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Abstract001

Graph-based retrieval-augmented generation in-002
creasingly relies on multi-hop retrieval, where003
answering a query requires composing multi-004
ple connected knowledge-graph triplets. How-005
ever, existing retrievers often rank triplets in-006
dependently with global semantic matching,007
and common multi-hop benchmarks provide008
only final answers, leaving retrievers without009
adaption on query–triplet alignment and caus-010
ing structurally necessary but weakly aligned011
facts to be missed. To address these issues, we012
propose a novel knowledge-aligned multi-hop013
retriever, namely KAMR, which distinguishes014
anchor triplets that are strongly constrained015
by the query from connected triplets that are016
weakly aligned yet structurally linked to the017
anchors. To tackle the absence of query–triplet018
alignment, we build a partial alignment dataset019
by masking triplet elements and prompting020
an LLM to generate corresponding queries,021
and optimize two contrastive objectives for022
pair-level and element-level matching. At in-023
ference time, KAMR retrieves anchors globally024
and expands locally to return connected evi-025
dence. Across two benchmarks, three LLM026
backbones, and fourteen baselines, KAMR consis-027
tently improves multi-hop retrieval and down-028
stream question answering tasks. 1029

1 Introduction030

Retrieval-Augmented Generation (RAG) systems031

increasingly rely on multi-hop retrieval to sup-032

port complex reasoning over external knowledge033

sources. Unlike single-hop retrieval, which as-034

sumes that relevant evidence is directly aligned035

with the input query, multi-hop retrieval must cover036

multiple pieces of information that are only indi-037

rectly connected to the query and must be com-038

posed to produce correct answers. This setting nat-039

urally arises in knowledge graph (KG) reasoning,040

1The source code and data are included in the supplemen-
tary materials as Software and will be made publicly available
after the review stage.

where answering a query often requires traveling 041

multiple connected triplets. As a result, graph- 042

based multi-hop retrieval has become a critical 043

component for tasks such as multi-hop question 044

answering and knowledge-grounded reasoning. 045

Previous work tends to treat the graph-based 046

multi-hop retrieval with a conventional searching 047

strategy. Many of these approaches retrieve triplets 048

independently using global semantic matching be- 049

tween the query and candidate evidence with sim- 050

ple sparse retriever (Hu et al., 2025; Li et al., 2023) 051

and dense retriever (Dong et al., 2023; Li et al., 052

2023; Hu et al., 2025). While effective in single- 053

hop settings, such strategies struggle in multi-hop 054

scenarios, where some required evidence exhibits 055

weak or no direct textual alignment with the query. 056

Recent Graph GAG methods (Hu et al., 2024; He 057

et al., 2024; Li et al., 2024) partially address this 058

issue by leveraging structural connectivity in the 059

knowledge graph. Still, they largely rely on off- 060

the-shelf semantic retrievers pretrained on generic 061

text corpora whose objectives focus on text-to-text 062

matching rather than query-triplet alignment. Con- 063

sequently, existing methods frequently fail to bal- 064

ance semantic relevance and structure composabil- 065

ity, leading to either incomplete reasoning chains 066

or the retrieval of noisy, weakly related evidence. 067

At the core of this difficulty lies a fundamen- 068

tal challenge of graph-based multi-hop retrieval: 069

queries are often underspecified with respect to the 070

required triplets. In many cases, a query directly 071

constrains only a part of the relevant evidence, 072

while the remaining triplets are connected through 073

intermediate entities or relations. As shown in Fig- 074

ure 1, the query “What country is the city where 075

Joan of Arc was captured in?” can be answered by 076

composing two triplets: (Joan of Arc, captured in, 077

Compiègne) and (Compiègne, located in, France). 078

The first triplet is strongly constrained by the entity- 079

relation pair “Joan of Arc” and “captured in” and 080

thus exhibits high semantic alignment with the 081
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What country is the city where Joan of Arc was captured in?

Joan of ArcCompiègne

captured_in

France

located_in

Anchor TripletConnected Triplet

Figure 1: An example demonstrating the necessity of
differentiating heterogeneous triplet types and explicitly
modeling structural connectivity for multi-hop reason-
ing.

