph, you may return an empty list of entities.

!

Prompt-Propositions |

Your task is to extract all meaningful decontextualized propositions from the given passage, using only the provided Named Entities.
- Break down the input passage into its basic, minimal propositions that represent distinct pieces of meaning.

- Propositions are independently interpretable without the context of the initial passage.

Rules for each proposition:

Complete & Standalone: a proposition convey exactly one fact or relationship, including all necessary context.

Entity Usage:a Use only the entities from Named Entities; do not introduce any others.

Clear Attribution: Specify precisely which entities participate and their roles in the decontextualised proposition.

Explicit Connections: Make causal, comparative, and temporal relationships explicit, including reference points.

Preserve Time: Integrate temporal information and time markers (eg. a birth date or a date of an event) in the proposition.
Preserve Cause: Keep causal links intact.

Full Coverage: Collect propositions that together capture every meaningful point in the Passage.

Preserve context: add all necessary contextual elements, like key entities, to improve clarity and precision of each propositions without the
context of the initial passage.

PN AWM=

The precision and completeness of these propositions directly impact the performance and reliability of downstream tasks, particularly the
quality of question answering systems. Therefore, careful adherence to the above rules is critical to ensure factual accuracy, unambiguous
interpretation, and full semantic coverage.

If the input passage is too short, has no entities, lacks context or is not a valid paragraph (like if it is a table of contents for instance), you may
return an empty list of propositions.

Figure 6: Prompts for Named Entity Recognition and Propositions Extraction. First, named entities are extracted
from the passage (Prompt-NER). Then, using the previously extracted entities and the original passage, propositions
are extracted with Prompt-Propositions. Propositions are returned with their associated entities.

MusiQue HotPotQA  PopQA  Agriculture CS Legal GB-Medical GB-Novel
# passages 11,704 9,959 9,101 9,055 7,337 16,169 883 2,400
# propositions 83,247 77,409 73023 90,2840 58,322 84,134 8,442 37,868
# entities 82,721 82,909 79,783 62,341 31,108 35,732 3,955 27,071
# edges 350,436 333,799 309,812 613,688 320,440 786,049 49,863 14,9731

Table 2: Number of nodes (passages, propositions and entities) and edges in the graph associated with each corpora
used in our experiments.

ToPG LightRAG' GraphRAG' HippoRAG 27
Prompts 70.5M 68.5M 115.5M 9.2M
Completion 11.9M 12.3M 36.1M 3.0M

Table 3: Token usage comparison (prompt and completion) at indexing time for the baselines on the MuSiQue
corpus (11,656 passages for 1.3M tokens). Values reported from Gutiérrez et al. (2025).

are generated that require a high-level understand- D Hyperparameters Evaluation

ing of the corpus. Below in Figure 9 is a subset of

questions generated from the Agriculture corpus  Figure 10 reports the performance of different com-

containing textbooks on beekeeping. binations of PPR damping factors and A values on
the MusiQue dataset, using the Local mode with
max-iter=3. Across both damping settings (0.5
and 0.85), we observe only minor variation in EM

13



h(Vp)=~" h(q) =",

Proposition and Query embeddings

P1

@
@

@ Passage node

Figure 7: Illustrative example of the construction and realization of the Query Aware Transitions matrix M on an
hypothetical subgraph G*. P1 shows the subgraph G* with 4 landmark nodes A, B, C'and D. P2 and P3 describe
the two components of M: T and T;,. The width of the arrows is proportional to the transition probability between
nodes. P4 illustrates the ranking obtained from the stationary distribution 7 of probabilities with the PPR using M.
The larger the node the greater the final probability and rank.

and F1, indicating that the restart probability has
limited influence on retrieval quality in these set-
tings.

In contrast, A, which controls the relative contri-
bution of semantic transitions (77},) versus structural
transitions (7s), has a pronounced impact. Perfor-
mance degrades as A goes to 1 and the semantic
component is canceled. This highlights the impor-
tance of 7}, in suppressing semantically irrelevant
paths when neighbors are unrelated to the query.

These observations motivated our choice of de-
fault hyperparameters: a damping factor of 0.85
and a balanced A = 0.5.

E Dataset and Baseline Details

E.1 Dataset details

Simple and Complex QA datasets Subsets
of MusiQue (CC-By-4.0 License), HotPotQA
(CC-By-4.0 License) and PopQA (MIT License)
have been extracted from the repository provided
by Gutiérrez et al. (2025)*. Each corpus is com-
posed of 1,000 questions that require retrieval over
one or several passages originating from Wikipedia.
Additional details can also be found in Table 2.

