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Abstract

Retrieval-Augmented Generation (RAG) has
established itself as an innovative technology
enabling Large Language Models (LLMs) to
answer difficult questions beyond their inter-
nal knowledge. Graph-based RAG, which uti-
lizes a triplet-based graph as a database, of-
fers the advantage of structuring relationships
between entities through graph connectivity,
thereby capturing connections within the cor-
pus that traditional RAG cannot express. How-
ever, this paper points out that the process of
converting a corpus into a triplet-based graph
using LLMs may be unsuitable for RAG due
to the inability to represent hierarchical in-
formation and structural rigidity. To address
this, we propose a novel database structure
called the TRA(Title-Relations-Attributes)
structure. Through experiments on Simple
QA and Multi-Hop QA benchmarks, we show
that indexing the TRA Structure as Facts pro-
vides an effective retrieval-optimized search
space. We further demonstrate strong multi-
hop reasoning performance when TRA-based
retrieval is combined with Query Decomposi-
tion (QD), while providing key insights into
multi-hop reasoning. The code is available at
https://github.com/Tiabet/TRA-RAG.

1 Introduction

Retrieval-Augmented Generation (RAG)(Gao et al.,
2023; Gupta et al., 2024) is a technique that re-
trieves relevant information from external knowl-
edge bases to ground the generation process,
thereby addressing the limitations of Large Lan-
guage Models (LLMs)(Hurst et al., 2024; Yang
et al., 2025), such as the lack of up-to-date informa-
tion and the tendency for hallucination(Zhao et al.,
2023; Minaee et al., 2024). Recently, RAG has
evolved by integrating various techniques; these ad-
vancements include generating metadata for filter-
ing and searching(Dadopoulos et al., 2025; Mishra
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The Wolf of Wall Street is a 2013 American biographical black comedy crime film ...
It recounts Belfort's perspective on his career as a stockbroker ...
Leonardo DiCaprio (who was also a producer) stars as Belfort ...

Triplet

Search Space for TRA-RAG

Corpus

“Title”: “The Wolf of Wall Street”
“Attributes”: {"description": "A 2013 American biographical black comedy crime film",
"plot summary": "It recounts Belfort's perspective on his career as a stockbroker ...",
"cast": [{"actor": "Leonardo DiCaprio",
        "role": "Jordan Belfort",
        "is_producer": true }, ...] ...}
"Relations": [ "relation": "directed by","target": "Martin Scorsese"]

Contextual Loss

Structural Rigidity

Structured Fact

(The Wolf of Wall Street, is a, 2013 American biographical black comedy crime
film)
(The Wolf of Wall Street, release year, 2013)
...
(Jordan Belfort, occupation, Stockbroker)
(Stratton Oakmont, located in, New York City)
...
(Leonardo DiCaprio, plays role, Jordan Belfort)
(Leonardo DiCaprio, stars in, The Wolf of Wall Streets)

Figure 1: Simple example TRA Structure compared
with Triplets.

et al., 2025), or decomposing a single query into
multiple sub-queries to retrieve comprehensive in-
formation(Lin et al., 2023; Jagerman et al., 2023).

Graph-based RAG(Peng et al., 2024; Han et al.,
2026) shifts the retrieval source of RAG from a text
corpus to a graph database. Instead of using pre-
built Knowledge Graphs (KGs), active research is
being conducted on using LLMs to construct KGs
directly from a large corpus(Fu et al., 2019) and
converting them into a graph database(Edge et al.,
2024; Guo et al., 2025b). The advantage of a graph
database lies in its ability to discover information
through graph connectivity that cannot be found
via semantic or keyword matching within the cor-
pus(Han et al., 2024; Zhang et al., 2025). The graph
database, with its triplet (Subject, Relation, Object)
structure, is recognized as an effective database
system(Guo et al., 2025a; Zhu et al., 2025b).

However, graph-based RAG faces a fundamen-
tal question: is a graph representation—especially
triplets—an optimal information structure for re-
trieval? For example, even a simple sentence such
as "An actor played a specific role in a movie"
may be converted into triplets like (Actor, played,
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Role) and (Actor, appeared in, Movie). In this
example, the semantic connection between the
Role and the Movie is fragmented across sepa-
rate triplets. Many graph-based RAG methods rely
on dense-embedding similarity for retrieval(Guo
et al., 2025b), yet comparatively fewer studies fo-
cus on designing an effective retrieval target (i.e.,
search space), even though it strongly influences
final RAG performance. As a result, triplet-based
graph RAG is often structurally rigid and less effec-
tive for fine-grained retrieval. These issues can also
arise in naive(Gao et al., 2023) and summarization-
based(Edge et al., 2024; Sarthi et al., 2024) ap-
proaches. When documents or chunks are used
directly as the search space, each retrieval unit
may become too coarse, making precise retrieval
difficult and introducing unnecessary noise. In
summarization-based indexing, fine-grained details
required by the query may be lost during compres-
sion.

Our hypothesis starts from this point: if the
search space is explicitly optimized for retrieval,
strong performance may be achievable even with
relatively simple methods.

Therefore, we aim to overcome the limitations
of structure-augmented RAG by reconstructing the
corpus into a new data structure: TRA Structure
(Title-Relations-Attributes), inspired by metadata
and Entity–Relationship (ER) models(Chen, 1976).
In particular, ER models motivate us to organize
attributes and relations around their central entity
rather than representing every association as an in-
dependent triplet. Because TRA is represented in a
hierarchical JSON format, it supports flexible orga-
nization and naturally captures nested information.
As a result, the generated TRA Structure can pre-
serve richer contextual information than the triplet
format.

Specifically, we propose TRA-RAG, a special-
ized RAG framework that improves retrieval by
leveraging a retrieval-optimized search space from
TRA Structure, which we refer to as Facts in this
paper. TRA-RAG consists of the following three
stages: 1) TRA Structure Construction & Indexing
on structured Facts, 2) Retrieval based on Recip-
rocal Rank Fusion (RRF), with Query Decompo-
sition (QD) applied to multi-hop queries, and 3)
Reranking subquestion retrieval results for multi-
hop question answering. For Simple QA, TRA-
RAG performs direct RRF-based retrieval without
QD or reranking.

Through extensive experiments, we demonstrate

the superiority of TRA-RAG over a set of power-
ful structure-augmented RAG methods and multi-
step retrieval techniques, achieving the best per-
formance on all reported QA metrics except F1
on LV-Eval, where it ranks second. Furthermore,
our ablation studies and analyses provide critical
insights into retrieval-structure quality and the es-
sential factors for successful multi-hop reasoning
in RAG systems.

2 Related Works

2.1 RAG with Multi-Step Retrieval

RAG alone cannot guarantee retrieval success for
questions requiring complex information from di-
verse fields, such as multi-hop questions(Mavi
et al., 2024; Singh et al., 2025). To address this,
two main alternatives have been proposed. The
first is multi-step retrieval techniques, such as Shao
et al. (2023), Press et al. (2023), and Asai et al.
(2024), which iteratively retrieve necessary infor-
mation. These methodologies demonstrate great
strength when combined with Chain-of-Thought
(Wei et al., 2022; Chen et al., 2025b). The second
is QD (Lin et al., 2023; Zhang et al., 2024), which
preemptively breaks down a multi-hop question
into single-hop questions to specify what needs to
be retrieved in advance. More recent work applies
this idea in a more efficient manner(Zhuang et al.,
2024). In contrast, we intentionally adopt a simple
decomposition strategy to focus on the impact of
the TRA Structure.

2.2 Data Structure for RAG

Initially, RAG primarily relied on simple embed-
ding vector similarity search(Karpukhin et al.,
2020) or keyword matching-based search such as
TF-IDF(Sparck Jones, 1988) and BM25(Robertson
and Zaragoza, 2009). However, these search meth-
ods had the limitation of being unable to leverage
the structural advantages of information(Sharma,
2025). To overcome this, various database struc-
tures have been proposed(Jiang et al., 2025a; Li
et al., 2024), with the triplet-based graph being the
most representative. Moving beyond methodolo-
gies(Sun et al., 2023) that search pre-built KGs
like Wikidata(Vrandečić and Krötzsch, 2014) and
Freebase(Bollacker et al., 2008), approaches have
been proposed to extract triplets directly from
the corpus to construct graphs(Bian, 2025; Edge
et al., 2024). Furthermore, to handle diverse
and complex queries such as multi-hop questions,
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“Title”: “Tucson, Arizona”
“attributes”: {
      “description”: “A city and the
county seat of Pima County,
Arizona, United States,...”

"population": {
       "2010_census": 520116,...

“location": {
       "state": "Arizona",
       "country": "United States",
       "distance_from_Phoenix": {
        "miles": 108}
...} ...
"relations": [
     {
       "relation": "part_of_CSA",
       "target": "Tucson-Nogales
combined statistical area
"
      }, ...

TRA Structure
Ttile : Tucson, Arizona

Tucson is a city and the county seat of Pima County, Arizona, ...

The 2010 United States Census put the population at 520,116, ...

The Tucson MSA forms part of the larger Tucson-Nogales
combined statistical area (CSA), ...

Description of Tucson, Arizona is ...

1

1

2

3

N

Documents

Facts
Sparse

& Dense

Main Query
How long are the council terms of the city that
shares a county with Helvetia?

Sub Query

SQ1

What city shares a county with
 [SQ1_Answer]?SQ2

How long are the council terms in 
[SQ2_Answer]?SQ3

Fact Storage

Retrieved Facts & Docs

SQ
3

SQ
2Fact Rank 1

County of Helvetia, Arizona is Pima County

Fact Rank 2
Helvetia, Arizona is located in Pima County
...
Fact Rank N
Guildhall, Vermont is located in Essex County
...
Documnet Rank 1
Helvetia, Arizona
Helvetia is a populated place in Pima County, Arizona, ...

Document Rank N
Guildhall, Vermont
Guildhall is a town in and the shire town (county seat) of
Essex County, ...
...

SQ
1

Fact Storage

Main Query Answering
Main Query : How long are the council terms of the city that shares a county with Helvetia?

