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Abstract001

Retrieval-augmented generation (RAG) is criti-002
cal for reducing hallucinations and incorporat-003
ing external knowledge into Large Language004
Models (LLMs). However, advanced RAG005
systems face a trade-off between performance006
and efficiency. Multi-round RAG approaches007
achieve strong reasoning but incur excessive008
LLM calls and token costs, while Graph RAG009
methods suffer from computationally expensive,010
error-prone graph construction and retrieval re-011
dundancy. To address these challenges, we012
propose T2RAG, a novel framework that oper-013
ates on a simple, graph-free knowledge base of014
atomic triplets. T2RAG leverages an LLM to015
decompose questions into searchable triplets016
with placeholders, which it then iteratively re-017
solves by retrieving evidence from the triplet018
database. Empirical results show that T2RAG019
significantly outperforms state-of-the-art multi-020
round and Graph RAG methods, achieving an021
average performance gain of up to 11% across022
six datasets while reducing retrieval costs by023
up to 45%. Our code is available at https://024
anonymous.4open.science/r/T2RAG-DF75.025

1 Introduction026

Large Language Models (LLMs) have become027

central to open-domain question answering (QA)028

systems, owing to their vast stores of parametric029

knowledge and remarkable instruction-following030

capabilities (Yue, 2025; Gu et al., 2024b). How-031

ever, their effectiveness is often undermined by032

critical challenges such as catastrophic forgetting033

and hallucination, particularly when addressing034

questions that require access to evolving, real-035

world knowledge (Gu et al., 2024a; Huang et al.,036

2025; Zhong et al., 2023). Consequently, Retrieval-037

Augmented Generation (RAG) has emerged as a038

robust paradigm to mitigate these issues (Lewis039

et al., 2020; Gao et al., 2023) by retrieving relevant040

documents from an external knowledge corpus.041

However, standard RAG systems, which rank042

document chunks by query similarity (Karpukhin043

et al., 2020; Sawarkar et al., 2024; Khattab and044

Zaharia, 2020), are effective for simple questions 045

but fail on complex ones that require multi-hop 046

reasoning (Tang and Yang, 2024). This failure 047

occurs because queries often lack the necessary 048

intermediate entities to connect information across 049

different chunks (Shen et al., 2024), and important 050

details can be lost in the compression loss of long 051

chunk embeddings (Zhang et al., 2024b). 052

To address these issues, two primary research 053

directions have emerged, each with its own chal- 054

lenges. Multi-Round RAG leverages the LLM’s 055

reasoning abilities by decomposing complex ques- 056

tions into sequential sub-queries. While effective 057

at traversing multi-hop knowledge paths, it is time 058

and token-consuming, often requiring numerous 059

(3-6) LLM calls in each round (Trivedi et al., 2023; 060

Xu et al., 2025; Shen et al., 2024), and up to around 061

8 rounds in total (Trivedi et al., 2023). Additionally, 062

it also faces the challenge of compression loss. On 063

the other hand, Graph RAG (Edge et al., 2024; 064

Han et al., 2024; Peng et al., 2024) structures the 065

corpus into a knowledge graph to retrieve logically 066

connected information. However, this approach is 067

hindered by an expensive and error-prone graph 068

construction process due to entity ambiguity is- 069

sue (Hoffart et al., 2014), redundancy in retrieval 070

from high-degree nodes (Peng et al., 2024), and the 071

difficulty LLMs face when understanding the graph 072

structures (Chai et al., 2023). The challenges of 073

the above two lines of work lead to a question: 074

Can we directly use the triplets as the fundamen- 075

tal unit of RAG, thus avoid the entity’ ambiguity 076

caused by entity level and compression loss caused 077

by chunks level? 078

Motivated by this question, we propose T2RAG 079

(Triplet-driven Thinking for Retrieval-Augmented 080

Generation), a novel framework that fundamentally 081

re-architects the RAG pipeline and moves beyond 082

traditional chunk-based or graph-based retrieval 083

by operating directly on atomic knowledge triplets. 084

Unlike Graph RAG, it completely sidesteps the 085

costly, time-consuming, and error-prone process 086

of offline knowledge graph construction. Instead 087
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(a) Multi-round RAG

(b) Graph RAG

(c) Triplet-driven Thinking RAG (Ours)

Question: Which film has the director born earlier, God’s Gift To Women or Aldri Annet Enn Brak? 

I need to find the birth years of 
the directors of both films: 

Michael Curtiz for "God's Gift 
to Women" and Edith Carlmar

for "Aldri annet enn bråk....
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Figure 1: A comparison of three RAG paradigms, with their primary challenges highlighted in red. (a) Multi-round
RAG employs an iterative loop to retrieve large text chunks, but is hampered by compression loss from vector
embeddings and high token consumption during reasoning. (b) Graph RAG constructs a knowledge graph to
retrieve answers, but is vulnerable to entity ambiguity during creation and retrieval redundancy from high-degree
nodes. (c) T2RAG decomposes a query into triplets with “?” placeholders and iteratively resolves them by retrieving
evidence from a triplet database (DB) until all of them are resolved.

