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Abstract001

Scientific discovery is a cumulative process002
and requires new ideas to be situated within003
an ever-expanding landscape of existing knowl-004
edge. An emerging and critical challenge is005
how to identify conceptually relevant prior006
work from rapidly growing literature, and as-007
sess how a new idea differentiates from existing008
research. Current embedding approaches typi-009
cally conflate distinct conceptual aspects into010
single representations and cannot support fine-011
grained literature retrieval; meanwhile, LLM-012
based evaluators are subject to sycophancy bi-013
ases, failing to provide discriminative novelty014
assessment. To tackle these challenges, we015
introduce the Ideation Space, a structured rep-016
resentation that decomposes scientific knowl-017
edge into three distinct dimensions, i.e., re-018
search problem, methodology, and core find-019
ings, each learned through contrastive training.020
This framework enables principled measure-021
ment of conceptual distance between ideas, and022
modeling of ideation transitions that capture023
the logical connections within a proposed idea.024
Building upon this representation, we propose025
a Hierarchical Sub-Space Retrieval frame-026
work for efficient, targeted literature retrieval,027
and a Decomposed Novelty Assessment algo-028
rithm that identifies which aspects of an idea029
are novel. Extensive experiments demonstrate030
substantial improvements, where our approach031
achieves Recall@30 of 0.329 (16.7% over base-032
lines), our ideation transition retrieval reaches033
Hit Rate@30 of 0.643, and novelty assessment034
attains 0.37 correlation with expert judgments.035
In summary, our work provides a promising036
paradigm for future research on accelerating037
and evaluating scientific discovery.038

1 Introduction039

Scientific discovery (Wang et al., 2023; Lu et al.,040

2024; Wang et al., 2024; Si et al., 2025) is an inher-041

ently cumulative endeavor, where each new idea042

needs to be situated within an ever-expanding land-043

scape of existing knowledge. The pace of this ex- 044

pansion is astonishing, particularly in the field of 045

computer science and AI. For instance, arXiv alone 046

publishes over 20,000 papers monthly1 in 2025 047

compared with around 6,000 monthly papers in 048

2010, and the emerging new literature may bear 049

direct relevance to a specific research direction. 050

When developing a new research idea, a critical 051

challenge emerges: how to identify prior work that 052

is conceptually relevant from a massive amount of 053

literature, and measure how well the idea differen- 054

tiates the existing works? 055

Existing approaches to scientific literature re- 056

trieval and assessment suffer from three fundamen- 057

tal limitations. First, current embedding-based 058

methods encode scientific papers into monolithic 059

representations (Cohan et al., 2020; Singh et al., 060

2023). While effective for topical matching, such 061

representations conflate distinct conceptual aspects, 062

e.g., a paper’s problem formulation, its method- 063

ological approach, and its empirical findings are 064

collapsed into a single vector, obscuring which as- 065

pect should drive the similarity used in retrieval. 066

Second, while recent work has turned to large lan- 067

guage models (LLMs) as evaluators for scientific 068

hypotheses, LLM-based assessment often suffers 069

from sycophancy biases (Sharma et al., 2024; Ye 070

et al., 2025). The models tend toward positive or 071

intermediate ratings regardless of actual novelty, 072

and consequently produce scores that lack discrim- 073

inative power and actionable insight. Third, ex- 074

isting methods usually do not evaluate which part 075

of this idea is conceptually novel. A new idea 076

may introduce a genuinely new research question 077

while employing standard methodology, or apply 078

an established technique to an unprecedented do- 079

main. Without distinguishing these orthogonal as- 080

pects, researchers will gain little guidance on how 081

to strengthen their work. 082

1https://arxiv.org/stats/monthly_submissions
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To address these challenges, we introduce the083

Ideation Space, a structured representation that en-084

ables principled conceptual similarity measurement085

across decomposed dimensions of scientific contri-086

bution (§2). Our key motivation is that scientific087

knowledge can be decomposed into conceptually088

orthogonal dimensions, each capturing a distinct089

aspect of research contribution. Rather than repre-090

senting papers as a single embedding, we construct091

three specialized sub-spaces, i.e., the problem be-092

ing addressed, the method proposed, and the core093

findings expected to discover, where each is learned094

through contrastive training to leverage the concep-095

tual relationships in the citation network for each096

aspect. Based on the notion of ideation space, we097

utilize the three sub-space encoders to measure the098

conceptual distance among scientific ideas. When099

the encoded embeddings of two ideas are closer100

in the ideation space, it indicates that these ideas101

are more conceptually similar. In addition, we pro-102

pose to model the ideation transition by computing103

the vector across the sub-spaces to capture the log-104

ical connections within a proposed idea, such as105

how the methodology is derived from the research106

problem, and what expected findings would be dis-107

covered from the method.108

Empowered by our ideation space, we propose109

a Hierarchical Sub-Space Retrieval framework110

that organizes literature into a structured database111

supporting efficient, targeted retrieval of conceptu-112

ally relevant prior work for each dimension (§3.1).113

Building upon retrieval, we propose a graph-based114

algorithm for Decomposed Novelty Assessment.115

Since an idea’s novelty is inversely related to how116

closely it resembles retrieved prior work, we mea-117

sure novelty by quantifying differentiation from118

retrieved evidence along each conceptual dimen-119

sion, identifying which specific aspects of an idea120

are novel (§3.2). Through extensive experiments,121

we demonstrate substantial improvements over ex-122

isting methods. For retrieving conceptually simi-123

lar literature, our approach achieves a Recall@30124

of 0.329, outperforming the baseline by 16.7%.125

Our ideation transition method further enables re-126

trieval of relevant reasoning patterns, achieving Hit127

Rate@30 of 0.643. In addition, our novelty as-128

sessment method shows a promising correlation129

of 0.37 with human judgments, while providing130

grounded evidence for evaluation decisions. Our131

contributions are summarized as follows:132

• We introduce the concept of Ideation Space and133

propose a framework that learns decomposed134

representations of scientific knowledge through 135

citation-contextualized contrastive learning, en- 136

abling the improved measurement of conceptual 137

distance and ideation transition. 138

• We propose a large-scale hierarchical sub-space 139

retrieval framework that organizes scientific lit- 140

erature by conceptual function, which enables 141

efficient and targeted retrieval with up to 16.7% 142

improvement in recall over strong baselines. 143

• We develop a decomposed novelty evaluation 144

pipeline that provides fine-grained assessments 145

identifying where and why an idea is novel, and 146

achieve promising correlation with expert judg- 147

ment comparable to frontier LLMs. 148

2 Ideation Space 149

We introduce Ideation Space, a structured frame- 150

work for representing scientific knowledge that en- 151

ables principled measurement of conceptual simi- 152

larity across distinct dimensions of research contri- 153

bution. Our key insight is that scientific ideas are 154

not monolithic; instead, they comprise separable 155

components serving different intellectual functions. 156

Our framework consists of three major steps. 157

First, we partition scientific knowledge into three 158

functionally distinct sub-spaces, i.e., problem, 159

method, and findings, each capturing a different 160

aspect of contribution (§2.1). Second, we lever- 161

age the citation network to construct training data 162

reflecting how researchers perceive conceptual rela- 163

tionships, using citation context to determine which 164

dimension connects two papers (§2.2). Third, we 165

train specialized encoders via contrastive learning 166

to produce embeddings where proximity reflects 167

genuine conceptual similarity within each dimen- 168

sion (§2.3). The resulting ideation space supports 169

both fine-grained similarity measurement and mod- 170

eling of ideation transitions, i.e., the logical con- 171

nections within a proposed idea (§2.4). 172

2.1 Sub-Space Decomposition 173

We partition the collection of scientific literature L 174

into three functionally distinct sub-spaces based on 175

the conceptual function: 176

L = Sproblem ∪ Smethod ∪ Sfindings (1) 177

where Sproblem captures research problems and mo- 178

tivations, Smethod represents methodological ap- 179

proaches, and Sfindings indicates the expected re- 180

sults and conclusions. This decomposition can 181
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provide more comprehensive representations of sci-182