MQ

Seed Passage 1
Helvetia, Arizona
Helvetia is a populated place in Pima County,
Arizona, ...

Expanded Passage 2
Tucson, Arizona
Tucson is a city and the county seat of Pima
County, Arizona, ...

Population of Tucson, Arizona is 2010 census is ...

Offline Online

Location of Tucson, Arizona is state is Arizona, country is
United States, ...a

Tucson, Arizona is part of CSA Tucson-Nogales ...

N

3

2
In which county is Helvetia located?

[SQ1_Answer]: Pima County

Seed Fact 1
County of Helvetia, Arizona is Pima County
Seed Fact 2
County seat of Tucson, Arizona is Pima County
...
Expanded Fact 3
The government structure of Tucson, Arizona is
council members term is four-year terms, ...

Prompt

FinalAnswer Top-K
Selection

&
Reranking

four
years

Figure 2: Overview of the TRA-RAG framework. TRA-RAG first reconstructs documents into TRA Structures
and indexes Facts into Fact Storage using both dense and sparse indexing. For Multi-Hop QA, an input query is
decomposed before relevant Facts and documents are retrieved using RRF-based scoring and reranked for final
answering. For Simple QA, retrieval is performed directly without QD or reranking.

numerous methodologies have been introduced,
including approaches that use LLMs for graph-
hop traversal(Chen et al., 2025a), apply cluster-
based summarization(Edge et al., 2024), and em-
ploy graph-traversal algorithms over graph struc-
tures(Zhu et al., 2025a). However, triplets inher-
ently oversimplify the structure of text, leading to
the inability to represent hierarchical information
and issues of structural rigidity(Jiang et al., 2025b;
Zhou et al., 2025). To replace this, recent studies
are exploring various structures such as Luo et al.
(2025); Sharma et al. (2025); Zhao et al. (2025);
Dong et al. (2025). Among the most effective ap-
proaches are methods that insert corpus-level in-
formation, such as passages and sentences, into
triplet-based graphs (Gutiérrez et al., 2024; Gutiér-
rez et al., 2025; Zhuang et al., 2025). Sarthi et al.
(2024) builds hierarchical tree not using triplet, but
makes summarization for retrieval. However, even
these approaches do not fully optimize the retrieval
targets themselves, as they still suffer from informa-
tion loss and structural rigidity—the core challenge
that our method is designed to address.

3 Method

3.1 TRA Structure Construction
Most graph-based RAG methods begin by using
LLMs to convert corpus information into triplets,
treating the resulting triplet set as the primary re-
trieval space and retrieving relevant information
based on query–triplet similarity.

However, this approach possesses a critical lim-
itation: not all information in a corpus can be
represented in a structure as simple as a triplet.
Triplets fundamentally express information in the
form of (Subject, Relation, Object). Consider the
scenario of structuring the following information
into triplets: "Actor A played role C in movie B.
This was his first villain role." Without specific in-
structions, an LLM would typically structure this
as (A, played, C), (A, appeared in, B), and (A,
played, first villain). In the first and third triplets,
information regarding "in which movie" the actor
performed the role is missing. This weakens the
semantic connection with the second triplet, mak-
ing it difficult to claim that the text of the corpus
has been perfectly encapsulated. Consequently,
many graph-based RAGs employ additional meth-
ods, which can introduce unnecessary noise into
query responses and adversely affect accurate an-
swer generation.

Therefore, drawing inspiration from ER mod-
els(Chen, 1976) and metadata, we propose the
TRA Structure, a new data structure optimized
for retrieval tasks that require precise information.
TRA is represented as a hierarchical JSON object
and consists of the following key components: (1)
Title, (2) Attributes, and (3) Relations.

Although it may appear similar to metadata, it
does not merely contain empirical information such
as keywords or summarization; rather, it recon-
structs the corpus itself. We draw on the key–value
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organization of metadata and the central principle
of ER models, in which an entity’s attributes and re-
lations are structured around the entity itself rather
than expressed only as separate triplets. This rep-
resentation supports nested keys and multi-valued
fields, allowing hierarchical and n-ary information
to be expressed more flexibly than fixed triplets. Ul-
timately, the flexibility to include raw or granular
text overcomes the structural rigidity and inabil-
ity to represent hierarchy typical of triplet-based
graphs.

Figure 1 illustrates the difference between
triplets and TRA. The Title represents the main
object that can represent the passage; Attributes or-
ganize the characteristics of the main object found
within the corpus; and Relations store information
when this title is related to other objects. Through
this data structure, the corpus can be reconstructed
around the main object, minimizing information
loss and ensuring an intuitive structure that is easy
for LLMs to understand.

3.2 TRA to Facts: Building optimized
retrieval space

The limitation of both naive retrieval and
summarization-based methods is that important in-
formation is either scattered across an excessively
broad search space or lost during summarization.
Because TRA can form a deeply nested hierarchi-
cal JSON structure, indexing the entire structure
at once risks losing fine-grained details, similar to
summarization, whereas over-fragmentation into
triplet-like units causes semantic loss.

To balance granularity and context, we define a
Fact as a single indexing unit by grouping the "Ti-
tle + Top-level Key + entire Value." To address the
inherent limitations of embedding models in pro-
cessing raw JSON structures (Mandlík et al., 2022),
we serialize these units into "artificial natural lan-
guage" using a template-based flattening approach
(e.g., "Key of Title is Sub-Key-1 is Sub-Value-1,
Sub-Key-2 is Sub-Value-2, ..."). We assume that
although these serialized Facts may contain gram-
matical irregularities, they remain sufficiently in-
telligible for modern embedding models to capture
their underlying semantics. For Relations, where
sub-keys are primarily verbs, we apply a simplified
"Title + Key + Value" serialization. These Facts
are then indexed using both dense embeddings and
sparse indexing. For sparse retrieval, stopword re-
moval is specifically applied to optimize BM25
performance. Through this process, we construct

a search space that is well balanced for users seek-
ing specific information, and TRA-RAG performs
retrieval over these Facts.

Examples of indexed Facts are shown in Fig-
ure 1, with additional detailed examples provided
in Appendix E.1.

3.3 QD and Sequential Answering

While most graph-based RAG systems perform
multi-hop reasoning through graph traversal or
reranking matched entities(Guo et al., 2025b; Luo
et al., 2025; Gutiérrez et al., 2025), these ap-
proaches can be suboptimal because the semantic
similarity between intermediate hops and the main
query often decreases as the number of hops in-
creases. To evaluate this issue and demonstrate
how retrieval-optimized TRA Facts are, TRA-RAG
adopts a simple multi-hop strategy: QD and Se-
quential Answering.

First, upon receiving a multi-hop query, TRA-
RAG decomposes it into single-hop queries. This
process involves not only simple decomposition but
also the extraction of dependency relations between
queries, ensuring that the main component of a
subsequent question corresponds to the answer of
the preceding question.

In the sequential answering phase, answers are
generated sequentially for each decomposed ques-
tion. Crucially, retrieval is performed at each step,
leveraging the history of previous questions and
answers as context. This process can be formally
expressed as follows: the answer ai at step i is
generated by

ai = LLM(qi | Ri,Hi−1) (1)

where qi denotes the i-th decomposed question, Ri

represents the retrieved context for that question,
and Hi−1 = {(q1, a1), . . . , (qi−1, ai−1)} signifies
the history of preceding query-answer pairs.

While establishing dependency relations risks
error propagation, we hypothesize that this is out-
weighed by the advantage of retrieving hidden in-
formation inaccessible via the main query—a hy-
pothesis validated in our experiments.

3.4 RRF and Reranking

To retrieve the indexed Facts, we employ RRF
(Rackauckas, 2024) to combine cosine similarity
from dense embeddings with BM25 scores based
on each Fact’s ranking. Given the variable length of
Facts (see detailed statistics in Table 9), the combi-
nation of dense and sparse methods provides com-
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plementary strengths. For Simple QA, TRA-RAG
directly uses the RRF retrieval results without QD
or reranking. The remaining procedure in this sec-
tion describes the Multi-Hop QA setting.

Furthermore, the RRF ranking mechanism mit-
igates information bias when selecting retrieved
context for the final answering stage. Relying
solely on raw scores from dense or BM25 retrieval
can lead to a "score domination" issue, where re-
sults from a specific sub-query (SQ) overwhelm
others due to disproportionately high absolute val-
ues, potentially causing the omission of critical
information from other SQs. RRF normalizes
these scores into ranks, ensuring a balanced in-
tegration of retrieved information across all sub-
queries. The final RRF score for a Fact f is com-
puted as Score(f) = wd · 1

k+rd(f)
+wbm · 1

k+rbm(f) ,
where rd(f) and rbm(f) denote the rank of Fact f
in dense and BM25 retrieval, respectively, and k is
a smoothing constant.

Finally, we devise a reranking-based selection
mechanism to distill the most relevant information
for the Final Answering phase. Given the nature of
QD, simply aggregating all retrieved information
from each SQ answering phase is computationally
inefficient and introduces unnecessary noise. To
address this, we define the final input set Rfinal

as a strategic union of two subsets: one capturing
global relevance and the other focusing on Sub-
Query specificity to ensure the recall of granular
details.

1) Global Relevance Selection (Fseed,Pseed):
We first aggregate all Facts across all SQs and rank
them by their RRF scores. From this list, we select
the top Fi Facts to form Fseed, along with their top
Pi unique source passages to form Pseed.