of building an explicit graph, T2RAG operates on088

a graph-free knowledge base of atomic proposi-089

tions, thus avoiding the high indexing costs and090

potential for retrieval errors caused by inaccurate091

graph links. Simultaneously, it tackles the exces-092

sive token consumption and latency that plagues093

Multi-round RAG systems. Rather than generat-094

ing verbose, natural language reasoning chains at095

each step, T2RAG leverages the LLM to think in a096

more structured, efficient manner. It expands com-097

plex questions into “searchable triplets” containing098

specific placeholders for unknown entities. The099

system then iteratively retrieves context to resolve100

these triplets. This design maintains a lean, struc-101

tured state transition between iterations, passing102

only compact triplets instead of verbose text. This103

triplet-centric design ensures a tight coupling be-104

tween retrieval and reasoning, retaining powerful105

multi-hop capabilities while dramatically reducing106

token overhead and enhancing performance. Our107

main contributions are as follows:108

• We introduce a novel RAG framework that di-109

rectly leverages triplets as the fundamental unit110

for indexing, retrieval, and reasoning, moving be-111

yond the limitations of chunk-based and explicit112

graph-based approaches.113

• We demonstrate that our method achieves state-114

of-the-art performance on various types of QA115

benchmarks, outperforming leading models in116

both the Multi-Round RAG and Graph RAG. 117

• We also significantly improve the efficiency. Our 118

method reduces inference time and token con- 119

sumption by up to 45% compared to other multi- 120

round methods and even achieves an efficiency 121

comparable to that of single-round approaches. 122

2 Preliminaries 123

The task of open-domain question answering 124

(ODQA) was formally introduced in the 1999 Text 125

REtrieval Conference (TREC) QA track (Voorhees 126

and Tice, 2000). Initially, it was defined as a factoid 127

QA task: Given a large corpus of unstructured doc- 128

uments, the goal was to extract a small text snippet 129

containing the correct answer to a factual question. 130

While the scope of ODQA has since expanded 131

to include summarization and open-ended (Reja 132

et al., 2003) tasks (Edge et al., 2024; Xiang et al., 133

2025), factoid QA remains a significant challenge, 134

evidenced by poor performance (below 50%) on 135

complex, multi-hop datasets like MusiQue (Trivedi 136

et al., 2023). Consequently, this paper focuses on 137

advancing the state-of-the-art in factoid QA. 138

Factoid QA Task. Assume our collection contains 139

𝐷 documents 𝑑1, 𝑑2, . . . , 𝑑𝐷 . We split each docu- 140

ment into passages of equal token length or apply- 141

ing expert split if it exists, yielding 𝑀 total chunks 142

C = {𝑐1, 𝑐2, . . . , 𝑐𝑀 }, where each chunk 𝑐𝑖 can be 143

viewed as a token sequence (𝑤 (𝑖)1 , 𝑤
(𝑖)
2 , . . . , 𝑤

(𝑖)
|𝑐𝑖 |). 144

2



Given a question 𝑞, the goal is to find a combination145

of tokens (𝑤 ( 𝑗 )𝑐𝑚 , . . . , 𝑤
( 𝑗 )
𝑐𝑚+𝑘 ) drawn from multiple146

chunks that collectively contain the information147

necessary to answer 𝑞 while minimizing irrelevant148

noise to avoid hallucination. The answer must be149

exact one entity in our setting, such as persons,150

organizations, or locations or yes/no. Typically, a151

retriever 𝑅 : (𝑞, C) → C𝐹 is a function that takes152

a question 𝑞 and the corpus C as input and re-153

turns a much smaller set of chunks C𝐹 ⊂ C, where154

|C𝐹 | = 𝑘 ≪ |C |. For a fixed 𝑘 , a retriever can be155

evaluated in isolation using top-𝑘 retrieval accuracy156

with respect to labeled golden chunks.157

Retrieval Granularity. The preceding formulation158

assumes the retrieval unit is the chunk, which is a159

common setting (Karpukhin et al., 2020). However,160

recent works especially Guo et al. (2024); Fan161

et al. (2025) argue that chunks often contain a162

mix of relevant and irrelevant details, and a finer163

granularity is needed for complex queries (Zhang164

et al., 2024b). Inspired by work in Knowledge165

Graphs (KGs) (Ji et al., 2021), the fundamental unit166

of retrieval can be refined to more atomic elements:167

• Entities (𝑒 (𝑖)1 , 𝑒
(𝑖)
2 , . . . , 𝑒

(𝑖)
|𝑐𝑖 |): Named entities168

such as persons, organizations, or locations.169

• Triplets (𝑡 (𝑖)1 , 𝑡
(𝑖)
2 , . . . , 𝑡

(𝑖)
|𝑐𝑖 |): Structured facts170

represented as a (subject,predicate,object) tuple.171

• Propositions (𝑝 (𝑖)1 , 𝑝
(𝑖)
2 , . . . , 𝑝

(𝑖)
|𝑐𝑖 |): Atomic172

statements or facts, often by converting triplets173

into natural language sentences.174

Propositions, which encapsulate a complete fact175

in a single sentence, are often considered to have176

greater semantic utility for modern embedding177

models compared to isolated entities or triplets178

(Zhang et al., 2024b). Our work explores this fine-179

grained units for improved retrieval and reasoning.180

3 Related Work181

We group recent RAG efforts intomulti-round, and182

graph-enhanced RAG, each adding more interac-183

tion or structured reasoning and paving the way for184

the fine-grained design of T2RAG.185

Multi-round RAG. Due to missing intermediate186

entities problem we mentioned in Section 1 more187

and more works follow a multi-round paradigm,188

which enables the LLMs infer the intermediate189

information thus better retrieve the final answer.190

Some works focus on the query side. Khot191

et al. (2023) decompose multi-hop questions into192

single-hop sub-queries that are solved sequentially.193

Yao et al. (2023) propose ReAct, interleaving194

chain-of-thought (CoT) (Wei et al., 2022) steps195

with search actions issued by the LLM. Similarly,196

Query2Doc (Wang et al., 2023b) expanding queries 197

into concise triplets to cut token usage while pre- 198

serving recall. Another line of works relies on 199

the generated intermediate results for next itera- 200

tion. Beam Retrieval (Zhang et al., 2024a) jointly 201

training an encoder and classifiers to keep mul- 202

tiple passage hypotheses across hops. FLARE 203

(Jiang et al., 2023) forecasts upcoming sentences 204

to decide when fresh retrieval is needed during 205

long-form generation. IRCoT (Trivedi et al., 2023) 206

and ITER-RETGEN (Shao et al., 2023), alternately 207

expanding a CoT and fetching new evidence to an- 208

swer multi-step questions. Adaptive QA (Xie et al., 209

2023) create an adaptive framework that picks the 210

simplest effective retrieval strategy according to 211

query complexity. Despite these advances, few ef- 212

forts explicitly aim to reduce token costs or number 213

of LLM calls during multi-round RAG. Previous 214

methods expand query or generates CoT with long 215

sentences in each round. In contrast, our work 216

minimizes token consumption by formulating query 217

expansions as triplets and simplifying reasoning 218

steps as triplets resolving. 219

Graph RAG. A significant line of research ap- 220

proaches ODQA by structuring knowledge into 221

graphs, subsequently adopting methods from 222

Knowledge Graph QA (KGQA) (Ma et al., 2025). 223

Early KGQA methods primarily focused on decom- 224

posing queries or performing multi-round, LLM- 225

evaluated traversals starting from seed nodes (Luo 226

et al., 2024; Sun et al., 2024; Cheng et al., 2024; 227

Mavromatis and Karypis, 2022). Other works 228

rely on training specialized retrievers (Li et al., 229

2025), GNN models (Mavromatis and Karypis, 230

2024), or LLMs (Tian et al., 2024) to achieve 231

accurate retrieval. However, ODQA is distinct 232

from KGQA in two key aspects: 1) it is funda- 233

mentally grounded in unstructured text, and 2) it 234

prioritizes final answering accuracy over pure re- 235

trieval precision, as it allows to use knowledge 236

inherent in the LLM. Semi-Structured CoT ad- 237

dresses ODQA by combining IRCoT and KGQA 238

methods to generate reasoning chains that feature 239

a single, fixed placeholder resolved by KG tech- 240

niques (Su et al., 2024). The application of this 241

paradigm to general ODQA was popularized by 242

systems named GraphRAG (Edge et al., 2024) that 243

construct a knowledge graph entirely with LLMs 244

and use community detection for hierarchical sum- 245

marization and retrieval. Subsequent work has 246

aimed to make this process more efficient. For 247

instance, LightRAG (Guo et al., 2024) introduces a 248

dual-level retrieval system combining graph struc- 249
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tures with vector search to improve knowledge dis-250

covery. Targeting resource-constrained scenarios,251

MiniRAG (Fan et al., 2025) builds a heterogeneous252

graph of text chunks and named entities, enabling253

lightweight retrieval suitable for Small Language254

Models. To tackle the common challenge of en-255

tity merging, HippoRAG (Gutiérrez et al., 2025a)256

and HippoRAG2 (Gutiérrez et al., 2025b) create257

synonym links between similar entity nodes and258

employs a PageRank (Haveliwala, 1999) algorithm259

for final node selection. Despite these advances, a260

central challenge for Graph RAG remains the costly261

and error-prone nature of graph construction from262

unstructured text.263

Our method, T2RAG, skips the costly and error-264

prone graph construction required by Graph RAG265

while retains the multi-hop reasoning power by266

Multi-round RAG. It also dramatically reduces to-267

ken overhead by constraining both query expansion268

and intermediate generation. Besides, some works269

in ODQA such as GEAR (Shen et al., 2024) also270

employ a triplet search component. These methods271

typically rely on neighbor expansion, which in-272

volves retrieving all other triplets that share a head273

or tail entity. A key drawback of this approach is274

that accurately identifying and linking the same275

entity across different contexts is often inaccurate276

and computationally expensive.277

4 Methodology278

4.1 Overview279

Our proposed method, T2RAG (Triplet-driven280

Thinking RAG), is a novel paradigm for resolving281

complex, multi-hop, factoid QA tasks. Unlike con-282

ventional RAG systems that operate on coarser doc-283

ument chunks or complex graph structures, T2RAG284

is designed to operate directly on atomic knowl-285

edge propositions derived from triplets, fostering286

an intrinsic alignment between knowledge repre-287

sentation and LLM reasoning. This framework288

operates in two stages: an offline indexing focused289

on systematic knowledge distillation, and an on-290

line retrieval characterized by iterative, adaptive291

triplet resolution. This principled design ensures292

both fine-grained retrieval for accuracy and a lean,293

efficient reasoning process.294

4.2 Offline Indexing: Constructing a295

Graph-Free Knowledge Base296

The goal of the offline stage is to transform a raw text297

corpus C into a efficiently searchable knowledge298

base of atomic propositions. The motivation for299

adopting proposition level granularity is two fold:300

1) Compared to the entity level, each proposition301

encodes an entire, unambiguous fact. 2) Compared 302

to the chunk level, it also avoids the compression 303

loss hindering the retrieval of details. 304

Canonical Triplet Generation. For each docu- 305

ment chunk 𝑐𝑖 ∈ C, we employ an information 306

extraction model, 𝐿𝐿𝑀𝐼𝐸 (·), to identify key facts. 307

This model performs Open Information Extraction 308

(OpenIE) (Martinez-Rodriguez et al., 2018) to ex- 309

tract a set of knowledge triplets T𝑖 = {𝑡 (𝑖)1 , 𝑡
(𝑖)
2 , . . . }. 310

Each triplet 𝑡 (𝑖)
𝑗

is formalized as a canonical knowl- 311

edge triplet (𝑠𝑢𝑏 𝑗𝑒𝑐𝑡, 𝑝𝑟𝑒𝑑𝑖𝑐𝑎𝑡𝑒, 𝑜𝑏 𝑗𝑒𝑐𝑡) that rep- 312

resents a single factual statement. All extracted 313

triplets are then aggregated into a global set for the 314

entire corpus T𝑡𝑜𝑡𝑎𝑙 =
⋃𝑀

𝑖=1 T𝑖 , where𝑀 is the total 315

number of extracted triplets. To demonstrate the 316

power of using triplets as a foundational unit, we 317

employ an off-the-shelf triplet generation method. 318

While developing a more accurate and comprehen- 319

sive extraction technique is outside the scope of 320

this work, we provide a detailed error analysis of 321

the method used in the Appendix B.8 322

Triplet Embedding. To render these canonical 323

triplets semantically actionable for dense retrieval, 324

we are inspired by verbalization techniques (Oguz 325

et al., 2020; Baek et al., 2023) to convert each 326

triplet 𝑡 ∈ T𝑡𝑜𝑡𝑎𝑙 into a natural language sentence, 327

termed a proposition 𝑝, simply by concatenating 328

its components (e.g., “subject predicate object”). 329

This seemingly straightforward verbalization is a 330

deliberate design choice: it maximizes the semantic 331

utility for embedding models, facilitating effective 332

and contextually rich retrieval compared to isolated 333

entities. 334

Triplet Vector DB Construction. The resulting 335

flat list of propositions P𝑡𝑜𝑡𝑎𝑙 = {𝑝1, 𝑝2, . . . , 𝑝𝑀 } 336

is then encoded into dense vector representations 337

using a high-performance embedding model 𝐸 (·). 338

For efficient real-time access, these vectors can 339

be subsequently indexed using a highly optimized 340

vector search library (FAISS) (Douze et al., 2024), 341

creating an index I that enables rapid similarity 342

search across all propositions in the corpus. This 343

vector DB is still called Triplet Vector DB as it 344

keeps original text of triplets. We also save the 345

mapping from those propositions to their source 346

chunks because the original text is proved necessary 347

in most of Graph RAG works (Guo et al., 2024; 348

Fan et al., 2025). This pre-computation creates 349

a fine-grained, semantically enriched knowledge 350

index without the overhead of explicit graph 351

structures. 352

The constructed proposition index, while of- 353

fering significant advantages in terms of cost and 354
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Figure 2: Online retrieval stage.

construction fidelity, introduces a critical challenge:355

how to effectively navigate complex, multi-hop ques-356

tions that typically rely on graph traversals? In the357

subsequent subsection, we introduce our novel on-358

line retrieval stage, where the LLM’s triplet-driven359

thinking and adaptive iterative resolution strategi-360

cally compensate for the graph traversals and the361

path-based reasoning.362

4.3 Online Retrieval: Iterative Triplets363

Resolution364

The online retrieval stage is an iterative process that365

dynamically builds the context containing both the366

triplets and chunks needed to answer user queries.367

The overall retrieval process is shown in Figure 2.368

Step 1: Structured Query Decomposition. Given369

an initial query 𝑞, we first use an LLM to perform a370

structured decomposition where the LLM identifies371

the specific, atomic knowledge Triplets (denoted372

as T𝑞) that must be answered to address the overall373

query. Critically, these derived triplets contain374

explicit placeholders (‘?’) for unknown entities.375

Based on the precise number of these placeholders,376

we categorize these initial triplets into three types:377

• Resolved Triplets (Tresolved): Triplets with zero378

placeholders, representing fully known facts that379

require no further search.380

• Searchable Triplets (Tsearchable): Triplets with381

exactly one placeholder. This specificity, with382

two known elements, facilitates focused and ac-383

curate searches.384

• Fuzzy Triplets (Tfuzzy): Triplets with two or385

more placeholders. These are inherently too am-386

biguous for search with the at most one element.387

It requires resolution in subsequent iterations to388

upgrade to searchable or resolved.389

This explicit categorization ensures that later re-390

trieval efforts are always focused and efficient.391

Step 2: Multi-Round Triplet Resolution with392

Triplet Retrieval. In this step, we will resolve393

the query triplets, i.e., try to eliminate all "?"394

placeholders step by step by RAG. Considering 395

different complexity of queries and their triplets, 396

we adopt an adaptive retrieval strategy instead of 397

a fixed top-𝑘 . We also observed most of multi- 398

hop questions cannot be specifically retrieved by 399

the query itself as illustrated in Figure 1, which 400

necessitate the multi-round paradigm. 401

Step 2.1: Triplet-Based Adaptive Retrieval. 402

The current set of searchable triplets T (𝑙)searchable are 403

first converted into query propositions by simply 404

concatenating the elements without the placeholder. 405

These propositions are then embedded, using the 406

same embedding model 𝐸 (·) in the indexing stage, 407

and used to query the proposition index I. Unlike 408

prior methods that retrieve a fixed top-𝑘 of proposi- 409

tions or triplets (Baek et al., 2023; Guo et al., 2024), 410

our retrieval process is critically adaptive in two 411

synergistic ways to ensure both relevance and infor- 412

mational diversity: First, our method retrieves with 413

the triplets while constrain the process by chunks. 414

More specifically, the retrieval dynamically contin- 415

ues until context from 𝑘 unique source chunks of 416

triplets has been retrieved. Second, we aggregate 417

retrieval candidates from all query propositions into 418

a unified pool, ranking them globally by similarity 419

scores, rather than allocating separate budgets to 420

each proposition. These adaptive strategies ensure 421

robustness to varying query complexity, allowing 422

difficult questions to naturally draw from a wider 423

range of propositions. Finally, the retrieval process 424

returns the set of retrieved propositions P (𝑙)retrieved 425

and their corresponding chunks C (𝑙)retrieved. The ne- 426

cessity of reading original chunks to complete de- 427

tails missing from triplets is widely acknowledged 428

in the field (Fan et al., 2025; Guo et al., 2024). 429

Step 2.2: Resolving Triplets with Retrieved 430

Context. This step leverages the retrieved content 431

to advance the query’s resolution. We prompt the 432

LLM to populate the placeholders within these 433

triplets using the provided context. The retrieved 434

propositions (P (𝑙)retrieved) and and their source chunks 435

(C (𝑙)retrieved) serve as context for an LLM call. This is 436

designed to either upgrade a searchable triplet to a 437

fully resolved one by filling in its single placeholder, 438

or to transform a fuzzy triplet into a searchable or 439

directly to a resolved one by filling in one or more of 440

its multiple placeholders. This resolution process 441

reduces the ambiguity of existing triplets and makes 442

it suitable for subsequent targeted retrieval. The 443

process is shown in Figure 2 and a detailed example 444

is in Appendix E. 445

Step 2.3: State Update. Following the triplet 446

resolution step, the system updates its internal 447
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state for the subsequent iteration. The collection448

