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Abstract001

Retrieval-Augmented Generation (RAG) has002
emerged as a powerful framework for003
knowledge-intensive tasks, yet its effective-004
ness in long-context scenarios is often bottle-005
necked by the retriever’s inability to distinguish006
sparse yet crucial evidence. Standard retriev-007
ers, optimized for query-document similarity,008
frequently fail to align with the downstream009
goal of generating a precise answer. To bridge010
this gap, we propose a novel fine-tuning frame-011
work that optimizes the retriever for Answer012
Alignment. Specifically, we first identify high-013
quality positive chunks by evaluating their suf-014
ficiency to generate the correct answer. We015
then employ a curriculum-based contrastive016
learning scheme to fine-tune the retriever. This017
curriculum leverages LLM-constructed Knowl-018
edge Graphs (KGs) to generate augmented019
queries, which in turn mine progressively chal-020
lenging hard negatives. This process trains the021
retriever to distinguish the answer-sufficient022
positive chunks from these nuanced distractors,023
enhancing its generalization. Extensive exper-024
iments on 10 datasets from the Ultradomain025
and LongBench benchmarks demonstrate that026
our fine-tuned retriever achieves state-of-the-art027
performance, improving 14.5% over the base028
model without substantial architectural modi-029
fications and maintaining strong efficiency for030
long-context RAG. Our work presents a robust031
and effective methodology for building truly032
answer-centric retrievers.033

1 Introduction034

Large Language Models (LLMs) have achieved035

human-level performance on many NLP tasks036

(Achiam et al., 2023; Touvron et al., 2023), but still037

struggle with long-term memory, often omitting038

or conflating details in scenarios requiring com-039

plex reasoning or extended context (Li et al., 2024;040

Lazaridou et al., 2021).041

Retrieval-Augmented Generation (RAG) (Lewis042

et al., 2020) addresses this limitation by connecting043

LLMs to external knowledge sources, refreshing 044

their memory at inference time. Since its introduc- 045

tion, RAG has rapidly evolved from naive RAG 046

pipeline, with vector retrieval (Shi et al., 2023; 047

Borgeaud et al., 2022) to advanced pipelines that 048

incorporate recursive chunking (Sarthi et al., 2024), 049

knowledge graphs (KGs) (Edge et al., 2024), and 050

internal memory modules (Qian et al., 2024), sub- 051

stantially improving the handling of long-context 052

input. 053

While KG-integrated pipelines (Edge et al., 054

2024) have shown promising gains for complex 055

summarization, they suffer from efficiency and ac- 056

curacy bottlenecks in broader retrieval tasks. The 057

indexing phase in KG-based RAG (Edge et al., 058

2024) and follow-up works (Gutiérrez et al., 2024; 059

Guo et al., 2025) requires processing extremely 060

large token volumes with powerful LLMs, result- 061

ing in high computational cost. In addition, KGs 062

often struggle with fine-grained entity disambigua- 063

tion: community-curated clusters, though rich, are 064

noisy and insufficiently filtered. Consequently, re- 065

trieval may aggregate irrelevant or even conflicting 066

content, reducing both the consistency and quality 067

of generated outputs. 068

To train a retriever for true answer sufficiency, 069

we propose ARK (Answer-centric Retriever fine- 070

tuning via KG-driven curriculum), a framework 071

that redefines the role of Knowledge Graphs in 072

RAG. Rather than serving as a direct retrieval 073

source, the KG powers an Answer-Centric Cur- 074

riculum Learning scheme, enabling fine-grained 075

discrimination, sufficiency-aware retrieval, and im- 076

proved generalization of the retriever. 077

At its core, ARK first identifies what makes evi- 078

dence truly useful—whether it suffices to generate 079

the correct answer. We formalize this with an in- 080

context sufficiency metric combining three align- 081

ment strategies (Forward, Backward, Retriever) to 082

extract high-quality positive chunks as anchors. 083

Building on these positives, ARK leverages the KG 084
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as a hard-negative generator: It runs Personalized085