query. In contrast, the second triplet is connected082

to the query only through the intermediate entity083

“Compiègne” and the implicitly query-related re-084

lation “located in”. Therefore, it exhibits weak085

textual alignment with the query and is unlikely to086

be retrieved by global semantic matching alone. As087

a result, treating all triplets equally aligned with088

the query is suboptimal. Instead, different triplets089

play different roles in the reasoning process and090

should be retrieved using different criteria. How-091

ever, existing retrievers typically lack mechanisms092

to explicitly model such differences.093

Another major challenge is pretraining graph-094

based multi-hop retrievers without query-triplet095

alignment supervision. Although some methods096

have attempted to tune retrievers (Li et al., 2024),097

they typically assume access to explicit query–098

triplet alignment signals for supervision. How-099

ever, benchmarks such as Complex Web Ques-100

tions (CWQ) (Talmor and Berant, 2018) provide101

only final answers and do not explicitly annotate102

which knowledge triplets should be retrieved to103

support multi-hop reasoning. Thus, it is challeng-104

ing to train retrievers that can distinguish between105

strongly aligned evidence and weakly aligned but106

structurally necessary evidence. Moreover, naive107

supervision at the triplet level ignores the fact that108

queries often specify only partial elements of a109

triplet, further exacerbating the mismatch between110

training objective and inference requirements.111

To address these challenges, we propose a novel112

Knowledge-Aligned Multi-hop Retriever (KAMR)113

that explicitly models partial query-triplet align-114

ment and structural connectivity. Our key insight is115

to distinguish between two types of retrieval targets:116

anchor triplets, which are strongly constrained by117

the query and exhibit high semantic alignment, and118

connected triplets, which are weakly aligned with119

the query but are structurally connected to anchor120

triplets and essential for the multi-hop reasoning. 121

To mitigate the issue of lack of training super- 122

vision, we construct a partial query-triplet align- 123

ment dataset by masking individual triplet elements 124

and prompting a large language model (LLM) to 125

generate corresponding queries. This allows us 126

to pretrain the proposed retriever KAMR using two 127

complementary contrastive objectives: a pair-level 128

loss that aligns queries with partial triplets for an- 129

chor retrieval, and an element-level loss that aligns 130

queries with individual triplet elements to sup- 131

port connected triple retrieval. Importantly, this 132

design avoids the need for explicit multi-hop su- 133

pervision while aligning naturally with our two- 134

stage inference procedure: we first retrieve an- 135

chor triplets, then expand to structurally connected 136

triplets within their local neighborhoods to com- 137

plete multi-hop evidence via graph connectivity. 138

Our contribution can be summarized as follows: 139

(1) We identify and formalize the distinction be- 140

tween anchor triplets and connected triplets in 141

graph-based multi-hop retrieval, highlighting their 142

different roles and alignment properties. (2) We 143

propose a novel graph-based multi-hop retrieval 144

pretraining framework KAMR that combines pair- 145

level and element-level matching to balance seman- 146

tic relevance and structural connectivity. (3) We 147

construct a partial query-triplet alignment dataset 148

that enables effective retriever pretraining without 149

explicit multi-hop annotation. (4) We demonstrate 150

that the proposed KAMR consistently improves multi- 151

hop retrieval performance across one multi-hop re- 152

trieval task and two multi-hop question-answering 153

tasks on three LLM backbones, outperforming four- 154

teen baselines. 155

2 The Proposed KAMR Framework 156

2.1 Task Definition 157

In contrast to existing graph-based RAG methods 158

that retrieve triplets independently, multi-hop re- 159

trieval explicitly enforces structural connectivity 160

among the retrieved triplets. Specifically, the re- 161

trieved set must contain at least one connected 162

pair of triplets that share a common head or tail 163

entity, thereby enabling multi-hop reasoning over 164

the graph. Thus, we mathematically define graph- 165

based multi-hop retrieval as follows: 166

Definition 1 (Graph-based Multi-hop Retrieval). 167

Let G = (E ,R, TG) be a knowledge graph, where 168

E is the entity set, R is the relation set, and TG = 169

{E × R × E} is the set of all triplets. Given a 170
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textual query q, the objective of graph-based multi-171

hop retrieval is to select a subset Tq ⊂ TG that is172

semantically relevant to q, i.e.,173

Tq = Retriever(q,G),174

and satisfies the following multi-hop connectivity175

constraint:176

∃(hi, ri, ti), (hj , rj , tj) ∈ Tq,177

s.t. {hi, ti} ∩ {hj , tj} ̸= ∅,178

|Tq| = K ≪ |TG |,179

where hi, ti ∈ E and ri ∈ R.180

2.2 Targets of Multi-hop Retrieval181

An ideal graph-based multi-hop retriever should182

return a set of triplets Tq that are not only well183

aligned with the query q, but also provide the miss-184

ing information required to answer it. In the multi-185

hop setting, however, these two objectives often186

conflict, as queries are frequently underspecified187

and do not fully constrain all relevant facts. This188

observation motivates targeted mechanisms that ex-189

plicitly account for query–triplet misalignment in190

multi-hop retrieval. Accordingly, we distinguish191

two types of retrieval targets based on the degree to192

which a triplet is constrained by the current context.193

Definition 2 (Anchor Triplets). Let Sq denote the194

sets of entities and relations extracted from the195

query q. A triplet τi = (hi, ri, ti) ∈ TG is called an196

anchor triplet if the query q specifies exactly two197

elements of τi, i.e.,198

τi ∈ Aq s.t. |Sq ∩ Elem(τi)| = 2,199

where Aq denotes the set of anchor triplets for q,200

and Elem(τi) represents the element set of τi.201

Definition 3 (Connected Triplets). A triplet τj is202

called a connected triplet, which satisfies the fol-203

lowing constraint:204

τj ∈ Cq, s.t. |Sq ∩ Elem(τj)| = 1, and205

∃ τi ∈ Aq such that {hi, ti} ∩ {hj , tj} ̸= ∅,206

where Cq is the set of connected triplets for q.207

(Joan of Arc, captured in, Compiègne) shown208

in Figure 1 is the anchor triple, which shares two209

elements with the query, and (Compiègne, located210

in, France) is the connected triplet, which has one211

semantically shared element “located in” with the212

query and one shared element “Compiègne” with213

the anchor triplet. The anchor triplets are typi- 214

cally easier to retrieve due to their strong semantic 215

alignment with the query, but they are insufficient 216

for multi-hop reasoning on their own. Connected 217

triplets complement anchor triplets by introducing 218

new, structurally connected evidence, thereby en- 219

abling effective multi-hop expansion. 220

2.3 KAMR Pretraining 221

Training a multi-hop retriever poses significant 222

challenges for two main reasons. First, there is 223

a lack of query–triplet aligned supervision. For 224

instance, although benchmarks such as Complex 225

Web Questions (CWQ) (Talmor and Berant, 2018) 226

have been widely adopted for knowledge graph- 227

based question answering, they provide only final 228

answers and do not include explicit annotations in- 229

dicating which triplets should be retrieved during 230

reasoning. 231

Second, as discussed above, multi-hop reason- 232

ing requires retrieving both anchor and connected 233

triplets, yet the query typically specifies only partial 234

elements of the relevant triplets. Consequently, ef- 235

fective retrieval cannot rely on matching the query 236

against fully specified triplets. Instead, the retriever 237

must model the correspondence between the tex- 238

tual query and partially specified triplets, which 239

substantially complicates pretraining and supervi- 240

sion. 241

To address these challenges, we first use LLMs 242

to construct a supervision dataset for multi-hop 243

retriever pretraining, and then introduce a tai- 244

lored pretraining loss that accounts for partial 245

query–triplet alignment. 246

2.3.1 Partial Alignment Dataset Construction 247

Given a complete triplet τi = (hi, ri, ti) ∈ TG , we 248

generate three partial triplets by randomly masking 249

one of its elements, yielding the set, 250

U(τi) = {(hi, ri), (ri, ti), (hi, ti)}. (1) 251

Each partial triplet can be converted into a natural 252

language query by prompting an LLM2. 253

Let ui = (e1i , e
2
i ) ∈ U(τi) denote a partial 254

triplet, where eki ∈ {hi, ri, ti} and k = 1, 2. qi 255

denotes the corresponding query generated from 256

ui. We construct a pretraining dataset U = 257

{(qi, ui)}|U|
i=1, where |U| is the total number of par- 258

tial query–triplet alignment pairs. This dataset, 259

detailed in Appendix C.2, is used to pretrain the 260

multi-hop retriever. 261

2The prompt is provided in Appendix B.1.
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2.3.2 Pretraining Loss Design262