2) Sub-Query Specificity Selection (Fre,Pre):
While prior stage identifies broadly relevant facts,
this secondary stage captures context-specific evi-
dence that may only be prominent within the scope
of a single sub-query. To uncover such hidden in-
formation critical for specific reasoning steps, we
perform a secondary reranking on the remaining
candidates. For a Fact f retrieved by qsub, the
reranking score is computed as Scorere(f, qsub) =
wd · ŝd(f, qsub) + wbm · ŝbm(f, qsub), where ŝ de-
notes the Min-Max normalized value of the raw
retrieval scores. Based on Scorere, we select the
top Fj Facts (Fre) and their corresponding top Pj

source passages (Pre).
3) Integration: The final consolidated context

Dataset # Query # Docs Total Tokens

NQ 1,000 9,633 1,298,298
PopQA 1,000 8,603 1,075,152
HotpotQA 1,000 9,811 1,218,300
MuSiQue 1,000 9,838 984,691
2WikiMultiHopQA 1,000 6,119 626,320
LV-Eval 124 22,849 5,025,775

Table 1: Statistics of evaluation datasets. Token counts
are computed using the o200k_base tokenizer from
OpenAI’s tiktoken.

provided to the LLM is expressed as:

Rfinal = {Fseed ∪ Pseed} ∪ {Fre ∪ Pre} (2)

This dual-track strategy ensures that both globally
significant data and query-specific nuances are pre-
served, providing the necessary context for com-
plex multi-hop reasoning.

Figure 2 illustrates the overall process of TRA-
RAG on multi-hop questions.

4 Experiments

We designed a comprehensive set of experiments
to address the following research questions: RQ1,
how effective is TRA-RAG in retrieval and QA
across Simple and Multi-Hop QA? RQ2, are the
TRA Structure and Facts better retrieval structures
than existing alternatives? RQ3, what is the core
component that makes TRA-RAG strong? RQ4,
are QD and Multi-step Retrieval essential for multi-
hop QA?

4.1 Datasets
We evaluated TRA-RAG on six QA bench-
marks. To assess its multi-hop reasoning capabil-
ity, we selected four representative Multi-Hop QA
datasets: HotpotQA(Yang et al., 2018), 2WikiMul-
tiHopQA(Ho et al., 2020), MuSiQue(Trivedi et al.,
2022), and LV-Eval(Yuan et al., 2024). In addition,
to disentangle the effect of the TRA-based retrieval
structure from that of QD, we used two Simple QA
benchmarks, Natural Questions (NQ)(Kwiatkowski
et al., 2019) and PopQA(Mallen et al., 2023), with-
out applying QD. The dataset statistics are pre-
sented in Table 1, and additional details are pro-
vided in Appendix B.1. Statistics of the TRA Struc-
ture collected during experiments are provided in
Appendix C.

4.2 Metrics
For answer generation quality, we utilized the stan-
dard F1 score and LLM-Acc, an accuracy score
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Method
Simple QA Multi-Hop QA Avg.

NQ PopQA HotpotQA 2Wiki MuSiQue LV-Eval

F1
LLM-
Acc F1

LLM-
Acc F1

LLM-
Acc F1

LLM-
Acc F1

LLM-
Acc F1

LLM-
Acc F1

LLM-
Acc

Non-Retrieval
Pure-LLM 51.2 57.9 28.2 35.0 36.8 45.9 29.9 35.0 17.1 17.8 8.0 7.3 28.5 33.1
Oracle 68.5 70.4 57.9 64.4 75.3 85.7 60.5 66.1 52.0 56.3 - - 62.8 68.6

Naive-Retrieval
Cosine-Sim 58.7 60.1 59.7 68.1 56.2 65.1 39.3 42.7 24.5 26.2 2.9 0.8 40.2 43.8
BM25 56.9 58.6 54.7 62.9 51.5 59.6 34.0 35.8 16.8 17.5 5.0 3.2 36.5 39.6
Hybrid 59.5 61.7 60.3 69.3 56.4 66.0 37.3 40.4 20.8 21.7 2.9 0.8 39.5 43.3

Structure-augmented Retrieval
GraphRAG 39.0 42.0 39.5 48.8 60.8 72.0 43.5 47.4 24.7 27.3 14.0 12.1 36.9 41.6
LightRAG 37.0 40.0 33.5 42.8 42.1 50.8 40.4 44.3 21.7 26.5 12.4 11.3 31.2 35.9
PathRAG 43.5 46.5 39.5 48.8 52.0 62.3 41.1 46.3 24.8 31.0 14.2 12.9 35.9 41.3
HippoRAG 44.5 47.5 45.0 54.3 60.2 71.6 50.9 56.0 26.3 29.0 7.2 4.8 39.0 43.9
RAPTOR 47.0 50.0 52.0 61.3 64.2 74.1 46.6 52.3 27.8 30.9 9.3 7.3 41.1 46.0
LinearRAG 55.7 58.4 57.4 67.2 68.9 79.1 56.1 64.7 34.2 39.6 14.8 13.0 47.9 53.7
HyperGraphRAG 46.5 49.5 34.0 43.3 66.1 77.6 49.9 56.6 36.0 45.9 17.1 16.1 41.6 48.2
HippoRAG2 60.1 63.8 61.0 70.2 66.3 78.1 55.9 64.6 38.5 43.1 8.6 5.6 48.4 54.2

Multi-Step Retrieval
Iter-RetGen 59.8 62.6 59.6 67.7 57.7 67.0 38.5 42.2 22.1 23.9 2.9 0.8 40.1 44.0
Self-Ask 57.3 60.7 59.6 68.8 64.7 74.4 52.8 58.7 29.3 31.2 3.7 1.6 44.6 49.2
Self-RAG 57.1 61.5 58.4 69.3 62.6 72.1 49.2 55.3 27.5 30.6 7.8 5.6 43.8 49.1
TRA-RAG 65.7 66.6 65.1 73.4 71.2 81.8 70.7 78.2 48.8 53.4 15.1 16.1 56.1 61.6

Table 2: Main Results. Bold and underlined values indicate the best and second-best performance, respectively.
Exact ties receive the same formatting. Italicized values represent the Oracle (ideal scenario with 100% recall). For
LV-Eval, there are no gold-evidence annotations, so we could not measure its Oracle score.

Method
Simple QA Multi-Hop QA Avg.

NQ PopQA HotpotQA 2Wiki MuSiQue

Rec@5 Rec@5 Rec@5 Hit-All@5 Rec@5 Hit-All@5 Rec@5 Hit-All@5 Rec@5 Hit-All@5

Naive-Retrieval
Cosine-Sim 61.8 49.9 81.6 65.3 70.7 41.5 55.4 21.1 63.9 42.6
BM25 56.2 38.3 74.9 53.3 65.8 32.5 44.9 10.6 56.0 32.1
Hybrid 63.9 52.1 81.9 65.7 69.7 38.4 52.1 16.3 63.9 40.1

Structure-augmented Retrieval
HippoRAG 44.2 53.5 82.3 70.5 82.9 64.4 53.7 21.0 63.3 52.0
RAPTOR 68.3 49.6 85.8 72.3 77.2 61.8 55.1 24.2 67.2 52.8
LinearRAG 70.1 54.8 88.3 76.2 87.4 72.3 62.9 32.1 72.7 60.2
HippoRAG2 70.5 51.9 87.3 75.9 86.5 67.1 62.0 31.7 71.6 58.2

Multi-Step Retrieval
Iter-RetGen 67.7 51.9 84.6 71.4 71.1 41.2 54.1 19.7 65.9 44.1
Self-Ask 60.7 50.4 86.8 75.9 89.3 76.8 62.8 32.0 69.9 61.6
Self-RAG 60.3 48.9 86.3 74.2 84.7 67.1 60.6 28.8 68.2 56.7

TRA-RAG 75.4 58.5 89.8 81.6 97.5 94.5 72.2 43.5 78.7 73.2

Table 3: Main Retrieval Results. Bold and underlined values indicate the best and second-best performance,
respectively. Exact ties receive the same formatting. Methods without passage-level retrieval outputs are omitted.
Rec@5 denotes Recall@5. Reported averages are computed from unrounded scores.

derived from the LLM-as-a-judge(Li et al., 2025)
paradigm. Regarding retrieval performance, we
adopted Recall@5. Additionally, to assess whether
the system successfully retrieves all necessary sup-
porting facts for a given query, we employed the
Hit-All@5 metric. Further details on these metrics
are provided in Appendix B.3.

4.3 Baselines

To evaluate the robustness of TRA-RAG and
the impact of TRA Structure and multi-step re-
trieval, we compared baselines across four cate-
gories: (1) Non-Retrieval: We define the lower
and upper bounds using PureLLM (0% recall) and
Oracle (100% recall with gold passages). (2)
Naive Retrieval: Represents general RAG ap-
proaches. We tested three retriever types: Co-
sine similarity, BM25, and Hybrid using RRF.
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(3) Multi-step Retrieval: We employed widely
used methods, Iter-RetGen(Shao et al., 2023),
Self-Ask(Press et al., 2023), and Self-RAG(Asai
et al., 2024). (4) Structure-augmented Retrieval:
We selected promising structure-augmented RAG
methods from three groups: graph-based methods
(GraphRAG(Edge et al., 2024), LightRAG(Guo
et al., 2025b), PathRAG(Chen et al., 2025a), Hy-
perGraphRAG(Luo et al., 2025)), summarization-
based method (RAPTOR(Sarthi et al., 2024)),
and passage-enriched graph methods (Linear-
RAG(Zhuang et al., 2025), HippoRAG(Gutiérrez
et al., 2024), HippoRAG2(Gutiérrez et al., 2025)).

Additional details about baselines are provided
in Appendix B.2.

4.4 Implementation Details

The RRF setting was configured with k = 60. Af-
ter retrieving 300 Facts each from dense and BM25
retrieval, RRF was performed with weights set to
1.0 for BM25 and 1.3 for dense. From the RRF
results, we selected 3 passages and 20 facts as seed,
and during the reranking process, an additional 2
passages and 10 facts were selected. For Simple
QA, where QD is not applied, the reranking process
is omitted. For all methods, we standardized the
passage input used for final answering to five pas-
sages; structure-augmented methods additionally
retained their indexing-time structural information.
Additional implementation details are provided in
Appendix B.4, and all prompts are provided in Ap-
pendix A.

5 Results

5.1 Results on Simple and Multi-Hop QA
(RQ1)

As shown in Table 2, TRA-RAG achieved the best
performance on every reported QA metric except
F1 on LV-Eval, where it ranked second. On the Sim-
ple QA benchmarks, it outperformed the strongest
baseline, HippoRAG2, by 5.6 F1 and 2.8 LLM-
Acc points on NQ, and by 4.1 F1 and 3.2 LLM-
Acc points on PopQA. Retrieval performance also
reached peak figures across all five datasets with
retrieval annotations (Table 3).