PageRank(PPR) over the KG to extract answer-086

relevant subgraphs, which in turn guide the cre-087

ation of augmented queries. These queries are088

specifically designed to mine progressively chal-089

lenging hard negatives. Concretely, we use PPR on090

a query-specific subgraph to expose co-occurrence091

neighbors near the gold entities, and inject them092

into query augmentations so the retriever is drawn093

to false positives—highly related yet insufficient094

evidence. This community-aware mining yields095

harder, more calibration-relevant negatives than096

random or keyword-based baselines. Through con-097

trastive training against this curriculum, ARK learns098

to prioritize truly answer-informative segments099

while filtering misleading context, mastering both100

sufficiency and fine-grained discrimination.101

To summarize, our contributions are:102

• We propose ARK, a framework that finetunes the103

retriever through contrastive learning for scalable104

long-context retrieval.105

• We devise a synthetic query-generation pipeline106

that uses KG subgraphs to produce challenging107

hard negatives, and integrate them into an answer-108

centric curriculum learning scheme that progres-109

sively increases negative difficulty.110

• We introduce an in-context answer sufficiency111

metric, composed of three complementary align-112

ment scores (Forward, Backward, and Retriever),113

to identify high-quality positive chunks that serve114

as the anchor for contrastive learning.115

• Through extensive experiments, we demonstrate116

that ARK achieves state-of-the-art retrieval perfor-117

mance on 8 out of 10 datasets across the Long-118

Bench and Ultradomain benchmarks, with an119

average F1-score improvement of 14.5% over120

the base model, showcasing its effectiveness and121

efficiency.122

2 Related work123

2.1 Traditional RAG Techniques124

RAG systems enhance LLM outputs by combin-125

ing retrieval with generation. Early implementa-126

tions used fixed retrievers to supply documents to127

a reader model: classical methods such as BM25128

(Robertson et al., 2009) relied on lexical matching,129

while neural retrievers like DPR (Karpukhin et al.,130

2020) employed dense embeddings for semantic131

retrieval. Typically, retrievers were trained on QA132

pairs, with readers fine-tuned independently.133

Later work emphasized tighter integration. RAG134

models (Lewis et al., 2020) enabled end-to-end fine- 135

tuning by treating retrieved documents as latent 136

variables, aligning the retriever with a BART-based 137

generator. This improved recall and consistency 138

but increased complexity due to non-differentiable 139

retrieval. To mitigate this, techniques such as hard 140

negative mining (Robinson et al., 2020) and knowl- 141

edge distillation from generators into retrievers 142

(Izacard and Grave, 2021) were proposed, further 143

enhancing retriever–reader synergy. 144

2.2 Advanced RAG Techniques 145

Recent advances in RAG aim to improve retrieval 146

reasoning and integrate hybrid knowledge sources. 147

One line of work focuses on query rewriting and 148

decomposition. RQ-RAG (Chan et al., 2024) en- 149

hances multi-hop QA by decomposing complex 150

queries into simpler sub-queries, while HyDE (Gao 151

et al., 2022) generates hypothetical documents that 152

serve as refined queries to boost retrieval precision. 153

Context rewriting techniques have also emerged. 154

MemoRAG (Qian et al., 2024) further addresses 155

long-context retrieval by compressing memory and 156

producing clue phrases to guide retrieval, compos- 157

ing answers from retrieved snippets. 158

Another direction integrates symbolic and neu- 159

ral approaches, often by incorporating KGs into 160

retrieval pipelines. GraphRAG (Edge et al., 2024) 161

constructs graphs from documents and summarizes 162

clusters into “community reports” via community 163

detection, supporting improved multi-hop reason- 164

ing. LightRAG (Guo et al., 2025) simplifies this 165

pipeline by first retrieving low-level nodes and then 166

following graph links to higher-level concepts, im- 167

proving both recall and efficiency. HippoRAG 168

(Gutiérrez et al., 2024) models memory consoli- 169

dation using KGs and PPR, retrieving subgraphs at 170

query time to emulate long-term memory access. 171

3 Methodology 172

3.1 Framework 173

Our proposed framework, ARK, follows a two- 174

stage architecture—Query Construction and Con- 175

trastive Finetuning—as illustrated in Figure 1. 176

The first stage prepares curriculum components, 177

while the second performs training. 178

In Query Construction, we build an LLM- 179

derived KG from the context, identify entities from 180

the QA pair, and extract a query-specific subgraph. 181

This subgraph supports the creation of injected 182

queries, which preserve the semantics of the orig- 183
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Figure 1: Our RAG Retriever Finetuning Framework ARK, which consists of two major stages: A (Query
Construction): From long documents and their corresponding QA pairs, we extract a query-based subgraph using
an LLM-generated KG. The subgraph is reformulated with knowledge injection to produce enriched queries. B
(Contrastive Finetuning): Using both the original query and injected variants, we identify positive chunks (via
alignment scoring) and hard negatives (that match injected queries but differ semantically from ground truth).

inal while adding contextual structure. These en-184

riched queries serve as the basis for generating hard185

negatives. In Contrastive Finetuning, we define

Figure 2: Query Construction Phase. The pipeline
begins with KG Construction, where we extract entities,
relations, and covariates from long documents to con-
struct an LLM-generated KG. Given a corresponding
QA pair, relevant entities are extracted and used to con-
struct PPR-based subgraphs from the KG, with varying
maximum sizes to control difficulty. Finally, Augmented
Queries are formulated with LLM conditioned on these
candidate subgraphs.

186
positives using our in-context answer sufficiency187

metric (combining three alignment scores) to rank188

context chunks and select the most sufficient ones.189

Hard negatives are chunks that score highly for190

an injected query but are absent from the positive191

set. With these positives and negatives, we finetune192

the retriever via contrastive learning, enhancing193

its discriminative ability. The resulting retriever 194

integrates seamlessly into existing RAG pipelines 195

without architectural changes. 196

3.2 KG-based Query Construction 197

During training, to effectively extract high-quality, 198

answer-guided queries from ultra-long source con- 199

texts, we develop an innovative pipeline that inte- 200

grates LLM-assisted KG construction, PPR-based 201

subgraph construction, and finally query formation. 202

As illustrated in Figure 2, the data generation pro- 203

cess consists of three steps. 204

KG construction We adopt a prompt design in- 205

corporating Chain-of-Thought (CoT) reasoning to 206

enhance the quality of entity recognition. Different 207

from the GraphRAG (Edge et al., 2024) approach, 208

our method focuses solely on extracting entities 209

and their relationships, removing the need for gen- 210

erating community-level summaries. 211

Due to the inherent limitations of LLMs, specif- 212

ically their focus on localized context, the con- 213

structed KG may exhibit lower edge density com- 214

pared to traditional KGs, as only intra-chunk rela- 215

tionships are identified. To address this sparsity, 216

we augment the graph by introducing undirected 217

edges between entities whose embedding similarity 218

exceeds a predefined threshold τ , thereby enrich- 219

ing the graph’s connectivity and facilitating more 220

effective downstream retrieval. 221

Cohesive Subgraph Extraction by Community 222

Search To capture neighborhoods most relevant 223

to the input answer query, we employ commu- 224
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Algorithm 1: Cohesive Subgraph Extrac-
tion

Require: Matched entities Va, LLM-generated KG G(V,E),
PPR parameter α, ϵ, Maximum subgraph size k

Ensure: Answer-related entities Vcomm

1: χa ← Indicator function of Va

2: Compute aprcomm(α, χa) with ϵ threshold
3: {apri, vi}i∈V ← sort(aprcomm, desc = True)
4: {apri, vi}i∈V ′ ← Filter trailing terms of {apri, vi}i∈V

where {i | apri < ϵ}
5: {apri, vi}i∈V ′ ← {− log apri, vi}i∈V ′

6: index← ∆argmaxi, i<min{k,|V ′|}apr
7: Vcomm ← First index entities from {apri, vi}i∈V ′