of resolved triplets is monotonically augmented449

with any facts verified in the current round. Cru-450

cially, to maintain a focused retrieval scope, the451

system targets only the newly searchable triplets452

for the next iteration, rather than re-scanning pre-453

vious queries. Simultaneously, the queue of fuzzy454

triplets is updated by pruning any items that were455

either successfully resolved or promoted to a search-456

able state in the current round. In cases where no457

searchable triplets are identified, the system em-458

ploys a fallback mechanism to ensure robustness.459

It utilizes the embedding of the current natural460

language query to perform dense retrieval directly461

against the triplet vector database.462

This highly structured transition is central to our463

method’s efficiency. By passing compact triplets464

between iterations—rather than the verbose Chain-465

of-Thought reasoning used by approaches like IR-466

CoT—we dramatically reduce token overhead. Fur-467

thermore, this design creates a powerful synergy:468

the LLM generates reasoning gaps in the same469

format (triplets) as the retrieval index, ensuring470

strong semantic alignment between the resolution471

and retrieval stages.472

Step 2.4: Termination and Final Answer Syn-473

thesis. The iterative loop continues until one of474

three conditions is met: (1) the queues for both475

searchable and fuzzy triplets are empty, indicat-476

ing the reasoning chain is complete; (2) no newly477

searchable triplets are generated and no remaining478

fuzzy triplets, triggering an early stop; or (3) a479

pre-defined maximum number of iterations (𝑁) is480

reached. Upon termination, the system aggregates481

the verified facts to generate the final answer via482

one of two pathways: (a) Successful Completion:483

If the loop terminates naturally because all triplets484

were resolved, the LLM generates the answer con-485

ditioned on the original query and the set of fully486

resolved triplets. (b) Forced Termination (Early487

Stop or Max Limit): If the process halts due to the488

iteration limit or a failure to generate new search-489

able triplets, the system constructs the best possible490

context by combining all accumulated triplets (both491

resolved and remaining searchable ones).492

By grounding the final generation primarily in493

verified, structured data rather than raw retrieved494

text chunks, this method minimizes token consump-495

tion and reduces the risk of hallucination.496

5 Experiments497

5.1 Datasets498
To ensure a comprehensive evaluation, we select499

representative datasets for three distinct Open-500

Domain Question Answering (ODQA) categories: 501

Simple QA, Multi-hop QA, and Domain-specific 502

QA. For the first two categories, we follow the 503

experimental setup from HippoRAG2 (Gutiérrez 504

et al., 2025b). We use PopQA (Mallen et al., 505

2023) for simple questions. For multi-hop ques- 506

tions, we use 2Wiki-MultihopQA (2Wiki) (Ho 507

et al., 2020), MuSiQue (Trivedi et al., 2022), 508

and HotpotQA (Yang et al., 2018). For each 509

of these datasets, we use the same sample of 510

1,000 questions as the prior work (Gutiérrez et al., 511

2025b). For domain-specific evaluation, we adapt 512

two datasets from the GraphRAG-Bench (Xiang 513

et al., 2025). We isolate the factoid questions from 514

the two datasets, Story and Medical, and use an 515

LLM to shorten the ground-truth answers, enabling 516

more precise evaluation. Detailed statistics for all 517

datasets are provided in Table 3. 518

5.2 Baselines and Implementation Details 519

To evaluate our approach, we select three strong 520

baselines representing state-of-the-art methods 521

across major RAG categories. For Graph RAG, 522

we choose HippoRAG2 (Gutiérrez et al., 2025b) 523

for its recognized efficiency and effectiveness. For 524

summarization-based RAG, we use Raptor (Sarthi 525

et al., 2024), a pioneering method that outper- 526

forms most Graph RAG approaches in recent bench- 527

marks (Zhou et al., 2025). Lastly, for Multi-Round 528

RAG, we include the prominent IRCoT (Trivedi 529

et al., 2023) method. NOR is the non-retrieval 530

method that directly answers the question. Stan- 531

dard RAG retrieves chunks with an embedding 532

model and uses them to generate an answer. 533

To ensure a fair comparison, all methods are 534

configured with the same foundational models: 535

NV-Embed-v2 (Lee et al., 2024) for embeddings 536

and either Gemini-2.5-flash or GPT-4o-mini as the 537

LLM for all offline indexing and online retrieval 538

stages. For datasets lacking expert annotations, 539

we employ a standard chunking strategy of 1200 540

tokens with a 100-token overlap. For the top-𝑘 541

of chunk retrieval, we set 𝑘 = 5 for all methods. 542

For the multi-round methods (T2RAG and IRCoT), 543

we set a maximum of 𝑁 = 3 iterations and keeps 544

the 𝑘 = 5 in each iteration. Following standard 545

practices (Trivedi et al., 2023), we evaluate end-to- 546

end QA performance using Exact Match (EM) and 547

F1 scores. We focus specifically on these end-to- 548

end QA metrics, as retrieval performance is difficult 549

to compare directly when the number of retrieved 550

passages is adaptive. Except for the performance 551

comparisons, all results presented in the subsequent 552

sections are obtained using GPT-4o-mini. Details 553
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are available in Appendix B.554

5.3 Results555

We unfold our analysis of experimental results by556

answering Research Questions (RQ) below.557

RQ1: How does T2RAG perform against base-558

lines? As shown Table 1, T2RAG achieves state-559

of-the-art performance, stems from several key560

advantages. First, our method achieves state-of-561

the-art overall performance, leading in both average562

EM and F1 scores across the two LLM backbones,563

except for the second place in F1 by GPT-4o-mini.564

Notably, its advantage in EM is particularly pro-565

nounced, a strength we attribute to the precision of566

our triplet-based retrieval, which excels at identify-567

ing the exact entities required for factoid QA. This568

adaptability is further demonstrated by its consis-569

tently strong results on domain-specific datasets,570

underscoring the universality of the underlying rea-571

soning framework. Second, its superiority is most572

pronounced on Multi-hop QA datasets like 2Wiki.573

It not only surpasses all single-round baselines574

by a large margin but also outperforms the multi-575

round baseline, IRCoT, by over 7.7% and 5.4%576

in EM with Gemini-2.5-flash and GPT-4o-mini,577

respectively. This highlights the effectiveness of578

its triplet-driven mechanism for complex reason-579

ing. Finally, the method demonstrates a powerful580

synergy with reasoning LLMs. Its performance581

is significantly higher when paired with Gemini-582

2.5-flash compared to GPT-4o-mini. As shown in583

Figure 8, we extend the experiments on 2 reasoning584

LLMs (Gemini-2.5-flash and Gemini-2.5-pro) and585

2 non-reasoning LLMs (GPT-4o-mini and Qwen3-586

Next-Instruct (Yang et al., 2025)). We compare the587

averaged EM and F1 score on PopQA dataset. The588

results suggest that our method can uniquely lever-589

age the advanced reasoning capabilities of such590

models through its step-by-step guidance. Con-591

versely, certain methods such as HippoRAG2 ex-592

hibit a decrease in performance when employing593

reasoning LLMs. We hypothesize this occurs be-594

cause relegating the LLM to a simple filtering task595

does not fully harness its reasoning capabilities.596

Results on more datasets are in Appendix B.3.597

RQ2: What is the impact of the triplet resolu-598

tion module? To validate the effectiveness of our599

core "triplet-driven thinking" design, we analyze600

the final performance based on whether a query’s601

underlying triplets are fully resolved. Figure 4 re-602

veals a significant performance delta between these603

two outcomes. Across all three datasets, there604

is a strong correlation between successful triplet605

resolution and high performance. For instance,606
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Figure 5: Ablation results
PopQA 2Wiki MuSiQue

Method EM F1 EM F1 EM F1
T2RAG 56.0 63.0 66.0 74.0 33.0 45.0

- single round 54.8 60.5 51.0 59.0 15.0 24.0
↓2.1% ↓4.0% ↓22.7% ↓20.3% ↓54.5% ↓46.7%

- w/o chunk 41.1 44.7 62.0 68.0 21.6 29.9
↓26.6% ↓29.0% ↓6.1% ↓8.1% ↓34.5% ↓33.6%

on the 2Wiki dataset, the F1 score for unresolved 607

questions drops to 53% from 76%, with a similar 608

sharp decline observed in EM scores. This result 609

confirms that resolving all triplets is the key to 610

success. We also use LLM to do an error anal- 611

ysis of the incorrect answer. Results shows the 612

missing retrieval leads the reason of error and the 613

hallucination is as low as 2%. The details are in 614

Appendix B.9. 615

RQ3: Which components of T2RAG are impor- 616

tant? We conducted an ablation study to quantify 617

the contribution of its two key components. The re- 618

sults in Table 5 reveal that both the iterative process 619

and the use of chunks are important. The iterative 620

reasoning module proves to be a critical component. 621

Removing it (- single round) causes a significant 622

performance degradation, particularly on multi-hop 623

QA. For instance, F1 score on MuSiQue drops by 624

a remarkable 54.5%. This demonstrates that the 625

multi-round retrieval and resolution is essential 626

for decomposing and solving complex problems. 627

Similarly, removing the raw chunk text during the 628

iteration, i.e, (- w/o chunk), is also substantially 629

harms performance, confirming that the raw text 630

complement missing details of triplets. This obser- 631

vation is aligned with Fan et al. (2025). 632

RQ4: How does T2RAG compare in terms of 633

computational efficiency? This analysis com- 634

pares the computational cost of T2RAG with base- 635

lines during both the one-time offline indexing and 636

online retrieval phases. To better visualize the 637

online costs, the token and time values for the re- 638

trieval stage in Figure 6 are aggregated over 1,000 639

queries, assuming they are processed sequentially. 640

Figure 6 illustrates a strategic trade-off. During 641

indexing stage, T2RAG’s token consumption ap- 642

pears high because it processes the entire corpus 643

into triplets. However, this processing is merely 644
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Table 1: Main performance comparison on various types of QA datasets, showing Exact Match / F1 scores ×100.
The best result in each column is in bold, and the second best is underlined. Bootstrap testing is used to assess
significance with 5,000 times repeat. The dagger symbol (†) indicates that our method significantly outperforms the
best baseline (IRCoT under Gemini-2.5-flash and HippoRAG2 under GPT-4o-mini) with a p-value less than 0.05.

