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Abstract001

Novel research ideas play a critical role in ad-002
vancing scientific inquiries. Recent advance-003
ments in Large Language Models (LLMs) have004
demonstrated their potential to generate novel005
research ideas by leveraging large-scale scien-006
tific literature. However, previous works face007
substantial challenges since they heavily rely008
on the textual content of scientific literature,009
but overlook the rich semantics and high-order010
connections embedded in scientific concept net-011
works. To address these challenges, we propose012
Deep-Ideation, a powerful LLM agent that013
generates high-quality research ideas via itera-014
tively searching for novel yet feasible combina-015
tions on scientific concept network. Our frame-016
work introduces an Explore-Expand-Evolve017
workflow to facilitate continuous dynamic in-018
teraction with the scientific concept network.019
This mechanism drives a structural evolution020
from concept accumulation to deep innovation,021
utilizing an Idea Stack to track the ideation tra-022
jectory and align it with overall research trends.023
Furthermore, we fine-tune a Critic Model on024
real-world reviewer feedback to align with ex-025
pert standards, rigorously steering ideation to-026
ward greater novelty and feasibility. Extensive027
experiments demonstrate that Deep-Ideation028
achieves publication-quality performance, with029
about 81.5% of generated ideas surpassing030
the acceptance scores of top AI conferences.031
Furthermore, expert human evaluations cor-032
roborate these findings, confirming that Deep-033
Ideation produces professional-grade research034
proposals. Our code is open-sourced for re-035
producibility at https://anonymous.4open.036
science/r/Deep_Ideation-E385.037

1 Introduction038

The emerging agentic power of Large Language039

Models (LLMs) (Li et al., 2025b; Wu et al., 2025b;040

Zhao et al., 2025) has inspired wide range of re-041

searchers to design LLM agents to automate scien-042

tific discovery (Wang et al., 2023; Lu et al., 2024;043

Peng et al., 2025), which is often known as AI 044

scientist systems (Gottweis et al., 2025; Yu et al., 045

2024; Qi et al., 2024). Ideation, the ability to gen- 046

erate novel yet feasible research ideas, is arguably 047

one of the most important capabilities, as it shapes 048

the direction of scientific inquiry and influences 049

the course of human progress (Coccia, 2019; Lang- 050

ley, 1987). Consequently, leveraging these agentic 051

capabilities to automate the ideation process has 052

emerged as a central research focus, promising to 053

accelerate the pace of scientific innovation (Si 054

et al., 2024; Li et al., 2024; Pu et al., 2025; Si et al., 055

2025). 056

However, most existing frameworks rely exclu- 057

sively on the textual content of scientific litera- 058

ture (Yang et al., 2024; Su et al., 2024; Qi et al., 059

2023). This approach overlooks the structural rich- 060

ness of the scientific concept network—a frame- 061

work where human scientists have long constructed 062

meaningful relationships between scientific con- 063

cepts through literature, forming a comprehensive 064

conceptual landscape. Although some studies have 065

attempted to incorporate this network data (Wang 066

et al., 2024b,a; Baek et al., 2024), they typically 067

restrict usage to a one-off context retrieval at the 068

initial stage. Consequently, they fail to dynamically 069

re-query the network for fresh insights during the 070

subsequent iterative optimization of ideas. Conse- 071

quently, these approaches capture only immediate 072

concept associations and fail to continuously and 073

dynamically interact with the network to acquire 074

new structural knowledge as the ideation process 075

evolves, thereby missing the complex, high-order 076

relationships essential for deep innovation. 077

However, effectively implementing this vision 078

is non-trivial. First, mining meaningful high-order 079

neighbors is challenging, as naively expanding 080

the search depth often introduces excessive noise 081

that obscures truly innovative connections. Sec- 082

ond, achieving continuous dynamic interaction is 083

complex, requiring the agent to adaptively align 084
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Figure 1: Illustration of the construction of the scientific concept network and the Deep-Ideation process.