entific knowledge, such as a shared problem def-183

inition, a relevant methodology, or comparisons184

against reported findings. Each paper is embed-185

ded into these three spaces by specialized encoders186

Ek (k ∈ {problem,method,findings}), enabling187

fine-grained conceptual distance measurement.188

2.2 Training Data Construction189

Building effective sub-space encoders requires190

training data reflecting genuine conceptual relation-191

ships within each dimension. We construct such192

data through a two-stage pipeline: identifying struc-193

turally related paper pairs from the citation graph,194

then classifying their functional relationships to as-195

sign them to appropriate sub-spaces. Our dataset196

comprises 259,340 papers from arXiv spanning197

1993 to 2024, covering four major AI domains198

(cs.AI, cs.LG, cs.CV, and cs.CL), which ensures199

broad generalization.200

Candidate Pair Identification. We extract can-201

didate positive pairs based on structural proxim-202

ity within a 5-year publication window. Two pa-203

pers (p, p+) form a candidate pair if they have a204

direct citation link and satisfy at least one struc-205

tural criterion: bibliographic coupling (citing ≥10206

common references) or co-citation (co-cited ≥10207

times). These thresholds ensure substantive intel-208

lectual connections, as papers meeting them typi-209

cally engage with overlapping research questions210

or methodological traditions.211

Function Classification. The key challenge is212

determining which conceptual dimension connects213

a pair of related papers. We employ an LLM-based214

zero-shot classifier that analyzes structured infor-215

mation about both papers (titles, research questions,216

methods, key findings) and produces confidence217

scores for three categories: [Research Problem],218

[Method Approach], and [Key Findings]. Pairs219

may be assigned to multiple sub-spaces when their220

relationship spans dimensions; those fitting no cate-221

gory are labeled [Irrelevant] and excluded. This222

distributes candidate pairs into three sub-graphs223

Gproblem, Gmethod, and Gfindings, each encoding224

dimension-specific conceptual relationships. More225

details of function classification are included in226

Appendix A.2.227

Negative Sampling. Effective contrastive learn-228

ing requires carefully constructed negatives. We229

employ two complementary strategies. In-batch230

negatives sample from papers in the same batch 231

that lack citation, co-citation, or bibliographic cou- 232

pling relationships with the anchor, ensuring struc- 233

tural independence. Hard conceptual negatives 234

exploit cross-dimensional relationships: we select 235

pairs where the classifier assigns high scores to one 236

category but low scores to another. For example, 237

papers with high [Research Problem] but low 238

[Method Approach] scores serve as hard nega- 239

tives for Emethod, forcing encoders to distinguish 240

papers highly related in one dimension but less 241

relevant in another. 242

2.3 Contrastive Encoder Training 243

We train three specialized encoders (Ek, k ∈ 244

{problem, method, findings}) independently on 245

their corresponding sub-graphs. Each encoder ini- 246

tializes from SPECTER2 (Singh et al., 2023) to in- 247

herit general scientific knowledge, then fine-tunes 248

to specialize in its designated dimension. 249

To ensure each encoder focuses on dimension- 250

relevant content, we use an LLM to extract sub- 251

space-specific text, i.e., research questions for 252

Sproblem, methodological descriptions for Smethod, 253

and key findings for Sfindings. Each encoder trains 254

exclusively on its corresponding text type. For an 255

anchor paper p with positive set P+ and negative 256

set P−, encoder Ek minimizes: 257

Lk = − 1

|P+|
∑

p+∈P+

log
es(p,p

+)/τ∑
x∈P+∪P− eℓ(p,x)

(2) 258

where s(·, ·) denotes cosine similarity, τ is temper- 259

ature, and: 260

ℓ(p, x) =

{
s(p, x)/τ, x ∈ P+,

s(p, x)/τ + logw(x), x ∈ P−.
(3) 261

The weighting function w(x) = ((s(p, x)+1)/2)γ 262

emphasizes hard negatives by increasing their con- 263

tribution to normalization. 264

2.4 Conceptual Similarity and Ideation 265

Transition 266

The trained encoders enable two complementary 267

forms of analysis. For conceptual similarity, 268

given a new idea i and prior work p, we mea- 269

sure their similarity in sub-space k as simk(i, p) = 270

cos(Ek(i), Ek(p)). Higher similarity indicates 271

greater conceptual overlap along dimension k, sug- 272

gesting reduced novelty in that aspect. 273
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Beyond static similarity, we capture the ideation274

transition, i.e., the reasoning structure within a275

paper, through transition vectors:276

TPM(p) = Emethod(p)− Eproblem(p) (4)277

TMF(p) = Efindings(p)− Emethod(p) (5)278

The problem-to-method transition TPM captures279

how methodology addresses the research prob-280

lem, while method-to-findings TMF represents how281

methodology leads to conclusions. These vectors282

enable the retrieval of papers with analogous rea-283

soning patterns across different topics.284

3 Hierarchical Retrieval and Novelty285

Assessment286

Having established the ideation space as a struc-287

tured representation of scientific knowledge, we288

now demonstrate its utility through two applica-289

tions: retrieving conceptually relevant prior work290

and evaluating ideation novelty. These tasks are291

intrinsically interconnected: an idea’s novelty is in-292

versely related to how closely retrieved prior work293

resembles it. The more relevant the retrieved work,294

the less novel the idea. By leveraging the decom-295

posed ideation space, we first retrieve prior work296

that is genuinely relevant along each conceptual297

dimension (§3.1), then assess novelty by measur-298

ing how much a new idea differentiates from the299

retrieved evidence (§3.2). This retrieval-grounded300

approach ensures that novelty scores reflect con-301

ceptual distance from the most relevant existing302

work, rather than surface-level textual similarity.303

3.1 Hierarchical Sub-Space Retrieval304

Traditional retrieval treats papers as atomic units,305

returning results based on overall topical similar-306

ity. However, researchers often seek prior work307

relevant to specific aspects, e.g., papers address-308

ing similar problems, employing related methods,309

or reporting comparable findings. Our framework310

addresses this need through structured databases311

supporting targeted, dimension-specific queries.312

Database Construction. We construct five spe-313

cialized databases from our corpus of 259,340314

arXiv papers. Three node databases store sub-315

space-specific embeddings: for each paper, we316

extract dimension-specific text and encode it us-317

ing the corresponding encoder (Eproblem, Emethod,318

Efindings). Two transition databases store the vec-319

tors TPM(p) and TMF(p) for each paper, enabling320

retrieval based on reasoning patterns rather than 321

topical content. 322

Multi-Database Retrieval. Given a query pa- 323

per, we perform parallel retrieval across all five 324

databases using cosine similarity. Node retrieval 325

identifies papers with similar problems, methods, 326

or findings individually, while transition retrieval 327

surfaces papers with analogous reasoning struc- 328

tures Together, these provide a comprehensive view 329

of conceptually related prior work. 330

3.2 Decomposed Novelty Assessment 331

Beyond retrieval, we leverage ideation space for 332

fine-grained novelty assessment. Our approach 333

identifies which specific aspects are novel and 334

which build upon existing work. 335

Reasoning Graph Extraction. We decompose 336

the input idea I into a reasoning graph GI = 337

(VI , EI) using an LLM with structured prompt- 338

ing. Unlike the simpler extraction for database 339

construction, this produces a detailed graph repre- 340

senting the logical flow of the hypothesis. Nodes 341

are classified into five types based on argumenta- 342

tive role: Background Context (BG) for established 343

facts, Research Problem (RP) for limitations being 344

addressed, Reasoning Insight (RI) for intermedi- 345

ate reasoning steps, Proposed Approach (PA) for 346

concrete methodology, and Intended Contribution 347

(CO) for expected outcomes. Edges represent log- 348

ical dependencies, capturing argumentative flow 349

from motivation through method to contribution. 350

Idea Encoding and Retrieval. We map each 351

node to the appropriate sub-space based on its role: 352

BG and RP nodes use Eproblem; RI and PA nodes 353

use Emethod; CO nodes use Efindings. For each node 354

v ∈ VI , we query the corresponding database to 355

retrieve similar prior claims, obtaining fine-grained 356

evidence of which aspects have precedent. 357

Graph-Based Novelty Aggregation. We synthe- 358

size retrieval results using our novelty evaluation 359

algorithm, which weights nodes by structural im- 360

portance, where central arguments connecting mul- 361

tiple claims matter more than peripheral details. 362

For each node v, we define s(v) as the maximum 363

similarity to any retrieved prior work. The impor- 364

tance weight combines two centrality measures: 365

w(v) =
1

2

(
Cdegree(v) + Cbetweenness(v)

)
(6) 366
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where Cdegree(v) = d(v)
|VI |−1 measures connectiv-367

ity, and Cbetweenness(v) =
∑

u̸=v ̸=t
σut(v)
σut

quan-368

tifies bridging importance (σut counts shortest369

paths from u to t; σut(v) counts those through370

v). Weights are rescaled to [0.5, 2.0] for balanced371

contribution. The overall novelty score is:372

N(I) = 1−
∑

v∈VI
s(v) · w̃(v)∑

v∈VI
w̃(v)