4https://huggingface.co/datasets/osunlp/
HippoRAG_2
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GraphRAG-Benchmark Corpora We evaluate
on the two corpora of GraphRAG-Benchmark®.
The Medical corpus (NCCN Guidelines) integrates
data from the National Comprehensive Cancer Net-
work (NCCN) clinical guidelines, covering diag-
nosis criteria, treatment protocols, and drug inter-
actions. Additionally, the Novel corpus (Project
Gutenberg) is a curated collection of pre-20th-
century novels from the Project Gutenberg library.
These texts exhibit complex narrative and temporal
relationships. Finally, we use the same Answer Ac-
curacy metric as used in the benchmark (see Xiang
et al. (2025)), which combines semantic similarity
with statement-level fact checking.

UltraDomain Corpora Abstract QA uses three
specialized corpora from the UltraDomain corpus®,
with sizes specified in Table 4.

Abstract QA (LLM-as-a-Judge) Following
Guo et al. (2025), abstract queries are evaluated
using LLM-as-a-Judge across four criteria:

* Comprehensiveness: How much detail does
the answer provide to cover all aspects and
details of the question?

* Diversity: How varied and rich is the an-

SMIT License: https://github.com/GraphRAG-Bench/
GraphRAG-Benchmark

f’Apache 2.0 License: https://huggingface.co/
datasets/TommyChien/UltraDomain


https://huggingface.co/datasets/osunlp/HippoRAG_2
https://huggingface.co/datasets/osunlp/HippoRAG_2
https://github.com/GraphRAG-Bench/GraphRAG-Benchmark
https://github.com/GraphRAG-Bench/GraphRAG-Benchmark
https://huggingface.co/datasets/TommyChien/UltraDomain
https://huggingface.co/datasets/TommyChien/UltraDomain

Algorithm 1 Local mode with Suggestion-Selection cycles

Require: Graph G = (V, E), initial query gsr, parameter max-iter

—_

- Initialize Q < {qstart }

2: Sp + SuggestNaive(gstart, 0) > Initial seeding in the graph
3: Spool < Select(gstart; S0)

4: Spool-new < Spool

5: while iteration < max-iter do

6: for all ¢ € () do > Gather propositions for all questions in Spool-new
7: Snew < SuggestLocal(q, Spoot) > Suggestions seeded on s,001 and biased toward g
8: Snew < Select(q, Spew)

9: Spool-new <~ Spool-new U Snew

10: end for

11: Sloc <= Sloc U Spool-new > Complete Sjoc
12: Spool < Spool-new

13: Spool-new < 0

14: if PROMPTEya) (Gstart, Sioc) Teturns an answer then

15: return answer

16: else

17: @ < PROMPTNexQ (Gstart Sloc) > Evaluate with sjoc
18: end if

19: iteration + +

20: end while

21: return failure to determine answer
Corpus Content Focus Size (Tokens)
Agriculture Beekeeping, agricultural policy, farmers, diseases and pests 1.9M
Computer Science (CS) Machine learning, data processing 2.0M
Legal Corporate finance, regulatory compliance, finance 4. M

Table 4: Details and size metrics for the UltraDomain corpus used in Abstract QA evaluation.

swer in providing different perspectives and
insights on the question?

* Empowerment: How well does the answer
help the reader understand and make informed
judgments about the topic?

* Overall: The final aggregate score combining
the three criteria.

We used Gemma-3-27B (Team et al., 2025) as
the LLM during the evaluation. Gemma-3-27B is
licensed under the Gemma Terms of Use’. Details
on the prompts can be found on the GitHub reposi-
tory®.

7https://ai .google.dev/gemma/terms
8The link will be made publicly available following the
anonymity period.
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E.2 Baseline details

The configurations for all baseline models (Hip-
poRAG 2, LightRAG, GraphRAG, and ToPG) are
detailed in Table 5. On the granularity level, Hip-
poRAG 2, LightRAG, GraphRAG operate with
passage-level context. LightRAG and GraphRAG
additionally augment context with auxiliary KG
elements (entities/relations).

For a fair comparison on the Abstract QA task,
a domain-specific set of topic-related entities was
defined during the indexing stage. These entities,
used by GraphRAG and LightRAG, are grouped
by domain:

* Agriculture: organization, geo, event, agri-
culture, economic, environment.

* Computer Science (CS): organization, tech-
nology, software, metric, mathematics, hard-
ware, computer_science, networking.


https://ai.google.dev/gemma/terms

‘ q: What is the name of the famous bridge in the birthplace of Gloria in D Major's composer? ‘

‘ Initial seeding: SuggestNaive(q) / Select ‘

[ u,: “Gloria in D Major is a familiar and popular piece among Vivaldi’s sacred works.” ]M> S
I8 ) pop! p! ¢} . loc

‘ SuggestLocal(q, {u,}) / Select ‘

u,: "Antonio Vivaldi wrote at least three settings of the hymn Gloria."
u,: "Antonio Lucio Vivaldi, also known as Antonio Vivaldi, was an Italian Baroque musical add to s
loc

composer.”
u,: "Antonio Vivaldi was born in Venice on 4 March 1678."