its network exploration with the evolving research085

context to maintain logical coherence.086

To systematically tackle these hurdles, we087

propose Deep-Ideation, an agentic framework088

grounded in a massive scientific concept network089

where nodes are instantiated as research keywords090

extracted from over 100,000 papers. The construc-091

tion of the scientific network and the Deep-Ideation092

process are shown in Figure 1. Our framework in-093

troduces a dynamic Explore-Expand-Evolve work-094

flow to facilitate continuous dynamic interaction095

with the scientific concept network. In this evolu-096

tionary trajectory, the Explore and Expand phases097

fuel the process by actively identifying and inte-098

grating new concepts from high-order connections,099

thereby building the necessary semantic breadth100

for innovation. Crucially, this accumulation lays101

the groundwork for the Evolve phase, which drives102

structural evolution by strategically replacing con-103

cepts to escape local optima. This mechanism104

moves beyond simple keyword matching, trans-105

forming the ideation process into an adaptive opti-106

mization cycle. To support this complex evolution,107

an Idea Stack records the entire trajectory to main-108

tain logical coherence, while a Critic Model—fine-109

tuned on peer reviews—steers the generated ideas110

toward expert-level novelty and feasibility.111

Experimental results across ten major AI confer-112

ences demonstrate that Deep-Ideation achieves a113

significant breakthrough, outperforming state-of-114

the-art baselines by an average margin of 10.67%.115

Notably, about 81.5% of these generated ideas116

surpass the average acceptance scores of top-tier117

conferences, marking a capability leap from mere118

generation to high-quality innovation. This quan-119

titative success is further corroborated by expert120

human evaluation, which confirms that our system121

offers genuine scientific inspiration. Furthermore, 122

comprehensive ablation studies validate the effec- 123

tiveness of the refinement components designed 124

within our framework. 125

The key contributions of this work are as fol- 126

lows: 127

• We construct a massive scientific concept net- 128

work from over 100,000 papers and a com- 129

prehensive real-world review dataset. These 130

datasets will be made publicly available for 131

the research community to foster further col- 132

laboration and exploration. 133

• We propose Deep-Ideation, an agentic frame- 134

work capable of continuously interacting with 135

the scientific network. This mechanism allows 136

the agent to dynamically capture meaningful 137

high-order information from the graph. 138

• We demonstrate through extensive experi- 139

ments that our method achieves superior per- 140

formance, producing research ideas that sur- 141

pass the average acceptance scores of top-tier 142

AI conferences. 143

2 Problem Formulation 144

2.1 Definition of Scientific Concept Network 145

Scientific knowledge is traditionally stored in the 146

textual content of massive literature collections. 147

While rich in detail, this unstructured format 148

presents information linearly, often obscuring the 149

intricate dependencies and logical structures under- 150

lying scientific progress. In contrast, organizing 151

this knowledge as a graph offers distinct advan- 152

tages (Badalyan et al., 2024): it transforms isolated 153
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Figure 2: Overview of our Deep Ideation framework. In this figure, we set the maximum size of the keyword set to
4.