nity search, which identifies query-dependent sub-225

graphs rather than global clusters. This aligns with226

our retrieval objective: surfacing context that is se-227

mantically close to the query yet hard to distinguish228

from true positives, thus serving as high-quality229

hard negatives. LLM-derived knowledge graphs230

are typically sparse, with edges concentrated within231

intra-chunk links, making purely topology-driven232

methods less effective. To address this, we adopt233

Personalized PageRank (PPR) seeded on query en-234

tities to extract semantically coherent communities.235

236 However, due to the sparsity of LLM-derived237

KGs, where edges are primarily confined to intra-238

chunk relationships, conventional topology-driven239

community search methods often fail to perform240

effectively. To overcome this limitation, we utilize241

PPR to assess and construct communities based on242

semantically aligned entities. We begin by extract-243

ing the positive query entities Va from the answer244

and identifying their corresponding entities within245

the KG. Using these matched entities, we perform246

PPR based on the matched ones, formally defined247

as:248

pr(α, χa) = αχa + (1− α)W pr(α, χa) (1)249

Here, pr(α, χa) denotes the PPR value for the250

given entities a on KG G, χa denotes the indi-251

cator function of a, α denotes the teleport probabil-252

ity, and W = A⊤D−1 represents the normalized253

transition matrix based on adjacency matrix A and254

degree matrix D from graph G.255

Due to scalability challenges in computing PPR256

over large graphs, we employ power iteration to ap-257

proximate the solution. The approximation vector258

apr(0)(α, χa) is initialized as χa, and iteratively259

updated as follows:260

apr(n+1)(α, χa) = αχa+(1−α)W apr(n)(α, χa)
(2)261

Figure 3: Contrastive Finetuning Phase. Our fine-
tuning pipeline comprises two sequential components:
Ranking Alignment, in which for each sample, we com-
bine three alignment scores to select the Top-M chunks
as positive chunks; followed by Curriculum-based Con-
trastive Learning, which progressively refines the re-
triever through (i) in-batch negative sampling, (ii) hard
negatives T −

hardL
mined via query set T −

hardL
, and (iii)

more challenging negatives T −
hardS

obtained from Qaug
S .

Given the absolute approximation error bound: 262∥∥apr(n+1)(α, χa)− apr(n)(α, χa)
∥∥
∞ < ϵ The 263

computational complexity of the iterative method is 264

O
(
|E| log 1

ϵ

)
, as initially proposed by (Haveliwala 265

and Kamvar, 2003). 266

Following the approach of (Andersen and Chung, 267

2007; Zhou et al., 2025), we detect sharp drops in 268

the approximated PPR scores to delineate topologi- 269

cally coherent communities, but here we choose the 270

largest first difference of | log apr| as it naturally 271

shapes a cohesive subgraph. From the resulting 272

subgraph, community information is subsequently 273

used to construct augmented queries to generate 274

hard negatives T −
hard used for the retriever. The 275

overall subgraph extraction is outlined in Algo- 276

rithm 1. 277

3.2.1 Query Formation 278

Once we have retrieved community entities Vcomm, 279

we synthesize a richer query collection Qaug by 280

perturbing and extending the original QA instance. 281

Each new query carries additional context, such 282

as answer spans, related entities, or semantic re- 283

lations, and thus provides the retriever with more 284

signals for hard negative chunks. Concretely, for 285

each original QA pair, we sample subgraph entities 286

Vcomm ⊆ V of controllable size and connectivity, 287

and then apply the following query-transformation 288

requirements: 289
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Category Example

Comparison Compare or contrast among the
given entities.

Causal Ask for a cause or effect based on
the descriptions.

Quotation Use a quote or a redefined term from
the descriptions.

Perspective Shift Frame the question from a different
perspective.

Table 1: Query Transformation Categories. Examples
are instructions used in generating injected queries.

By instantiating the augmented query genera-290

tion process using an LLM over subgraphs of two291

different sizes, we construct a diverse pool of aug-292

mented queries Qaug = {q1, . . . , qN}, categorized293

into large and small variants, Qaug
L and Qaug

S , re-294

spectively. Each query type is paired with a corre-295

sponding set of hard negatives, denoted as T −
hardL

296

and T −
hardS

. This augmentation strategy facilitates297

the curriculum learning of the retriever, which en-298

hances its capacity to capture fine-grained semantic299

distinctions.300

3.3 Alignment-Based Fine-Tuning301

After extracting answer-relevant chunks, we fine-302

tune the retriever using a multi-stage framework.303

Specifically, we introduce an answer-centric in-304

context scoring approach, carefully designed to305

mitigate weight collapse by maintaining balanced306

and informative gradients. Building upon this307

alignment-based scoring and ranking, we progres-308

sively apply a curriculum learning strategy that309

incrementally exposes the retriever to increasingly310

challenging negative samples, thereby systemati-311

cally enhancing its discriminative power and ensur-312

ing stable generalization performance.313

3.3.1 Alignment-Based Ranking314

To retrieve positive chunks, we propose several315

alignment-based scoring functions that link a can-316

didate chunk not only to the query but also to the317

expected answer, which is relevant to the query and318

sufficient to support accurate answer generation.319

Forward Alignment Given a chunk t and the320

full question q, we evaluate the likelihood of the321

generator LLM (parameterized by θ) reproducing322

the reference answer a = ⟨a1, . . . , a|a|⟩. This score323

quantifies the sufficiency of the chunk t to gener-324

ate the correct answer. During scoring, the con-325

catenated query and chunk prompt [q; t] is fed to326

the model. We employ teacher forcing, using the327

ground-truth answer tokens as targets to calculate328

the mean token log-likelihood without them be- 329

ing part of the conditioning context. The forward 330

alignment score Sf is thus defined as: 331

Sf (q, t, a) =
1

|a|

|a|∑
i=1

log pθ(ai|q, t, a<i) (3) 332

This score is computed in a single forward pass by 333

aggregating the log-softmax probabilities for each 334

token in the ground-truth answer. 335

Backward Alignment Analogously, to measure 336

the relevance of a chunk in linking the answer back 337

to the original query, we pair the chunk t with the 338

answer a and task the model with reconstructing 339

the question q. The backward score Sb is calculated 340

using the same teacher-forcing technique: 341

Sb(a, t, q) =
1

|q|

|q|∑
j=1

log pθ(qj |a, t, q<j) (4) 342

This bidirectional scoring mechanism ensures that 343

selected chunks are strongly correlated with the 344

reasoning path from question to answer. 345

Parameter Alignment To regularize the fine- 346

tuning process and mitigate catastrophic forgetting, 347

we incorporate the original retriever’s similarity 348

score, Sv, as a form of parameter alignment. This 349

score uses the cosine similarity to preserve the ge- 350

ometric structure learned inherent in the original 351

retriever. 352

Sv(q, t) = sim(q, t) (5) 353

The final unified score S for a given chunk t and 354

QA q, a is a weighted combination of these three 355

components. We did not tune these weights, as 356

we believe adjustment is unnecessary. Instead, we 357

adopt intuitive fixed values: equal weights for for- 358

ward and backward alignment, and a slightly lower 359

weight for parameter regularization (λf = 1.0, 360

λb = 0.3, λv = 1.0). 361

S(t) = λfSf + λbSb + λvSv (6) 362

This unified score serves as the primary criterion 363

for identifying high-quality positive samples for 364

the initial stage of our fine-tuning curriculum. 365

3.3.2 Curriculum-Based Contrastive 366

Finetuning 367

Illustrated in Figure 3. We structure the fine-tuning 368

process as a three-stage curriculum, where the dif- 369

ficulty of the discrimination task increases at each 370
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stage. This approach allows the model to first learn371