Since graph-based multi-hop retrieval aims to re-263

trieve both anchor and connected triplets, we define264

the overall pretraining objective as the sum of two265

loss terms:266

L = La + Lc, (2)267

where La corresponds to the pretraining loss for268

anchor triplets, and Lc corresponds to the pretrain-269

ing loss for connected triplets. We next describe270

the formulation of each loss term in detail.271

Anchor Triplet Retrieval Pretraining. Given272

a partial query-triplet alignment pair (qi, ui), we273

first encode the query and the corresponding par-274

tial triplet using their corresponding text encoders275

ENCq() and ENCu() as follows:276

qi = ENCq(qi), ui = ENCu(e
1
i ⊕ e2i ), (3)277

where ⊕ denotes concatenation. We then optimize278

their alignment using the InfoNCE loss (Oord et al.,279

2018):280

La = − 1

|B|

|B|∑
i=1

log
exp(sim(qi,ui)/T )∑|B|
j=1 exp(sim(qi,uj)/T )

, (4)281

where B ⊆ U denotes the mini-batch of training282

samples, T is a temperature hyperparameter, and283

the remaining partial triplets within the batch serve284

as negatives.285

Connected Triplet Retrieval Pretraining. When286

constructing the partial alignment dataset, we do287

not explicitly create multi-hop supervision pairs288

for connected triplet pretraining. This is because289

the partial query–triplet alignment samples are suf-290

ficient to support the pretraining of both anchor291

and connected triplets. By Definition 3, a con-292

nected triplet shares only one element with the293

query, while its remaining element is connected294

to an anchor triplet. Consequently, retrieving con-295

nected triplets still requires identifying the element296

that overlaps with the query based on semantic297

similarity.298

This observation motivates us to directly model299

element-level similarity between the query qi and300

individual elements in ui, rather than relying on301

explicit multi-hop supervision during pretraining.302

Accordingly, we define another InfoNCE loss to303

pretrain the retriever with connected triplets as fol-304

lows:305

Lc = − 1

2|B|

|B|,2∑
i=1,k=1

log
exp(sim(qi, e

k
i )/T )∑|B|,2

j=1,k=1 exp(sim(qi, ek
j )/T )

,

(5)306

where eki = ENCu(e
k
i ) is the embedding of the 307

k-th element eki ∈ ui (k = 1, 2). 308

2.4 KAMR Inference 309

After optimizing the pretraining objective in Eq. (2) 310

on the constructed dataset U , we directly deploy 311

the pretrained graph-based multi-hop retriever to 312

a variety of downstream tasks. During inference, 313

in accordance with our retrieval objectives, the re- 314

triever first identifies anchor triplets via the pair- 315

level matching learned from anchor-triplet pretrain- 316

ing, and then retrieves connected triplets from the 317

neighborhoods of these anchor triplets. This two- 318

stage retrieval process simultaneously promotes 319

structural connectivity and improves local retrieval 320

precision. 321

Anchor Triplet Retrieval. Each triplet τi ∈ TG 322

is first converted into a set of partial triplets U(τi) 323

according to Eq. (1). We then compute the co- 324

sine similarity between the query embedding q 325

and the embedding of each partial triplet in U(τi), 326

where embeddings are obtained using Eq. (3). The 327

maximum similarity score among the three partial 328

query–triplet pairs is taken as the overall similarity 329

between the query q and the triplet τi. Finally, we 330

retrieve the top-M triplets as anchor candidates, 331

i.e., |Aq| = M . 332

Connected Triplet Retrieval. For each anchor 333

triplet τi ∈ Aq, we first extract its g-hop neigh- 334

borhood from the knowledge graph G. We then 335

select a set of connected triplet candidates X(τi) 336

according to Definition 3. For each candidate triplet 337

x ∈ X(τi), we remove the element shared with τi 338

and then embed the remaining two elements in 339

Elem(x) − Elem(τi) using the element encoder 340

ENCu(·). We then calculate the cosine similarity 341

between the query embedding q and each element- 342

level embedding. Similar to the anchor triplet se- 343

lection, the maximum similarity score between the 344

query and the remaining elements is used as the 345

score for candidate triplet x. 346

We retrieve top-N connected triplets for each 347

anchor triplet τi, denoted as Cq(τi). The final set of 348

connected triplets is obtained by taking the union 349

over all anchor triplets, i.e., Cq =
⋃

τi∈Aq
Cq(τi). 350

Final Multi-hop Evidence. We return the retrieved 351

multi-hop evidence set in the form required by Def- 352

inition 1: 353

Tq = Aq ∪ Cq, (6) 354

where |Aq| = M , each anchor retrieves N con- 355

nected triplets, and thus |Tq| = M +M ∗N = K. 356
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This inference strategy is well aligned with357