documents into a structured map, explicitly repre-154

senting complex relationships and facilitating effi-155

cient navigation through the logic of scientific in-156

quiry (Wang et al., 2023; Sourati and Evans, 2023).157

Formally, we define the Scientific Concept Net-158

work as a graph G = (V, E). The node set V =159

{v1, v2, ..., vn} represents the universe of scientific160

concepts, which are instantiated in our framework161

as concrete keywords extracted from the literature.162

The edge set E ⊆ V×V represents the connections163

between these keywords. Specifically, an edge164

(vi, vj) ∈ E exists if keywords vi and vj co-occur165

in the literature. Crucially, rather than compressing166

these connections into a static scalar weight, we167

define the attribute of each edge as the specific set168

of source papers Dij = {p | vi, vj ∈ p}, where p169

represents a paper containing both keywords. This170

design ensures that the edge acts as a carrier of raw171

scientific evidence, allowing the specific relation-172

ship between vi and vj to be dynamically analyzed173

and synthesized from the contexts in Dij during174

the ideation process.175

2.2 Formulating Research Ideation Problem176

Novel ideas are often conceptualized as the cohe-177

sive synthesis of seemingly unrelated knowledge178

fragments (Koestler, 1964; Lee and Chung, 2024;179

Benedek et al., 2012). In the context of scientific180

research, these knowledge fragments are encapsu-181

lated as nodes within the Scientific Concept Net-182

work. Consequently, we frame the ideation chal-183

lenge not merely as a static text generation task, but184

as a strategic navigation process designed to dis-185

cover distant yet synergistic concept combinations186

that address gaps in the current research landscape.187

Formally, we define the research ideation prob- 188

lem as an iterative optimization process over the 189

network G. Let Kt ⊆ V denote the subset of key- 190

words selected at iteration t. The ideation process 191

evolves through a series of state transitions, where 192

the system continuously refines the concept set to 193

approach an optimal configuration. Specifically, 194

the transition from t to t+ 1 is modeled as a two- 195

stage process: 196

(Kt+1,H′
t) = ψ(Kt,G,Ht) 197

(Pt+1,Ht+1) = ϕ(Kt+1,H′
t) 198

Here, Ht represents the optimization history at 199

the start of the iteration. In the first stage, the 200

function ψ acts as the transition operator, updat- 201

ing the keyword set to Kt+1 (e.g., via expansion 202

or substitution) while recording this topological 203

change into an intermediate history state H′
t. In the 204

second stage, ϕ maps the updated concepts into a 205

coherent research proposal Pt+1 and finalizes the 206

history update to Ht+1 by appending the newly 207

generated proposal. The objective is to reach a 208

terminal state T that maximizes a scientific utility 209

function J (PT ), which quantifies the proposal’s 210

novelty and feasibility based on established scien- 211

tific standards. 212

3 Methods 213

3.1 Overview 214

To enable continuous and dynamic interaction with 215

the scientific concept network and capture mean- 216

ingful high-order neighbors for deep innovation, 217

we propose Deep-Ideation. As illustrated in Figure 218
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2, the entire workflow involves an iterative Explore-219