‘ PROMPT_ ., (s,,.) ‘

Thoughts: “From the facts, we know Antonio Vivaldi wrote Gloria in D Major (RV 589) and
was born in Venice. Therefore, we need to find the name of a famous bridge in Venice”
new_q: "What is a famous bridge in Venice?"

SuggestLocal(new_g, {u,,u,u,u,}) / Select

u.: "The Rialto Bridge is a significant tourist attraction in Venice, Italy." add to
ug: "The Rialto Bridge is the oldest of the four bridges spanning the Grand Canal in Venice, Italy.” loc

‘ PROMPT,,, (s,..) ‘

Thoughts: “”I know Antonio Vivaldi wrote Gloria in D Major and that he was born in Venice. |
also know that the Rialto Bridge is located in Venice and is a significant tourist attraction.”
answer: "Rialto Bridge"

In a scenario where the answer was not yet determined, and a new_q_2 :
would have been proposed, the next iteration would have been 1
SuggestLocal(new_q_2, {u,ug}) "

Figure 8: Illustrative example of the Local mode.

### User 1: Hobbyist Beekeeper
- Task 1: Understanding Beekeeping Basics
- Question 1: What are the key steps a beginner should consider before starting beekeeping?
- Question 2: Why is the commitment level crucial for successful beekeeping?
- Question 3: What common mistakes do new beekeepers make that can lead to failure?
- Question 4: How does beekeeping activity vary by region and season?
- Question 5: How important is networking with other beekeepers and organizations?
- Task 2: Managing Beehive Health
- Question 1: What impact do environmental factors have on hive health?
- Question 2: How can a beekeeper effectively control mite populations?

### User 2: Small-Scale Market Farmer
- Task 1: Planning Farm Production
- Question 1: What are the major factors to consider when planning crop production?

Figure 9: Example of abstract questions generated for the Agriculture Corpora

» Legal: organization, geo, legal, regulation, fi- We empirically found that for the Sim-
nancial, asset, risk, law, financial_instrument.  ple/Complex QA tasks, both LightRAG and
GraphRAG performed optimally using their local
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Algorithm 2 Anchors selection via Iterative Suggestion-Selection (Global mode)

Require: Graph G, query ggr, breadth m, max-iter, minimum facts min_facts

1: @ < PROMPT gecompose (Gstart, 170) > Decompose initial query into m sub-queries
2: Sglb < 0
31 Spool < 1]
4: iteration + 0
5: for each ¢ € () do > Initialize spoo) With the m questions
6: So < SuggestNaive(q, 0)
7: Spool < Spool U Select (g, Sp)
8: end for
9: Sglb <= Spool
10: while |sgp| < min_facts and iteration < max-iter do
11: Spool-new 0
12: Qpool < ComputeQueries(spool) > Compute queries for the new selected nodes
13: for each partition sp,y in Partition(spoor, m) do > Each partition is explored independently
14: Shew SUggeStGlobal(Qpana G, Spart)
15: Snew <— Select(gstart, Snew)
16: Spool-new < Spool-new U Snew
17: end for
18: Sglb = Sglb U Spool-new > Complete the global s, and prepare the next seeds (spoo1)
19: Spool < Spool-new
20: iteration + +
21: end while
22: return s > Final pool of collected propositions (anchors)
search, it also comes at a substantial computational
47.5 cost (consuming on average 79k and 2.1M tokens
45.0 for Completion and Prompts, per query.
42.5
§40.o F Example Abstract QA and evaluation
% ZZ An example of evaluation with LLM-as-a-judge on
35| ST e T s . the Agriculture corpora considering the 4 criteria
30.0{— ;{" i (Comprehensiveness, Diversity, Empowerment and
27.5{ — demping = 035 Overall) is provided in Table 6.

0.0 0.2 0.4 A 0.6 0.8 1.0

Figure 10: Impact of the damping factor and \ parame-
ters on model performance measured by F1-score and
Exact Match (EM) on MusiQue.

search mode with a smaller top_k = 5 compared
to standard default settings (60 for LightRAG and
10 for GraphRAG). We hypothesized that the re-
sulting large context (> 8k tokens) is detrimental
for accurate factual QA with the used LLM.