our pretraining objectives: anchor retrieval re-358

lies on pair-level matching to address partial359

query–triplet alignment, while connected retrieval360

leverages element-level matching under anchor-361

induced structural constraints to recover weakly362

aligned yet composable multi-hop evidence. Algo-363

rithm 1 in Appendix B.2 summarizes the overall364

retrieval procedure.365

3 Experiments366

3.1 Experiment Settings367

Datasets. We evaluate KAMR in a staged man-368

ner, from multi-hop retrieval quality to multi-hop369

retrieval-based applications. For the retrieval qual-370

ity evaluation, we use PathQuestion (PQ-2H for371

questions depending on 2-hop facts and PQ-3H372

for those relying on 3-hop triplets) (Zhou et al.,373

2018), which provides gold reasoning paths and en-374

ables explicit measurement of whether a retriever375

can recover the supporting triplets. Question an-376

swering is a representative task in multi-hop re-377

trieval. Correspondingly, we consider two datasets378

with complementary characteristics: PathQuestion,379

which features a single answer and fixed 2- and 3-380

hop reasoning chains, and Complex Web Questions381

(CWQ) (Talmor and Berant, 2018), which allows382

multiple valid answers and involves mixed-hop rea-383

soning.384

Backbones. Our retrieval strategies are tested385

with several large language models (LLMs) back-386

bones pretrained on general-domain corpora, in-387

cluding ChatGPT-3.5 Turbo (Achiam et al., 2023),388

LLaMA2-7B (Touvron et al., 2023), and Qwen3-389

8B (Yang et al., 2025). These models span different390

scales and include both open- and closed-source391

LLMs, ensuring a comprehensive evaluation across392

architectures.393

Baselines. We compare KAMR against four cate-394

gories of retrievers. (1) Lexical-based methods395

include BM25 (Robertson et al., 2009) and TF-396

IDF (Sparck Jones, 1972). (2) Semantic-based397

dense retrievers include DistilBERT (Sanh et al.,398

2019), BGE (Chen et al., 2024), BCE (Youdao,399

2023), Jina (Günther et al., 2023), MXBAI (Shakir400

et al., 2024), SPLADE (Formal et al., 2021), Col-401

BERTv2 (Santhanam et al., 2022), Dragon (Lin402

et al., 2023), and Hybrid (Li et al., 2023).403

(3) Structure-based graph retrievers include G-404

RAG (Hu et al., 2024) and G-Retriever (He et al.,405

2024). (4) Graph-pretraining method SKP (Dong406

Table 1: Retrieval performance on PathQuestion.

Retriever
Category Method

PQ-2H PQ-3H
Triplet
Recall

Path
Recall

Triplet
Recall

Path
Recall

Lexical
Based

BM25 63.47 26.94 63.48 40.32
TF-IDF 63.78 27.57 64.45 40.52

Semantic
Based

BCE 77.83 55.66 72.03 49.13
BGE 83.49 66.98 76.73 55.89
ColBERT 80.37 62.16 72.60 48.15
DistilBERT 34.83 17.77 27.98 10.04
Dragon 85.95 71.91 78.71 59.10
Hybrid 85.88 71.75 79.18 59.35
Jina 82.34 65.04 74.18 51.31
MXBAI 10.59 1.47 6.25 0.50
SPLADE 80.16 60.32 75.07 53.10

Structure
Based

G-RAG 92.92 86.90 59.04 30.92
G-Retriever 14.47 9.91 4.14 2.81

Graph
Pretraining

SKP 75.68 57.76 53.26 31.05
KAMR 96.36 92.87 85.60 67.06

et al., 2023). Detailed configurations and imple- 407

mentation for all baselines as well as KAMR are pro- 408

vided in Appendix C.2. 409

3.2 Multi-hop Retrieval Quality Evaluation 410

We explicitly evaluate retrieval quality on 411

PathQuestion (PQ-2H and PQ-3H) using two met- 412

rics with a 50 budget. Triplet Recall measures 413

whether each gold triplet appearing in the annotated 414

reasoning path is retrieved within the budget. Path 415

Recall measures whether the retriever recovers the 416

entire reasoning path, i.e., all triplets required to 417

form the gold multi-hop chain.3 418

Table 1 reports retrieval performance on 419

PathQuestion under the same retrieval budget. We 420

can observe that KAMR achieves the best results on 421

both PQ-2H and PQ-3H, with particularly strong 422

Path Recall, indicating more stable recovery of 423

complete multi-hop chains. Even the stronger base- 424

lines still fall short of a consistently high Path Re- 425

call, especially on PQ-3H, indicating that recover- 426

ing complete multi-hop chains remains challenging 427

under a fixed retrieval budget. In addition, we ob- 428

serve two representative failure cases among base- 429

lines. MXBAI is primarily a reranker and typically 430

requires a lexical retriever (e.g., Solr (Shahi, 2015)) 431

for coarse filtering, so using it alone leads to many 432

irrelevant candidates. G-Retriever’s heuristic prize- 433

based subgraph extraction optimizes the overall 434

subgraph score, which can introduce non-essential 435

triplets and dilute evidence-critical retrieval. 436

3Note that we retrieve two different types of triplets, mak-
ing it impossible to use other ranking metrics such as nDCG
in the evaluation.
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Table 2: Question answering accuracy (%) on PathQuestion (PQ-2H / PQ-3H) across three LLM backbones. The
best and second-best results per backbone and dataset are highlighted in bold and underline, respectively.

Retriever
Category Method Qwen3-8B LLaMA2-7B ChatGPT-3.5

PQ-2H PQ-3H PQ-2H PQ-3H PQ-2H PQ-3H

✗ LLM-only 46.09 33.54 12.47 8.50 39.47 26.24

Lexical
Based

BM25 42.66 56.21 48.32 49.77 51.83 53.89
TF-IDF 42.08 55.19 46.70 49.25 50.10 52.23

Semantic
Based

BCE 57.04 57.63 56.18 48.53 60.80 52.09
BGE 63.65 60.39 60.32 50.98 67.35 54.15
ColBERT 59.04 56.64 59.06 50.08 62.78 54.17
DistilBERT 24.60 30.17 44.70 31.72 45.70 37.18
Dragon 65.96 59.77 62.57 50.59 68.37 54.32
Hybrid 64.99 58.75 61.79 50.27 67.16 54.42
Jina 62.68 58.23 60.48 48.90 65.46 52.75
MXBAI 9.51 7.27 31.13 19.93 38.20 26.01
SPLADE 58.96 60.10 60.64 52.13 63.42 54.02

Structure
Based

G-RAG 72.40 51.21 68.61 46.33 74.16 50.00
G-Retriever 12.05 5.96 47.59 25.00 46.12 27.74

Graph
Pretraining

SKP 50.79 43.52 60.06 41.22 66.35 45.15
KAMR 73.53 62.50 68.61 52.98 75.86 56.54

Table 3: Evaluation Results on CWQ Dataset.

Retriever
Category Method Qwen3-8B LLaMA2-7B ChatGPT-3.5

Acc Prec Rec F1 Acc Prec Rec F1 Acc Prec Rec F1

✗ LLM-only 25.99 29.88 24.42 25.49 28.23 9.99 28.23 14.70 37.88 42.19 35.63 38.63

Lexical
Based

BM25 20.44 24.02 19.55 20.44 29.41 34.81 28.09 29.38 31.70 36.22 30.05 31.27
TF-IDF 25.83 29.76 24.51 25.54 33.26 38.69 31.41 32.82 35.84 40.92 33.71 35.13