Expand-Evolve process governed by an Idea Stack220

to track ideation trajectory and a Critic Model to221

align with expert standards. To systematically re-222

alize this agentic workflow, we first formalize the223

underlying structural foundation that stores scien-224

tific knowledge, followed by the specific functional225

modules designed to navigate and reason over this226

topological space.227

3.1.1 Scientific Concept Network228

The Scientific Concept Network serves as the struc-229

tural foundation of our framework, instantiated as230

a graph where nodes represent research keywords231

and edges encapsulate literature evidence. To es-232

tablish the node set V , we utilize LLM to extract233

representative research keywords from the titles,234

abstracts and introductions of collected academic235

papers. Subsequently, edges are formed based on236

co-occurrence; specifically, if two keywords appear237

within the same paper, they are connected. Cru-238

cially, consistent with the definition in Section 2.1,239

each edge stores the specific set of source papers240

Dij as its attribute. This design preserves the raw241

contextual evidence, allowing the agent to dynami-242

cally retrieve and analyze the specific relationships243

between concepts during the ideation process.244

3.1.2 Core Processing Modules245

Driven by the foundational network, Deep-Ideation246

employs three specialized modules to navigate the247

semantic space and synthesize innovations:248

The Relation Analysis Module is designed to249

dynamically interpret the semantic connections be-250

tween keywords by leveraging the raw evidence251

stored on the network edges. When the agent exam-252

ines an edge connecting two keywords, the module253

retrieves the corresponding set of source papers Dij .254

To efficiently capture the essence of the relation-255

ship while managing input length, we extract spe-256

cific high-information sections—titles, abstracts,257

and introductions—from these documents. This258

aggregated context is then fed into an LLM, which259

synthesizes a concise summary of the relationship,260

explicitly describing how the concepts interact.261

The Keyword Selection Module acts as a strate-262

gic filter for network navigation, utilizing an LLM263

to evaluate candidate neighbors based on their se-264

mantic relations. To determine how to update the265

current keyword set Kt, this module dynamically266

delegates execution to one of two specialized sub-267

units based on the set’s target length Ltarget:268

• Keyword Selection & Expand: Triggered when 269

the set is not full (|Kt| < Ltarget). This unit 270

functions to supplement the current keyword set, 271

selecting the most semantically valuable neigh- 272

bor to add into Kt. 273

• Keyword Selection & Evolve: Triggered when 274

the set reaches capacity (|Kt| = Ltarget). This 275

unit functions to optimize the conceptual compo- 276

sition, identifying a superior external candidate 277

to replace a less contributing incumbent in Kt. 278

The Idea Formulation Module serves as the 279

generative engine of our framework, responsible 280

for translating the discrete set of selected keywords 281

into a coherent research proposal. Leveraging the 282

semantic context provided by the accumulated key- 283

words, the module synthesizes a structured narra- 284

tive comprising three essential sections: Research 285

Background, which contextualizes the motivation 286

and existing gaps; Research Idea, which articulates 287

the core innovation and specific hypothesis; and 288

General Implementation Approach, which outlines 289

the technical feasibility and execution strategy. 290

3.2 Network-Guided Idea Evolution 291

We operationalize this process through an Explore- 292

Expand-Evolve workflow that harmonizes knowl- 293

edge acquisition with structural optimization. The 294

Explore and Expand phases fuel the evolution- 295

ary growth by continuously injecting diverse high- 296

order neighbors into the context. Building on this 297

foundation, the Evolve phase facilitates qualitative 298

refinement, dynamically restructuring the concept 299

set to escape local optima and synthesize a coherent 300

scientific breakthrough. 301

3.2.1 Explore 302

The Explore phase initiates the iteration by identi- 303

fying potential directions for conceptual expansion. 304

Given the current keyword set Kt, the agent first 305

queries the Scientific Concept Network to retrieve 306

the set of immediate neighboring nodes N (Kt). 307

For each candidate neighbor vj ∈ N (Kt) con- 308

nected to an existing keyword vi ∈ Kt, the sys- 309

tem retrieves the raw literature evidence Dij stored 310

on the connecting edge. Crucially, to transform 311

this raw data into actionable insights, the system 312

invokes the Relation Analysis Module (denoted as 313

Φrel). This module processes the evidence to gen- 314

erate a concise semantic summary rij describing 315

the specific interaction between the concepts: 316

rij = Φrel(Dij)
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Consequently, the output of this phase is a set317

of semantically annotated candidates Cexplore =318

{(vj , rij) | vj ∈ N (Kt)}. This structured repre-319

sentation ensures that the subsequent selection step320

is grounded in interpreted scientific logic rather321

than mere topological connectivity.322

3.2.2 Expand323

The Expand phase is triggered when the size of the324

current keyword set |Kt| has not yet reached the325

target length Ltarget. Its primary objective is to326

incrementally enrich the concept set by integrating327

the most semantically valuable neighbor identified328

in the Explore phase.329

To ensure the agent maintains logical consis-330

tency throughout this accumulation process, we331

introduce the Idea Stack (Ht), a memory structure332

designed to record the historical evolution of the333

ideation process. Specifically, it tracks the iterative334

changes in both keyword selections and proposal335

drafts from previous rounds. Crucially, this mech-336

anism addresses the challenge of achieving con-337

tinuous dynamic interaction, as it allows the agent338

to adaptively align its network exploration with339

the evolving research context to maintain logical340

coherence.341

Functionally, the process begins with the Key-342

word Selection & Expand Module (Φexp), which343

evaluates the candidates Cexplore from the previous344

phase together with the current history Ht. The345

module selects the optimal keyword v∗ that maxi-346

mizes semantic synergy:347

v∗ = Φexp(Cexplore,Ht)

Subsequently, the keyword set is updated to348

Kt+1 = Kt ∪ {v∗}. Utilizing this enriched context,349

the Idea Formulation Module (Φgen) synthesizes350

a new research proposal Pt+1. Finally, both the351

selected keyword and the generated proposal are 352

pushed onto the stack, updating the history state 353

for the next iteration: 354

Pt+1 = Φgen(Kt+1,Ht) 355

Ht+1 = Ht ⊕ (v∗, Pt+1) 356

3.2.3 Evolve 357

The Evolve phase acts as a dual-path optimiza- 358

tion mechanism, triggered once the keyword set 359

reaches its saturation point (|Kt| = Ltarget). At 360

this stage, the system focuses on iterative refine- 361

ment rather than accumulation. To determine the 362

most effective optimization strategy, we introduce 363

a Router Module that assesses the current state to 364

decide between two pathways: Keyword Evolution 365

(dkeyword, modifying the conceptual composition) 366

or Proposal Evolution (dpropoal, refining the textual 367

realization). 368

Formally, the router acts as a decision function 369

d = Φrouter(Kt, Pt,Ht), where the decision out- 370

come d ∈ {dkeyword, dproposal}. 371

Keyword Evolution: If the router detects struc- 372

tural weaknesses in the concept combination(d = 373

dkeyword), the Keyword Selection & Evolve Mod- 374

ule (Φevo) is activated to refine the conceptual com- 375

position. This unit evaluates the external candidates 376

Cexplore against the current set Kt to clearly identify 377

a substitution pair—a superior external candidate 378

vin and the least contributing incumbent vout: 379

(vin, vout) = Φevo(Cexplore,Kt,Ht)