(7)373

This formulation ensures that novelty in structurally374

critical components, i.e., the intellectual core of the375

contribution, dominates the assessment. Beyond376

the aggregate score, for each node, we provide its377

similarity to the closest prior work, and the specific378

retrieved evidence, enabling researchers to under-379

stand not just how novel their idea is, but where380

novelty lies and what prior work to engage with.381

4 Experiments382

Our experimental evaluation targets two fundamen-383

tal questions: Can our framework accurately re-384

trieve the specific prior work relevant to a new385

idea’s components? And does it generate novelty386

assessments that align with expert human judg-387

ment? We answer these through two complemen-388

tary evaluations: Hierarchical Retrieval Perfor-389

mance and Novelty Evaluation.390

4.1 Experimental Setup391

Evaluation Datasets. For retrieval evaluation,392

we use 500 papers randomly selected from ICLR393

2025 submissions as the test query set. For each394

test paper, we extract its components and compute395

five query vectors (three node-level, two transition-396

level), measuring retrieval performance against397

ground-truth relevant papers identified through ci-398

tation relationships. For novelty meta-evaluation,399

we use 93 research ideas from the AI-Researcher400

dataset (Si et al., 2025), which includes expert-401

annotated novelty scores.402

Ground Truth Construction for Retrieval. For403

retrieval tasks, we employ GPT-5.2 (OpenAI, 2025)404

to curate ground truth by processing both refer-405

ences and OpenReview expert reviews. We extract406

all references cited by each test paper and use an407

LLM to classify their relevance for novelty assess-408

ment. The LLM is provided with structured infor-409

mation about both papers (title, research question,410

method, key findings) and determines whether the411

cited work is pertinent to evaluating novelty. Ad-412

ditionally, we extract papers mentioned in human413

reviews as being relevant to the novelty assessment. 414

Our extraction process identifies papers relevant 415

to three dimensions and papers that share similar 416

Reasoning Patterns between adjacent nodes. After 417

filtering, 466 out of 500 papers have valid annota- 418

tions and are used for retrieval evaluation. More 419

details are in Appendix A.3, A.4 and A.5. 420

Retrieval Baselines. We compare against strong 421

sparse and dense retrieval models, including (1) 422

BM25 (Robertson et al., 2009), a traditional sparse 423

keyword retrieval method; (2) E5base-v2 (Wang 424

et al., 2022), a general-purpose semantic embed- 425

ding model; (3) SPECTER2 (Singh et al., 2023), 426

a scientific document embedding model; and (4) 427

SciNCL (Ostendorff et al., 2022), a contrastive 428

model optimized for citation graphs. For node re- 429

trieval, each baseline constructs its own database 430

using three input configurations: paper titles only, 431

abstracts only, and concatenated title+abstract. For 432

transition retrieval, baselines concatenate research 433

problem and method approach texts to form transi- 434

tion representations. 435

Novelty Evaluation Baselines. For the novelty 436

alignment task, we compare against two categories 437

of baselines. First is LLM-as-a-Judge, where we 438

prompt a set of large language models to assess nov- 439

elty using the same evaluation rubric as expert an- 440

notators, including Qwen3-8B (Yang et al., 2025), 441

Llama3.1-8B (Dubey et al., 2024), DeepSeek-R1- 442

Distill-Llama-8B (Guo et al., 2025), and GPT-5 443

Mini and GPT-5 Nano (OpenAI, 2025), propri- 444

etary models representing compact, production- 445

grade language models. The second is Embedding- 446

based Retrieval. We use E5base-v2 (Wang et al., 447

2022) embeddings with different input configura- 448

tions (title only, summary only, and concatenated) 449

to retrieve the top-1 most similar paper from the cor- 450

pus, and compute novelty as 1− similarity, where 451

lower similarity indicates higher novelty. 452

Implementation Details. We implement our 453

framework using PyTorch and train all models on 454

NVIDIA A40 GPUs. For the encoder, we initialize 455

from SPECTER2 (Singh et al., 2023) and fine-tune 456

using the AdamW optimizer with a learning rate of 457

1×10−5, employing a linear warmup for 700 steps 458

followed by linear decay. We train for 10 epochs 459

with a batch size of 32. For contrastive learning, 460

we sample 2 positive and 8 negative examples per 461

anchor, balancing memory efficiency and gradient 462

stability. We use a temperature parameter of 0.1 for 463
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Subspace Model Pos Mean Neg Mean Margin

Research
Problem

Base 0.942 0.836 0.106
Adapter 0.933 0.828 0.105
Fine-tuned 0.792 0.058 0.735

Method
Approach

Base 0.938 0.844 0.095
Adapter 0.932 0.838 0.093
Fine-tuned 0.654 0.010 0.644

Key
Findings

Base 0.942 0.840 0.102
Adapter 0.936 0.838 0.098
Fine-tuned 0.697 0.020 0.678

Table 1: Embedding space statistics on validation set:
Positive/Negative means and margins across subspaces.

the InfoNCE loss and set the focal loss gamma to464

2.0 to emphasize hard negatives. All experiments465

use the same hyperparameters across the three sub-466

spaces to ensure fair comparison.467

4.2 Embedding Space Analysis468

To understand the separation capabilities of our469

trained encoders, we analyze the positive and neg-470

ative sample means and margins on the validation471

set across different subspaces. As shown in Ta-472

ble 1, the fine-tuned models significantly increase473

the margin compared to base and adapter models,474

indicating superior discriminative power. The fine-475

tuned encoders achieve margins of 0.735, 0.644,476

and 0.678 for the three subspaces respectively, com-477

pared to 0.1 for base models, demonstrating that478

our contrastive training effectively separates func-479

tionally relevant papers from irrelevant ones.480

4.3 Results of Hierarchical Retrieval481

We evaluate retrieval performance on two distinct482

tasks: Node Retrieval (identifying specific scien-483

tific entities, i.e., Problems, Methods, and Findings)484

and Transition Retrieval (identifying analogous485

reasoning patterns between these entities). We re-486

port Recall@K, NDCG@K, and Hit Rate@K to487

measure retrieval quality.488

Node Retrieval Results. Table 2 presents the489

performance for retrieving scientific entities. Our490

Ideation Space consistently achieves the highest491

performance across all metrics. For instance, our492

Recall@90 reaches 0.483, significantly outper-493

forming the best baseline (SPECTER2 concat:494

0.423). Even our individual subspaces (RP, MA,495

KF) often outperform the baselines, highlighting496

the effectiveness of decomposing scientific con-497

tent into functional units rather than treating doc-498

uments as monolithic blocks. The strong perfor-499

mance across different K values demonstrates that500

our approach retrieves relevant prior work at both 501

high precision (low K) and high coverage (high K). 502

Transition Retrieval Results. Table 3 presents 503

the results for retrieving reasoning patterns. Iden- 504

tifying logical leaps is a more complex task than 505

entity matching. While E5base-v2 shows compet- 506

itive ranking performance (NDCG), our Transi- 507

tion Space excels in Recall@90 (0.275) and Hit 508

Rate@90 (0.762). This demonstrates that explic- 509

itly modeling the vector transition between con- 510

cepts (TPM and TMF) is more effective at cap- 511

turing diverse reasoning paths than static embed- 512

dings, providing a critical foundation for assessing 513

methodological novelty. 514

4.4 Results of Novelty Evaluation 515

We evaluate whether our framework generates nov- 516

elty assessments that align with expert human 517

judgment. We measure the correlation between 518

predicted novelty scores and ground-truth expert 519

scores using both Pearson and Spearman correla- 520

tion coefficients. Table 5 shows the correlation 521

results. Our method achieves the highest cor- 522

relation with expert judgment (Pearson: 0.370, 523

p=0.0003; Spearman: 0.384, p=0.0002), outper- 524

forming all baselines including GPT-5 Mini (Pear- 525

son: 0.369). Among embedding-based retrieval 526

baselines, SPECTER2 performs best (Pearson: 527

0.333 for concat), followed by E5base-v2 (Pearson: 528

0.287 for concat), while SciNCL shows the weak- 529

est correlation (Pearson: 0.157 for concat). The 530

strong performance of our approach demonstrates 531

that our decomposed ideation space, combined 532

with graph-theoretic importance weighting, cap- 533

tures the multi-dimensional nature of novelty better 534

than both LLM-based and simple embedding-based 535

approaches, while being more computationally ef- 536

ficient than large language models. 537

4.5 Retrieval Case Study 538

To demonstrate the effectiveness of our multi- 539

dimensional retrieval approach, we conduct a qual- 540

itative analysis on the paper LongHalQA: Long- 541

Context Hallucination Evaluation for MultiModal 542

Large Language Models. Table 4 presents a concise 543

comparison between our method and the baseline. 544

Our approach captures nuanced aspects that 545

align closely with the query paper’s contributions. 546

For the Research Problem dimension, both meth- 547

ods retrieve SEED-Bench-2, recognizing the need 548

for comprehensive MLLM evaluation. However, 549
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Model Recall @ K NDCG @ K Hit Rate @ K

9 30 90 9 30 90 9 30 90

Baselines
BM25 (title) 0.087 0.159 0.232 0.140 0.152 0.180 0.481 0.622 0.719
BM25 (abstract) 0.143 0.246 0.365 0.230 0.236 0.281 0.674 0.794 0.856
BM25 (concat) 0.157 0.276 0.412 0.251 0.261 0.314 0.710 0.811 0.891