Simple QA Multi-Hop QA Domain-Specific QA Average
Method PopQA 2Wiki MuSiQue HotpotQA Story Medical EM F1

Gemini-2.5-flash
NOR 32.4 / 35.7 48.1 / 55.6 16.3 / 26.5 40.5 / 52.3 10.3 / 17.1 23.1 / 46.0 28.4 38.9
BM25 50.2 / 55.6 28.2 / 30.7 7.9 / 10.7 40.8 / 49.3 26.2 / 35.3 22.2 / 37.8 29.3 36.6
Standard 51.8 / 59.5 33.1 / 39.0 28.1 / 36.2 52.1 / 63.1 31.0 / 42.2 19.4 / 41.5 35.9 46.9
HippoRAG2 52.1 / 60.1 44.3 / 51.2 29.1 / 38.3 52.1 / 64.1 33.1 / 44.1 27.8 / 58.2 39.8 52.7
RAPTOR 52.3 / 56.8 36.3 / 41.1 31.8 / 39.7 60.9 / 72.7 46.2 / 59.0 34.2 / 58.1 43.6 54.6
IRCoT 51.2 / 58.7 61.6 / 71.7 39.7 / 49.8 61.2 / 77.3 40.3 / 57.3 26.1 / 56.1 46.7 61.8

T2RAG 56.6† / 62.4† 69.3† / 77.5† 39.1 / 49.1 62.3 / 73.2 46.7† / 59.5† 36.0† / 61.4† 51.7 63.9
GPT-4o-mini

NOR 28.7 / 31.4 28.0 / 34.1 10.2 / 20.3 28.8 / 38.6 11.5 / 18.9 19.3 / 44.2 21.1 31.3
BM25 47.6 / 54.8 42.9 / 48.2 15.3 / 21.1 47.2 / 57.6 29.0 / 38.5 25.9 / 43.6 34.7 44.0
Standard 51.9 / 60.0 53.1 / 60.2 31.2 / 44.3 58.0 / 71.1 27.3 / 60.1 27.0 / 59.9 41.4 59.3
HippoRAG2 52.2 / 60.2 59.6 / 69.3 34.1 / 48.1 58.1 / 71.1 41.2 / 58.3 28.1 / 59.4 45.6 61.1
RAPTOR 54.6 / 60.1 38.2 / 49.0 28.6 / 40.8 57.9 / 71.4 44.8 / 59.6 36.7 / 63.7 43.5 57.4
IRCoT 45.3 / 54.7 60.7 / 74.3 34.1 / 47.6 55.7 / 71.2 36.1 / 51.8 25.1 / 52.9 42.8 58.8

T2RAG 55.8† / 63.2† 66.7† / 74.4† 34.3 / 45.6 54.2 / 67.3 38.7 / 50.1 33.5† / 60.4 47.2 60.2
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the first step for many advanced Graph RAG meth-645

ods (Edge et al., 2024; Guo et al., 2024; Fan et al.,646

2025). Their subsequent graph construction steps647

are far more costly. For example, LightRAG and648

GraphRAG require around 6× and 10× the token649

consumption of the initial triplet extraction phase,650

respectively (Gutiérrez et al., 2025b). T2RAG’s in-651

dexing overhead remains highly competitive within652

this category. At the retrieval stage, T2RAG is653

remarkably more efficient in both tokens and la-654

tency than the multi-round baseline, IRCoT. More655

notably, its efficiency is even comparable to single-656

round methods. This is because HippoRAG2 also657

invokes multiple LLM calls for filtering, while658

Raptor retrieves longer summaries than chunks.659

T2RAG’s efficiency stems from its design, which660

focuses on targeted search for triplets rather than661

processing large, noisy text chunks. In summary,662

T2RAG achieves an acceptable indexing cost to663

deliver a highly efficient online system.664

RQ5: How does performance scale with the665

amount of retrieved context? To investigate how666

T2RAG’s performance scales with context size,667

we compare it against other multi-round methods668

while varying the number of retrieved documents669

(top-𝑘). Traditional RAG methods often rely on670

retrieving more context to find the correct answer, 671

which can be inefficient. The trend in Figure 7 672

shows T2RAG’s performance is consistently high 673

and robust to the value of top-𝑘 . It achieves the 674

plateau (0.7) faster than other methods. In contrast, 675

baselines like IRCoT and HippoRAG2 exhibit a 676

strong dependence on a larger context window. This 677

observation demonstrates its effectiveness does not 678

rely on scaling up the volume of retrieved text but 679

a more precise and specific triplet-based retrieval. 680

6 Conclusion 681

In this work, we proposed the Triplet-driven Think- 682

ing RAG (T2RAG), a novel framework that embeds 683

reasoning directly into the retrieval process. By 684

decomposing complex queries into atomic triplets 685

and resolving them step-by-step against a triplet 686

knowledge base, our method consistently outper- 687

forms more complexly designed RAG systems. Our 688

extensive experiments demonstrate that T2RAG es- 689

tablishes a new state-of-the-art in factoid QA tasks, 690

particularly on challenging multi-hop QA. This su- 691

perior performance is achieved with remarkable on- 692

line efficiency; the retrieval stage has significantly 693

lower time and token consumption compared to 694

other multi-round methods and maintains a com- 695

parable overhead to even single-round approaches. 696

Furthermore, our results reveal a powerful synergy 697

between T2RAG’s structured thinking process and 698

the capabilities of advanced reasoning LLMs, high- 699

lighting a new path to unlock their full potential in 700

this area. Looking forward, T2RAG paves the way 701

for more accurate and efficient RAG systems by 702

shifting the paradigm from retrieving and generat- 703

ing unstructured contexts towards a more deliberate, 704

reasoning-driven synthesis of atomic facts. 705
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7 Limitations706

Although our method achieves state-of-the-art per-707

formance with a simple design, it is not without708

limitations. Experimentally, we limited our multi-709

round methods to 3 iterations to match the com-710

plexity of the datasets and ensure a fair efficiency711

comparison; we also did not have the resources to712

test on other embedding models especially LLM-713

based ones, re-rankers or large external knowledge714

graphs (e.g., Wikipedia KG (Hertling and Paul-715

heim, 2018)). Our evaluation is also limited to716

the black-box and end-to-end one which may lack717

explanability without the recall score of chunks.718

Methodologically, our approach is highly depen-719

dent on the quality of the triplet extraction. While720

higher-quality sources can be used, simple triplets721

may not adequately represent complex knowledge722

like many-to-many relationships, a challenge that723

could be addressed with hypergraph modeling (Luo724

et al., 2025) in future work. Besides, the efficiency725

of triplet extraction can be further improved be-726

yond the classic OpenIE pipeline. Developing727

these methods needs efforts from information ex-728

traction (Grishman, 2015) area. Finally, regarding729

scalability, building the index from a very large730

corpus is token-intensive. However, our method731

is very efficient when using a pre-existing triplet732

database. This design also makes it inherently suit-733

able for evolving knowledge bases, as new triplets734

are independent to previous ones thus they can be735

added incrementally, offering a significant advan-736

tage over static Graph RAG approaches (Zhang737

et al., 2025).738
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A Methodology1084

1085

As the T2RAG consists of several steps with1086

clear control flow, we illustrate it by the following1087

pseudo algorithm.1088

B Experiments1089

B.1 Detailed Implementations1090

For all experiments, we set the Large Language1091

Model (LLM) temperature to 0 to ensure determin-1092

istic and reproducible outputs. Local embedding1093

generation was performed on a single NVIDIA1094

L40S GPU.1095

A key aspect of our benchmark is the standard-1096

ization of the final answer format. We modified the1097

prompt for all methods to include a specific format1098

template, which yielded a significant performance1099

boost compared to baseline implementations in1100

other studies (Gutiérrez et al., 2025a; Xiang et al.,1101

2025). In those works, methods such as RAP-1102

TOR and IRCOT consistently performed about1103

10% lower than graph-based RAG approaches. Fur-1104

thermore, in our implementation of the RAPTOR,1105

we replaced the original Gaussian Mixture Model1106

(GMM) for clustering with K-Means. This decision1107

was based on the superior computational efficiency1108

of K-Means, which has been demonstrated to pro-1109

duce results of similar quality for this type of1110

task (Zhou et al., 2025). The cluster size is set to 101111

and level is set to 3 following the benchmark (Zhou1112

et al., 2025). Our implementation of IRCoT strictly1113

follows the official code and procedures released by1114

its authors (Zhang et al., 2024b). IRCoT operates1115

on an iterative cycle where the model first generates1116

a reasoning step (a “thought”) and then acts upon it.1117

The core of its multi-hop reasoning is guided by the1118

following Chain-of-Thought (CoT) prompt, which1119

instructs the model to generate one reasoning step1120

at a time:1121

You serve as an intelligent assistant,1122
adept at facilitating users through1123
complex, multi-hop reasoning across1124
multiple documents. This task1125
is illustrated through demonstrations,1126
each consisting of a document set1127
paired with a relevant question and its1128
multi-hop reasoning thoughts. Your task1129
is to generate one thought for current1130
step, DON’T generate the whole thoughts1131
at once! If you reach what you believe1132
to be the final step, start with "So the1133
answer is:".1134

For HippoRAG2, we utilized the official pro-1135

gram released by the authors and followed their rec-1136

ommended default hyperparameter settings. This1137

approach builds a knowledge graph from the text, 1138

uses Personalized PageRank (PPR) for entity-aware 1139

retrieval, and then filters the retrieved facts before 1140

the final answer generation. The key hyperparam- 1141

eters, which govern the graph construction and 1142

retrieval process, are detailed in Table 2. 1143

After retrieving candidate facts, HippoRAG2 1144

employs a filtering step to select the most rele- 1145

vant information. This is guided by the following 1146

prompt: 1147

You are a critical component of a 1148
high-stakes question-answering system... 1149
Your task is to filter facts based on 1150
their relevance to a given query... You 1151
must select up to 4 relevant facts from 1152
the provided candidate list that have a 1153
strong connection to the query... The 1154
output should be in JSON format, e.g., 1155
{"fact": [["s1", "p1", "o1"], ...]}, and 1156
if no facts are relevant, return an empty 1157
list, {"fact": []}... 1158