We highlight three key findings from these re-
sults. First, TRA-RAG’s gains over the strongest
baselines are modest on HotpotQA (2.3 F1 and 2.7
LLM-Acc) but substantially larger on 2WikiMulti-
HopQA (14.6 and 13.5 points) and MuSiQue (10.3
F1 and 7.5 LLM-Acc). This suggests that the ben-

Metric Baseline TRA (Ours)

Exp 1: vs. Triplets
Completeness 4.185 4.869
Faithfulness 4.594 4.990
Structural Clarity 3.890 4.916
Atomic Granularity 4.124 4.854

Overall Average 4.198 4.907
Win Rate - 87.25%

Exp 2: vs. Hyperedge
Completeness 3.737 4.969
Faithfulness 4.350 4.997
Structural Clarity 3.683 4.961
Atomic Granularity 3.804 4.958

Overall Average 3.894 4.971
Win Rate - 98.55%

Table 4: Structural suitability comparison of the TRA
Structure against Triplets and Hyperedges.

efit of TRA-RAG becomes more pronounced on
more demanding multi-hop tasks.

Second, TRA-RAG notably outperformed the
Oracle on the 2WikiMultiHopQA dataset. Its
97.5% retrieval recall provides near-Oracle evi-
dence coverage, while the retrieved context addi-
tionally includes structured Facts derived from the
same source passages. This result suggests that
explicitly structured evidence can help the LLM
identify key reasoning hops more effectively than
raw passages alone.

Third, multi-step retrieval methods, especially
Self-Ask, demonstrated performance comparable
to or exceeding triplet-based methods and RAP-
TOR. This suggests that merely representing a cor-
pus as a graph to link entities or summarize rele-
vant information does not provide as much inherent
advantage for retrieval as previously anticipated,
unless paired with an effective reasoning frame-
work. Further analysis of this result is provided in
RQ4.

5.2 Evaluation on TRA Structure (RQ2)

To evaluate whether the TRA Structure is gen-
uinely retrieval-optimized compared with exist-
ing alternatives, we conducted an LLM-as-a-
judge comparison against Triplets and Hyper-
Edges. We evaluated all structures on four criteria—
Completeness, Faithfulness, Structural Clarity, and
Atomic Granularity—using a five-point Likert
scale, followed by overall winner selection. The
evaluation was performed on 1,000 passages from
HotpotQA, with candidate order randomized for
each comparison.

As shown in Table 4, the TRA Structure outper-
forms both Triplets and HyperEdges overall, with
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# Facts
# Passages

0 3 5 10

0 - 57.3 59.8 66.5
10 48.5 61.5 67.5 68.6
30 58.5 66.2 70.7 70.5
50 57.2 68.1 70.1 69.3

Table 5: Ablation results on 2WikiMultiHopQA (F1).
#Facts and #Passages denote the numbers used at answer
generation. Seed counts were set by the target size: for
#Facts of 10/30/50, the seed Facts were 4/10/20; for
#Passages of 3/5/10, the seed Passages were 1/2/4 (and
0 means no seed). Across repeated runs, F1 varied by
approximately ±0.1 points.

the largest gains in Structural Clarity and Atomic
Granularity. This result suggests that TRA pro-
vides a better retrieval target for similarity match-
ing by preserving key information in finer, more
coherent units. This structural advantage is also
reflected in the retrieval performance reported in
Table 3. In contrast, HyperEdges appear less ef-
fective for single-document detail representation,
likely because n-ary structures are better suited
to aggregating related information across multiple
documents. A similar trade-off is often observed in
summarization-based representations, where com-
pression can obscure query-critical details. By pre-
serving contextual cues while keeping evidence
units structurally explicit, TRA Facts provide a
stronger balance between granularity and coher-
ence for retrieval.

Additional examples of TRA Structures and
Facts are provided in Appendix E.

5.3 Ablation studies (RQ3)

We conducted ablation studies to quantify the con-
tribution of each component in TRA-RAG.

First, we varied the amount of information used
in the final answering stage. Table 5 shows per-
formance changes as the numbers of passages and
Facts are adjusted, while keeping retrieval fixed.
Performance generally improves as more evidence
is provided, but drops after a threshold (approxi-
mately near 10 passages or 50 Facts), indicating an
information-overload effect. In other words, sim-
ply increasing context does not guarantee better
reasoning once irrelevant or redundant information
starts to dominate. This highlights the importance
of selecting only the most relevant evidence for
RAG and supports the need for appropriately sized
information units and a search space aligned with
them.

Method F1 LLM-Acc Rec@5 Hit-All@5

Ours (Full) 70.7 78.2 97.5 94.5

Retriever Variants
w/ BM25 (Sparse) 69.5 77.0 95.7 90.4
w/ Cosine (Dense) 70.3 77.6 96.9 94.2

Component Ablation
w/o Reranker 69.3 76.8 96.5 92.6
w/o Prev. Context 66.2 73.6 97.1 93.9

Table 6: Ablation study on the 2WikiMultiHopQA
dataset.

Second, Table 6 reports results after modifying
key components: (1) replacing the RRF-based hy-
brid retriever with BM25-only or cosine-only re-
trieval, (2) removing reranking, and (3) exclud-
ing the previous QA history during sub-question
answering. Changing the retriever and removing
reranking caused only modest differences in ag-
gregate metrics, although reranking still improved
specific complex cases at minimal additional cost
because it requires no extra LLM calls. This makes
the reranking step a practical design choice even
when average gains are moderate. In contrast, re-
moving the previous QA history led to a clear drop
in answer quality despite similar retrieval perfor-
mance. This indicates that retrieving relevant evi-
dence alone is insufficient; context chaining across
steps is crucial for accurate multi-hop answering.

5.4 Impact of Multi-step Retrieval (RQ4)

Finally, we examine whether the performance of
TRA-RAG is driven primarily by QD or also by the
quality of its retrieval structure. For a fair compar-
ison, we combined the same QD module with se-
lected single-step retrieval methods and compared
their Base and +QD variants in Table 7.

QD improves all tested methods, confirming
its importance for multi-hop reasoning. However,
the results also show that QD alone does not ac-
count for the performance of TRA-RAG. Without
QD, TRA-RAG achieves 48.0 F1 and 51.5 LLM-
Acc, outperforming both Hybrid and LightRAG,
although remaining below HyperGraphRAG. Once
the same QD strategy is applied, TRA-RAG
reaches 70.7 F1 and 78.2 LLM-Acc, exceeding
HyperGraphRAG +QD by 12.4 and 13.3 points,
respectively. This indicates that QD and the TRA
Fact search space provide complementary benefits
rather than either component being solely responsi-
ble for the final performance.

The Simple QA results provide further evidence
for the contribution of the retrieval structure be-
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Method F1 Score LLM-Acc

Base +QD Base +QD

Single-step Baselines
Hybrid 37.3 58.7 40.4 65.3
LightRAG 40.4 48.1 44.3 55.3
HyperGraphRAG 49.9 58.3 56.6 64.9

Multi-step Baselines
Iter-RetGen 38.5 - 42.2 -
Self-Ask 52.8 - 58.7 -

Ours
TRA-RAG 48.0 70.7 51.5 78.2

Table 7: Comparing performance with and without QD
reveals consistent improvements. “Base” denotes the
original single-step method. For TRA-RAG, removing
QD also removes sequential sub-question answering
and reranking. “+QD” denotes the method augmented
with the same QD strategy. Experiments on 2WikiMul-
tiHopQA.

cause QD and reranking are not used in this setting.
As shown in Table 2, TRA-RAG still outperforms
all baselines on both NQ and PopQA. These results
support our central claim that the TRA Structure
and its Fact-based indexing provide an inherently
effective retrieval target, independent of the addi-
tional gains obtained from multi-step reasoning.

The comparison also raises questions about the
practical contribution of graph connectivity to
multi-hop reasoning. Hybrid +QD slightly outper-
forms both LightRAG +QD and HyperGraphRAG
+QD despite using no graph connectivity, while
TRA-RAG substantially surpasses them using a
retrieval-optimized structure and a simple QD strat-
egy. Although connectivity may remain useful in
some settings, these results suggest that it does not
necessarily provide a decisive advantage when the
retrieval target and reasoning procedure are well
designed. Overall, the results emphasize that TRA-
RAG’s strength arises from combining an effective
Fact search space with QD, SQ answering, and
reranking rather than relying on graph traversal or
connectivity.

5.5 Efficiency Analysis

TRA-RAG applies QD to Multi-Hop QA but not
to Simple QA. Without QD, retrieval requires no
LLM calls and relies only on similarity-based
search; therefore, the retrieval cost and efficiency
of TRA-RAG are expected to be comparable to
those of naive RAG.

Table 8 reports the retrieval time of each method
on the Simple QA benchmarks. TRA-RAG

Method NQ (s) PopQA (s)

NaiveRAG (Hybrid) 0.672 0.613
HippoRAG2 1.526 1.432
LinearRAG 0.888 1.812
Self-RAG 8.452 7.822

TRA-RAG 0.753 0.721

Table 8: Retrieval time in seconds per query on Simple
QA benchmarks, averaged over all questions in each
benchmark. Lower is better.

achieves retrieval times close to those of NaiveRAG
(Hybrid), requiring 0.753 seconds on NQ and 0.721
seconds on PopQA. In contrast, methods that rely
on additional retrieval mechanisms incur substan-
tially higher latency, including Personalized PageR-
ank in HippoRAG2 and iterative retrieval processes
in LinearRAG and Self-RAG.

These results demonstrate that the retrieval-
optimized TRA Structure and Facts provide ad-
vantages not only in effectiveness but also in ef-
ficiency, without relying on costly retrieval-time
mechanisms. More broadly, they suggest that de-
signing a strong retrieval structure can yield mean-
ingful gains in both the performance and efficiency
of RAG systems. Additional cost analysis is pro-
vided in Appendix D.2.