Semantic
Based

BCE 32.36 36.48 29.57 30.96 36.11 41.74 33.72 35.31 40.28 44.77 37.00 38.57
BGE 35.59 39.45 32.72 34.08 38.35 44.21 35.85 37.55 42.90 47.24 39.35 40.95
ColBERT 36.48 40.27 33.05 34.49 37.31 42.96 34.82 36.44 42.66 47.52 39.33 40.99
DistilBERT 19.22 23.76 18.27 19.30 27.38 32.57 26.12 29.01 30.85 36.34 29.60 32.64
Dragon 37.25 41.22 34.12 35.53 38.70 44.80 36.23 37.93 44.45 49.22 40.91 42.57
Hybrid 36.95 40.44 33.66 32.02 35.12 40.70 33.25 36.61 39.55 44.52 37.06 40.47
Jina 34.00 37.92 31.16 32.50 36.16 42.34 33.98 35.64 40.94 45.82 37.59 39.25
MXBAI 17.23 20.56 16.21 17.05 25.58 30.70 24.24 25.49 32.39 37.81 30.76 32.16
SPLADE 34.94 38.40 31.70 33.02 37.52 43.08 34.79 36.41 43.45 47.64 39.39 41.04

Structure
Based

G-RAG 29.17 33.29 26.40 27.76 34.19 39.88 31.88 33.47 31.87 36.44 30.55 33.21
G-Retriever 27.87 31.42 25.65 26.80 38.37 43.56 35.73 37.30 33.51 39.42 31.84 34.99

Graph
Pretraining

SKP 29.37 32.16 27.56 29.67 28.54 33.48 27.04 29.86 33.43 38.71 31.71 34.83
KAMR 38.71 42.40 34.90 36.43 40.19 45.40 36.87 38.93 45.10 49.59 41.09 42.70

3.3 Evaluation on Question Answering Tasks437

Tables 2 and 3 summarize question answering eval-438

uation results on PathQuestion and CWQ datasets439

across three LLM backbones. We use accuracy440

as the evaluation metric for the single-answer441

dataset PathQuestion, and accuracy, precision, re-442

call, and F1 scores for the multi-answer dataset443

CWQ. Overall, KAMR consistently achieves the best444

performance across all three backbones, indicating445

that the proposed alignment-oriented training and446

structure-aware inference yield stable gains across447

diverse generators and evaluation settings.448

Aligning with the retrieval trends in Table 1, on449

PathQuestion, structure-aware retrieval can be ef-450

fective when the required evidence is relatively 451

local. G-RAG performs competitively on PQ-2H, 452

which aligns with its design of retrieving and encod- 453

ing a 1-hop subgraph as evidence. However, its per- 454

formance degrades notably on PQ-3H, where the 455

required reasoning chain extends beyond a single 456

local neighborhood. In contrast, KAMR maintains 457

more competitive performance on PQ-3H, suggest- 458

ing that integrating anchors with connected triplets 459

better retrieves longer compositional chains, no- 460

tably facilitating the grounded generation. 461

The QA task is more challenging on the CWQ 462

dataset due to mixed reasoning depths, multiple 463

correct answer candidates, and noisier query phras- 464
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Table 4: Ablation Study of KAMR.

Setting Model Accuracy

Full Model KAMR 75.86

Pretraining
Ablation

Without La 48.79
Without Lc 75.10

Inference
Ablation

Anchor Only 63.00
Full Anchor Triplets 75.26
Full Connected Triplets 74.79

ing and entity mentions. In this setting, strong465

semantic retrievers, e.g., Dragon, remain competi-466

tive because semantic matching is more tolerant to467

lexical variation and noisy mentions. Nevertheless,468

KAMR still achieves the best overall results across469

all backbones, suggesting that targeted pretraining470

better bridges query–triplet mismatch under noisy471

inputs, while the inference strategy enables broader472

evidence acquisition that can support multiple cor-473

rect answers.474

By combining partial-alignment-oriented pre-475

training with a structure-aware inference strategy,476

KAMR better balances relevance and connectivity477

during retrieval, yielding stable, backbone-agnostic478

gains on both PathQuestion and CWQ datasets. A479

further investigation on scalability of KAMR during480

the inference stage is available in Appendix E.481

3.4 Ablation Study482

To quantify the contribution of each design choice483

in KAMR, we conduct ablations on the PQ-2H dataset484

with ChatGPT-3.5-Turbo and report accuracy in485

Table 4. Each variant is constructed to directly486

correspond to a specific component in our method-487

ology, allowing us to isolate its effect on end-to-end488

generation.489

Ablating the pretraining objectives. Our pre-490

training jointly handles partial alignment for anchor491

triplets La (i.e., Eq. (4)) and connected triplets Lc492

(i.e., Eq. (5)), mirroring the two retrieval targets in493

Section 2.2. To assess their roles, we remove each494

pretraining objective individually. Excluding La495

leads to a severe degradation, consistent with our496

formulation that accurate anchor identification is497

the prerequisite for inducing a reliable local search498

region and subsequent expansion. Removing Lc499

also hurts performance, indicating that learning500

element-level alignment is necessary for selecting501

informative connected triplets, given the limited502

partial overlap between semantics in the query and503

connected triplet.504

Ablating the connected triplet retrieval in in-505

ference. A key component of KAMR is the connected506

Which nationality is Frederica of 

Mecklenburg-strelitz's couple?
United KingdomQuestion

Ground

Truth

R1. Frederica of Mecklenburg-strelitz, Spouse, Ernest Augustus I of Hanover

R2. Juliana Maria of Brunswick Wolfenbuttel, Spouse, Frederick V of Denmark

R3. Louise of mecklenburg-strelitz, Children, Alexandra Fyodorovna

R1. Frederica of Mecklenburg-strelitz, Spouse, Ernest Augustus I of Hanover

R2. Louise of Mecklenburg-strelitz, Children, Alexandra Fyodorovna

R3. Christiane Eberhardine of Brandenburg Bayreuth, Children, Augustus III 

of Poland

Anchor Triplets

R1. Ernest Augustus I of Hanover, Nationality, United_Kingdom

R2. Alexandra Fyodorovna, Nationality, Germany

R3. Augustus III of Poland, Religion, Catholicism

Connected Triplets

Dragon

KAMR
(Ours)

Germany

United_Kingdom

Figure 2: Case study comparison.