B.2 A Note on Hyperparameters 1159

One of the practical advantages of T2RAG is its 1160

simplicity and robustness, as it is largely free of 1161

the complex hyperparameter tuning required by 1162

other methods. For instance, HippoRAG2 requires 1163

careful setting of graph-related parameters (e.g., 1164

Synonym Threshold, Damping Factor), and other 1165

graph-based methods like Raptor require tuning 1166

of clustering parameters. The design of T2RAG 1167

avoids such model-specific tuning, making it easier 1168

to deploy and more generalizable across different 1169

domains without extensive optimization. 1170

B.3 More Performance Results 1171

B.3.1 Performance across Different LLMs 1172

To provide a robust evaluation of our proposed 1173

method, T2RAG, we extend the analysis to all six 1174

datasets presented in the main content. For each 1175

model and method combination, we calculate the 1176

averaged Exact Match (EM) and F1 scores, which 1177

are further averaged across all six datasets to pro- 1178

duce a single, unified performance score. These 1179

methods were evaluated across four powerful lan- 1180

guage models known for their reasoning capabil- 1181

ities: GPT-4o-mini, Gemini-2.5-flash, Qwen-3- 1182

Next-Instruct, and Gemini-2.5-pro. 1183

The radar chart in Figure 8 visualizes the aggre- 1184

gated performance across all six datasets, offering 1185

compelling evidence to support the central argu- 1186

ment presented in our paper. 1187

T2RAG, consistently forms the outermost 1188

perimeter of the radar chart. This visually demon- 1189

strates that our method achieves the highest average 1190

EM and F1 score across all four tested language 1191
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Algorithm 1 T2RAG: Online Iterative Triplet Resolution (Main Process)
Input: Query 𝑞, Triplet DB Index I, LLM, Max Iterations 𝐾, Target unique chunks 𝑘 , Triplet-to-
Chunk-Map Mchunk
Output: Final answer 𝑎

1: ⊲ Step 1: Structured Query Decomposition
2: Tresolved, Tsearchable, Tfuzzy ← LLMDecompose(𝑞)

3: ⊲ Step 2: Multi-Round Triplet Resolving Loop
4: for 𝑙 = 1→ 𝐾 do
5: if |Tsearchable ∪ Tfuzzy | = 0 then
6: break
7: end if

8: ⊲ Step 2.1: Call the Adaptive Retrieval (see Algorithm 2)
9: Pretrieved, Cretrieved ← ADAPTIVERETRIEVE(Tsearchable, I, 𝑘,Mchunk)

10: ⊲ Step 2.2: LLM-based Triplets Resolution
11: T (new)

resolved, T
(new)

searchable ← LLMResolve(Tsearchable, Tfuzzy,Pretrieved, Cretrieved)

12: ⊲ Step 2.3: State Update
13: Tresolved ← Tresolved ∪ T (new)

resolved; Tsearchable ← T (new)
searchable; Tfuzzy ← Tfuzzy \ (T (new)

resolved ∪ T
(new)

searchable)
14: end for

15: ⊲ Step 3: Final Answering
16: if |Tsearchable ∪ Tfuzzy | = 0 then
17: Tcontext ← Tresolved
18: else
19: Tcontext ← Tresolved ∪ Tsearchable
20: end if
21: 𝑎 ← LLMAnswer(𝑞, Tcontext)
22: return 𝑎

Table 2: Hyperparameters for the HippoRAG2 baseline.

Hyperparameter Value Description

Synonym Threshold 0.8 The cosine similarity threshold for merging entity synonyms.
Damping Factor (PPR) 0.5 The damping factor for the Personalized PageRank algorithm.
Temperature 0.0 The generation temperature (0.0 ensures deterministic output).

Table 3: Dataset Statistics

Dataset PopQA 2Wiki Musique HotpotQA Story Medical

# questions 1000 1000 1000 1000 794 564
# chunks 33,595 6119 11,656 9811 1266 268
# tokens 2,768,270 454,715 964,203 914,956 915,484 189,271
# extracted triplets 398,924 65,028 127,640 124,722 22,812 5256

models, from the more compact GPT-4o-mini to1192

the highly capable Gemini-2.5-pro. The perfor-1193

mance gap between T2RAG and other methods is1194

substantial and uniform, highlighting its robustness 1195

and state-of-the-art performance. Our main argu- 1196

ment posits that T2RAG’s strength lies in its ability 1197
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Algorithm 2 Adaptive Triplet Retrieval
Require: Searchable triplets Tsearchable, Index I, Target chunks 𝑘 , Map Mchunk
Ensure: Retrieved propositions Pretrieved, Retrieved chunks Cretrieved

1: function AdaptiveRetrieve(Tsearchable, I, 𝑘,Mchunk)
2: 𝑃candidates ← ∅
3: for 𝑡 ∈ Tsearchable do
4: query_prop← Concatenate(𝑡)
5: query_vec← 𝐸 (query_prop)
6: 𝑃candidates ← 𝑃candidates ∪ Search(I, query_vec, 𝑁)
7: end for
8: Sort 𝑃candidates globally by similarity score

9: Pretrieved ← ∅; unique_chunk_ids← ∅
10: for 𝑝 ∈ sorted 𝑃candidates do
11: if |unique_chunk_ids| ≥ 𝑘chunks then
12: break
13: end if
14: Pretrieved ← Pretrieved ∪ {𝑝}
15: chunk_id←Mchunk [𝑝]
16: unique_chunk_ids← unique_chunk_ids ∪ {chunk_id}
17: end for
18: Cretrieved ← GetChunksFromIDs(unique_chunk_ids)
19: return Pretrieved, Cretrieved
20: end function

to effectively harness the advanced reasoning ca-1198

pabilities of modern LLMs. The chart strongly1199

validates this claim when we compare T2RAG1200

with other methods. For instance, IRCoT (purple1201

line), another method that encourages reasoning, is1202

the second-best performer, closely trailing T2RAG.1203

This suggests that methods explicitly designed to1204

guide the LLM’s reasoning process are particularly1205

effective with these models. The hypothesis is1206

further solidified by observing the performance of1207

HippoRAG2 (pink line). As argued in the main1208

content, methods that relegate the LLM to sim-1209

pler tasks like filtering may fail to unlock its full1210

potential. The chart shows that HippoRAG2’s per-1211

formance is significantly lower than T2RAG and1212

IRCoT, and is often comparable to or only slightly1213

better than the standard RAG baseline. This under-1214

performance across a suite of powerful reasoning1215

models supports our hypothesis that its architec-1216

ture creates a bottleneck, preventing the effective1217

utilization of the LLM’s core reasoning strengths.1218

In summary, the aggregated results visualized in1219

the radar chart provide unequivocal support for our1220

central claim. The consistent, chart-topping perfor-1221

mance of T2RAG across multiple powerful models1222

and diverse datasets confirms that its step-by-step1223

guidance mechanism is uniquely suited to leverag-1224

ing the sophisticated reasoning abilities inherent in 1225

the next generation of large language models. 1226

Gemini-2.5-flash

GPT-4o-mini

Gemini-2.5-pro

Qwen-3-Next-Instruct

0.1
0.2

0.3
0.4

0.5
0.6

0.7

NOR
BM25
Standard
HippoRAG2
IRCoT
T2RAG

Figure 8: Performance comparison across different
LLMs. Reasoning models are in bold.

B.3.2 Performance across Hop Complexities 1227

To analyze performance on longer reasoning chains, 1228

we evaluated T2RAG against strong baselines (Hip- 1229

poRAG2 and IRCoT) on the MuSiQue dataset, 1230

stratified by hop count (2, 3, and 4 hops). 1231

Analysis. As shown in Table 4, T2RAG consis- 1232

tently achieves State-of-the-Art performance on 1233

2-hop and 3-hop queries. While graph traversal 1234

methods like HippoRAG2 exhibit an advantage at 1235

extreme hop counts (4-hop) due to global graph 1236

connectivity, T2RAG maintains competitive per- 1237
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Table 4: Performance comparison on the MuSiQue
dataset across different hop counts. Best results are
bolded.

Method 2-hop 3-hop 4-hop

F1 EM F1 EM F1 EM

HippoRAG2 58.79 43.82 41.90 27.22 31.14 22.29
IRCoT 43.12 33.20 31.81 22.78 13.22 7.83
T2RAG (Ours) 60.81 48.46 42.50 31.33 24.46 14.46