Subsequently, the keyword set is updated by ex- 380

ecuting this substitution: Kt+1 = (Kt \ {vout}) ∪ 381

{vin}. 382

Proposal Evolution: Conversely, if the router 383

finds the current concepts robust but the narrative 384

execution suboptimal (d = dproposal), the system 385
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Method DL NLP CV General AI Overall
Nov. Fea. Avg. Nov. Fea. Avg. Nov. Fea. Avg. Nov. Fea. Avg. Nov. Fea. Avg.

Accepted Papers 3.72 3.93 3.83 3.70 3.95 3.83 3.73 3.86 3.78 3.68 3.90 3.79 3.71 3.91 3.81
Sci. Net. Emb. 3.34 3.53 3.44 3.24 3.61 3.43 2.64 3.44 3.04 3.26 3.57 3.42 3.12 3.53 3.33

Scimon 3.19 3.48 3.34 3.31 3.65 3.24 2.50 3.02 2.76 3.44 3.52 3.48 3.11 3.42 3.27
SciAgents 2.93 3.63 3.28 2.86 3.69 3.28 2.73 3.65 3.19 2.75 3.27 3.01 2.82 3.46 3.14

MOOSE-Chem 3.53 3.33 3.43 3.43 3.22 3.33 3.34 3.21 3.28 3.46 3.07 3.27 3.44 3.21 3.33
Zero-Shot HP 2.80 3.65 3.23 2.73 3.46 3.10 2.78 3.61 3.20 2.81 3.51 3.16 2.78 3.57 3.18

ResearchAgent 3.38 3.22 3.30 3.54 3.33 3.44 3.48 3.28 3.38 3.43 3.25 3.34 3.46 3.47 3.47
Deep-Ideation 3.79∗ 3.86∗ 3.83∗ 3.70∗ 3.92∗ 3.81∗ 3.81∗ 3.89∗ 3.85∗∗ 3.73∗ 3.90∗ 3.82∗ 3.76∗ 3.88∗ 3.82∗

Improvement↑ 7.37%5.75%10.92%4.52%6.23%9.48%9.48%6.58%13.91%7.80%9.24%9.48%8.67%8.68%10.25%

Table 1: Performance of Deep-Ideation with LLM as Judge compared to Baselines across Different AI Domains.
Bold and underline indicate the best and second best performance(except Accepted Papers). ∗ implies the improve-
ments over the second-best results are statistically significant (p-value < 0.05).