E5base-v2 (title) 0.110 0.180 0.264 0.169 0.175 0.207 0.573 0.682 0.779
E5base-v2 (abstract) 0.134 0.239 0.372 0.204 0.218 0.268 0.635 0.773 0.873
E5base-v2 (concat) 0.144 0.252 0.389 0.216 0.230 0.280 0.678 0.788 0.891

SPECTER2 (title) 0.093 0.156 0.233 0.145 0.148 0.178 0.491 0.622 0.725
SPECTER2 (abstract) 0.145 0.259 0.393 0.215 0.230 0.281 0.644 0.764 0.878
SPECTER2 (concat) 0.160 0.282 0.423 0.242 0.257 0.310 0.667 0.811 0.893

SciNCL (title) 0.090 0.149 0.231 0.133 0.138 0.169 0.470 0.588 0.719
SciNCL (abstract) 0.136 0.256 0.392 0.206 0.227 0.279 0.622 0.779 0.869
SciNCL (concat) 0.157 0.281 0.427 0.233 0.250 0.305 0.697 0.788 0.886

Ours
Subspace: RP 0.160 0.300 0.450 0.238 0.264 0.322 0.678 0.831 0.897
Subspace: MA 0.167 0.299 0.453 0.251 0.270 0.328 0.697 0.835 0.901
Subspace: KF 0.172 0.304 0.444 0.251 0.270 0.324 0.695 0.820 0.886
Ideation Space 0.169 0.329 0.483 0.250 0.277 0.335 0.702 0.861 0.927

Table 2: Node Retrieval Performance Comparison (Recall, NDCG, Hit Rate). K values are scaled by 3x (Displaying
K=9, 30, 90 corresponding to data K=3, 10, 30). The best results for each metric are highlighted in bold.

Model Recall @ K NDCG @ K Hit Rate @ K

9 30 90 9 30 90 9 30 90

Baselines (RP+MA)
BM25 0.076 0.135 0.229 0.140 0.135 0.169 0.432 0.593 0.739
E5base-v2 0.095 0.160 0.247 0.168 0.160 0.192 0.492 0.627 0.730
SPECTER2 0.090 0.153 0.236 0.162 0.157 0.189 0.461 0.602 0.719
SciNCL 0.090 0.154 0.236 0.157 0.152 0.182 0.467 0.602 0.708

Ours
Subspace: P2M 0.094 0.168 0.267 0.157 0.160 0.199 0.449 0.611 0.744
Subspace: M2K 0.078 0.148 0.237 0.131 0.135 0.169 0.393 0.548 0.710
Transition Space 0.099 0.180 0.275 0.159 0.166 0.203 0.465 0.643 0.762

Table 3: Transition Retrieval Performance (Recall, NDCG, Hit Rate). K values are scaled by 3x (Displaying K=9,
30, 90 corresponding to data K=3, 10, 30). The best results for each metric are highlighted in bold.

our method’s strength becomes evident in the550

Method Approach and Key Findings dimensions.551

Specifically, we retrieve AMBER, which shares the552

critical “LLM-free” design constraint mentioned553

in LongHalQA, and HaELM, which focuses on554

hallucination evaluation, directly relevant to the555

query paper’s core objective. In contrast, the base-556

line retrieves general MLLM benchmarks (MME,557

MLLM-Bench) that assess broad multimodal ca-558

pabilities but lack the specific focus on hallucina-559

tion evaluation and LLM-free design. This demon-560

strates our method’s ability to identify methodolog-561

ically similar papers rather than merely topically562

related ones. The detailed retrieval results with full563

text excerpts are provided in Appendix B.564

5 Related Work 565

AI-Assisted Scientific Discovery and Novelty As- 566

sessment. Recent advances in LLMs have cat- 567

alyzed interest in AI-assisted scientific discovery 568

(Du et al., 2024; Kulkarni et al., 2025; Ghafarol- 569

lahi and Buehler, 2025; Qi et al., 2025) and the 570

associated evaluation (Zheng et al., 2023; Jin et al., 571

2024; Feng et al., 2025; Baek et al., 2025). Lu 572

et al. (2024) introduced the AI Scientist for auto- 573

mated research, while Si et al. (2025) conducted the 574

first large-scale study comparing LLM and human- 575

expert ideas. Wang et al. (2024) proposed SciMON 576

to iteratively refine hypotheses for novelty, and 577

Radensky et al. (2024) developed Scideator for 578

human-LLM collaborative ideation with retrieval- 579

7



Query Paper

LongHalQA: Long-Context Hallucination Evaluation for MultiModal Large Language Models

Our Multi-Dimensional Retrieval

Research Problem SEED-Bench-2: Benchmarking Multimodal Large Language Models
Method Approach An LLM-free Multi-dimensional Benchmark for MLLMs Hallucination Evaluation
Key Findings Evaluation and Analysis of Hallucination in Large Vision-Language Models

Baseline (Title + Abstract Based Retrieval)

Rank 1 SEED-Bench-2: Benchmarking Multimodal Large Language Models
Rank 2 MME: A Comprehensive Evaluation Benchmark for Multimodal Large Language Models
Rank 3 MLLM-Bench: Evaluating Multimodal LLMs with Per-sample Criteria

Table 4: Concise retrieval comparison for LongHalQA. Our multi-dimensional approach identifies specific halluci-
nation benchmarks (AMBER, HaELM) while the baseline focuses on general MLLM evaluation frameworks. See
Appendix B for detailed text excerpts.

Method Pearson Spearman

LLM-as-a-Judge
Qwen3-8B 0.218 0.222
Llama3.1-8B 0.053 0.089
DeepSeek-R1-Distill-Llama-8B 0.223 0.233
GPT-5 Mini 0.369 0.385
GPT-5 Nano 0.168 0.211

Embedding-based Retrieval: E5base-v2
Title 0.089 0.032
Summary 0.236 0.245
Concat 0.287 0.309

Embedding-based Retrieval: SciNCL
Title 0.018 0.003
Summary 0.169 0.144
Concat 0.157 0.122

Embedding-based Retrieval: SPECTER2
Title 0.114 0.096
Summary 0.316 0.357
Concat 0.333 0.359

IdeationEval (Ours) 0.370 0.384

Table 5: Correlation between different novelty estima-
tion methods and ground-truth expert scores.

augmented novelty evaluation. However, LLM-580

based evaluation typically suffers from sycophancy581

biases (Sharma et al., 2024), where models tend582

toward positive ratings regardless of actual quality,583

producing scores that lack discriminative power584

(Ye et al., 2025). Furthermore, existing methods585

treat novelty as unidimensional without distinguish-586

ing which aspects of an idea are novel. To ad-587

dress these limitations, we measure conceptual dis-588

tance from retrieved evidence rather than relying on589

potentially biased LLM judgments, and our algo-590

rithm provides fine-grained assessments that iden-591

tify where novelty lies along each dimension of592

scientific contribution.593

Scientific Knowledge Representations. Learn-594

ing effective representations of scientific knowl-595

edge (Beltagy et al., 2019; Zhang et al., 2023) is 596

fundamental to literature retrieval, similarity mea- 597

surement, etc. Cohan et al. (2020) introduced 598

SPECTER, training Transformer encoders using 599

citation-informed contrastive learning. Ostendorff 600

et al. (2022) proposed SciNCL with neighbor- 601

hood contrastive learning over citation graph em- 602

beddings, while Singh et al. (2023) developed 603

SPECTER2 with task-specific adapters for multi- 604

format representation. However, these methods 605

encode papers into monolithic representations that 606

conflate distinct conceptual aspects into a single 607

vector, limiting their utility for fine-grained re- 608

trieval and novelty assessment. Our Ideation Space 609

explicitly decomposes scientific knowledge into 610

three functionally distinct sub-spaces, each learned 611

through specialized contrastive training that lever- 612

ages citation context to determine which concep- 613

tual dimension connects related papers. 614

6 Conclusion 615

We introduced the Ideation Space, a structured 616

framework that decomposes scientific knowledge 617

into three conceptually orthogonal dimensions, i.e., 618

research problem, methodology, and core findings, 619

enabling improved measurement of conceptual dis- 620

tance and ideation transitions. Building upon this 621

representation, our Hierarchical Sub-Space Re- 622

trieval achieves up to 16.7% improvement in recall, 623

while our Decomposed Novelty Assessment attains 624

0.37 correlation with expert judgments. Our work 625

establishes a promising paradigm for navigating 626

the rapidly expanding scientific landscape, with po- 627

tential applications in accelerating literature review, 628

supporting peer review processes, and guiding re- 629

searchers toward more impactful contributions. 630

8



Limitations631

Our framework focuses on the AI and machine632

learning domain, with training data drawn from633

four arXiv categories (cs.AI, cs.LG, cs.CV, and634

cs.CL). While this scope ensures high-quality,635

domain-specific representations, exploring how636

well our decomposed ideation space transfers to637

other scientific disciplines, such as biology, physics,638

or social sciences, remains an interesting direction639

for future work. Besides, our three-dimensional640

decomposition captures the core functional aspects641

of most scientific contributions, though certain in-642

terdisciplinary or theory-heavy works may exhibit643

more nuanced structures that could benefit from644

finer-grained representations.645

Additionally, our evaluation relies on citation646

relationships and LLM-assisted ground truth con-647

struction, which, while providing scalable and re-648

producible benchmarks, may not capture all dimen-649

sions of conceptual relevance that human experts650

perceive. The novelty meta-evaluation uses 93 re-651

search ideas from the AI-Researcher dataset, which,652

though expert-annotated, represents a specific sub-653

set of research styles. Extending our evaluation654

to larger-scale human studies and diverse research655

communities would further validate the generaliz-656

ability of our approach.657
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A More Experimental Details822