a robust answer-centric representation and then pro-372

gressively refine it by focusing on increasingly sub-373

tle and challenging distractors.374

Stage 1: Initial Answer-Centric Alignment375

The primary goal of this stage is to align the re-376

triever with chunks that are highly conducive to377

generating the correct answer. For each query q,378

we calculate the unified score S(t) for all candi-379

date chunks in T . We select the top-M chunks with380

the highest scores as the positive set T +. The re-381

triever is then trained using a contrastive objective.382

Specifically, for a given positive pair (q, t+) where383

t+ ∈ T +, we use other positive chunks within the384

same mini-batch as in-batch negatives. This is an385

effective and efficient method for initial training.386

The loss for this stage is the InfoNCE loss:387

LStage1 = − log
exp(sim(q, t+)/τ)∑

t′j∈Batch exp(sim(q, t′j)/τ)

(7)388

where sim(·, ·) is the cosine similarity from the389

retriever being trained and τ is a temperature hy-390

perparameter.391

Stage 2: Coarse Alignment withQaug
L After the392

initial alignment, we further enhance the retriever’s393

robustness by incorporating hard negatives. Specif-394

ically, we leverage Qaug
L generated from the KG.395

Using the retriever fine-tuned in Stage 1, we re-396

trieve the top-K chunks for each complex query397

q ∈ Qaug
L . From this set, we exclude any chunks398

that appear in the ground-truth positive set T +.399

The remaining chunks constitute the hard negative400

set T −
hardL

. Compared to T −
hardS

, these negatives401

are less challenging due to their greater semantic402

diversity. The retriever is then further trained to403

distinguish the original positive chunks from these404

hard negatives.405

LStage2 = − log
es(q,t

+)∑
t∈C(q) e

s(q,t)
, (8)406

where s(q, t) = sim(q, t)/τ and C(q) = {t+} ∪407

T −
hard.408

Stage 3: Fine-Grained Alignment withQaug
S In409

the final stage, we further sharpen the retriever410

using the simple augmented queries Qaug
S , which411

are minor perturbations of the original query (e.g.,412

with only distracting covariates added). We use413

the retriever from Stage 2 to retrieve chunks and,414

after filtering out the golden positives, obtain a set415

of "harder" negative chunks T −
hardS

. The training 416

objective remains the InfoNCE loss, but with a 417

more challenging target. 418

4 Experiment 419

4.1 Datasets 420

In this paper, we focus on the long-text QA task. 421

For training, we sample 200 cases each from the 422

Finance and Legal domains (both from the Ultrado- 423

main dataset) to generate augmented queries. For 424

evaluation, we first select five domains from the 425

Ultradomain benchmark in MemoRAG (Qian et al., 426

2024), namely Biology, Fiction, Music, Technol- 427

ogy, and Philosophy, each represented by a dis- 428

tinct domain-specific dataset. We also use five 429

LongBench (Bai et al., 2023) dataset which in- 430

cludes both single-document QA: NarrativeQA 431

(Kočiskỳ et al., 2018), Qasper (Dasigi et al., 2021) 432

and multi-document QA: HotpotQA (Yang et al., 433

2018), 2WikiMQA (Ho et al., 2020), and MuSiQue 434

(Trivedi et al., 2022). 435

4.2 Experiment Setup 436

Our Framework We adopt Qwen3-embedding 437

(Zhang et al., 2025b) as our base model for fine- 438

tuning, due to its state-of-the-art performance 439

across a wide range of downstream tasks and its 440

strong knowledge inheritance from the Qwen LLM. 441

To emphasize the efficiency and scalability of our 442

framework, we utilize the smallest variant (0.6B 443

parameters). For each subgraph, we generate 10 444

augmented queries and retrieve 10 positive chunks 445

per query. To construct the negative set, we sample 446

the top 20 retrieved chunks and exclude any that 447

overlap with the positives. 448

Model Selection We first employ the latest 449

Gemini-2.5-Flash (Comanici et al., 2025) as our 450

foundational model for OpenIE. The construction 451

of our KG follows the GraphRAG (Edge et al., 452

2024), but the community generation is different. 453

The NetworkX library is utilized to execute approx- 454

imated PPR when conducting a query-based com- 455

munity search. We then employ Gemini-2.5-Pro 456

(Comanici et al., 2025) for constructing injected 457

queries with the same ground truth as the original 458

query. We use GPT-4.1 to evaluate win rates via 459

pairwise comparisons. 460

Baselines We compare our approach against 461

three categories of baselines: 1) Full: Directly pro- 462

viding the entire context to an LLM. 2) Dense Re- 463
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Table 2: Main Evaulation results. The evaluation metrics are F1-score / Win Rate (%), with the best results
highlighted in bold and the second-best results underlined. The improvement rate (↑ %, (ARK- Base) / Base) is
calculated based on our base model Qwen3-embedding. Cell shading indicates relative win rates compared to ARK.