formance over standard iterative approaches like1238

IRCoT across all complexity levels. Consequently,1239

T2RAG is particularly recommended for questions1240

requiring reasoning depths of up to 3 hops.1241

B.3.3 Indexing Stage Analysis1242

The indexing stage is a one-time, offline process,1243

but its cost can be substantial and even prohibitive1244

for very large corpora. As seen in Figure 9 and Fig-1245

ure 10, datasets like PopQA, 2Wiki, and MuSiQue1246

demand a considerable amount of time and token1247

resources for indexing across all methods. The1248

consumption patterns reveal that indexing costs1249

are not simply proportional to the raw size of1250

the document corpus. For instance, the token1251

consumption for RAPTOR’s summarization and1252

the triplet extraction for T2RAG and HippoRAG21253

do not scale linearly with the number of documents.1254

This variability likely stems from the informative-1255

ness and density of the source documents. A1256

document rich with distinct facts will lead to more1257

triplets or more detailed summaries, increasing the1258

computational load, whereas a sparse document1259

will be processed more quickly. This makes the ex-1260

act indexing cost unpredictable without analyzing1261

the content itself.1262

B.3.4 Retrieval Stage Analysis1263

The retrieval stage is an online process that occurs1264

for every query, making its efficiency critical for1265

user-facing applications. Our analysis shows that1266

T2RAG is as efficient as HippoRAG2 during the1267

retrieval stage. Both methods exhibit similar time1268

and token consumption profiles across all datasets.1269

This is expected, as their retrieval mechanisms1270

are conceptually similar, operating over the graph1271

structures built during indexing.1272

More importantly, T2RAG demonstrates a sub-1273

stantial efficiency gain over multi-round RAG1274

methods like IRCoT. As seen in Figure 10, T2RAG1275

consistently consumes fewer tokens during retrieval1276

than IRCoT across all tested datasets. In some1277

cases, such as the Medical and Story datasets, the1278

reduction in token consumption is over 45%. This1279

efficiency stems from T2RAG’s ability to synthe-1280

size a direct answer from the retrieved triplets in1281

a single round, avoiding the compounding token 1282

costs associated with the iterative query refinement 1283

process in multi-round architectures. 1284

Remarkably, T2RAG often achieves lower, or 1285

at least comparable, token consumption than 1286

even single-round methods like RAPTOR. This 1287

is particularly evident in datasets like PopQA, Med- 1288

ical, and Story. We attribute this advantage to the 1289

nature of the final answer generation. T2RAG gen- 1290

erates a concise answer directly from the structured 1291

triplets, which minimizes the number of output 1292

tokens. Since output tokens are heavily weighted 1293

in our consumption metric (multiplied by 4), this 1294

concise, triplet-formulated output provides a sig- 1295

nificant efficiency advantage, leading to an overall 1296

reduction in computational cost. 1297

B.4 More Efficiency Results 1298

This section provides a detailed analysis of the 1299

time and token consumption of various Retrieval- 1300

Augmented Generation (RAG) methods, as illus- 1301

trated in Figure 9 and Figure 10. The primary 1302

goal is to evaluate the computational efficiency of 1303

our proposed method, T2RAG, against other estab- 1304

lished baselines across different stages of the RAG 1305

pipeline. The y-axis represents the wall-clock time 1306

in seconds required for the indexing and retrieval 1307

stages. The retrieval stage time has been scaled by 1308

a factor of 1000 to ensure visibility on the chart 1309

alongside the much larger indexing times. The 1310

y-axis represents the total number of LLM tokens 1311

consumed. This is a weighted sum calculated us- 1312

ing the formula: Token Consumption = (#input 1313

tokens) + 4 × (#output tokens). This weighting 1314

reflects the common pricing models of LLM APIs, 1315

where generation (output) is typically priced sig- 1316

nificantly higher (by a factor of 4) than processing 1317

(input). As with the time consumption chart, the 1318

retrieval stage consumption is scaled by 1000. The 1319

x-axis in both figures shows the performance of 1320

four methods (T2RAG, HippoRAG2, RAPTOR, 1321

and IRCoT) across six distinct datasets. 1322

B.5 More Ablation Study 1323

To validate the necessity of triplet embeddings, we 1324

conducted an ablation study comparing our pro- 1325

posed method against a variant we term "Chunk- 1326

based Slot-Filling." This baseline utilizes the same 1327

iterative slot-filling logic as T2RAG but performs 1328

retrieval based on raw chunk embeddings rather 1329

than triplet embeddings. 1330

Results. As illustrated in Table 5, removing 1331

triplet-based retrieval results in a drastic perfor- 1332
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Figure 9: Time consumption at indexing and retrieval stages across all datasets.
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Table 5: Ablation study comparing the proposed T2RAG (Triplet-based) against a Chunk-based baseline. The
"Calls" metric indicates the total number of retrieval/LLM interactions. Best results are bolded.

Method 2Wiki HotpotQA MuSiQue

EM F1 Calls EM F1 Calls EM F1 Calls

Chunk-based Baseline 0.188 0.230 2000 0.301 0.397 1994 0.104 0.182 1993
T2RAG (Ours) 0.587 0.661 3355 0.565 0.700 3257 0.352 0.472 3522

mance decline, with F1 scores dropping by approx-1333

imately 40–60% across all datasets.1334

Analysis. We attribute this performance gap to1335

the granularity mismatch inherent in chunk-based1336

retrieval. Without the precise semantic alignment1337

("hook") provided by triplets, the embedding of a1338

specific decomposed query slot often fails to match1339

the coarser embedding of a large text chunk.1340

Furthermore, the significantly lower number of1341

"Calls" in the baseline indicates premature ter-1342

mination. In the absence of triplets, the system1343

frequently fails to retrieve relevant information to1344

fill the current reasoning slot. Consequently, the1345

iterative loop breaks early, preventing the model1346

from traversing the full reasoning chain required1347

for complex multi-hop questions.1348

B.6 More Iteration Results1349

This analysis examines the average number of re-1350

trieval iterations required by T2RAG and IRCoT to1351

answer a query on the 2Wiki dataset, varying the1352

number of retrieved chunks (top-𝑘) per iteration.1353

Table 6: Average Number of Retrieval Iterations vs.
top-𝑘 on the 2Wiki Dataset.

topk T2RAG IRCoT

2 1.54 1.85
3 1.56 1.83
4 1.73 1.70
5 1.70 1.46
6 1.56 1.40

A key observation from the data is that T2RAG1354

consistently saves on the number of retrieval1355

iterations compared to IRCoT, particularly when1356

retrieving fewer documents per step (𝑘 = 2 or 3). For1357

instance, with 𝑘 = 2, T2RAG requires an average1358

of only 1.54 iterations, whereas IRCoT needs 1.851359

iterations—a reduction of approximately 17%. This1360

suggests that T2RAG’s method of decomposing a1361

query into structured triplets allows for a more1362

direct and efficient path to resolving the query,1363

requiring fewer rounds of retrieval to gather the 1364

necessary context. 1365

The results challenge the simple assumption that 1366

retrieving fewer chunks per iteration (a smaller 𝑘) 1367

would necessarily lead to a higher number of total 1368

iterations. For T2RAG, the number of iterations 1369

remains relatively stable and low, fluctuating be- 1370

tween 1.54 and 1.73 without a clear trend. For 1371

IRCoT, the relationship is even more complex; as 1372

𝑘 increases from 4 to 6, the number of iterations 1373

surprisingly decreases significantly. This indicates 1374

that the effectiveness of the retrieved chunks is 1375

more important than the sheer quantity. T2RAG’s 1376

focused retrieval, guided by placeholders in triplets, 1377

appears to acquire high-quality context more reli- 1378

ably, making it less dependent on the 𝑘 value and 1379

more efficient overall. 1380

B.7 Comparison with More Multi-round 1381

Methods 1382

To evaluate our method against iterative reasoning 1383

frameworks, we implemented two agentic baselines: 1384

ReAct (Yao et al., 2023) and Self-Ask (Press et al., 1385

2023). 1386

• Settings: We set 𝑘 = 5 for document retrieval 1387

and limit the process to a maximum of 3 1388

iterations. 1389

• Metrics: We report Exact Match (EM), F1 1390

score, and Total Token usage (calculated as 1391

input tokens + 4× output tokens). 1392

Analysis. As demonstrated in Table 7, T2RAG 1393

significantly outperforms both ReAct and Self- 1394

Ask across datasets. This advantage is partic- 1395

ularly notable in terms of efficiency (token us- 1396

age). While ReAct demonstrates competitive per- 1397

formance on MuSiQue when using GPT-4o-mini, 1398

T2RAG achieves comparable results with fewer 1399

tokens, highlighting its efficiency in handling com- 1400

plex multi-hop scenarios without the high compu- 1401

tational overhead of sequential multi-round agents. 1402
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Table 7: Performance and efficiency comparison against multi-round baselines (ReAct and Self-Ask) using
Gemini-2.5 Flash and GPT-4o-mini. T2RAG achieves superior or competitive accuracy while significantly reducing
token consumption.

Model Method 2Wiki HotpotQA MuSiQue

EM F1 Tokens EM F1 Tokens EM F1 Tokens

Gemini
2.5 Flash

ReAct 0.293 0.337 395,075 0.432 0.528 611,825 0.186 0.256 431,322
Self-Ask 0.083 0.148 469,714 0.310 0.391 532,756 0.147 0.229 2,195
T2RAG 0.693 0.775 366,199 0.623 0.732 606,914 0.391 0.491 336,555

GPT
4o-mini

ReAct 0.534 0.598 448,156 0.586 0.729 697,667 0.325 0.458 369,656
Self-Ask 0.274 0.332 504,981 0.454 0.596 324,774 0.293 0.397 459,596
T2RAG 0.667 0.744 468,089 0.542 0.673 469,842 0.343 0.456 338,129

B.8 Triplet Quality Analysis1403

B.8.1 Overall Performance1404

We conducted a detailed manual analysis on a set1405

of 50 randomly sampled documents from 2Wiki1406

dataset to quantify the performance of the OpenIE1407

triplet extraction process. The results are summa-1408

rized in Table 8.1409

The high Precision (95.9%) and Recall (98.2%)1410

scores demonstrate the overall reliability of the1411

extraction process. This detailed error analysis1412

confirms the robustness of the IE module while1413

also highlighting key areas for future improvement,1414

particularly in reducing the incidence of missing1415

and overmerged triplets.1416

B.8.2 Error Statistics and Examples1417

Out of the 50 documents, 16 (32.0%) were con-1418

firmed to have perfect extractions with no errors.1419

The remaining 33 documents (66.0%) contained at1420

least one error. A detailed breakdown of the error1421

types is presented in Table 9.1422

To provide a clearer understanding of these error1423

categories, we include the following examples:1424

B.9 Error Analysis1425

We conducted a comprehensive error analysis on1426

775 incorrect answer among 1000 samples of1427

MuSiQue dataset to categorize the primary points1428

of weakness in our method. The analysis is done1429

by Gemini-2.5-pro. The results, summarized in1430

Table 12, reveal that the most significant challenge1431

lies in the resolution phase. “Retrieved correct1432

but wrong resolution” is the most prevalent error1433

type, accounting for a substantial 46.0% of all1434

cases. This indicates that even when the system1435

successfully finds the relevant knowledge, it fre-1436

quently struggles to synthesize it correctly to form1437

the final answer.1438

The second major bottleneck is “Missing re-1439

trieval,” which constitutes 31.2% of the errors, 1440

highlighting instances where the necessary facts 1441

were never found in the first place. Combined, 1442

these two categories represent over 77% of all 1443

failures, underscoring that the retrieval and subse- 1444

quent resolution stages are the most critical areas 1445

for improvement. Less frequent, but still notable, 1446

issues include “Hallucination” (12.7%) and gen- 1447

erating an incorrect final answer despite having all 1448

correct intermediate steps (10.0%). This analysis 1449

strongly suggests that future work should prioritize 1450

enhancing the model’s ability to not only retrieve 1451

the correct atomic pieces of information but also 1452

to reason over them accurately. 1453

In addition to solely analyzing one experiment, 1454

this toolkit can also facilitate more analysis such as 1455

find out why a certain LLM performs much poorer 1456

than another. 1457

C Related Work 1458

We group prior efforts into single-round, multi- 1459

round, graph-enhanced RAG and summarization- 1460

based RAG, each adding more interaction or struc- 1461

tured reasoning and paving the way for the fine- 1462

grained design of T2RAG. 1463

Single-round RAG. Classical sparse retrievers 1464

such as TF-IDF and BM25 paired with extrac- 1465

tive readers perform strongly for open-domain QA 1466

(Yang et al., 2019; Nie et al., 2019; Wang et al., 1467

2023a). Dense retrievers such as DPR (Karpukhin 1468

et al., 2020) later replaced sparse vectors with 1469

learned embeddings, retrieving a fixed top-𝑘 set in 1470

one pass. However, answering multi-hop questions 1471

often demands the intermediate results to further 1472

retrieval, motivating the multi-round techniques 1473

that follow. 1474

Multi-round RAG. Due to the missing bridges 1475

problem we mentioned in Section 1 more and 1476

more works follow a multi-round, training-free 1477
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Table 8: Overall performance metrics for the triplet extraction stage.

Confirmed Docs Precision Recall F1 Score Avg Triplets/Doc Avg Entities/Doc

50 95.9% 98.2% 95.0% 11.6 10.5

Table 9: Breakdown of error types across 50 manually
annotated documents.