A.1 More Details of Structured Extraction823

We use Qwen3-8B (model path: Qwen/Qwen3-8B)824

to extract structured representations from paper825

abstracts. The model decomposes each abstract826

into three atomic dimensions: Research Problem,827

Method Approach, and Key Findings, with the828

following configuration: temperature=0.0 for de-829

terministic outputs, max_tokens=512 to accom-830

modate detailed three-sentence responses, top-831

p=0.95 for controlled randomness, and repeti-832

tion_penalty=1.1 to prevent redundant phrasing.833

Below is the complete prompt used for extraction:834

You are an expert academic writer and editor
tasked with creating precise, informative
structured summaries of research paper
abstracts. Your goal is to distill the
essence of complex research into a clear and
concise summary that captures the paper’s
unique contributions and distinguishes it
from related work.

Task Instructions:
Transform the following academic paper
abstract into exactly THREE sentences. Each
sentence should address one of the required
aspects and be self-contained and clear
to understand for researchers in related
fields. Each sentence should be both
concise and informative, maintaining the
key information while being brief and not
verbose.

Required Elements to Include (One sentence
each):

1. Research Question/Problem: What specific chal-
lenge, gap, or question does this work uniquely ad-
dress that distinguishes it from existing research?

• Focus on the novel problem formulation or
unique angle the paper takes

• Identify what specific gap in current litera-
ture this work fills

• Emphasize the distinctive aspect of the re-
search question that sets it apart

2. Method/Approach: What novel technique, al-
gorithm, methodology, or experimental design is
introduced that sets this work apart from previous
approaches?

• Highlight the innovative technical contribu-
tion or methodological advancement

• Describe the unique algorithmic approach,
architecture, or experimental setup

• Emphasize what makes the method distinct
from existing solutions

3. Key Findings/Insights/Contributions: What are
the main empirical results, theoretical insights, or
practical contributions that represent the paper’s
unique value and impact?

835

• Focus on concrete results, performance im-
provements, or theoretical breakthroughs

• Include quantitative metrics when available
(accuracy, efficiency, etc.)

• Emphasize the practical or theoretical sig-
nificance of the findings

Quality Guidelines:

• Structure: Exactly 3 sentences, each addressing
one required element in order

• Clarity: Use precise, concrete language with spe-
cific technical terms when necessary

• Specificity: Include quantitative results when avail-
able (e.g., “achieves 95% accuracy”, “reduces com-
putation by 40%”)

• Uniqueness: Emphasize what makes this paper
distinct from related work in the same field

• Distinction: Ensure each aspect captures non-
overlapping information to maximize novelty eval-
uation

• Accessibility: Minimize technical jargon; when
used, ensure it’s essential and well-defined

• Completeness: Each sentence should stand alone
and be informative without requiring additional
context

• Novelty Focus: Prioritize novel contributions over
standard or incremental improvements

Writing Style:

• Use active voice when possible for clarity and di-
rectness

• Start each sentence with the main point for that
element to improve readability

• Ensure logical flow: problem → method → find-
ings

• Focus on novel contributions rather than standard
approaches or background information

• Use specific, concrete language rather than vague
or generic descriptions

• Maintain academic tone while being accessible to
researchers in related fields

What to Avoid:

• Generic phrases like “this paper presents” or “we
propose” without specific details

• Repetitive information already implied by context
or common knowledge

• Unnecessary background information available
elsewhere in the literature

• More or fewer than exactly 3 sentences

• Overly technical terms without clear necessity or
explanation

• Sentences that don’t clearly address their assigned
element

• Overlapping content between the three aspects
(each should capture distinct information)

836
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• Generic descriptions that could apply to multiple
papers in the same field

• Vague statements without concrete details or spe-
cific contributions

• Overly broad claims without supporting evidence
or specificity

Evaluation Criteria for Novelty:

• Research Question: Does it address a unique prob-
lem or take a novel angle on an existing problem?

• Method: Does it introduce a genuinely new tech-
nique, algorithm, or approach?

• Findings: Do the results represent significant ad-
vancement or unique insights?

Abstract to Summarize:
{abstract}

Your Three-Sentence Structured Summary:

1. Research Question/Problem: [Sentence address-
ing the unique challenge or question that distin-
guishes this work from existing research in the
fields]

2. Method/Approach: [Sentence describing the
novel technique, algorithm, or methodology that
sets this work apart from previous approaches]

3. Key Findings/Insights/Contributions: [Sen-
tence stating the unique empirical results, the-
oretical insights, or practical contributions with
specific metrics when available]

837

A.2 More Details of Citation Edge838

Classification839

We use Qwen3-4B-Instruct-2507 (model path:840

Qwen/Qwen3-4B-Instruct-2507) to classify ci-841

tation relationships between paper pairs. The842

model evaluates three dimensions of citation843

relationships: Research Problem Relationship,844

Method Approach Relationship, and Key Find-845

ings Relationship, with the following configuration:846

max_new_tokens=1024 to accommodate detailed847

analysis, do_sample=False for deterministic out-848

puts, and enable_thinking=False to suppress in-849

ternal reasoning tokens. Below is the complete850

prompt used for this classification:851

You are an expert scientific researcher
analyzing citation relationships between
academic papers. Your task is to evaluate
WHY a citing paper (P2) references a cited
paper (P1) by assessing three distinct
dimensions of their relationship.

Input Structure:
For both papers, you will receive:

852

• Title
• Research Question: The core problem or question

the paper addresses

• Method: The approach, techniques, or methodol-
ogy used

• Key Findings: The main results, conclusions, or
contributions

• Citing Paper (P2): The paper making the citation

• Cited Paper (P1): The paper being cited

Your Task:
Analyze the citation relationship across three dimen-
sions and assign scores from 0.0 to 1.0 (in 0.2 incre-
ments) for each dimension. Consider what role P1
plays in P2’s work.

Dimension 1: Research Problem Relationship
Compare how P2’s research question relates to P1’s
research question.

• 1.0 - Direct Extension/Continuation: P2 explic-
itly builds upon, extends, or is the next step in P1’s
research problem. P2 directly states it is addressing
limitations, gaps, or natural progressions of P1’s
problem. The problems form a clear lineage.

– Examples: “extending X to handle Y”, “ad-
dressing the limitation of X in scenarios Z”,
“generalizing X’s problem to broader con-
texts”

• 0.8 - Direct Competition (Same Problem): P2
and P1 tackle the exact same research problem
but propose different solutions. They are direct
competitors addressing identical challenges. P2
likely compares its approach directly against P1 as
a primary baseline.

– Examples: Both papers aim to solve “few-
shot image classification on ImageNet” or
“neural machine translation for low-resource
languages”

• 0.6 - Sub-problem or Specialization: P2 ad-
dresses a specific sub-problem, special case, or nar-
rower aspect of P1’s broader problem. P1 tackles a
general problem while P2 focuses on a particular
instantiation or component of it.

– Examples: P1 addresses “dialogue systems”
while P2 focuses specifically on “turn-taking
in task-oriented dialogues”

• 0.4 - Same Domain, Different Problems: P2 and
P1 work within the same research domain or ap-
plication area but address distinctly different prob-
lems. They share high-level context but diverge in
their specific research questions.

– Examples: Both in “object detection” but P1
focuses on “small object detection” while P2
addresses “3D bounding box estimation”

• 0.2 - Tangential/Peripheral Connection: Very
weak connection. Papers share only broad field
membership or abstract conceptual links. The re-
search questions are fundamentally different but
might share very high-level themes.
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– Examples: Both in “computer vision” but P1
does “image segmentation” while P2 does
“video captioning”

• 0.0 - No Connection: Research questions are unre-
lated. P1 is cited for purely tangential reasons (e.g.,
citing a standard dataset paper, a general survey, or
methodological tool unrelated to the core research
question).