METRICS MODELS
LongBench UltraDomain

nar qas mus 2wiki hot bio fic music tech phil

F1

Full 12.95 22.79 6.74 20.13 26.87 27.47 25.75 25.50 22.68 23.05

Qwen3-embedding 19.58 23.90 14.19 21.24 35.27 32.99 29.41 34.90 38.03 34.04
BGE-M3 18.37 23.33 21.13 22.86 38.64 32.52 31.72 35.34 39.13 35.97
Stella-v5 20.90 23.39 17.08 22.13 35.45 33.85 32.41 35.02 35.16 34.09

Jina-emb-v3 19.39 20.70 20.58 19.34 39.17 32.88 29.00 33.74 38.74 36.81

GraphRAG 4.21 7.69 2.15 5.52 3.03 18.87 16.92 14.97 21.93 20.01
LightRAG 2.65 3.25 1.95 3.67 2.74 16.06 14.13 15.08 12.19 14.04
HippoRAG 11.51 21.90 13.09 30.96 28.71 36.13 29.23 32.94 27.15 29.06
MemoRAG 15.49 17.96 8.74 16.57 22.79 31.08 27.87 33.26 39.14 31.98

ARK(Ours) 21.57 24.04 20.60 23.41 42.35 36.19 32.59 38.03 40.16 37.86
↑ % 10.2 0.6 45.2 22.41 20.1 9.7 10.8 9.0 5.6 11.2

ARK WIN RATE

Full 83.33 46.03 80.00 64.52 70.97 95.00 100.00 88.89 94.74 100.00

Qwen3-embedding 58.33 52.54 63.46 57.14 68.89 95.00 85.71 94.74 78.57 55.56
BGE-M3 60.00 50.77 56.00 52.54 52.83 70.59 84.62 58.82 73.33 60.00
Stella-v5 65.67 66.67 58.00 50.00 67.39 72.22 62.50 64.71 71.43 89.47

Jina-emb-v3 63.08 54.84 54.90 57.41 43.24 77.78 61.54 66.67 58.82 50.00

GraphRAG 93.62 90.70 78.26 83.75 78.57 100.00 100.00 85.00 95.00 100.00
LightRAG 96.63 96.70 91.46 91.36 96.74 100.00 100.00 95.00 100.00 100.00
HippoRAG 87.34 53.85 58.21 34.67 60.76 77.78 44.44 62.50 70.00 70.00
MemoRAG 80.00 75.00 66.22 57.14 67.65 92.86 94.12 84.21 87.50 88.24

trieval model: Qwen3-embedding: The original re-464

triever without fine-tuning. BGE-M3 (Chen et al.,465

2023): A hybrid retrieval model that integrates mul-466

tiple strategies to achieve high accuracy and gen-467

eralization across benchmarks. Stella-v5 (Zhang468

et al., 2025a): A top-ranking retriever on the MTEB469

leaderboard (Muennighoff et al., 2022). Jina-emb-470

v3 (Sturua et al., 2024): A powerful and widely-471

used multilingual, multi-task embedding model.472

3) Advanced RAG methods: GraphRAG (Edge473

et al., 2024): Utilizes LLM-generated knowledge474

graphs and the Leiden algorithm for hierarchical475

retrieval. LightRAG (Guo et al., 2025): Combines476

dual-level retrieval with vector and graph struc-477

tures. HippoRAG (Gutiérrez et al., 2024): Lever-478

ages PPR for community-based retrieval.l. Mem-479

oRAG (Qian et al., 2024): Employs a lightweight480

long-context LLM to construct global memory and481

generate retrieval cues.482

For online QA, we adopt Mistral-7B-Instruct-483

v0.2-32K (Jiang et al., 2023) as the default gener-484

ator to avoid potential pretraining contamination.485

Effectiveness is evaluated with F1-score (following486

each dataset’s original setup) and pairwise win rate487

averaged over five runs for consistency.488

4.2.1 Running Environment489

ARK is implemented in Python 3.10 with PyTorch490

2.7.1. All experiments are conducted on a ma-491

chine equipped with 8 NVIDIA H20 GPU. We 492

utilize NetworkX, PyTorch, transformers, and 493

sentence transformers as the main libraries. 494

In addition, we use Ollama for inference and 495

SWIFT (Zhao et al., 2024) to finetune the Qwen3- 496

embedding. 497

4.3 Performance Evaluation 498

Table 7 reports the F1 scores and pairwise win- 499

rate on the LongBench and UltraDomain bench- 500

marks. Overall, ARK consistently outperforms 501

its base model (Qwen3-embedding) across all 502

datasets and achieves state-of-the-art performance 503

compared to both KG-based baselines and top- 504

ranking dense retrievers. In particular, ARK attains 505

consistently higher pairwise win rates across the 506

10 evaluated datasets, outperforming both graph- 507

based approaches (e.g., GraphRAG, LightRAG) 508

and strong dense encoders (e.g., BGE-M3, Stella, 509

Jina, Qwen3). Notably, it exceeds a 50% win rate 510

on the majority of benchmarks. 511

ARK shows strong generalization beyond its train- 512

ing domains (Finance and Legal), maintaining ro- 513

bust performance on unseen datasets, showing 514

that our KG-guided curriculum not only improves 515

retrieval accuracy but also enhances the ability 516

to surface contextually meaningful evidence be- 517

yond the training distribution. Gains are especially 518

pronounced on reasoning-intensive tasks such as 519

7



MuSiQue and HotpotQA, where retrieval must syn-520

thesize dispersed evidence. By explicitly optimiz-521

ing for answer sufficiency, the retriever learns to522

favor chunks that are both relevant and sufficient for523

generating faithful answers. On certain multi-hop

STAGE SCORING mus hot bio phil

Original - 14.19 35.27 32.99 34.04

1st Full 18.44 40.96 32.35 34.89
w/o F.A. 14.31 36.40 31.36 32.95
w/o B.A. 16.73 39.74 33.57 34.12
w/o P.A. 15.29 37.03 33.18 34.73

2nd Full 18.47 42.13 34.74 36.11

3rd (ARK) Full 20.60 42.35 36.19 37.86

Table 3: Ablation study. STAGE denotes finetuning
stages (Original is the base model), and SCORING spec-
ifies alignment types: Forward (F.A.), Backward (B.A.),
and Parameter (P.A.).