triplet retrieval module, which complements glob- 507

ally retrieved anchors by adding structurally con- 508

nected triplets from their local neighborhoods. To 509

test its necessity during inference, we remove the 510

connected triplet retrieval module and keep only 511

the anchor triplets, denoted “Anchor Only”. This 512

variant exhibits clear degradation, confirming that 513

local expanding supplies are essential intermediate 514

evidence, weakly aligned to the query, but required 515

to complete multi-hop reasoning chains. 516

Ablating partial alignment design in infer- 517

ence. As we mentioned in Section 2.4, only partial 518

triplets are used in inference. We use the following 519

two inference variants to validate the effectiveness 520

of such a design. First, for anchor retrieval, instead 521

of computing similarity between the query and par- 522

tial triplets, we use full triplets. This ablation is 523

called “Full Anchor Triplets” in Table 4. We can 524

observe a drop in accuracy. Second, when retriev- 525

ing the connected triplets, we proposed using the 526

elements of the triplets to calculate similarity with 527

the query. Similarly, we use full triplets in the ab- 528

lation, denoted as “Full Connected Triplets”. Still, 529

the performance drops. Together, these ablations 530

show that KAMR has a redundancy-free design, of- 531

fering a clearer view of the principles that drive its 532

performance. 533

3.5 Qualitative Study 534

Beyond the quantitative results, we present two 535

qualitative analyses to provide an intuitive under- 536

standing of how KAMR retrieves evidence and how 537

its structure-aware search supports downstream 538

generation. 539

Case study of retrieved evidence. We examine 540

a natural-language query from the PQ-2H dataset 541

and compare the retrieved evidence produced by 542

7



Query
Ground Truth Answer
Anchor Triplets
Connected Triplets
Ground Truth Reasoning Path

Step 1

Step 2

Figure 3: Visualization of how KAMR retrieves seman-
tically distant yet structurally relevant triplets via con-
nected triplet retrieval, enabling access to knowledge-
rich intermediate facts that support reaching the ground-
truth answer.

KAMR against one of the strongest baseline retriev-543

ers, i.e., Dragon. The results are shown in Figure 2.544

While a semantic retriever often captures the key545

anchor triplet (Frederica of Mecklenburg-strelitz,546

Spouse, Ernest Augustus I of Hanover), it fails to547

retrieve structurally necessary but weakly aligned548

supporting triplets such as (Ernest Augustus I of549

Hanover, Nationality, United_Kingdom), resulting550

in fragmented and incomplete evidence and limit-551

ing answer groundedness. In contrast, KAMR explic-552

itly retrieves such weakly aligned yet structurally553

relevant facts by expanding from anchor triplets554

via graph connectivity. This yields a more com-555

plete and better-connected evidence set, leading to556

a more grounded and accurate generation.557

Semantic investigation via visualization. To558

further isolate the role of connected triplet re-559

trieval, we conduct a semantic-space analysis us-560

ing t-SNE (Maaten and Hinton, 2008) on another561

set of retrieval examples in PQ-2H. Figure 3 visu-562

alizes the query, the retrieved anchor triplets Aq,563

and the expanded triplets Cq. As expected, when564

retrieval relies primarily on query semantics, the565

model tends to select anchor triplets that lie close566

to the query embedding. As a complement, search-567

ing connected triplets with graph structure brings568

in additional triplets that may be farther away se-569

mantically, but are connected through the graph570

and contain knowledge-rich intermediate informa-571

tion. These connected triplets acquired through572

KAMR help bridge missing hops in the reasoning573

chain toward the final answer, thereby improving574

the stability and completeness of the evidence used575

for generation.576

4 Related Work 577

Multi-hop Retrieval for Generation. Multi-step 578

generation requires evidence spanning multiple 579

hops. Text-based RAG achieves this via iterative 580

retrieval or query decomposition (Jiang et al., 2023; 581

Trivedi et al., 2023; Lee et al., 2024; Verma et al., 582

2024), while Graph RAG retrieves structured evi- 583

dence from knowledge graphs, enabling more inter- 584

pretable compositional reasoning (Gao et al., 2023; 585

Guo et al., 2023; Ma et al., 2023; Min et al., 2019; 586

Zhang et al., 2025). Predefined graph indices, how- 587

ever, often rely on bespoke KGs and limit general- 588

ization. Most work instead applies pretrained LM 589

retrievers over graph elements (He et al., 2024; Li 590

et al., 2023, 2024; Hu et al., 2024). Although LLM- 591

based consumption of retrieved structures has been 592

explored (Scarselli et al., 2008), retrieval remains 593

largely text-oriented, often ranking isolated items 594

without enforcing coherent multi-hop structure. 595

Dense Retrievers for RAG. Dense retrievers link 596

natural-language queries to external knowledge 597

by ranking candidates via embedding-based sim- 598

ilarity, forming the backbone of many RAG sys- 599

tems (Robertson et al., 2009; Salton and Buckley, 600

1988; Karpukhin et al., 2020; Gao et al., 2021; 601

Ni et al., 2022). Advanced variants could further 602

enhance semantic matching beyond exact token 603

overlap and boost the generation quality through 604

the RAG procedure (Chen et al., 2024; Youdao, 605

2023; Günther et al., 2023; Shakir et al., 2024; For- 606

mal et al., 2021; Santhanam et al., 2022; Lin et al., 607

2023) . While effective for plain-text RAG, these 608

methods are tuned for unstructured text and over- 609

look graph topology and relational dependencies 610

needed for multi-hop reasoning. 611

5 Conclusion 612

We presented KAMR, a retriever for multi-hop fact 613

acquisition over knowledge graphs that addresses 614

both partial query–triplet alignment and structural 615

composability. KAMR constructs supervision via 616

LLM-guided triplet masking and query genera- 617

tion, and applies targeted contrastive pretraining 618

with pair-level and element-level objectives to bet- 619

ter align natural-language queries with symbolic 620

triplets. At inference time, KAMR retrieves anchor 621

triplets globally and expands locally to collect con- 622

nected subgraph-level evidence. Experiments show 623

that KAMR consistently improves multi-hop retrieval 624

quality and yields stronger downstream question 625

answering performance. 626
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Limitations627

While KAMR demonstrates strong performance in628

graph retrieval, it still has one key limitation. Al-629

though our pretraining strategy is broadly applica-630

ble, we implement KAMR using a conventional two-631

tower retriever in this study for clarity and ease632

of deployment. Combining our partial-alignment633

pretraining strategy with more advanced retrieval634

systems may yield more promising results by en-635

abling deeper evidence aggregation and better bal-636

ancing relevance with connectivity. Investigating637

more expressive retriever architectures presents a638

promising direction for future work.639
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A LLM Usage Statement845