maintains the current keyword set (Kt+1 = Kt).386

The agent then focuses solely on re-synthesizing387

the proposal to improve logical coherence or ex-388

plore alternative perspectives.389

Following this routing decision, the Idea Formu-390

lation Module generates the updated proposal Pt+1391

based on the determined Kt+1. The entire evolu-392

tion step—including the router’s decision and the393

resulting changes—is recorded in the Idea Stack:394

Pt+1 = Φgen(Kt+1,Ht)395

Ht+1 = Ht ⊕ (d,Kt+1, Pt+1)396

To ensure convergence and efficiency, the iter-397

ative process terminates if the Novelty and Feasi-398

bility scores fail to improve for three consecutive399

rounds or if the maximum iteration limit(Tmax)400

is reached. Upon termination, the proposal with401

the highest historical score is selected as the final402

output.403

3.3 Expert-Aligned Evolutionary Steering404

While the Explore-Expand-Evolve workflow es-405

tablishes a comprehensive mechanism for network406

navigation and idea generation, the system still407

lacks a crucial feedback signal to steer the opti-408

mization direction. Without this explicit guidance,409

the iterative process risks becoming blind, poten-410

tially drifting toward valid but scientifically trivial411

combinations despite the structural integrity of the412

search. Although standard Large Language Models413

could be employed to provide this feedback, they414

often fall short in replicating the nuanced evalua-415

tive reasoning employed by expert reviewers, gen-416

erating surface-level assessments that lack deep,417

domain-specific understanding.418

To overcome this limitation, we designed a "Sci-419

entific Reasoning Simulation" prompt to enable the420

LLM to provide review feedback aligned with hu-421

man reviewers’ scientific thinking. In this prompt,422

the LLM is directed to simulate a reviewer’s cogni- 423

tive process, evaluating an idea’s novelty and fea- 424

sibility based on existing research. This simulated 425

reasoning is structured into training data to fine- 426

tune the Critic Model, aligning its evaluations with 427

peer review standards. The process of constructing 428

the training data is referred to in Figure 3. Finally, 429

the generated novelty and feasibility feedback is 430

explicitly recorded in the Idea Stack (Ht+1) to be 431

utilized in the subsequent iteration. 432

4 Experiments 433

4.1 Experimental Setup 434

Dataset. For the dataset, we curated a collection 435

of about 100,000 research papers from major AI 436

conferences over the past decade. These papers 437

were grouped into four categories: DL, NLP, CV, 438

and General AI. To train the Critic Model, we col- 439

lected the latest peer review data from top-tier AI 440

conferences (ICLR, NeurIPS, ICML) via OpenRe- 441

view. This strict temporal selection is critical be- 442

cause scientific novelty is time-sensitive—an idea 443

considered innovative in 2024 may be obsolete by 444

2025. The dataset details are provided in the Ap- 445

pendix A.1. 446

Baselines. We compare our approach with sev- 447

eral prominent methods in AI-driven scientific dis- 448

covery, including the embedding-based method 449

Sci. Net. Emb. (Sourati and Evans, 2023) and 450

LLM-based methods such as SciMON (Wang 451

et al., 2024a), SciAgents (Ghafarollahi and Buehler, 452

2025), MOOSE-Chem (Yang et al., 2024), Zero- 453

Shot Hypothesis Proposers (Qi et al., 2023), Re- 454

searchAgent (Baek et al., 2024) and papers ac- 455

cepted in the latest year from major AI conferences. 456

More details are presented in Appendix A.2. 457

Implementation Details. In the Deep-Ideation 458

framework, we use GPT-4o-mini for all the com- 459
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Method
DL NLP CV General AI Overall

Nov. Fea. Avg. Nov. Fea. Avg. Nov. Fea. Avg. Nov. Fea. Avg. Nov. Fea. Avg.
Accepted Papers 3.57 3.74 3.66 3.63 3.80 3.72 3.70 3.56 3.63 3.54 3.72 3.63 3.61 3.71 3.66
Sci. Net. Emb. 3.15 3.24 3.19 3.11 3.24 3.18 2.94 3.25 3.10 3.22 3.35 3.29 3.11 3.27 3.19

Scimon 2.94 2.85 2.90 2.96 3.16 3.06 3.11 3.04 3.08 2.89 3.24 3.07 2.98 3.07 3.02
SciAgents 3.19 3.20 3.20 3.11 3.19 3.15 3.15 3.14 3.15 2.72 3.09 2.91 3.04 3.16 3.10

MOOSE-Chem 3.24 3.20 3.22 3.07 3.23 3.15 3.35 3.38 3.37 3.35 3.21 3.28 3.25 3.26 3.25
Zero-Shot HP 2.72 3.22 2.97 2.64 3.22 2.93 3.11 3.31 3.21 2.76 3.11 2.94 2.81 3.22 3.01

ResearchAgent 3.22 3.26 3.24 3.24 3.41 3.33 3.22 3.19 3.20 3.23 3.50 3.47 3.23 3.34 3.28
Deep-Ideation 3.65∗ 3.72∗ 3.69∗ 3.61∗ 3.76∗ 3.69∗ 3.74∗ 3.57∗ 3.66∗ 3.61∗ 3.81∗ 3.71∗ 3.65∗ 3.72∗ 3.68∗

Table 2: Performance of Deep-Ideation with human evaluation compared to Baselines across Different AI Domains.
Bold and underline indicate the best and second best performance(except Accepted Papers). ∗ implies the improve-
ments over the second-best results are statistically significant (p-value < 0.05).