524
tasks like 2Wiki, graph-centric methods such as525

HippoRAG remain competitive due to their traver-526

sal advantage. Nevertheless, ARK matches or sur-527

passes their performance without requiring costly528

graph construction or long-context LLMs, thus of-529

fering higher efficiency. Moreover, unlike resource-530

intensive systems such as MemoRAG, which de-531

mand end-to-end training, our approach fine-tunes532

only the retriever. This modular design enables533

seamless integration into existing RAG pipelines,534

making ARK both practical and scalable. In sum-535

mary, by emphasizing answer sufficiency while pre-536

serving query similarity, ARK consistently yields537

relevant and sufficient evidence for long-context538

retrieval without altering the underlying RAG ar-539

chitecture.540

4.4 Ablation Study541

To better understand the role of each design compo-542

nent, we conduct ablations over the three alignment543

strategies and the curriculum process (Table 3). For-544

ward alignment proves most critical, as it directly545

measures chunk sufficiency for generating correct546

answers; its removal leads to the largest drop in per-547

formance. Backward alignment further supports548

complex reasoning by enforcing semantic coher-549

ence, and removing it causes retrieved passages550

to match superficially but lack utility. Parameter551

alignment, though less dominant, stabilizes train-552

ing by anchoring the embedding space, reducing553

overfitting and collapse in noisier domains.554

The curriculum stages also show clear benefits:555

Stage 1 (answer-aligned positives with in-batch556

negatives) provides a strong initial boost, Stage 2557

METHOD mus 2wiki nar tech phil

Llama3.1-8B-Instruct

QWEN3 9.63 28.26 17.70 19.91 20.72
ARK 11.48 (+) 36.00 (+) 15.04 (-) 21.47 (+) 21.17 (+)

Qwen2.5-7B-Instruct

QWEN3 10.74 27.65 16.70 19.46 22.62
ARK 14.61 (+) 29.47 (+) 16.77 (+) 20.09 (+) 24.64 (+)

Table 4: Transferability of the ARK to different genera-
tors.

introduces coarse hard negatives from larger sub- 558

graphs to expose the model to more diverse distrac- 559

tors and enhance robustness, and Stage 3 employs 560

fine-grained negatives from smaller subgraphs for 561

sharper discrimination. This progressive structure 562

teaches the retriever not only to capture relevance 563

but also to identify evidence truly necessary for 564

accurate answer generation. 565

4.5 Transferability Across Generators 566

We further investigate whether the retriever fine- 567

tuned on QWEN3-EMBEDDING can transfer to 568

other generators without additional adaptation. We 569

evaluate end-to-end QA by directly plugging ARK 570

into two instruction-tuned LLMs: LLAMA-3.1- 571

8B-INSTRUCT and QWEN2.5-7B-INSTRUCT. As 572

shown in Table 4, ARK consistently improves per- 573

formance across both generators, indicating the 574

generalization of out training method. A slight 575

drop on NAR with Llama-3.1 suggests interaction 576

between generator decoding preferences and re- 577

trieval signals, motivating future work on generator- 578

aware optimization or joint training aligned with 579

generation loss. 580

5 Conclusion 581

We propose ARK, a fine-tuning framework for re- 582

trievers that uses curriculum learning to integrate 583

KG knowledge through hard-negative generation. 584

ARK constructs a compact knowledge subgraph 585

using LLM-generated KG and PPR-based cohesive 586

community search; selects positive examples via 587

three-way alignment while preserving the base en- 588

coder’s similarity signal; and applies a three-stage 589

curriculum with augmented query retrieval that in- 590

crementally incorporates harder negative chunks. 591

The framework requires no architectural modifi- 592

cations, which fits standard RAG pipelines. Ex- 593

periments on UltraDomain and LongBench demon- 594

strate consistent improvements in F1 score and pair- 595

wise win-rate. 596
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Limitations597

While our framework demonstrates strong effec-598

tiveness across diverse domains and tasks, it also599

has several limitations. First, our evaluation is con-600

strained to publicly available benchmarks, which601

may not fully capture the diversity of real-world ap-602

plications. In addition, while inference is KG-free,603

our training pipeline depends on an LLM-derived604

KG for hard-negative mining; noise in entity ex-605

traction or linking can affect the curriculum quality.606

We leave these aspects for future work.607
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A KG-based Query Generation 777

The KG serves as a core component of our framework, providing structured semantic representations that 778

enable both entity-level reasoning and query augmentation. In this section, we detail the KG-construction, 779

hyperparameters, and prompts used for Entity Extraction, and Query Generation. 780

A.1 KG construction 781

Our KG construction pipeline transforms unstructured text into a structured graph of entities and relations. 782

Using an LLM-based extraction process followed by embedding-driven augmentation, we ensure semantic 783

consistency and connectivity between related concepts. The algorithm 2 outlines this process. 784

Algorithm 2: KG Construction
Input: Context context, Chunk size B and overlap size b, Selected generator LLM, Embedding

model EMB, Similarity threshold τ
Output: Generated KG G(V,E)

// 1. Chunking and Extraction
1 chunks← Chunk(context, B, b) ▷ Using token-based chunking
2 Entities, Rels← {}, {}
3 foreach chunk in chunks do
4 llm_output← LLM(prompt,chunk)
5 (extracted_ents, extracted_rels)← ParseLLMOutput(llm_output)
6 Entities ∪ (ent, chunk_id) for ent in extracted_ents
7 Rels ∪ (tuple, chunk_id) for tuple in extracted_rels

8 end
9 G← KG_generation(Entities, Rels)

10 ▷ Construct KG using LLM-generated entities and relations
// 2. Graph Augmentation

11 sim_matrix← GetCosSimilarityMatrix(G.nodes)
12 ▷ Using embedding model to calculate cosine similarity
13 for i from 0 to sim_matrix.rows− 1 do
14 for j from i+ 1 to sim_matrix.cols− 1 do
15 if sim_matrix[i, j] > τ then
16 src← ent[i]
17 tgt← ent[j]
18 tuple← (src, Rel_aug, tgt)
19 G.InsertEdge(tuple, None)
20 end
21 end
22 end

23 return G

785

A.2 Hyperparmeter 786

Table 5 summarizes the key hyperparameters used in document processing, KG generation, and PPR re- 787

trieval. The default settings are empirically chosen to balance computational efficiency and representation 788

quality. 789
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Table 5: Key hyperparameters used in KG generation.