Failure cases are presented in Appendix E.4, and
future work on the graph adaptability of TRA is
discussed in Appendix F.

6 Conclusion

In this paper, we proposed the TRA Structure
to overcome the limitations of existing retrieval
structures, including triplets, and to enable more
structured and flexible information modeling.

TRA-RAG converts text into retrieval-optimized
Facts and executes a robust retrieval pipeline. Ex-
periments across Simple QA and Multi-Hop QA
show the broader applicability of these Facts, while
the multi-hop experiments provide practical in-
sights into effectively combining QD with RAG.

Prior studies have introduced a variety of re-
trieval structures, such as triplets, hyperedges, and
summarization-based representations, but many fo-
cus primarily on retrieval procedures while under-
emphasizing the retrieval target itself. In contrast,
this paper shows that strong performance can be
achieved with a simple retrieval process when the
underlying structure is well optimized for retrieval.
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Limitations

The limitations of paper can be summarized into
three main aspects. First, we did not perform TRA
construction on long passages. As passages be-
come longer, the appearing objects become more
diverse, making the boundaries for selecting which
object to construct as Title ambiguous. Therefore,
following prior research(Gutiérrez et al., 2025), our
experiments were conducted using datasets where
these objects are clearly defined. To apply this to a
longer passage, more sophisticated design prompts
or logical chunking methods would be required.

Second, we did not propose a method for tasks
that encompass the entire corpus through global
understanding, such as summarization. This is be-
cause the main purpose of this paper lies in multi-
hop reasoning, and achieving global understanding
would require additional methods. For instance,
techniques such as accessing information based on
the TRA title to summarize, or utilizing the TRA
field as metadata, could be employed.

Third, the datasets used are all Wikipedia-based.
In other words, while the capability in the general
domain has been sufficiently verified, its robustness
in specific domains has not been tested. However,
we expect the method to demonstrate strength in
multi-hop reasoning provided it can be executed
correctly. We will address these areas as future
work.
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A Prompts

A.1 TRA Structure Construction Prompt

metadata_construction_prompt = """
You are an expert metadata extraction engine specialized in transforming natural

language passages into fully structured JSON metadata objects.

You will be given a passage that describes one or more entities. Your task is to
extract **ALL information without ANY omission ** and convert it into a

structured metadata JSON.

### CRITICAL REQUIREMENTS - NO INFORMATION LOSS
- MANDATORY: The output MUST include EVERY SINGLE factual detail from the

passage.
- NO omissions: Every name , date , number , location , relationship , description ,

attribute MUST be captured.
- NO summarizations: Use exact quotes and full details from the original text.
- Metadata must be hierarchical , semantically precise , and fully structured JSON

.
- All relationships must be explicitly captured under a "relations" key.

### JSON SCHEMA TEMPLATE
{

"title": <string >,
"attributes": {

<attribute_name >: <value_or_nested_object >
},
"relations": [

{
"relation": <string >,
"target": <entity_name_or_object >

}
]

}

### Instruction:
- Transform the following passage into structured JSON metadata using the schema

above.
- Output **only** the final JSON object -- no explanations.
- The output **must include every factual detail **.

### Passage:
{{ input }}
"""

Figure 3: The system prompt used for TRA Structure construction. It instructs the model to extract all factual details
into a hierarchical JSON format without omission, using a provided schema.
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A.2 Query Decomposition (QD) Prompt

query_decomposition_prompt = """
You are an expert query decomposition engine. Your goal is to break down a

complex multi -hop question into a series of simple , reasoning -based sub -
questions.

### INSTRUCTION
1. Analyze the input question and identify the necessary steps to answer it.
2. Decompose the question into a dependency graph of sub -questions.
3. Use placeholders like "[SQ_ID_Answer]" to refer to the answers of previous

sub -questions.
4. Ensure the output is a VALID JSON list.

### JSON OUTPUT FORMAT
[

{
"id": "SQ1",
"question": "The first step question needed to solve the problem?",
"depends_on": [],
"reasoning": "Explain why this step is needed."

},
{

"id": "SQ2",
"question": "The next question that uses the [SQ1_Answer ]?",
"depends_on": ["SQ1"],
"reasoning": "Explain the dependency."

}
]

NOW DECOMPOSE THIS QUESTION

Question:
{{ input_question }}

Return ONLY valid JSON.
"""

Figure 4: The system prompt for QD. The model is instructed to break down a complex query into a dependency-
aware sequence of sub-questions, enabling multi-hop reasoning.
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A.3 SQ Answering Prompt

subquestion_answering_prompt = """
---Role ---
You are a multi -hop retrieval -augmented assistant.

---Goal ---
Read the provided Information passages and generate the correct answer to the

Sub -Question.

---Constraints & Format ---
- Output ONLY the answer text (max 5 words).
- Do NOT include emojis , bullet points , or extra commentary.
- If the Information does not contain the answer , respond with "Insufficient

information."

---Input Data ---
Previous Context: {{ previous_context }}
Information: {{ passages }}
Sub -Question: {{ subquestion }}

---Instruction ---
You should think step -by-step to answer the question , but output ONLY the final

answer text without any prefix.
"""

Figure 5: The prompt for Sub-Question Answering. It constrains the model to generate concise, factual answers
based solely on the retrieved passages and previous context.

A.4 Final Answering Prompt

final_answer_synthesis_prompt = """
---Role & Goal ---
You are a multi -hop retrieval -augmented assistant. Your goal is to generate the

final answer by synthesizing the Sub -Question Chain and All Retrieved
Passages.

---Critical Strategies ---
1. ** Verify **: Cross -check sub -question answers against original passages.
2. **Fill Gaps **: If a sub -question returned "Insufficient information",

aggressively re-examine passage titles and metadata.
3. ** Reasoning **: Perform arithmetic or logical inference (e.g., temporal logic)

to combine partial clues.

---Constraints ---
- Output ONLY the final answer text (max 5 words).
- If the answer is absent from both sub -answers and passages , return "

Insufficient information."

---Input Data ---
Sub -Question Chain: {{ subquestion_chain }}
All Passages: {{ passages }}
Main Query: {{ main_question }}

---Instruction ---
Think step -by-step to synthesize the information , but output ONLY the final

answer.
"""

Figure 6: The Final Answer Synthesis prompt. It instructs the model to aggregate findings from the sub-question
chain and original passages, applying reasoning to deduce the final answer even if individual steps were incomplete.
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A.5 Answer Evaluation Prompt

evaluation_prompt = """
You are an expert evaluator for QA systems. Your task is to verify if a

Predicted Answer is factually consistent with the Gold Answer.

---Input Data ---
Question: {question}
Gold Answer: {gold_answer}
Predicted Answer: {predicted_answer}

---Evaluation Criteria ---
1. CORRECT if it contains the essential information , even if worded differently.
2. CORRECT if it adds context without contradiction.
3. INCORRECT if it contradicts the gold answer or claims "Insufficient

information" when an answer exists.

---Output Format ---
Respond with ONLY a JSON object:
{

"verdict": "CORRECT" | "INCORRECT",
"confidence": "HIGH" | "MEDIUM" | "LOW",
"reason": "Brief explanation"

}
"""

Figure 7: The Evaluation Prompt used for automated scoring. It instructs the LLM to perform semantic verification
rather than exact string matching, ensuring that predictions with correct facts but different wording are judged
accurately.
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A.6 Comparison Evaluation Prompt

comparison_evaluation_prompt = """
### Role
You are an expert in Knowledge Graph construction. Evaluate and compare the

quality of two structured extractions (Candidate 1 vs. Candidate 2) derived
from the same Corpus.

### Evaluation Rubrics (Score 1-5)
1. ** Completeness **: Does the set capture all key facts , entities , and relations

?
2. ** Faithfulness **: Is the structure strictly supported by the corpus without

hallucination?
3. ** Structural Clarity **: Are entities/predicates well -defined and pronouns

resolved?
4. ** Atomic Granularity **: Is each fact irreducible and properly decomposed?

### Input Data
Original Corpus: {{ original_corpus }}
Candidate 1: {{ candidate_1 }}
Candidate 2: {{ candidate_2 }}

### Output Format (Strict JSON)
Return a single JSON object. "final_decision" must be "Candidate 1" or "

Candidate 2".
{

"scores": {
"completeness": {"candidate1": <int >, "candidate2": <int >},
"faithfulness": {"candidate1": <int >, "candidate2": <int >},
"structural_clarity": {"candidate1": <int >, "candidate2": <int >},
"atomic_granularity": {"candidate1": <int >, "candidate2": <int >}

},
"average": {"candidate1": <float >, "candidate2": <float >},
"final_decision": "Candidate 1" | "Candidate 2",
"brief_justification": {

"candidate1": "<string >",
"candidate2": "<string >"

}
}
"""

Figure 8: The Comparative Evaluation Prompt used for the ablation study. LLM acts as a judge to score the quality
of the extracted structures (Triplets/Hyperedges vs. TRA Structure) based on completeness, faithfulness, clarity, and
granularity.
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B Experimental Setup

B.1 Dataset

Following the evaluation setup of HippoRAG2, we
used six benchmarks comprising two Simple QA
datasets and four Multi-Hop QA datasets to evalu-
ate both single-hop retrieval and multi-hop reason-
ing capabilities of TRA-RAG.

• Natural Questions (NQ) (Kwiatkowski et al.,
2019): A large-scale open-domain QA bench-
mark constructed from real user queries sub-
mitted to Google Search. We use the repaired
version adopted in the HippoRAG2 evaluation
setup.

• PopQA (Mallen et al., 2023): An open-
domain QA benchmark designed to evaluate
factual knowledge across entities with vary-
ing levels of popularity. We use the canoni-
cal, deduplicated version adopted in the Hip-
poRAG2 evaluation setup.

• HotpotQA (Yang et al., 2018): The most
widely adopted benchmark serving as the
archetype for multi-hop QA, despite known
limitations regarding reasoning shortcuts.

• 2WikiMultiHopQA (Ho et al., 2020): De-
signed to mitigate the shortcut issues of Hot-
potQA, this dataset explicitly requires multi-
step reasoning over structured logical patterns.