Error Type Documents Affected Percentage

Missing 26 52.0%
Over-merge 20 40.0%
Inaccurate 5 10.0%
Over-split 5 10.0%
Placeholder 2 4.0%
Hallucination 1 2.0%

paradigm, which enables the LLMs infer the inter-1478

mediate information thus better retrieve the final1479

answer. Some works focus on the query side.1480

Khot et al. (2023) decompose multi-hop questions1481

into single-hop sub-queries that are solved sequen-1482

tially. Yao et al. (2023) propose ReAct, interleaving1483

chain-of-thought (CoT) (Wei et al., 2022) steps1484

with search actions issued by the LLM. Similariy,1485

Query2Doc (Wang et al., 2023b) expanding queries1486

into concise triplets to cut token usage while pre-1487

serving recall. Another line of works relies on1488

the generated intermediate results for next itera-1489

tion. Beam Retrieval (Zhang et al., 2024a) jointly1490

training an encoder and classifiers to keep mul-1491

tiple passage hypotheses across hops. FLARE1492

(Jiang et al., 2023) forecasts upcoming sentences1493

to decide when fresh retrieval is needed during1494

long-form generation. IRCoT (Trivedi et al., 2023)1495

and ITER-RETGEN (Shao et al., 2023), alternately1496

expanding a CoT and fetching new evidence to an-1497

swer multi-step questions. Adaptive QA (Xie et al.,1498

2023) create an adaptive framework that picks the1499

simplest effective retrieval strategy according to1500

query complexity. Despite these advances, few1501

efforts explicitly aim to reduce token costs or num-1502

ber of llm calls during multi-round RAG. Previous1503

methods expand query or generates CoT with long1504

sentences in each round. In contrast, our work1505

minimizes token consumption by formulating query1506

expansions as triplets and simplifying reasoning1507

steps as triplets resolving.1508

Graph RAG. One major line of research ad-1509

dresses complex QA by structuring knowledge1510

into graphs. Originating in Knowledge Graph QA1511

(KGQA), early methods focused on decomposing1512

queries or performing multi-round, LLM-evaluated1513

traversals from seed nodes (Luo et al., 2024; Sun 1514

et al., 2024; Cheng et al., 2024; Mavromatis and 1515

Karypis, 2022). The application of this paradigm 1516

to general ODQA was popularized by systems 1517

that construct a knowledge graph entirely with 1518

LLMs and use community detection for retrieval 1519

(Edge et al., 2024). Subsequent work has aimed 1520

to make this process more efficient. For instance, 1521

LightRAG (Guo et al., 2024) introduces a dual- 1522

level retrieval system combining graph structures 1523

with vector search to improve knowledge discovery. 1524

Targeting resource-constrained scenarios, Mini- 1525

RAG (Fan et al., 2025) builds a heterogeneous 1526

graph of text chunks and named entities, enabling 1527

lightweight retrieval suitable for Small Language 1528

Models. To tackle the common challenge of en- 1529

tity merging, HippoRAG (Gutiérrez et al., 2025a) 1530

and HippoRAG2 (Gutiérrez et al., 2025b) create 1531

synonym links between similary entity nodes and 1532

employs a PageRank (Haveliwala, 1999) algorithm 1533

for final node selection. Despite these advances, a 1534

central challenge for Graph RAG remains the costly 1535

and error-prone nature of graph construction from 1536

unstructured text. 1537

Summarization-based RAG. A distinct but related 1538

approach focuses on building hierarchical summa- 1539

rization trees rather than explicit graphs. These 1540

methods aim to capture information at varying lev- 1541

els of abstraction. For example, Raptor (Sarthi 1542

et al., 2024) constructs a summary tree by recur- 1543

sively clustering document chunks and summa- 1544

rizing the content within each cluster to create 1545

new, more abstract retrieval units (Wu et al., 2023). 1546

Aiming to capture more detailed contextual infor- 1547

mation, SireRAG (Zhang et al., 2024b) creates 1548

a "relatedness tree" by summarizing fine-grained 1549

propositions that share the same entities. How- 1550

ever, these summarization-based methods often 1551

incur high computational costs during the index- 1552

ing phase and risk losing the fine-grained, factual 1553

details that are essential for precise factoid QA. 1554

D Limitations 1555

D.1 Overview 1556

Although our method achieves state-of-the-art per- 1557

formance with a simple design, it is not without 1558

limitations. Experimentally, we limited our multi- 1559
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Table 10: Examples and Descriptions of Triplet Extraction Error Types

Error Type Description Example

Inaccurate An element of the triplet
is extracted with minor er-
rors.

Source: “...Pierre De Geyter, is known for, writing
the music of ’The Internationale’.”
Incorrect Extraction: (Pierre De Geyter, is
known for, the music of The Internationale)

Over-split A single cohesive fact is
incorrectly split into mul-
tiple triplets.

Incorrect Extractions: (Denis Sanders, won
for, A Time Out of War) + (Denis Sanders,
won, Best Short Subject)
Correct Triplet: (Denis Sanders, won Best
Short Subject for, A Time Out of War)

Hallucination A triplet is generated that
is not supported by the
source text.

Source: “...He is the husband of actress Cate
Blanchett.”
Incorrect Extraction: (Cate Blanchett, is an
actress from, Australian)

Missing A key fact present in the
text is not extracted.

Source: “William I, Elector of Hesse... was the
eldest surviving son of Frederick II...”
Missed Triplet: (William I, son of, Frederick
II)

Over-merge Two or more distinct facts
are incorrectly combined
into a single triplet.

Intended Facts: (James Tuchet, succeeded,
James Tuchet) and (James Tuchet, is, 6th
Earl of Castlehaven) were incorrectly merged.

Placeholder A generic and uninforma-
tive triplet is extracted.

Source: “The Trail of the Lonesome Pine may refer
to...”
Incorrect Extraction: (The Trail..., may refer
to, various interpretations)
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Table 11: Distribution of error types across 775 identi-
fied failures. The analysis highlights that retrieval and
resolution are the primary challenges.

Error Type Count Percentage

Retrieved correct but wrong resolution 354 46.0%
Missing retrieval 240 31.2%
Hallucination 98 12.7%
All correct but wrong final answer 77 10.0%
Unknown / Unclassified 6 0.8%

Total 775 100.0%

round methods to 3 iterations to match the com-1560

plexity of the datasets and ensure a fair efficiency1561

comparison; we also did not have the resources to1562

test on other embedding models especially LLM-1563

based ones, re-rankers or large external knowledge1564

graphs (e.g., Wikipedia KG (Hertling and Paul-1565

heim, 2018)). Our evaluation is also limited to1566

the black-box and end-to-end one which may lack1567

explanability without the recall score of chunks.1568

Methodologically, our approach is highly depen-1569

dent on the quality of the triplet extraction. While1570

higher-quality sources can be used, simple triplets1571

may not adequately represent complex knowledge1572

like many-to-many relationships, a challenge that1573

could be addressed with hypergraph modeling (Luo1574

et al., 2025) in future work. Besides, the efficiency1575

of triplet extraction can be further improved be-1576

yond the classic OpenIE pipeline. Developing1577

these methods needs efforts from information ex-1578

traction (Grishman, 2015) area. Finally, regarding1579

scalability, building the index from a very large1580

corpus is token-intensive. However, our method1581

is very efficient when using a pre-existing triplet1582

database. This design also makes it inherently suit-1583

able for evolving knowledge bases, as new triplets1584

are independent to previous ones thus they can be1585

added incrementally, offering a significant advan-1586

tage over static Graph RAG approaches (Zhang1587

et al., 2025).1588

D.2 Experimental Fairness1589

Retrieval Volume Balance. A potential concern1590

in comparing multi-round methods against direct1591

chunk-retrieval baselines is the "information im-1592

balance," where iterative methods may access a1593

larger volume of text. To address this, our analy-1594

sis in Figure 7 utilizes Effective Top-K (defined1595

as 𝑘 × average number of iterations) for the X-axis1596

when plotting multi-round methods. This normal-1597

ization ensures we compare methods based on the1598

total volume of information retrieved. The re-1599

sults demonstrate that T2RAG maintains consistent1600

performance advantages across different Effective1601

Top-K values, confirming that its superiority stems 1602

from enhanced reasoning and retrieval precision 1603

rather than simply accessing more context. For 1604

the main results table, we adhere to the evaluation 1605

protocols established in HippoRAG2 (Gutiérrez 1606

et al., 2025b), where variation in retrieved content 1607

volume is treated as an inherent characteristic of 1608

the respective methodologies. 1609

D.3 Edge Case Handling 1610

We explicitly define the system’s behavior in the 1611

rare instance where no searchable triplets are identi- 1612

fied during an iteration. If the query decomposition 1613

or refinement step fails to generate valid triplets, the 1614

iterative retrieval loop terminates immediately. The 1615

system then proceeds directly to the final answer 1616

generation phase utilizing the context retrieved up 1617

to that point. Empirically, valid natural language 1618

queries typically contain sufficient semantic struc- 1619

ture to form at least one searchable triplet, making 1620

this edge case extremely uncommon. A "retry 1621

mechanism" where the LLM could re-attempt de- 1622

composition or resolution upon failure could be 1623

helpful. While this could improve robustness, it 1624

introduces a trade-off between performance and 1625

efficiency. 1626

E Case Study 1627

1628

E.1 One Case from Our Method 1629

We offer a full log of T2RAG during our experiment 1630

running in Figure 11. 1631

This case study showcases the effectiveness of 1632

resolving the complex comparative query in 2 re- 1633

trieval iterations. The system successfully decom- 1634

posed the query into 4 necessary triplets (two direc- 1635

tors, two birth years) and retrieved context only by 1636

the searchable ones. By identifying both directors 1637

(Michael Curtiz, Edith Carlmar) and their birth 1638

years (1886, 1911) from the triplet DB or initial set 1639

of chunks, it bypassed the need for further retrieval 1640

rounds. This immediate and complete information 1641

acquisition demonstrates the power of T2RAG’s 1642

query decomposition and high-quality triplet-based 1643

retrieval. 1644

E.2 Comparison with Baselines 1645

We analyzed specific instances where T2RAG suc- 1646

ceeds while strong query planning baselines fail. 1647

A representative example is the multi-hop question: 1648

"Who is the child of the performer of the song Me 1649

And Bobby McGee?" 1650
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Question: Which film has the director born earlier, God’s Gift To Women or Aldri Annet Enn Brak?

Q: Think step by step about what information is needed to answer this question. Form triples in the format: subject | predicate | object. Use "?" as placeholder for unknown entities…

A: 

Searchable Triplets: God’s Gift To Women, is directed by, ?DirectorA ; Aldri Annet Enn Brak, is directed by, ?DirectorB ; 

Fuzzy Triplets: ?DirectorA, was born in, ?birthYearA ; ?DirectorB, was born in, ?birthYearB

Q: Use the context passages and propositions to solve any '?' placeholders with as much detail as possible, grounding your answers in the passage content. 