Large language models (LLMs) are a central object846

of study in this paper. Our research investigates847

how LLMs can be better supported by multi-hop848

retrieval for graph-based augmentation and genera-849

tion, and we evaluate their behavior and outcomes850

within this retrieval-augmented framework. In this851

sense, LLMs are not merely auxiliary tools but852

an integral component of the problem setting and853

experimental analysis.854

Separately, we used GPT-5 only for manuscript855

editing. Its use was limited to surface-level re-856

finement, including improving phrasing, correcting857

grammar, and enhancing readability. All scientific858

contributions, including the problem formulation,859

methodology, experimental design, results, and in-860

terpretations, were developed by the authors.861

All LLM-involved outputs were reviewed for862

accuracy and appropriateness. The authors take863

full responsibility for the validity and integrity of864

the final content.865

B More information of KAMR866

B.1 Prompt for Pretrainng Dataset867

Construction868

The prompt for data construction from triplets is869

listed in Figure 4.870

B.2 Algorithm of KAMR871

Algorithm 1 provides an intuitive overview of the872

full inference pipeline of KAMR, facilitating clear873

understanding and reliable reproducibility.874

C Experiment Details875

C.1 Baselines876

We include the following graph-retrieval baselines877

for comparison:878

BM25 (Robertson et al., 2009) is a classic lex-879

ical retriever based on the probabilistic relevance880

framework. It ranks documents by aggregating ex-881

act term matches between the query and document,882

with a saturated term-frequency component and ex-883

plicit document-length normalization (controlled884

by hyperparameters such as k1 and b), making it a885

strong sparse baseline for keyword-style retrieval.886

Prompt for Pretraining Dataset Construction

You are given a triple from a knowledge graph in
the form of (head, relation, tail), but one element is
missing, shown as ‘??’.

Your job is to generate a single natural language ques-
tion based on the incomplete triple, such that the
missing part is what the question is asking for.

The question should be a complete sentence ending
with a question mark.

Do NOT generate multiple questions. Stop after the
first question. Do NOT include the masked answer
or the triple in your output.

Triple: {triplet}
Masked Answer: {answer}
Output:

Figure 4: Prompt for Pretraining Dataset Construction.

TF-IDF (Sparck Jones, 1972) is a sparse vector- 887

space retriever that represents each document (and 888

query) with term weights computed from term 889

frequency (TF) and inverse document frequency 890

(IDF). It retrieves documents by comparing these 891

weighted bag-of-words vectors (commonly via co- 892

sine similarity), favoring terms that are frequent in 893

a document but rare across the corpus, and serving 894

as a widely used baseline for lexical matching. 895

G-Retriever (He et al., 2024) is a retrieval- 896

augmented generation framework designed for 897

question answering over textual graphs. It re- 898

trieves relevant nodes and edges based on seman- 899

tic similarity and constructs subgraphs using the 900

Prize-Collecting Steiner Tree (PCST) (Goemans 901

and Williamson, 1995) algorithm to form concise, 902

query-relevant subgraphs for generation . 903

G-RAG (Hu et al., 2024) is a graph retrieval- 904

augmented generation method that enhances LLMs 905

by retrieving and integrating textual subgraphs. It 906

represents subgraphs as pooled embeddings of k- 907

hop ego-graphs and retrieves them to incorporate 908

both textual and topological information through 909

dual prompting, improving performance on multi- 910

hop reasoning tasks . 911

Hybrid (Li et al., 2023) is a hybrid retrieval 912

model that combines sparse retrieval (BM25) and 913

dense retrieval (DPR) for coarse retrieval, followed 914

by reranking with a cross-encoder to improve re- 915

trieval performance. 916

SKP (Dong et al., 2023) leverages traditional ap- 917

proaches like contrastive learning and masked lan- 918

guage prediction on graphs to obtain a more graph- 919

concentrated encoder for retrieval, enhancing the 920
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Algorithm 1: Two-Stage Multi-hop Re-
trieval at Inference Time

Input: Query q; knowledge graph G; encoders
ENCq(·),ENCu(·); hop radius g; budgets
M,N

Output: Multi-hop evidence set Tq
1 Encode query: q← ENCq(q)

2 Stage 1: Anchor triplet retrieval
3 foreach τ = (h, r, t) ∈ TG do
4 U(τ)← {(h, r), (r, t), (h, t)}
5 sA(q, τ)←

max
u=(e1,e2)∈U(τ)

sim
(
q,ENCu(e

1 ⊕ e2)
)

6 Aq ← Top-M
(
{(τ, sA(q, τ)) : τ ∈ TG}

)
7 Stage 2: Connected triplet retrieval
8 Cq ← ∅
9 foreach τi ∈ Aq do

10 X(τi)← {x ∈ Neighbors(τi, g) :
x satisfies Definition 3 w.r.t. τi}

11 foreach x ∈ X(τi) do
12 Ex ← Elem(x)− Elem(τi)

13 sC(q, x)← max
e∈Ex

sim
(
q,ENCu(e)

)
14 Cq(τi)← Top-N

(
{(x, sC(q, x)) : x ∈

X(τi)}
)