• MuSiQue (Trivedi et al., 2022): A highly
challenging dataset that enforces connected
reasoning, where successfully retrieving evi-
dence for one hop is strictly necessary to pro-
ceed to the next.

• LV-Eval (Yuan et al., 2024): A dataset known
for its high difficulty, which minimizes knowl-
edge leakage and overfitting by replacing key
entities, thereby forcing the model to rely
solely on the provided context.

The original NQ and PopQA releases do not pro-
vide gold-passage annotations in the form required
for our retrieval evaluation. We therefore use the
gold passages constructed through preprocessing
by the HippoRAG2 authors. Because these annota-
tions are not part of the official benchmark releases,
they may contain preprocessing or matching errors,
and the corresponding retrieval results should be
interpreted with caution.

B.2 Baselines

To validate the effectiveness of the TRA Structure
and TRA-RAG, we compared our method against a
comprehensive set of baselines organized into four
groups. Unless otherwise specified, all baselines
use the publicly available default settings from their
official implementations.

Non-Retrieval We defined two settings to esti-
mate the lower and upper bounds of RAG perfor-
mance. PureLLM generates answers without ex-
ternal information (i.e., 0% recall), serving as the
lower bound. Oracle is given all gold passages
(i.e., 100% recall), serving as the upper bound. In
the Oracle setting, to match our method’s 5-passage
input, we padded with noise passages when fewer
than five gold passages were available.

Naive Retrieval We included standard single-
step retrieval methods to represent conventional
RAG approaches. To evaluate retriever effective-
ness, we tested three types: Cosine similarity with
dense embeddings, BM25 with sparse retrieval, and
a Hybrid approach. The Hybrid method uses RRF,
consistent with the retriever setting of ours. For
fairness, all naive baselines use the top-5 retrieved
documents for answer generation.

Multi-Step Retrieval We employed Iter-
RetGen (Shao et al., 2023), Self-Ask (Press et al.,
2023), and Self-RAG (Asai et al., 2024), which are
representative multi-step retrieval frameworks. The
Max-Iteration for Iter-RetGen and the Max-Hop
for Self-Ask were both fixed at 3, following prior
study (Zhuang et al., 2024), while the maximum
depth and beam width of Self-RAG were both
fixed at 2. All three methods select the top-5
passages at each step based on retrieval scores,
and their final evidence is consolidated into five
unique passages for answer generation. To isolate
the effect of the framework itself, we used RRF
as the underlying retriever for all three methods,
ensuring a fair comparison with TRA-RAG. These
baselines are used to compare whether multi-step
retrieval is more effective for multi-hop reasoning
than graph-connectivity-based retrieval.

Structure-augmented Retrieval Structure-
augmented baselines are divided into three
groups: graph-based, summarization-based,
and enriched-graph methods. The graph-based
methods are GraphRAG (Edge et al., 2024),
LightRAG (Guo et al., 2025b), PathRAG (Chen
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et al., 2025a), and HyperGraphRAG (Luo et al.,
2025). In particular, HyperGraphRAG uses
hyperedges instead of triplets, allowing us to
examine whether triplets are structurally optimal
for retrieval. GraphRAG and LightRAG were
run in local search mode, which is effective for
retrieving specific details. PathRAG was included
for its specialization in reasoning-path retrieval
within graph structures. The summarization-based
method is RAPTOR (Sarthi et al., 2024), which
helps assess whether key contextual information
is preserved or lost during summarization. The
enriched-graph methods are HippoRAG (Gutiér-
rez et al., 2024), HippoRAG2 (Gutiérrez et al.,
2025), and LinearRAG (Zhuang et al., 2025).
These methods enrich triplet-based graphs with
sentence- or passage-level information and retrieve
evidence through graph traversal. Together, these
baselines provide strong comparisons for validat-
ing that the TRA Structure is retrieval-optimized
and that a simple query-decomposition strategy
can be highly effective for multi-hop reasoning.

While structure-augmented retrieval methods
use a limited number of chunks together with
additional metadata generated during indexing
(e.g., community reports in GraphRAG and en-
tity/relation descriptions in LightRAG and Hy-
perGraphRAG), the Non-Retrieval and Naive Re-
trieval methods rely only on raw document informa-
tion. Through these comparisons, we aim to show
the importance of designing retrieval-optimized
structures.

B.3 Metric
We employed token-level F1 and LLM-Acc as an-
swer evaluation metrics for all six datasets. While
F1 evaluates word-level overlap with the gold an-
swer, LLM-Acc was adopted to capture semantic
equivalence between the generated answer and the
gold answer. For retrieval evaluation, Recall@5
indicates the extent to which the top-5 retrieved
documents contain the dataset’s supporting doc-
uments. Hit-All@5 represents the proportion of
questions for which all supporting documents were
successfully retrieved and is reported only for the
Multi-Hop QA datasets, because it is not meaning-
ful for the Simple QA setting.

B.4 Implementation Details
For fairness, all methods were configured to use
five passages for final answer generation. Structure-
augmented retrieval methods and TRA-RAG addi-

tionally use indexing-time structural information
(e.g., graph-derived metadata). Aside from this, all
settings followed the original papers and official
codebases to preserve each method’s default behav-
ior. Across all models, we standardized the answer
prompt by including the instruction: "if provided
information is insufficient, answer with Insufficient
Information," and set the temperature to 0 for all
processes. In the PureLLM setting, this instruction
was omitted, and the model answered using only
its internal parametric knowledge. Most methods
were implemented with their original configura-
tions. Accordingly, all graph-based retrieval meth-
ods except HippoRAG2 used a chunk size of 1,200
tokens with a 100-token overlap. In contrast, Hip-
poRAG2 used the same dataset-defined document
(passage) units as TRA-RAG, Non-Retrieval, and
Naive Retrieval to ensure consistent comparison.
For fairness, we used gpt-4o-mini for all genera-
tions and text-embedding-3-small for embeddings.

C Statistics of TRA

The statistics for the Facts, Attributes, and Rela-
tions derived from the TRA Structures constructed
for all six evaluation datasets are presented in Ta-
ble 9.
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Dataset General Counts TRA Facts Attributes Relations

# QA # Docs
N

Facts
U

Keys
Avg.
Tok.

Min
Tok.

Max
Tok.

N
Values

U
Keys

N
Values

U
Keys

NQ 1,000 9,633 90,299 34,244 23.72 4 404 155,296 78,519 76,687 1,042
PopQA 1,000 8,603 85,405 31,164 26.18 4 664 172,859 41,966 49,507 530
HotpotQA 1,000 9,811 107,254 30,051 20.11 5 733 158,746 60,597 81,217 538
MuSiQue 1,000 9,838 108,442 32,966 20.56 4 705 283,138 71,378 147,832 799
2Wiki 1,000 6,119 62,780 13,269 19.50 5 556 122,196 24,932 51,412 274
LVEVAL 124 22,849 229,722 73,780 28.70 4 1,326 525,126 209,430 193,167 1,624

Table 9: Detailed statistics of the TRA Structure across all datasets. We report the scale of extracted Facts, Attributes,
and Relations. N denotes the total number of items, and U denotes the number of unique items. In the TRA Facts
columns, “Avg. Tok.”, “Min Tok.”, and “Max Tok.” denote the average, minimum, and maximum token lengths
of indexed Facts, computed using the o200k_base tokenizer from OpenAI’s tiktoken. Attribute and Relation
values are counted before their integration into Facts. Together, these metrics reflect the diversity and granularity of
information captured by the TRA Structure.

D Additional Analysis

While our primary objective was to secure strong
retrieval and multi-hop reasoning capabilities, prac-
tical RAG frameworks also require large-scale ro-
bustness, cost-efficiency, serialization stability,
and low hyperparameter sensitivity. This section
examines TRA-RAG across these four aspects.

D.1 Large Scale Robustness Analysis
First, we verify the robustness of our model in a
large-scale setting. Since TRA-RAG constructs
the corpus into a retrieval-friendly TRA structure
and utilizes a retrieval mechanism similar to naive
approaches, we selected Hybrid Search as the
comparative baseline. To artificially scale up the
corpus, we collected 50,000 unique passages from
the 2WikiMultiHopQA dataset and performed TRA
indexing. For evaluation, we used the same 1,000
QA pairs as in the main results.

Experimental results shown in Table 10 indicate
that both the version with and without QD exhibited
no significant performance degradation at this scale.
In contrast, while the Hybrid baseline showed a
distinct drop in answer quality, TRA-RAG demon-
strated a much smaller decline in both retrieval
and answering performance. This confirms that the
TRA-RAG retrieval mechanism remains effective
even as the corpus size increases.

Method Original (∼6k) Large Scale (50k)

F1 Rec@5 F1 Rec@5

Hybrid Retrieval 39.3 67.8 33.7 63.8
Hybrid + QD 58.7 97.0 56.9 94.9

TRA-RAG (w/o QD) 48.0 71.2 46.6 70.7
TRA-RAG (Full) 70.7 97.5 70.3 95.9

Table 10: Robustness analysis on corpus size scaling.
We compare the performance stability when scaling the
corpus from the original size (about 6k) to a large-scale
setting (50k) in 2WikiMultiHopQA.

D.2 Cost-Efficiency Analysis

To ensure a fair assessment of construction costs,
we calculated the database indexing cost and re-
trieval process cost compared to several baselines
(Table 11).

Indexing Cost We used the default settings from
the official codebases of three graph-augmented
baselines: LightRAG, HyperGraphRAG, and Hip-
poRAG2. LightRAG and HyperGraphRAG employ
a “gleaning” process, iteratively extracting entities
and relationships. Since the output is fed back as
input for the next step, this incurs additional token
costs (α). Specifically, HyperGraphRAG performs
gleaning twice, resulting in a total cost of approx-
imately 3 × Tokens + α. HippoRAG2 requires a
two-step process (NER followed by relationship
extraction), costing 2 × Tokens + α. In contrast,
TRA-RAG completes TRA construction in a single
pass (1× Tokens), significantly reducing indexing
token costs and maintaining high efficiency.