Dimension 2: Method Approach Relationship
Compare how P2’s methodology relates to P1’s
methodology.

• 1.0 - Direct Use/Adaptation as Core Component:
P2 directly implements, adapts, extends, or modi-
fies P1’s method as a central, essential component
of its approach. P1’s method is foundational to P2’s
technical contribution. Removing P1’s method
would fundamentally change P2’s approach.

– Examples: “We adopt the X architecture
from P1”, “Building on P1’s Y algorithm,
we modify...”, “Using P1’s framework as our
backbone...”

• 0.8 - Primary Baseline Comparison: P2 imple-
ments P1’s method specifically to compare against
it as a main baseline or competitor. P1’s method
represents the state-of-the-art or primary alternative
that P2 aims to outperform. Substantial discussion
of methodological differences.

– Examples: “Compared to P1’s approach
which uses X, our method employs Y...”

• 0.6 - Methodological Inspiration/Similar Frame-
work: P2 is conceptually inspired by P1’s
methodological approach or uses a similar frame-
work/paradigm, but with significant modifications.
The connection is more than superficial but P2
doesn’t directly implement P1’s method.

– Examples: “Inspired by P1’s use of atten-
tion mechanisms...”, “Following a similar
encoder-decoder structure to P1...”

• 0.4 - Minor Component or Tool: P2 uses a spe-
cific technique, module, or tool from P1 as one
small piece of its overall method. P1’s contribution
is auxiliary or peripheral to P2’s main methodolog-
ical approach.

– Examples: Using P1’s data augmentation
technique, loss function, or evaluation proto-
col as one component among many

• 0.2 - Abstract/High-Level Similarity: Very weak
methodological connection. Papers might both use
the same general class of methods (e.g., “both use
transformers” or “both use reinforcement learn-
ing”) but in substantively different ways. The con-
nection is at the level of paradigm rather than spe-
cific technique.

• 0.0 - No Methodological Connection: Methods
are completely unrelated. P1 might be cited for its
findings, problem formulation, or dataset, but not
for its methodology.
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Dimension 3: Key Findings Relationship
Compare how P2’s findings relate to and engage with
P1’s findings.

• 1.0 - Foundational Premise/Dependency: P2 ex-
plicitly relies on P1’s findings as a foundational
premise, assumption, or starting point for its own
work. P1’s findings are accepted as established
facts that justify or motivate P2’s approach. P2
builds its argument on P1’s conclusions.

– Examples: “Given P1’s finding that X is cru-
cial, we propose...”, “P1 demonstrated that
Y, therefore we investigate...”

• 0.8 - Direct Valida-
tion/Contradiction/Discussion: P2 directly
engages with P1’s specific findings—either
validating, contradicting, refining, or extensively
discussing them in its own experimental results
section. P1’s findings are a central point of
discussion in P2’s analysis.

– Examples: “We confirm P1’s finding that...”,
“Contrary to P1’s results...”, “Our exper-
iments show P1’s conclusion holds only
when...”

• 0.6 - Direct Improvement/Advancement: P2 re-
ports findings that directly improve upon, advance,
or supersede the specific quantitative or qualitative
results reported in P1. Direct performance compar-
ison on the same metrics, datasets, or evaluation
criteria.

– Examples: “We improve upon P1’s accuracy
of X% to Y%”, “While P1 achieved Z, our
approach attains...”

• 0.4 - Background Context: P2 mentions P1’s find-
ings only as general background, related work, or
literature context. P1’s findings are acknowledged
but not central to P2’s own results or analysis. Su-
perficial citation in related work section.

– Examples: “Previous work (P1) found
that...”, “P1 reported...”, typically appearing
only in introduction or related work

• 0.2 - Minimal/Tangential Relevance: P1’s find-
ings are barely relevant to P2. Perhaps a single
finding is mentioned in passing, or the connection
is extremely indirect. P1 might be cited in a list
of references without specific findings being dis-
cussed.

• 0.0 - No Engagement with Findings: P1’s find-
ings are not discussed, not relevant, or P1 is cited
purely for its method, problem formulation, or as
a generic reference. The findings themselves play
no role in P2.

Output Requirements:
Step 1: Provide detailed reasoning for your scores.
Step 2: After your reasoning, provide a final JSON
output.
YOUR ENTIRE RESPONSE MUST BE A SIN-
GLE JSON OBJECT.
The reasoning and analysis MUST be included as
fields within the JSON.
Produce a single JSON object in exactly this format:

855

13



{
"research_problem_score": [score between
0.0-1.0],
"method_approach_score": [score between
0.0-1.0],
"key_findings_score": [score between
0.0-1.0],
"reasoning": "[One concise sentence
summarizing
the primary reason for the citation]",
"research_problem_analysis": "[2-4
sentences
comparing P1’s research question to P2’s
research
question. Explicitly identify the
relationship type
and justify your score with specific
evidence]",
"method_approach_analysis": "[2-4
sentences
comparing P1’s method to P2’s method.
Explicitly
identify the relationship type and justify
your
score with specific evidence]",
"key_findings_analysis": "[2-4 sentences
comparing
P1’s key findings to P2’s key findings.
Explicitly
identify the relationship type and justify
your
score with specific evidence]"
}

IMPORTANT: You must respond with a single
JSON object and nothing else. Do not include any
preamble, explanation, or markdown formatting be-
fore or after the JSON. Your entire response must be
the JSON object itself, starting with ’{’ and ending
with ’}’.

Paper Information:

<CITING PAPER (P2)>
Title: {citing_title}
Research Question: {citing_rq}
Method: {citing_method}
Key Findings: {citing_findings}

<CITED PAPER (P1)>
Title: {cited_title}
Research Question: {cited_rq}
Method: {cited_method}
Key Findings: {cited_findings}
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A.3 More Details of Building Ground Truth857

for Node Retrieval from Human Reviews858

We use GPT-5.2 (via OpenAI Responses API) to ex-859

tract novelty-related references from human review860

comments. The model analyzes reviewer feedback861

and categorizes cited works into three dimensions:862

Research Problem Overlap, Method/Approach863

Overlap, and Key Findings Overlap, with the fol-864

lowing configuration: max_output_tokens=2048 to865

accommodate detailed structured output, reason-866

ing effort set to ’medium’ and text verbosity set to867

’medium’. Below is the complete prompt used for 868

this extraction: 869

You are acting as an assistant to an
academic reviewer. Your task is to extract
and organize references from a reviewer’s
comments that are relevant to evaluating
the novelty of a submission. Novelty in
this context means how the submission’s
contribution compares to what has been done
before. A reviewer often notes prior work
to highlight redundancy or overlap: perhaps
the underlying research problem has already
been studied, the method or approach is
borrowed, or the key findings have already
been reported. Capturing these citations
systematically will help assess where the
new work is or is not novel.

Task Instructions:
To do this effectively, read the entire review carefully
and identify every piece of prior work that the re-
viewer explicitly mentions or implicitly references
when questioning novelty. For each identified work,
decide which of the following three categories best
describes why the reviewer brought it up:

Category Definitions:

1. Research problem overlap – the prior work
poses or solves the same research problem as the
submission. For example, if the reviewer writes
“this paper revisits the same scheduling problem
studied in A Unified Approach to Fair Schedul-
ing,” you would assign that citation to this cate-
gory. Here we care about overlap in the problem
statement or objective, regardless of how it was
approached.

2. Method/approach overlap – the prior work uses
the same algorithm, technique, or methodology as
the submission. For instance, if a reviewer says
“the authors’ method is essentially the Transformer
architecture introduced by Attention is All You
Need,” that reference belongs here. This category
focuses on whether the procedure or algorithmic
contribution is already known, even if the problem
differs.

3. Key findings overlap – the prior work reports
results or conclusions similar to those claimed
by the submission. An example would be “Deep
Residual Learning for Image Recognition already
demonstrated that skip connections improve accu-
racy on ImageNet,” when the reviewer criticizes
the novelty of the submission’s experimental find-
ings. This category applies when the novelty con-
cern is about the novelty of outcomes or insights.

Extraction Guidelines:
Only extract references that are actually tied to a
novelty concern. Do not list general background cita-
tions, standard datasets (unless the review specifically
notes missing comparisons), or passing mentions of
common techniques that are not framed as novelty
issues. The goal is to build a set of citations that
the reviewer uses to question or contextualize the
submission’s novelty, so err on the side of excluding
irrelevant or purely contextual references.
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Required Fields for Each Reference:

• title (Required): Use the most specific paper title
you can. If the reviewer explicitly names the paper,
reproduce the title verbatim. If only an acronym
or method name is given (e.g., “ResNet”), infer
the likely full title (e.g., “Deep Residual Learning
for Image Recognition”). If you cannot confidently
infer the full title, include the exact span mentioned
in the review instead.