15 Cq ← Cq ∪ Cq(τi)

16 Compose evidence:
17 Tq ← Aq ∪ Cq
18 return Tq

model’s ability to represent complex subgraphs.921

BGE (Chen et al., 2024) is a versatile embedding-922

based retrieval model that supports multiple lan-923

guages and tasks. It leverages dense, sparse, and924

multi-vector modalities to offer strong generaliza-925

tion across domains and text granularities.926

BCE (BCEmbedding) (Youdao, 2023) is a927

bilingual/cross-lingual embedding framework op-928

timized for efficient first-stage retrieval and (op-929

tional) reranking. It is designed to work well when930

dealing with mixed-language content, providing931

embeddings that capture both semantic and cross-932

language signals.933

Jina Embeddings (Günther et al., 2023) are em-934

bedding models provided by Jina that aim for high935

retrieval performance through rich sentence/text936

representations. They focus on scalability, multi-937

lingual support, and ease of integration into exist-938

ing retrieval pipelines.939

MXBAI (Shakir et al., 2024) is a retrieval/em-940

bedding family that emphasizes high performance941

on embedding benchmarks (e.g. sentence embed-942

dings) and aims to balance between embedding943

quality and computational efficiency. It supports944

downstream tasks such as semantic search and re-945

trieval. 946

SPLADE (Formal et al., 2021) is a sparse 947

representation model that transforms text into 948

high-dimensional sparse vectors, preserving inter- 949

pretability and allowing efficient matching with 950

traditional retrieval indexing (e.g., inverted indices) 951

while still capturing semantic similarity beyond 952

keywords. 953

ColBERT (Santhanam et al., 2022) is a late- 954

interaction retrieval model which encodes queries 955

and documents/token sequences into token-level 956

embeddings. It retains fine-grained interaction at 957

search time, but optimizes memory/storage and 958

inference through compression and efficient match- 959

ing (e.g. MaxSim), giving strong accuracy across 960

both in-domain and out-of-domain benchmarks. 961

DistilBERT (Sanh et al., 2019) is a distilled, 962

lighter-weight version of BERT. It has fewer lay- 963

ers and parameters, enabling faster inference and 964

lower resource use, and is often used as a base- 965

line encoder for retrieval tasks where speed and 966

efficiency matter. 967

C.2 Implementation 968

All experiments were conducted on four NVIDIA 969

A6000 GPUs with CUDA version 12.0, running 970

on an Ubuntu 20.04.6 LTS server. Pretraining is 971

performed for 5 epochs using AdamW (Loshchilov 972

and Hutter, 2017) with a batch size of 512 and a 973

learning rate of 2× 10−5. 974

For pretraining dataset construction, we derive 975

triplets from Freebase (Bollacker et al., 2008), 976

restricting them to entities linked to the CWQ 977

and PathQuestion datasets while keeping the syn- 978

thetic corpus independent of retrieval evalua- 979

tion and downstream question answering to pre- 980

vent data leakage. We employ LLaMA-3.1-8B- 981

Instruct (Grattafiori et al., 2024) during this process, 982

yielding 840,875 synthesized natural-language 983

queries, which, together with their corresponding 984

partial triplets, form the pretraining dataset. For 985

methods that involve retriever pretraining (SKP 986

and KAMR), pretraining is conducted on the same 987

synthetic dataset. 988

During inference, 1-hop neighborhood for each 989

anchor triplet is used as search space of expand- 990

ing triplets. Aq and Cq are each set to size 25 by 991

choosing M = 25 and N = 1, yielding the final 992

retrieved set Tq with |Tq| = 50. Baseline retrievers 993

are required to return the top 50 triplets to ensure 994

a comparable retrieval budget across all methods. 995

To ensure a fair comparison, KAMR and all baseline 996
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Table 5: Evaluation Results on WebQSP Dataset (Chat-
GPT).

Retriever
Category Methods ChatGPT

Acc Prec Rec F1

✗ LLM-only 46.62 65.97 39.48 49.40

Lexical
Based

BM25 41.84 56.39 33.47 37.23
TF-IDF 47.42 60.75 35.88 40.04

Semantic
Based

BCE 58.49 68.92 42.18 46.76
BGE 59.87 68.49 42.46 46.91
ColBERT 66.95 77.70 48.01 53.07
DistilBERT 39.14 57.30 34.30 42.67
Dragon 63.71 73.25 44.97 49.82
Hybrid 50.38 64.25 37.52 47.37
Jina 58.75 68.43 42.03 46.63
MXBAI 40.25 57.62 34.69 38.45
SPLADE 59.12 68.18 41.46 45.96

Structure
Based

G-RAG 50.53 67.69 40.64 45.24
G-Retriever 52.82 68.92 42.68 47.17

Graph
Pretraining

SKP 43.86 60.44 35.80 39.89
KAMR 55.59 68.49 41.54 46.11

retrievers depending on external encoders use the997

same strong text encoder, i.e., Dragon (Lin et al.,998

2023). We also set the same fixed seed (42) to999

eliminate any randomness and ensure decent repro-1000

ducibility.1001

All retrievers are evaluated under a zero-shot1002

setting on the question-answering datasets without1003

any supervised customization on the task.1004

D Experiments on One-hop Question1005

Answering1006

Although KAMR is designed to tackle multi-hop re-1007

trieval for question answering, we still conduct1008

experiments to valid whether it can be applied to1009

the single-hop retrieval for question answering.1010

Table 5 presents the experiments on We-1011

bQSP (Yih et al., 2016), a question answering1012

dataset primarily only desiring individual triplets1013

for answering the question. The results indicate1014

that, although KAMR is tailored for multi-hop re-1015

trieval, it still achieves comparable performance on1016

single-hop question answering by reliably retriev-1017

ing the necessary evidence, which is enabled by its1018

anchor triplet retrieval mechanism.1019

E Scalability in Inference Depth1020

KAMR is implemented as a two-stage inference pro-1021

cedure: it first retrieves anchor triplets and then1022

expands from these anchors to collect connected1023

triplets. This design is naturally extensible in in-1024

ference depth: the two-stage procedure can be ex-1025

tended to three or more stages via iterative neigh-1026

borhood expansion. To evaluate this hypothesis, 1027

we conduct an additional study on PathQuestion 1028

(PQ) with ChatGPT by adding a third stage: we fur- 1029

ther expand from the connected triplets retrieved in 1030

the second stage to obtain another set of connected 1031

triplets. 1032

To ensure a fair comparison, we use the same 1033

overall retrieval budget (50) and allocate it across 1034

stages by retrieving 17 anchor triplets in the first 1035

stage, 17 connected triplets in the second stage, and 1036

16 connected triplets in the third stage. With this 1037

budget allocation, the third stage consistently im- 1038

proves QA accuracy, yielding gains on both splits 1039

(2-hop: 75.86 → 78.25; 3-hop: 56.54 → 59.81). 1040

However, with a fixed total budget, increasing 1041

the number of expansion stages necessarily re- 1042

duces the number of anchor triplets retained, which 1043

may hurt performance because connected-triplet 1044

retrieval strongly depends on anchor quality. We 1045

leave a principled budget allocation strategy for 1046

multi-stage retrieval as future work. 1047

F Potential Risk 1048

Despite the strong performance of KAMR, its re- 1049

trieved evidence may still encode or amplify un- 1050

derlying biases. Uncritical use that treats retrieved 1051

results as factual without contextual validation can 1052

lead to societal and ethical concerns. We therefore 1053

encourage users of KAMR to evaluate the retrieved 1054

content carefully within their application setting 1055

and to apply appropriate safeguards to reduce po- 1056

tential risks. 1057
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