Retrieval Cost We measured the resources re-
quired for a single retrieval session. “Time” records
only the pure retrieval latency, while “LLM Calls”
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Method Indexing Retrieval

Tokens Calls Time (s) LLM Calls

Hybrid - - 0.55 1 (QA)
LightRAG 2× Tokens + α 2× Docs 2.32 2 (Ext. + QA)
HyperGraphRAG 3× Tokens + α 3× Docs 5.30 2 (Ext. + QA)
HippoRAG2 2× Tokens + α 2× Docs 2.67 2 (Rerank + QA)

Ours (w/o QD) 1 × Tokens 1 × Docs 0.74 1 (QA)

Table 11: Efficiency Analysis. We compare indexing
costs (input tokens, API calls) and retrieval costs (re-
trieval time and LLM calls per query). ’Tokens’ refers
to the total corpus tokens, and ’Docs’ refers to the num-
ber of documents. ’Ext.’ denotes Entity Extraction.

includes the final QA step. For a fair comparison of
the retrieval mechanism itself, we recorded the cost
of TRA-RAG without QD; this setting also omits
sequential sub-question answering and reranking.
While graph-augmented baselines incur additional
LLM calls for tasks such as entity extraction or
triplet reranking during retrieval, TRA-RAG uses
dense and sparse retrieval with RRF and selects
source passages based on the resulting Fact scores,
requiring only a single LLM call for final answer
generation. It therefore remains significantly faster
than graph-based RAG approaches. We note that
the full TRA-RAG framework applies QD in the
Multi-Hop QA setting, which naturally increases
the cost during actual multi-hop QA.

Across the following sensitivity analyses, the
model, QD and sub-question-answering outputs,
final answer prompt, and top-5 passage budget are
held fixed; only the variable under evaluation is
changed.

D.3 Serialization Sensitivity

We examine whether the template used to serial-
ize TRA Facts affects retrieval and downstream
answering performance. The Natural setting uses
the natural-sentence serialization described in Sec-
tion 3.2, which is also used in the main experiments.
As shown in Table 12, retrieval is largely insensitive
to the serialization format, with Recall5 varying by
only 0.1 points across the tested settings. Key-value
achieves the highest retrieval scores, while Natural
achieves the best F1 and LLM-Acc.

Overall, TRA-RAG shows low sensitivity to Fact
serialization, with the Natural representation pro-
viding the strongest downstream answering perfor-
mance among the tested formats.

Serialization Recall@5 Hit-All@5 F1 Acc

Natural 97.7 95.0 71.0 72.9
Key-value 97.8 95.1 69.9 71.7
JSON 97.7 94.8 70.3 72.3
Triple 97.7 94.9 70.3 72.4

Table 12: Sensitivity to fact serialization on 2WikiMul-
tiHopQA.

Variable Setting Recall@5 Hit-All@5 F1 Acc

RRF k
10 97.6 94.7 71.5 73.6
60 (default) 97.7 95.0 71.0 72.9
100 97.8 95.2 70.7 72.6

Path pool
20 97.8 95.1 70.8 72.9
50 (default) 97.7 95.0 71.0 72.9
100 97.5 94.4 70.8 72.7

Final rerank
0 rerank
+ 5 seed 97.4 94.4 70.7 72.6
2 rerank
+ 3 seed 97.7 95.0 71.0 72.9
4 rerank
+ 1 seed 97.5 94.2 70.6 72.8

Table 13: Sensitivity to RRF and retrieval budget set-
tings on 2WikiMultiHopQA.

D.4 RRF and Reranking-Budget Sensitivity
We further evaluate sensitivity to the RRF constant,
SQ path-pool size, and final seed–reranked passage
allocation. The default configuration uses k = 60,
an SQ path pool of 50, and a final passage mix of
three seed passages and two reranked passages.

Table 13 shows that TRA-RAG is relatively ro-
bust to these hyperparameters, with only small
variations in retrieval and downstream QA perfor-
mance. While k = 10 achieves the highest F1 and
Acc, k = 100 slightly improves retrieval. Changes
to the SQ path pool and final reranking budget also
produce only minor differences.

Overall, TRA-RAG shows low sensitivity to the
tested RRF and reranking-budget settings.
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E Case Study
E.1 TRA Examples

Input Document

“The Goat and Her Three Kids” or “The Goat with Three Kids” (Romanian: “Capra cu trei iezi”) is an 1875 short story, fable and
fairy tale by Romanian author Ion Creangă. Figuratively illustrating for the notions of motherly love and childish disobedience, it
recounts how a family of goats is ravaged by the Big Bad Wolf, allowed inside the secured home by the oldest, most ill-behaved
and least prudent of the kids. The only one of the children to survive is the youngest and most obedient, who then helps his
mother plan her revenge on the predator, leading to a denouement in which the wolf is tricked, burned alive and stoned to death.

Output: TRA Structure
{

"title": "The Goat and Her Three Kids",
"attributes": {

"alternative_title": "The Goat with Three Kids",
"original_title": {

"language": "Romanian",
"text": "Capra cu trei iezi"

},
"publication_year": 1875,
"genre": ["short story", "fable", "fairy tale"],
"author": {

"name": "Ion Creangă",
"nationality": "Romanian"

},
"themes": ["motherly love", "childish disobedience"],
"plot_summary": {

"description": "It recounts how a family of goats is ravaged by the Big Bad Wolf , allowed inside the
↪→ secured home by the oldest , most ill -behaved and least prudent of the kids.",

"survivor": {
"child": "youngest",
"characteristics": ["most obedient"]

},
"revenge": {

"action": "helps his mother plan her revenge on the predator",
"denouement": {

"events": [
"the wolf is tricked",
"burned alive",
"stoned to death"

]
}

}
}

},
"relations": [

{
"relation": "written_by", "target": "Ion Creangă"

},
{

"relation": "illustrates", "target": ["motherly love", "childish disobedience"]
},
{

"relation": "features", "target": "Big Bad Wolf"
},
{

"relation": "includes", "target": ["family of goats", "three kids"]
}

]
}

Figure 9: Full Example of TRA Structure Construction. The unstructured input text (Top) is transformed into a com-
prehensive JSON object (Bottom). All narrative details, including the complex ‘plot_summary‘ and ‘denouement‘,
are fully preserved in the structured output.
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Output: Indexed Facts (for Retrieval)
{

"fact_count": 11,
"facts": [

{
"text": "The alternative title of The Goat and Her Three Kids is The Goat with Three Kids",
"key_path": "alternative_title",
"value": "The Goat with Three Kids",
"title": "The Goat and Her Three Kids"

},
{

"text": "The original title of The Goat and Her Three Kids is language is Romanian , text is Capra cu
↪→ trei iezi",

"key_path": "original_title",
"value": "{\" language \": \" Romanian\", \"text \": \" Capra cu trei iezi \"}",
"title": "The Goat and Her Three Kids"

},
{

"text": "The publication year of The Goat and Her Three Kids is 1875",
"key_path": "publication_year",
"value": "1875",
"title": "The Goat and Her Three Kids"

},
{

"text": "The genre of The Goat and Her Three Kids is short story , fable , and fairy tale",
"key_path": "genre",
"value": "[\" short story\", \"fable\", \" fairy tale \"]",
"title": "The Goat and Her Three Kids"

},
{

"text": "The author of The Goat and Her Three Kids is name is Ion Creangă, nationality is Romanian",
"key_path": "author",
"value": "{\" name \": \"Ion Creangă\", \" nationality \": \" Romanian \"}",
"title": "The Goat and Her Three Kids"

},
{

"text": "The themes of The Goat and Her Three Kids is motherly love and childish disobedience",
"key_path": "themes",
"value": "[\" motherly love\", \" childish disobedience \"]",
"title": "The Goat and Her Three Kids"

},
{

"text": "The plot summary of The Goat and Her Three Kids is description is It recounts how a family
↪→ of goats is ravaged by the Big Bad Wolf , allowed inside the secured home by the oldest , most
↪→ ill -behaved and least prudent of the kids., survivor is child is youngest , characteristics
↪→ is most obedient , revenge is action is helps his mother plan her revenge on the predator ,
↪→ denouement is events is the wolf is tricked , burned alive , and stoned to death",

"key_path": "plot_summary",
"value": "{\" description \": \"It recounts how a family of goats is ravaged by the Big Bad Wolf ,

↪→ allowed inside the secured home by the oldest , most ill -behaved and least prudent of the
↪→ kids.\", \" survivor \": {\" child \": \" youngest\", \" characteristics \": [\" most obedient \"]},
↪→ \" revenge \": {\" action \": \"helps his mother plan her revenge on the predator\", \"
↪→ denouement \": {\" events \": [\" the wolf is tricked\", \" burned alive\", \" stoned to death
↪→ \"]}}}",

"title": "The Goat and Her Three Kids"
},
{

"text": "The Goat and Her Three Kids is written by Ion Creangă",
"key_path": "written_by",
"value": "{\" target \": \"Ion Creangă\"}",
"title": "The Goat and Her Three Kids"

},
{

"text": "The Goat and Her Three Kids is illustrates motherly love and childish disobedience",
"key_path": "illustrates",
"value": "{\" target \": [\" motherly love\", \" childish disobedience \"]}",
"title": "The Goat and Her Three Kids"

},
{

"text": "The Goat and Her Three Kids is features Big Bad Wolf",
"key_path": "features",
"value": "{\" target \": \"Big Bad Wolf \"}",
"title": "The Goat and Her Three Kids"

},
{

"text": "The Goat and Her Three Kids is includes family of goats and three kids",
"key_path": "includes",
"value": "{\" target \": [\" family of goats\", \" three kids \"]}",
"title": "The Goat and Her Three Kids"

}
]

}

Figure 10: Example of retrieval-ready Fact indexing derived from the TRA structure in Figure 9. We show the full
set of indexed facts, including ‘text‘, ‘key_path‘, ‘value‘, and ‘title‘ fields. In TRA-RAG, the actual retrieval target
is the ‘text‘ field.
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E.2 Compact Structure Comparison Examples

Example 1: Colin Reader
1. Input Corpus

Colin Reader suggested, based on weathering evidence, that the Sphinx is older than its commonly accepted 4th dynasty date
and instead dates to the early dynastic or late predynastic period.