• title_completeness (Required): Indicate whether
the title you provided is complete ("complete") or
a partial/inferred title ("incomplete").

• authors (Optional): Include authors only if the
reviewer explicitly mentions them (e.g., “Smith et
al.”). Do not guess or infer authors.

• venue (Optional): Include the publication venue
(conference, journal, etc.) only if it is explicitly
mentioned by the reviewer.

• year (Optional): Include the publication year only
if explicitly mentioned in the review.

• context (Required): Summarize why this reference
is relevant for novelty evaluation in the chosen
category—explain briefly whether it overlaps in
problem, method, or findings.

• original_mention (Required): Quote one or two
sentences from the review that mention this refer-
ence so that another reader can verify the context.

• novelty_concern (Required): Paraphrase the spe-
cific novelty issue raised, such as “previous work
addressed the same problem,” “uses the same
method,” or “reports similar results.”

• confidence (Optional): If you wish, include a quali-
tative confidence level ("high", "medium", "low")
in your extraction.

Output Format (JSON only, no other text):

{
"research_problem": [
{
"title": "Full Paper Title Here",
"title_completeness": "complete",
"authors": ["Author1", "Author2"],
"venue": "Conference/Journal",
"year": "2020",
"context": "Why this work addresses the
same problem",
"original_mention": "Sentence(s) from the
review
mentioning the reference",
"novelty_concern": "What novelty issue is
raised
(problem overlap)",
"confidence": "high"
}
],
"method_approach": [
{
"title": "Full Paper Title Here",
"title_completeness": "complete",
"authors": ["Author1", "Author2"],
"venue": "Conference/Journal",
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"year": "2020",
"context": "Why this work uses the same
method or
approach",
"original_mention": "Sentence(s) from the
review
mentioning the reference",
"novelty_concern": "What novelty issue is
raised
(method overlap)",
"confidence": "medium"
}
],
"key_findings": [
{
"title": "Full Paper Title Here",
"title_completeness": "incomplete",
"authors": [],
"venue": null,
"year": null,
"context": "Why this work reports similar
findings",
"original_mention": "Sentence(s) from the
review
mentioning the reference",
"novelty_concern": "What novelty issue is
raised
(finding overlap)",
"confidence": "low"
}
]
}

If a particular category has no relevant citations, out-
put an empty array for that category. If no novelty-
relevant references are found at all, output:

{
"research_problem": [],
"method_approach": [],
"key_findings": []
}

Review text to analyze:
{REVIEW_TEXT}
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A.4 More Details of Building Ground Truth 873

for Node Retrieval from References 874

We use GPT-5.2 (via OpenAI Responses API) 875

to filter paper references based on novelty rele- 876

vance. The model compares citing and cited pa- 877

pers across three dimensions: Research Problem 878

Overlap, Method/Approach Overlap, and Key Find- 879

ings Overlap, with the following configuration: 880

max_output_tokens=1024 for structured boolean 881

classification, reasoning effort configurable as 882

texttt’medium’), and text verbosity set to ’medium’ 883

for balanced output. Below is the complete prompt 884

used for this filtering: 885

You are an expert scientific researcher
analyzing novelty relationships between
academic papers. Your task is to
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evaluate whether a cited reference poses
a novelty concern for a citing paper by
assessing three distinct dimensions of
their relationship.

Input Structure:
For both papers, you will receive:

• Title
• Research Question: The core problem or question

the paper addresses

• Method/Approach: The approach, techniques, or
methodology used

• Key Findings: The main results, conclusions, or
contributions

• Citing Paper (Current Paper): The paper whose
novelty we are evaluating

• Cited Paper (Reference): A paper that the current
paper cites

Your Task:
Analyze the novelty relationship across three dimen-
sions and assign boolean values (true/false) for each
dimension. A reference poses a “novelty concern” if
it significantly overlaps with the citing paper’s con-
tributions in any dimension, potentially undermining
the citing paper’s novelty claims.

Dimension 1: Research Problem Overlap
Does the cited paper address the same or very similar
research problem/question as the citing paper?

• True (poses novelty concern): The cited paper
tackles the exact same research problem, or a nearly
identical problem that makes the citing paper’s
problem formulation unoriginal. The citing paper
is essentially revisiting or only slightly modifying
a problem that has already been studied in the cited
work.

– Examples: Both papers address “federated
learning with heterogeneous data distribu-
tions” or “neural architecture search for mo-
bile devices”

• False (no novelty concern): The cited paper ad-
dresses a different research problem, even if there
are some conceptual connections or shared domain
knowledge. The problems are fundamentally dis-
tinct despite potential thematic overlap.

– Examples: One paper studies “image clas-
sification” while the other studies “object
detection”, even though both are computer
vision tasks

Dimension 2: Method/Approach Overlap
Does the cited paper use the same or very similar
methodology/approach as the citing paper?

• True (poses novelty concern): The cited paper em-
ploys essentially the same algorithmic approach,
technical method, or methodological framework as
the citing paper. The citing paper’s methodolog-
ical contribution is largely anticipated or directly
borrowed from the cited work.
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– Examples: Both papers use “contrastive
learning with momentum encoders” or
“transformer-based sequence-to-sequence
models with multi-head attention”

• False (no novelty concern): The cited paper uses
different methods or approaches, even if there are
some shared techniques or general paradigms. The
methodological approaches are substantively dif-
ferent.

– Examples: One uses “reinforcement learn-
ing” while the other uses “supervised learn-
ing”, despite both being machine learning
approaches

Dimension 3: Key Findings Overlap
Does the cited paper report similar or identical key
findings/results as the citing paper?

• True (poses novelty concern): The cited paper
demonstrates or concludes similar key results, in-
sights, or empirical findings as the citing paper.
The citing paper’s main contributions in terms of re-
sults or conclusions have already been established
in the cited work.

– Examples: Both papers show that “adding
skip connections improves gradient flow in
deep networks” or “self-attention mecha-
nisms outperform RNNs on long sequences”

• False (no novelty concern): The cited paper re-
ports different findings or results, even if there are
some related observations or shared datasets. The
core conclusions and insights are distinct.

– Examples: One paper finds “method A
achieves 85% accuracy” while another finds
“method B achieves 87% accuracy” on the
same dataset – the specific findings differ

Output Requirements:
A reference poses a “novelty concern” if ANY of the
three dimensions shows significant overlap (true). If
a reference shows overlap in at least one dimension,
it should be considered novelty-relevant and retained
for further novelty analysis.
Step 1: Provide detailed analysis for each dimension
with specific evidence from the provided texts.
Step 2: After your analysis, provide a final JSON
output.
YOUR ENTIRE RESPONSE MUST BE A SIN-
GLE JSON OBJECT.
The analysis and comparisons MUST be included as
fields within the JSON.
Produce a single JSON object in exactly this format:

{
"is_novelty_relevant": true/false,
"reasoning": "[One concise sentence
summarizing whether
this reference poses a novelty concern for
the citing
paper]",
"research_problem_overlap": true/false,
"method_approach_overlap": true/false,
"key_findings_overlap": true/false,
"research_problem_comparison": "[2-4
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sentences
comparing the citing paper’s research
question to the
cited paper’s research question.
Explicitly state whether
there is overlap and justify your
assessment with specific
evidence from the provided texts.]",
"method_approach_comparison": "[2-4
sentences comparing
the citing paper’s method/approach to the
cited paper’s
method/approach. Explicitly state whether
there is overlap
and justify your assessment with specific
evidence from the
provided texts.]",
"key_findings_comparison": "[2-4 sentences
comparing the
citing paper’s key findings to the cited
paper’s key
findings. Explicitly state whether there
is overlap and
justify your assessment with specific
evidence from the
provided texts.]",
"overall_analysis": "[2-3 sentences
explaining the overall
novelty relationship between the papers
and why this
reference is or isn’t relevant to the
citing paper’s
novelty claims.]"
}

IMPORTANT: You must respond with a single
JSON object and nothing else. Do not include any
preamble, explanation, or markdown formatting be-
fore or after the JSON. Your entire response must be
the JSON object itself, starting with ’{’ and ending
with ’}’.