Category Parameter Default

Document Processing
LLM Gemini-2.5 Flash
B 512
b 12

Graph Augmentation
EMB BGE-m3
τ 0.8

PPR
α 0.85
ϵ 1e-4
k 200

A.3 Entity Extraction Prompt790

To build a coherent KG, we use a prompt that explicitly instruct the LLM to extract entities, their attributes,791

and relationships in a structured format.792

Entity Extraction Prompt

Given a text document that is potentially relevant to this activity, your task is to identify all entities
of specific types and the relationships among them.
Steps:
1. Identify Entity Types:

...
2. Extract Entities:

...
Format each entity as:
("entity"<|>entity_name<|>entity_type<|>entity_description>)

3. Identify Relationships:
...
Format each relationship as:
("relationship" <|>source_entity<|>target_entity<|>relationship_description<|>
relationship_strength>)

...
793

Listing 1: A snippet of the prompt used for entity and relationship extraction. The full prompt provides detailed
instructions and examples to the LLM.

A.4 Query Generation Prompt794

Beyond KG construction, we employ a query generation process to expand the dataset and develop the795

curriculum learning pipeline. This prompt guides an LLM to craft semantically diverse yet answer-796

consistent questions by leveraging entity-level context from the KG.797
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Query Generation Prompt

You are an expert in creating complex and confusing questions for educational purposes. Your task
is to generate 10 distinct and challenging questions based on an original question-answer pair and
a set of related entities with their descriptions.
The goal is to formulate questions that are semantically different from the original but lead to the
exact same answer. These new questions should be confusing by design, incorporating details from
the provided entity descriptions to misdirect or challenge the user’s understanding.
Input:
You will receive the following in JSON format:

- original_question: A straightforward question.
- answer: The correct and sole answer to the original question.
- entities: A list of objects, where each object contains:

- name: The name of the entity.
- type: The category of the entity.
- descriptions: A list of strings, each describing a different aspect of the entity.

Task:
Generate 10 new questions (we’ll call them "confusing questions").
Requirements for Confusing Questions:
1. Same Answer: Every generated question must have the exact same answer as the original
question.
2. Incorporate Entities: Each question should subtly weave in information from the entities and
their descriptions.
3. Variety: The questions should be diverse in their structure and focus. You should not include
exact wording / entities in the original question / answer. For example, you can:

...
4. Clarity and Grammar: Despite being confusing, the questions must be grammatically correct
and coherent.
Output Format:
Produce a single JSON object with one key, confusing_questions, which contains a list of 10 string
questions.
...

798

Listing 2: A snippet of the prompt used for generating confusing questions. The LLM is instructed to use provided
entities to create challenging reformulations of an original question.

B Alignment-based Finetuning 799

This section describes the alignment-based finetuning procedure, which enables the model to better 800

evaluate the quality and relevance of retrieved chunks. The alignment module computes log-likelihood 801

scores for given question–answer pairs relative to context passages, serving as a signal for measuring 802

faithfulness and guiding downstream retrieval calibration. Model finetuning is performed using the 803

MS-Swift library (used primarily for fine-tuning Qwen-series model). 804

B.1 Fintuning Pipeline 805

The complete training workflow of our alignment-based retriever optimization is summarized in Algorithm 806

3, which details the three-stage curriculum described in Section 3.3. 807

B.2 Alignment Prompt 808

The alignment prompt is designed to evaluate the faithfulness of model-generated answers relative to the 809

provided context. In the forward alignment setting, the model is prompted to produce an answer strictly 810

grounded in a provided context. Conversely, reverse alignment evaluates whether a given answer can be 811
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Algorithm 3: Three-Stage Alignment-Based Finetuning (ARK)
Input: QA corpus {(q, a, T )}; pretrained generator pθ; retriever sim(·, ·); weights (λf , λb, λv); temperature τ ;

augmented query setsQaug
L ,Qaug

S .
Output: Fine-tuned retriever parameters.

1 Stage 0: Alignment Scoring
2 foreach (q, a, T ) do
3 foreach t ∈ T do
4 Sf = 1

|a|
∑

i log pθ(ai|q, t, a<i)

5 Sb =
1
|q|

∑
j log pθ(qj |a, t, q<j)

6 Sv = sim(q, t)
7 S(t) = λfSf + λbSb + λvSv

8 end
9 T + = TopMt∈T S(t)

10 end
11 Stage 1: Initial Answer-Centric Alignment
12 foreach mini-batch B do
13 foreach (q, t+) ∈ B do
14 s(q, t) = sim(q, t)/τ

15 LStage1(q) = − log es(q,t
+)∑

t′∈Batch es(q,t
′)

16 end
17 Update retriever by∇ 1

|B|
∑
LStage1

18 end

19 Stage 2: Coarse Alignment withQaug
L

20 foreach q′ ∈ Qaug
L do

21 Retrieve Top-K chunks and form T −
hardL

(q′)

22 end
23 foreach mini-batch B do
24 LStage2(q) = − log es(q,t

+)∑
t∈C(q) es(q,t)

, C(q) = {t+} ∪ T −
hardL

25 Update retriever
26 end

27 Stage 3: Fine-Grained Alignment withQaug
S

28 foreach q′′ ∈ Qaug
S do

29 Retrieve Top-K chunks and form T −
hardS

(q′′)

30 end
31 foreach mini-batch B do
32 LStage3(q) = − log es(q,t

+)∑
t∈C′(q) es(q,t)

, C′(q) = {t+} ∪ T −
hardS

33 Update retriever
34 end
35 return Fine-tuned retriever

justified by its corresponding context. Together, these two directions enable a bidirectional evaluation of812

model reliability through log-likelihood estimation, which is later integrated into the retrieval scoring and813

finetuning stages.814

Forward Alignment Prompt

You are given a context and a question. Answer the question as concisely as you can, using a single
phrase or sentence if possible. If the question cannot be answered based on the information in the
context, write ünanswerable.̈ If the question is a yes/no question, answer ÿes,̈ n̈o,̈ or ünanswerable.̈
Do not provide any explanation.
Context: {chunk}
Question: {question}
Answer:

815

Listing 3: The forward prompt used to retrieve log-likelihood.
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B.3 Hyperparameter 816

Table 6 summarizes the key hyperparameters used during alignment-based finetuning. The process 817

employs full-parameter tuning on the embedding model to ensure that the learned representations are 818

optimally aligned with the retrieval task objectives. The configuration is chosen by default and not through 819

grid-search since the fine-tuning stage is relatively stable. 820

Table 6: Training Hyperparameters

Parameter Default

Epochs 10
batch size 2
gradient accumulation steps 8
Learning rate 6e-6
Loss infonce