2. Baseline: Triplets
(Sphinx , has_date , 4th dynastic date)
(Sphinx , is_older_than , 4th dynastic date)
(Sphinx , has_date , early dynastic period)
(Sphinx , has_date , late predynastic period)

3. TRA Structure
"studies": {

"subject": "Sphinx",
"suggestion": {

"basis": "weathering evidence",
"claim": "older than its commonly accepted 4th dynasty date",
"alternative_date": "early dynastic or late predynastic period",
"related_structures": ["Sphinx", "two other buildings on the Giza Plateau"]

}
}

4. Indexed Fact
The studies of Colin Reader is subject is Sphinx , contribution is controversial debate regarding a possible

older dating of the monument , suggestion is basis is weathering evidence , claim is the Sphinx is
older than its commonly accepted 4th dynastic date , alternative date is early dynastic or late
predynastic period , related structures is Sphinx and two other buildings on the Giza Plateau

Example 2: Banco de Ponce
1. Input Corpus

It headquartered in San Juan in 1970 and, 20 years later, merged with Banco Popular, forming BancPonce Corporation.

2. Baseline: Triplets
(Banco de Ponce , headquartered_in , San Juan)
(Banco de Ponce , has_date , 1970)
(Banco de Ponce , merged_with , Banco Popular)
(Banco de Ponce , formed , BancPonce Corporation)
(Banco de Ponce , has_date , 20 years after 1970)

3. TRA Structure
"headquarters": {

"location": "San Juan , Puerto Rico",
"year": 1970

},
"merger": {

"with": "Banco Popular",
"year": 1990,
"new_entity": "BancPonce Corporation"

}

4. Indexed Facts
The headquarters of Banco de Ponce is location is San Juan , Puerto Rico , year is 1970

The merger of Banco de Ponce is with is Banco Popular , year is 1990, new entity is BancPonce Corporation

Figure 11: Compact examples comparing Triplet and TRA representations of the same source text.
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E.3 Detailed Structure Comparison Example

1. Input Corpus

Gundobad (452 – 516 AD) was King of the Burgundians (473 – 516), succeeding his father Gundioc of Burgundy. Previous to
this, he had been a Patrician of the moribund Western Roman Empire in 472 – 473, three years before its collapse, succeeding his
uncle Ricimer. He is perhaps best known today as the probable issuer of the “Lex Burgundionum” legal codes, which synthesized
Roman law with ancient Germanic customs. He was the husband of Caretene.

2. Baseline A: Triplets
[

["Gundobad", "has_date", "452 - 516 AD"],
["Gundobad", "served_as", "King of the Burgundians"],
["Gundobad", "has_date", "473 - 516"],
["Gundobad", "succeeded", "Gundioc of Burgundy"],
["Gundobad", "served_as", "Patrician of the Western Roman Empire"],
["Gundobad", "has_date", "472 - 473"],
["Gundobad", "succeeded", "Ricimer"],
["Gundobad", "issued", "Lex Burgundionum"],
["Lex Burgundionum", "synthesized", "Roman law"],
["Lex Burgundionum", "synthesized", "ancient Germanic customs"],
["Gundobad", "has_role", "husband"],
["Gundobad", "has_spouse", "Caretene"]

]

3. Baseline B: HyperEdges
[

{ "edge_id": 1,
"relation_type": "Succession",
"participants": { "actor": "Gundobad", "object": "Gundioc", "recipient": "Burgundians" },
"attributes": { "temporal": "516 AD", "spatial": "Burgundy", "modality": "succeeded" } },

{ "edge_id": 2,
"relation_type": "Patrician Appointment",
"participants": { "actor": "Gundobad", "object": "Western Roman Empire", "recipient": "Ricimer" },
"attributes": { "temporal": "472 - 473", "spatial": "Western Roman Empire", "modality": "succeeded" }

↪→ },
{ "edge_id": 3,

"relation_type": "Issuance of Legal Codes",
"participants": { "actor": "Gundobad", "object": "Lex Burgundionum", "recipient": "Burgundians" },
"attributes": { "temporal": "Unknown", "spatial": "Burgundy", "modality": "issuer" } }

]

4. TRA Structure
{

"title": "Gundobad",
"attributes": {

"full_name": "Gundobad",
"birth_year": 452,
"death_year": 516,
"reign": { "title": "King of the Burgundians", "years": "473 - 516" },
"predecessor": { "title": "King of the Burgundians", "name": "Gundioc of Burgundy" },
"previous_position": {

"title": "Patrician",
"organization": "Western Roman Empire",
"years": "472 - 473"

},
"successor": { "title": "Patrician", "name": "Ricimer" },
"notable_contribution": {

"title": "Lex Burgundionum",
"description": "Legal codes that synthesized Roman law with ancient Germanic customs"

},
"spouse": { "name": "Caretene" }

},
"relations": [

{ "relation": "succeeded", "target": "Gundioc of Burgundy" },
{ "relation": "preceded_by", "target": "Ricimer" },
{ "relation": "husband_of", "target": "Caretene" },
{ "relation": "issuer_of", "target": "Lex Burgundionum" }

]
}

Figure 12: Qualitative Comparison of extracted structures from the same corpus. We present the outputs of Baseline
A (Triplets), Baseline B (HyperEdges), and TRA Structure.
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Criteria Candidate 1 (TRA) Candidate 2 (HyperEdge)

Quantitative Scores (1-5 Scale)
Completeness 5 4
Faithfulness 5 4
Structural Clarity 5 4
Atomic Granularity 5 4
Average Score 5.0 4.0

Qualitative Justification (Generated by Judge)
Reasoning “Candidate 1 captures all key facts and relations

accurately, with clear structure and atomic facts.”
“Candidate 2 misses some details, such as Gun-
dobad’s birth and death years, and has less clarity
in its relations.”

Final Verdict WINNER: Candidate 1 (TRA)

Figure 13: Example of the LLM-based Evaluation Output. The Judge (GPT-4o-mini) assesses both extracted
structures based on four criteria. In this case, the TRA structure (Candidate 1) achieves a perfect score due to its
ability to capture atomic details like birth/death years, which the HyperEdge extraction (Candidate 2) missed or
represented less clearly.

E.4 Failure Cases
The failure cases of TRA-RAG can be summarized
into two main categories: 1) QD Failure and 2)
Failure Chain from Inappropriate TRA Con-
struction.

The first case occurs when the LLM misinter-
prets the context of the question, resulting in a QD
structure from which the correct answer cannot be
derived. This issue can be attributed less to a prob-
lem with the TRA structure and more to the fact
that TRA-RAG opted for a very traditional decom-
position method. Therefore, it can be resolved by
using a more sophisticated approach. The second
case arises when the TRA structure inadequately
represents the essential hop information required
for multi-hop reasoning, leading to a failure in re-
trieving the corresponding evidence during the re-
trieval process. This case occurs particularly often
in passages with very ambiguous content, and it
appears that it can be resolved through more so-
phisticated prompt engineering or by using a better
LLM.

We provide specific examples for each of these
two scenarios in Figure 14 and Figure 15, respec-
tively.

F Future Work: Expandability as a graph

Although we proposed TRA structure primarily as
a method utilizing a naive retrieval strategy, this
structure possesses significant potential to be ex-
tended into a graph-based representation.

We explored two potential scenarios for this ex-
pansion: 1) a configuration where only Titles serve
as nodes, with edges established based on shared

values, and 2) a configuration where both Titles
and values from Relations and Attributes serve
as nodes, with edges connecting a Title (Entity)
node to a Value node if the value belongs to the
corresponding TRA.

Such graph structures enable the application of
retrieval techniques from Graph-based RAGs, of-
fering the possibility to leverage the unique ad-
vantages of the TRA Structure while mitigating
the structural limitations of traditional triplets. We
present the visualization of these proposed struc-
tures in Figure 16.
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Complex Query:
"What is the manufacturer of the Kentucky Tavern head-
quarters location saints symbol called?"

Gold Decomposition (Reasoning Chain)
Step 1 Q: Who is the manufacturer of Kentucky Tavern?

↪→ A: Sazerac Company
Step 2 Q: What is the headquarters location of Sazerac

Company?
↪→ A: New Orleans

Step 3 Q: What is the saints symbol of New Orleans
called?
↪→ A: fleur-de-lis

Model Prediction (Failure Case)
Step 1 Q: What is the headquarters location of Ken-

tucky Tavern?
↪→ A: Insufficient Information

Error Analysis: The model missed the "manufacturer"
hop and erroneously attempted to link the product directly
to a location.

Figure 14: A failure case study in QD. The model fails
to recognize the dependency structure.

Query:
"Where is Sazerac Company’s headquarters location?"

Failure Chain: TRA Construction → Retrieval →
Missed Evidence
The target entity information was structured as follows:
{

"title": "Sazerac",
"attributes": {
"description": "A local New Orleans

variation of a cognac or whiskey cocktail",
}

}
Construction Error
During TRA construction, the key clue ("New Orleans"
as headquarters location) was stored inside a generic ‘de-
scription‘ field instead of being mapped to an explicit
‘headquarters‘-related key.
Similarity Effect
In retrieval, the query asks for a ‘headquarters‘ attribute.
Because the relevant clue is embedded in unstructured
descriptive text, the similarity score becomes low for this
query intent.
Ranking Consequence
With low similarity, this entity falls below the Top-K
cutoff and is not selected as supporting evidence.

Final Outcome
"Insufficient Information"

Figure 15: Failure Case Analysis. Structural mismatch
caused the retriever to miss the relevant passage.

(a) (b)

Figure 16: Graph visualization illustrating the extensibility of the TRA structure. (a) Nodes are represented
as individual documents, with edges created when nodes share a common value in corresponding TRA. (b) A
representation where nodes contain values, including entities. The graph layout is generated using ForceAtlas2.
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