Retrieved Triplets: Aldri annet enn brak was directed by Edith Carlmar, God's Gift to Women directed by Michael Curtiz, God's Gift to Women was completed as musical film, 

Aldri annet enn brak is 1954 Norwegian comedy-drama film, God's Gift to Women starring Joan Blondell, Aldri annet enn brak has English title Nothing but trouble, God's Gift to 

Women is 1931 American pre-Code romantic musical comedy film … (18 propositions in total)

Retrieved Chunks: Title: Altid ballade …  Title: God's Gift to Women … Title: Aldri annet enn brak ... Title: Edith Carlmar (Edith Mary Johanne Mathiesen) (15 November 1911 -

17 May 2003)  Title: Stanley Kwan

A: 

Newly Resolved triplets: God’s Gift To Women, is directed by, Michael Curtiz ; Aldri Annet Enn Brak, is directed by, Edith Carlmar ; Edith Carlmar, was born in, 1911

Newly searchable chunks: Michael Curtiz, was born in, ?birthYearA ;

Query Decomposition

Iteration 1

Q: Use the context passages and propositions to solve any '?' placeholders with as much detail as possible, grounding your answers in the passage content. 

Retrieved Triplets: Michael Curtiz born as Mih1ly Kertsz, Michael Curtiz was Hungarian-born American film director, Michael Curtiz was born on December 24, 1886, Michael 

Curtiz made stars of Bette Davis, The Vagabond King directed by Michael Curtiz, Bright Leaf directed by Michael Curtiz…(32 propositions in total)

Retrieved chunks: Title: Michael Curtiz Michael Curtiz\nMichael Curtiz (born Man Kaminer(1886-1905) Mih1ly Kertz (1905); December 24, 1886 April 11, 1962) was a 

Hungarian-born American film director… Title: Bright Leaf… Title:  Altid ballade…Title: The Vagabond King… Title: JdJds…

A: 

Newly Resolved Triplets: Michael Curtiz, was born in, 1886

Newly Searchable Triplets: None.（all triplets resolved and the iteration is terminated)

Iteration 2

Q: Based on the following triplets, please answer the following question. 

Total Resolved Triplets: God’s Gift To Women, is directed by, Michael Curtiz ; Aldri Annet Enn Brak, is directed by, Edith Carlmar ; Michael Curtiz, was born in, 1886 ; Edith 

Carlmar, was born in, 15 November 1911.

A: God’s Gift To Women

Final Answering 

Figure 11: An example of T2RAG QA. To answer the question, we need intermediate facts about Michael Curtiz
(marked by yellow and Edith Carlmar (marked by red), which are not reflected in the question.

Table 12: Case study comparing error modes between
baselines and T2RAG. T2RAG succeeds due to its
variable-locking mechanism.

Method Answer Verdict Error Mode / Mechanism

HippoRAG "Not specified" Failure Graph Disconnection: The traversal
failed to immediately identify a link be-
tween the song node and a child node,
leading the planner to incorrectly con-
clude the data did not exist.

IRCoT "Info not available" Failure Premature Abandonment: While the
Chain-of-Thought correctly identified
the performer, the agent abandoned the
secondary retrieval step for the child
after a single failed retrieval attempt.

T2RAG "Dean Miller" Success Structured Variable Locking: The
persistence of the unbound placeholder
?child forced the system to continue
iterating until the specific relationship
was resolved.

Mechanism Analysis: Structured Variable Lock-1651

ing. T2RAG’s success in this scenario is at-1652

tributed to a mechanism we term Structured Vari-1653

able Locking.1654

1. Decomposition: The system decomposed the1655

query into rigid logical constraints:1656

(Me And Bobby McGee, performer,1657

?performer)1658

1659
(?performer, child, ?child)1660

2. Step 1 Resolution: The system successfully1661

resolved ?performer to "Roger Miller."1662

3. Forced Iteration: Unlike IRCoT, which halts 1663

upon a transient retrieval failure, T2RAG ad- 1664

heres to the logical constraint: "I have resolved 1665

Roger Miller, but the slot for ?child remains 1666

empty." This "empty slot" forces the system 1667

into subsequent iterations of targeted retrieval 1668

specifically for "Roger Miller’s family/chil- 1669

dren," eventually locating the fact that Dean 1670

Miller is his son. 1671

F Prompts 1672

We provide all prompt templates we 1673

used at retrieval stage, namely structured 1674

query decomposition, triplet resolving and fi- 1675

nal answering. These are prompts used 1676

in LLMDecompose,LLMResolve,LLMAnswer, respec- 1677

tively. {·} represents the content needed to be 1678

replaced by the original question, intermediate gen- 1679

erated triplets, or retrieved propositions and chunks. 1680

1681

G Discussion 1682

G.1 Performance on Large Corpus 1683

Embedding Quality and Noise. One potential 1684

concern regarding triplet embeddings is the in- 1685

troduction of noise compared to graph structures. 1686

However, we posit that triplets actually reduce 1687

noise compared to chunk-level embeddings. 1688
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Structured Query Decomposition

You are tasked with reasoning about a question and extracting the necessary knowledge triples to
answer it.
Instructions:
1. Think step by step about what information is needed to answer this question
2. Form triples in the format: subject | predicate | object
3. Use "?" as placeholder for unknown entities
4. For comparative questions involving multiple entities, use distinct placeholders like ?entityA,
?directorA, ?directorB
5. Extract multiple triples if the question requires complex reasoning
Examples:
- Question: "What is the capital of France?" Reasoning: To answer this, I need to know what
France’s capital is. Triple: France | has capital | ?
- Question: "Who directed the movie that won Best Picture in 2020?" Reasoning: To answer this, I
need to know which movie won Best Picture in 2020, and who directed that movie. Triples: ? |
won Best Picture | 2020 ? | is directed by | ?
- Question: "Which film whose director was born first, MovieA or MovieB?" Reasoning: To
answer this, I need to know the director of each movie, and the birth year of each director to
compare them. Triples: MovieA | is directed by | ?directorA MovieB | is directed by | ?directorB
?directorA | was born in | ? ?directorB | was born in | ?
Now analyze this question:
Question: {query}
Provide your response in this format:
Reasoning: [Your step-by-step reasoning about what information is needed]
Triples: [List each triple on a new line in format: subject | predicate | object]

• Granularity: A chunk embedding aver-1689

ages multiple facts into a single vector, of-1690

ten diluting specific details. In contrast,1691

triplet embeddings isolate specific relation-1692

ships (Subject-Predicate-Object), result-1693

ing in cleaner and more precise retrieval sig-1694

nals.1695

• Modern Encoders: With the rapid develop-1696

ment of LLM-based embedding models, the1697

semantic quality of triplet representations is1698

high, and the dimensionality remains man-1699

ageable. Quality can be further enhanced by1700

scaling the number of dimensions or model1701

parameters (Muennighoff et al., 2023).1702

FAISS Efficiency. Regarding approximation er-1703

rors in retrieval:1704

• The approximation error in modern Approxi-1705

mate Nearest Neighbor (ANN) libraries, such1706

as FAISS, is theoretically bounded.1707

• Noise from embedding retrieval is a universal1708

challenge affecting all dense retrieval meth-1709

ods—including those used to construct graphs1710

or retrieve chunks in baselines—and is not 1711

specific to T2RAG. 1712

G.2 Relation to Graph RAGs 1713

A key distinction of our method is shifting the 1714

graph construction phase from offline indexing to 1715

online inference. This approach does not discard 1716

structural information but rather adapts how it is 1717

utilized. 1718

Implicit Inference-Time Graph Construction. 1719

While recent works have explored explicit graph 1720

construction during inference, few investigate im- 1721

plicit graph construction—providing necessary 1722

nodes (entities) and edges (relations) at the final an- 1723

swering stage without pre-hardwired connections. 1724

By allowing the LLM to construct necessary graph 1725

structures internally within its context window, 1726

T2RAG offers distinct advantages: 1727

• Handling Ambiguity: The model can nat- 1728

urally handle entity ambiguity and diverse 1729

reasoning structures (chains, trees, or DAGs) 1730

dynamically based on the query, avoiding re- 1731

liance on rigid, pre-defined schemas. 1732

• Leveraging Reasoning Models: Our exper- 1733
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Triplets Resolving

Example: Context Propositions: {context propositions}
Fully Resolved Clue 1: Subject: Lothair II Predicate: has mother Object: Ermengarde of Tours
Newly Searchable Clue 1: Subject: Ermengarde of Tours Predicate: died on Object: ?
—
Now apply the same process to the following clues: Use the context passages and propositions
to resolve any ’?’ placeholders with as much detail as possible, grounding your answers in the
passage content. Instructions:
1. For searchable clues (one ’?’), replace ’?’ with the correct entity to fully resolve it, including
any relevant attributes.
2. For fuzzy clues (multiple ’?’), generate a Newly Searchable Clue by replacing one of the
placeholders with the correct entity, including any relevant context.
Original Query: {query}
Searchable Clues: {searchable clues text}
Fuzzy Clues: {fuzzy clues text}
Context Passages: {context passages}
Context Propositions: {context propositions}
Previous Resolved Clues: {resolved clues context}
Return two lists in this format:
Fully Resolved Clue 1: Subject: ... Predicate: ... Object: ...
Fully Resolved Clue 2: Subject: ... Predicate: ... Object: ...
Newly Searchable Clue 1: Subject: ... Predicate: ... Object: ...
Newly Searchable Clue 2: Subject: ... Predicate: ... Object: ...
(Continue numbering accordingly)

Final Answering

Based on the reasoning clues, please answer the following question.
Question: {query}
Key Reasoning Clues: {total resolved clues + remaining searchable clues}
Instructions:
1. Analyze the question step by step
2. Use the reasoning clues to understand what information is needed
3. Provide ONLY a concise answer
Answer format requirements:
- For WH questions (who/what/where/when): Provide the exact entity, date, full name, or full place
name only
- For yes/no questions: Answer only "yes" or "no"
- No explanations, reasoning, or additional text
- One entity or fact only
Answer:

iments indicate that T2RAG benefits signifi-1734

cantly from the enhanced reasoning capabili-1735

ties of state-of-the-art models (e.g., Gemini-1736

2.5-flash). In contrast, methods relying on1737

rigid graph pre-processing (such as Hip-1738

poRAG2 (Gutiérrez et al., 2025b) or RAP-1739

TOR (Sarthi et al., 2024)) may not fully capi-1740

talize on these gains, as "hard" graph structures1741

can constrain the "soft" reasoning power of 1742

the LLM. 1743

The "Locality Assumption" and Retrieval Equiv- 1744

alence. We posit that complex offline graph con- 1745

struction is often unnecessary for effective retrieval 1746

due to the locality assumption, particularly for 1747

questions within 3 hops. 1748

1. In Knowledge Graphs, a text chunk typically 1749
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forms a star graph or a densely connected1750

cluster.1751

2. Traversing a pre-built subgraph yields a similar1752

information set to our method, which retrieves1753

all triplets associated with a relevant chunk.1754

T2RAG aggregates these triplets and allows the1755

LLM to filter or combine them using the decom-1756

posed query. This achieves a "PageRank-style"1757

filtering effect but transfers the computational bur-1758

den to the highly capable LLM during inference,1759

rather than the indexing stage.1760

Efficiency and Performance Trade-off. T2RAG1761

maximizes efficiency compared to GraphRAG and1762

performance compared to multi-round RAG. It1763

offers a robust balance, particularly for 1-2 hop QA1764

applications, while retaining the potential for deeper1765

reasoning as base models continue to improve.1766
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