Paper Information:

<CITING PAPER (Current Paper)>
Title: {citing_title}
Research Question:
{citing_research_question}
Method/Approach: {citing_method_approach}
Key Findings: {citing_key_findings}

<CITED PAPER (Reference)>
Title: {cited_title}
Research Question:
{cited_research_question}
Method/Approach: {cited_method_approach}
Key Findings: {cited_key_findings}
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A.5 More Details of Building Ground Truth890

for Transition Retrieval from References891

We use GPT-5.2 (via OpenAI Responses API)892

to filter paper references based on novelty rel-893

evance in transition spaces. The model an-894

alyzes reasoning transitions between concepts895

across two dimensions: Research Problem →896

Method/Approach (P2M) and Method/Approach897

→ Key Findings (M2K), with the following con-898

figuration: max_output_tokens=4096 for detailed 899

transition analysis, reasoning effort configurable 900

as ’medium’), and text verbosity set to ’medium’ 901

for balanced output. Below is the complete prompt 902

used for this filtering: 903

You are an expert scientific researcher
analyzing novelty relationships between
academic papers in terms of their reasoning
transitions. Your task is to evaluate
whether a cited reference poses a novelty
concern for a citing paper by assessing two
distinct transition dimensions.

Input Structure:
For both papers, you will receive:

• Research Question
• Method/Approach
• Key Findings
• Citing Paper (Current Paper): The paper whose

novelty we are evaluating

• Cited Paper (Reference): A paper that the current
paper cites

Your Task:
Analyze the novelty relationship by examining
whether the cited paper anticipates or establishes sim-
ilar reasoning transitions as the citing paper. A ref-
erence poses a “novelty concern” if it demonstrates
similar logical connections between concepts, poten-
tially undermining the citing paper’s novelty claims.

Dimension 1: P2M Transition Similarity (Re-
search Problem → Method/Approach)
Based on the research problem and method/approach
described, does the cited paper appear to follow a
similar logical reasoning pattern when transitioning
from problem to method as the citing paper?

• True (poses novelty concern): The cited paper
appears to connect its research problem to method-
ological choices through similar logical reasoning
as the citing paper. The relationship between prob-
lem formulation and method selection suggests
analogous intellectual approaches, even if the spe-
cific problems and methods differ.

– Examples: Both papers show similar
problem-to-method reasoning like connect-
ing gradient-related issues with attention
mechanisms, or linking memory retention
problems with replay-based solutions

• False (no novelty concern): The cited paper ap-
pears to connect problem and method through fun-
damentally different logical reasoning. The rela-
tionship between problem formulation and method
selection suggests distinct intellectual approaches,
even if there might be superficial similarities in
terminology.

– Examples: One paper connects error anal-
ysis problems with architectural innova-
tions while another connects theoretical con-
vergence questions with optimization algo-
rithms
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Dimension 2: M2K Transition Similarity
(Method/Approach → Key Findings)
Based on the method/approach and key findings de-
scribed, does the cited paper appear to follow a simi-
lar logical reasoning pattern when transitioning from
method application to deriving findings as the citing
paper?

• True (poses novelty concern): The cited paper
appears to connect methodological application to
key findings through similar logical reasoning as
the citing paper. The relationship between method
execution and result interpretation suggests anal-
ogous analytical approaches, even if the specific
methods and findings differ.

– Examples: Both papers show similar method-
to-findings reasoning like connecting atten-
tion mechanism analysis with syntactic in-
sights, or linking representation analysis
with contextual learning strategies

• False (no novelty concern): The cited paper ap-
pears to connect method and findings through fun-
damentally different logical reasoning. The rela-
tionship between method execution and result in-
terpretation suggests distinct analytical approaches,
even if there might be superficial similarities in
experimental design.

– Examples: One paper connects component
ablation with efficiency insights while an-
other connects mathematical analysis with
theoretical understanding

Output Requirements:
Return ONLY a single JSON object wrapped in a
markdown code block (“‘json ... “‘).
Do NOT output any additional text before or after the
JSON.
Keep all string fields concise to avoid truncation.

“‘json
{
"is_novelty_relevant": true/false,
"reasoning": "[One concise sentence
summarizing whether
this reference poses a novelty concern]",
"p2m_transition_similarity": true/false,
"m2k_transition_similarity": true/false,
"p2m_transition_analysis": "[1-2
sentences. Compare the
intellectual bridge from problem
formulation to method
choice.]",
"m2k_transition_analysis": "[1-2
sentences. Compare the
intellectual bridge from method application
to
findings/claims.]",
"overall_analysis": "[1-3 sentences.
Overall novelty
relationship summary.]"
}
“‘

Paper Information:

<CITING PAPER (Current Paper)>
Research Question:

905

{citing_research_question}
Method/Approach: {citing_method_approach}
Key Findings: {citing_key_findings}

<CITED PAPER (Reference)>
Research Question:
{cited_research_question}
Method/Approach: {cited_method_approach}
Key Findings: {cited_key_findings}
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B Qualitative Analysis: Retrieval Case Studies 907

Table 6: Detailed retrieval comparison for LongHalQA. The Query Paper details are presented first. For each
dimension, we display the top retrieved paper’s Title and relevant Text. Our retrieval surfaces specific hallucination
benchmarks (AMBER, HaELM) while the baseline focuses on general MLLM benchmarks.

Query Paper Details

Title: LongHalQA: Long-Context Hallucination Evaluation for MultiModal Large Language Models

Research Problem: This work addresses the gap in existing benchmarks for evaluating hallucinations in multimodal
large language models (MLLMs), which rely on simplistic discriminative questions or computationally intensive LLM
evaluators.

Method Approach: The paper introduces LongHalQA, an LLM-free benchmark featuring 6K long and complex
hallucination texts generated by GPT4V, along with two unified tasks—hallucination discrimination and completion.

Key Findings: Extensive experiments on recent MLLMs reveal significant challenges in handling long and complex
hallucination texts, highlighting the necessity for advanced benchmarks like LongHalQA.

Dimension Retrieved Paper (Title & Text) Score

Our Multi-Dimensional Retrieval (Top 1 per Dimension)

Research Problem

Title: SEED-Bench-2: Benchmarking Multimodal Large Language Models
Text: This work addresses the gap in existing MLLM benchmarks by identifying the need
for a comprehensive evaluation framework that assesses the hierarchical multimodal
capabilities of models beyond single-image-text comprehension.

0.893

Method Approach

Title: An LLM-free Multi-dimensional Benchmark for MLLMs Hallucination Evalua-
tion
Text: The paper introduces AMBER, an LLM-free, multi-dimensional benchmark
that efficiently evaluates hallucination types across a wide range of tasks, using a
low-cost and scalable evaluation pipeline.

0.826

Key Findings

Title: Evaluation and Analysis of Hallucination in Large Vision-Language Models
Text: HaELM achieves approximately 95% performance comparable to ChatGPT,
demonstrating strong effectiveness in evaluating hallucination while providing practical
benefits such as local deployment.

0.835

Problem → Method

Title: Hallusionbench: An Advanced Diagnostic Suite for Entangled Language Halluci-
nation and Visual Illusion
Text: This work addresses the unique challenge of evaluating image-context reasoning
in large visual-language models (LVLMs) by focusing on the nuanced detection of
hallucination and visual illusion.

0.660

Method → Findings

Title: An LLM-free Multi-dimensional Benchmark for MLLMs Hallucination Evalua-
tion
Text: AMBER demonstrates significant practical value by providing a comprehensive
assessment of mainstream MLLMs like GPT-4V, revealing performance disparities
and offering actionable guidelines to mitigate hallucinations.

0.682

Baseline Title & Abstract Based Retrieval (Top 5)

Rank 1

Title: SEED-Bench-2: Benchmarking Multimodal Large Language Models
Text: This work addresses the gap in existing MLLM benchmarks by identifying the need
for a comprehensive evaluation framework that assesses the hierarchical multimodal
capabilities of models.

0.893

Rank 2

Title: MME: A Comprehensive Evaluation Benchmark for Multimodal Large Language
Models
Text: This work addresses the gap in comprehensive evaluation of Multimodal Large
Language Models (MLLMs), as existing case studies fail to provide a holistic assessment
of their perception and cognition capabilities.

0.879

Rank 3

Title: MLLM-Bench: Evaluating Multimodal LLMs with Per-sample Criteria
Text: This work addresses the gap in evaluating multimodal large language models
(MLLMs) by focusing on the challenge of assessing creative and associative tasks
through user experience-driven metrics.

0.877

Rank 4

Title: SEED-Bench: Benchmarking Multimodal LLMs with Generative Comprehension
Text: This work addresses the lack of comprehensive evaluation frameworks for genera-
tive comprehension in multimodal large language models (MLLMs), focusing on the
unique challenge of assessing both image and video understanding.

0.626

Continued on next page...
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Table 6: (continued)

Table 6 – Continued from previous page

Query Paper: LongHalQA: Long-Context Hallucination Evaluation for MultiModal Large Language Models

Dimension Retrieved Paper (Title & Text) Score

Rank 5

Title: TinyLVLM-eHub: Towards Comprehensive and Efficient Evaluation for Large
Vision-Language Models
Text: This work addresses the gap in evaluating Large Vision-Language Models
(LVLMs) by focusing on a comprehensive assessment of their multimodal capabili-
ties, particularly in areas such as object hallucination.

0.625
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