C Inference 821

This section describes the inference components of our system. The inference module generates final 822

answers conditioned on those retrieved ones. 823

C.1 Inference Prompt 824

The inference prompt serves as the main instruction template for generating final answers from retrieved 825

text chunks. It is intentionally concise and task-oriented, ensuring that responses are direct, factual, and 826

free from unnecessary reasoning chains. 827

Inference Prompt

You are given a scientific article and a question. Answer the question as concisely as you can,
using a single phrase or sentence if possible. If the question cannot be answered based on the
information in the article, write "unanswerable". If the question is a yes/no question, answer "yes",
"no", or "unanswerable". Do not provide any explanation.
Context: {chunk}
Question: {question}
Answer:

828

Listing 4: The general prompt used to generate answers from the retrieved context.

D Win-rate Evaluation 829

This section presents the evaluation protocol and results used to compare the performance of different 830

retrieval and reasoning models. We adopt an LLM-based evaluator that systematically measures pairwise 831

model performance through criteria grounded in faithfulness and conciseness. 832

D.1 Win-rate Prompt 833

To ensure consistent and interpretable evaluation, we employ a structured prompt that directs an LLM 834

to act as a neutral expert judge. The evaluator receives a ground truth reference, a question, and two 835

candidate answers. It then performs a two-stage comparison: first applying a disqualification rule to 836

detect unsupported answers, and subsequently assessing faithfulness (support from the ground truth), 837

conciseness (brevity without loss of correctness) and overall winner. 838
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Win-rate Prompt

You are an expert evaluator. Your task is to rigorously assess two answers to a specific question,
based on a provided Ground Truth. You will use two criteria: Faithfulness and Conciseness.
...
Evaluation Rules:
Disqualification Rule (Primary Check):
First, check if either answer explicitly states that the Ground Truth document does not contain
enough information or evidence to answer the Question.
...
Evaluation Criteria (Secondary Check):
Faithfulness: The degree to which the answer is exclusively and accurately supported by the
provided Ground Truth document.
Conciseness: The degree to which the answer avoids mentioning excessive entities or relationships
that are not essential for answering the Question.
...
Output Format:
Output your complete evaluation in the following JSON format.
{

"Faithfulness": {"Winner": "[Answer 1, Answer 2, Tie, or None]", "Explanation": ...},
"Conciseness": {"Winner": "[Answer 1, Answer 2, Tie, or None]", "Explanation": ...},
"Overall Winner": {"Winner": "[Answer 1, Answer 2, Tie, or None]", "Explanation": ...}

}
839

Listing 5: A snippet of the prompt for LLM-based evaluation. The prompt defines a strict set of rules, including a
disqualification rule, and requires a structured JSON output.

D.2 Additional Results840

Table 7 extends win-rate comparisons to Faithfullness and Conciseness.841

Table 7: Additional win-rate results. winrate = 1/|q|×Σq[1Answer 1/(1Answer 1 + 1Answer 2)]. Cell shading indicates
relative win rates compared to ARK.

CRITERIA MODELS
LongBench UltraDomain

nar qas mus 2wiki hot bio fic music tech phil

FAITHFULNESS

Full 83.10 58.00 75.00 64.44 71.11 100.00 100.00 94.12 100.00 100.00

Qwen3-embedding 59.57 54.17 63.16 61.11 77.42 100.00 92.31 94.74 78.57 58.82
BGE-M3 62.26 55.10 63.41 58.14 56.76 70.59 91.67 64.71 76.92 63.16
Stella-v5 68.52 84.62 64.29 40.00 61.76 72.22 66.67 70.59 76.92 89.47

Jina-emb-v3 60.78 62.50 55.88 53.85 45.45 77.78 66.67 66.67 60.00 55.56

GraphRAG 89.13 88.75 77.27 73.33 76.74 100.00 100.00 90.00 95.00 100.00
LightRAG 76.40 91.86 76.71 76.32 89.41 100.00 70.00 100.00 100.00 100.00
HippoRAG 69.01 65.00 46.03 40.91 60.87 77.78 37.50 50.00 60.00 70.00
MemoRAG 79.17 78.79 68.33 57.38 65.38 93.33 93.75 84.21 87.50 88.24

CONCISENESS

Full 90.24 52.31 81.71 60.94 75.00 94.74 100.00 83.33 94.74 100.00

Qwen3-embedding 55.17 50.00 65.31 57.69 62.79 90.00 78.57 73.68 76.92 44.44
BGE-M3 55.88 46.97 48.94 56.90 51.92 70.59 69.23 38.89 66.67 55.00
Stella-v5 72.46 66.67 61.22 60.00 71.11 72.22 62.50 61.11 71.43 78.95

Jina-emb-v3 62.50 50.00 55.10 61.82 50.00 66.67 53.85 60.00 58.82 40.00

GraphRAG 95.83 96.63 95.74 95.29 97.78 100.00 100.00 90.00 90.00 100.00
LightRAG 98.94 96.70 96.34 94.19 97.85 100.00 100.00 95.00 100.00 100.00
HippoRAG 79.22 45.45 48.57 17.33 48.15 33.33 22.22 50.00 60.00 40.00
MemoRAG 86.75 82.19 72.37 67.09 70.42 86.67 94.12 84.21 81.25 76.47

16


	Introduction
	Related work
	Traditional RAG Techniques
	Advanced RAG Techniques

	Methodology
	Framework
	KG-based Query Construction
	Query Formation

	Alignment-Based Fine-Tuning
	Alignment-Based Ranking
	Curriculum-Based Contrastive Finetuning


	Experiment
	Datasets
	Experiment Setup
	Running Environment

	Performance Evaluation
	Ablation Study
	Transferability Across Generators

	Conclusion
	KG-based Query Generation
	KG construction
	Hyperparmeter
	Entity Extraction Prompt
	Query Generation Prompt

	Alignment-based Finetuning
	Fintuning Pipeline
	Alignment Prompt
	Hyperparameter

	Inference
	Inference Prompt

	Win-rate Evaluation
	Win-rate Prompt
	Additional Results