To establish a strong baseline for compari-
son against our proposed strategy, the global
mode of GraphRAG was configured with
community_level = 2. While this choice sig-
nificantly increased the granularity of community
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Model Task Parameter Value

HippoRAG 2  Simple/Complex QA top_k 5
mode local
max_context_tokens 8000
GraphRAG  Simple/Complex QA text_unit_prop 0.3
P P P community_prop 0.25
top_k_mapped_entities 5
top_k_relationships 5
mode local
community_level 2
Abstract QA use_community_summary True
min_community_rank 0
max_tokens 12000
mode local
Simple/Complex QA L°PK >
P P chunk_top_k 5
LightRAG max_total_tokens 6000
mode hybrid
TOP_K 40
Abstract QA CHUNK_TOP_K 10
MAX_TOTAL_TOKENS 32000
A 0.5
damping d 0.85
. cosine_threshold 6 0.4
ToPG Simple/Complex QA subgraph G* max size [ 500
temperature 7 0.1
top_k 20
top_k 20
breadth m 10
Abstract QA node budget B 8000
min_community_size 10
max_community_size 150
max_tokens_report 8000
passage_token_limit 500
max_tokens_community_chunks 8000

Table 5: Parameter settings for the RAG baselines (HippoRAG 2, LightRAG, GraphRAG, and ToPG),
across the evaluation tasks (Simple QA, Complex QA, and Abstract QA). Additional configuration param-
eters defined for ToPG include: max_tokens_report (the maximum token limit available for the final re-
sponse context), passage_token_limit sets the limit for tokens used from community passages, within the
max_tokens_community_chunks available for intermediary answers. For a comprehensive description of other
baseline-specific parameters, please refer to their respective documentation.
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Algorithm 3 Greedy Budgeted Communities Extraction

Require: S: anchor nodes, B: budget limit, C: candidate communities
Lb—0,8«<0C <0 > budget used, nodes covered, communities selected

2: while S’ # Sand b < B do
[nodes(c)\\S’|
size(c)

4 C'+ C"U{c*} > Update candidates, nodes covered and budget
5 S" + 5" Unodes(c*)

6: b < b+ size(c*)
7

8

3: c* < arg max.cc > best coverage / size ratio

: end while
. return C'
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Query How does soil health influence overall farm productivity?

GraphRAG The Central Role of Soil Health in Farm Productivity
Soil health is fundamentally ...
Key Components of Healthy Soil Several key components contribute to
overall soil health. Organic matter is paramount, improving soil structure....
Agricultural Practices & Soil Health Numerous agricultural practices
directly impact soil health. No-till farming significantly improves soil
health ...
The Impact of Soil Health on Yield & Sustainability Maintaining soil
health is crucial for maximizing agricultural output...
Soil Health & Economic Viability Soil health is intrinsically linked to
agricultural economics...
In conclusion, soil health is not merely a component ...

ToPG Soil Health and Farm Productivity: A Comprehensive Report
Improving soil health is increasingly recognized as central ...
The Central Role of Organic Matter Organic matter is paramount to soil
health and fertility...
Practices for Enhancing Soil Health Several key practices contribute to
improved soil health...
Soil Biology and Nutrient Availability Healthy soil directly impacts nutri-
ent availability for plants...
Water Management and Soil Structure Soil health significantly impacts
water retention and availability...
Long-Term Sustainability and Resilience Improving soil health is not a
complex process and can lead to cost-effective ways to feed the world and
restore land...
In conclusion, prioritizing soil health is essential for maximizing farm pro-
ductivity, ensuring long-term sustainability, and building resilience.

LLM Decision: Com- Winner: Answer 2

prehensiveness Explanation: Both answers cover the core components of soil health and its
impact on farm productivity. [...] Answer 2 also acknowledges challenges
and considerations, like the adjustment period for transitioning to new prac-
tices, which adds to its completeness.

LLM Decision: Diver- Winner: Answer 2

sity Explanation: While both answers touch on various aspects of soil health,
Answer 2 demonstrates greater diversity in its perspectives. [...] Answer
2 also acknowledges the potential downsides of conventional practices,
offering a more balanced view.

LLM Decision: Em- Winner: Answer 2

powerment Explanation: Answer 2 is more empowering because it provides concrete
examples and quantifiable data that allow the reader to understand the *mag-
nitude* of the benefits associated with improved soil health. [...] It states
that soil health is important, but doesn’t provide the same level of evidence
to support that claim in a way that empowers the reader to act.

LLM Decision: Over- Winner: Answer 2

all Winner Explanation: Answer 2 is the overall winner because it excels in all three
criteria. [...] While Answer 1 provides a solid overview of the topic, Answer
2 goes further in explaining the *why* and *how* of soil health, making it a
more valuable and insightful resource for anyone seeking to understand this
critical aspect of agricultural productivity.

Table 6: Example of an evaluation of Abstract QA using LLM-as-a-judge, comparsing answers from GraphRAG
and ToPG. The model used is Gemma-3-27B.
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