ponents, while Qwen3-8B is used for Critic Model.460

We evaluate the Novelty and Feasibility of the gen-461

erated ideas using five advanced models: GPT-4o,462

Gemini-2.5-Flash, Grok-3, DeepSeek-V3.1, and463

Qwen3-235B-A22B. The final performance score464

is averaged across these models. More details are465

provided in Appendix A.3.466

4.2 Experimental Results467

4.2.1 LLM as Judge Evaluation Results468

As shown in Table 1, Deep-Ideation demonstrates a469

significant improvement across all domains. Specif-470

ically, Deep-Ideation shows a substantial increase471

in the Avg. score: 10.92% in the DL domain, 9.48%472

in the NLP domain, 13.91% in the CV domain, and473

9.48% in the General AI domain compared to the474

best-performing baseline. Notably, beyond these475

average metric improvements, our analysis reveals476

that about 81.5% of the generated ideas surpass477

the average acceptance scores of top-tier AI con-478

ferences. While standard approaches often yield479

safer, incremental improvements, our framework’s480

significant lead in Novelty validates its capacity to481

discover distant, non-obvious combinations beyond482

the reach of static retrieval. Crucially, the high Fea-483

sibility scores imply that the Critic Model and Idea484

Stack effectively regulate this continuous dynamic485

interaction. By preserving historical context and486

enforcing expert-level feedback standards, these487

components ensure that the exploration remains488

scientifically grounded, preventing the semantic489

drift and hallucinations common in unguided gen-490

eration. The impact and analysis of different pa-491

rameter settings on the final performance are pre-492

sented in Appendix A.4. Furthermore, we include493

a supplementary case study in the Appendix A.5 to494

qualitatively demonstrate the effectiveness of our495

generated ideas.496

4.2.2 Human Evaluation Result 497

To further evaluate the effectiveness of the Deep- 498

Ideation framework, a human evaluation is con- 499

ducted involving 54 researchers, and details are 500

provided in the Appendix A.6). The human evalua- 501

tion results are presented in Table 2. 502

The results shows that our method consistently 503

outperformed the best baseline, demonstrating 504

Deep Ideation’s ability to generate more valuable 505

and well-structured ideas. Qualitative feedback 506

specifically highlights the framework’s ability to 507

generate novel proposals. Human reviewers com- 508

mended the system for bridging distinct sub-fields 509

to create innovative yet logical combinations. Tech- 510

nically, this cross-domain synergy validates the util- 511

ity of mining high-order neighbors, demonstrating 512

that accessing distant nodes in the concept network 513

is essential for breaking disciplinary silos. An anal- 514

ysis of the correlation between LLM and human 515

evaluations is provided in Appendix A.7. 516

4.3 Ablation Study of Deep-Ideation 517

To validate the effectiveness of Evolve Mechanism 518

and Critic-Model in Deep Ideation, we conducted 519

an ablation study. The results of this experiment 520

are presented in Table 3. 521

Effectiveness of Evolve Mechanism. As shown 522

in Table 3, the significant performance drop ob- 523

served in the "w/o Evolve" setting underscores 524

the necessity of iterative refinement over simple 525

accumulation. Without the Evolve mechanism, 526

the agent is restricted to a "greedy" expansion 527

strategy, where early—and potentially subopti- 528

mal—keyword selections become permanent con- 529

straints. The Evolve module breaks this depen- 530

dency by allowing the agent to dynamically swap 531

keywords, effectively enabling it to escape local 532

optima in the semantic space. This suggests that 533
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Method DL NLP CV General AI Overall
Nov. Fea. Avg. Nov. Fea. Avg. Nov. Fea. Avg. Nov. Fea. Avg. Nov. Fea. Avg.

Deep-Ideation(full) 3.79 3.86 3.83 3.70 3.92 3.81 3.81 3.89 3.85 3.73 3.90 3.82 3.76 3.88 3.82
w/o Evolve 3.74 3.68 3.71 3.59 3.82 3.71 3.64 3.80 3.72 3.66 3.74 3.70 3.66 3.76 3.71

w/o Critic Model 3.61 3.64 3.63 3.43 3.63 3.53 3.58 3.63 3.61 3.52 3.62 3.57 3.54 3.63 3.59

Table 3: Ablation study of Deep-Ideation across different AI domains.

high-quality scientific ideation requires not just534

finding connections, but actively restructuring the535

concept set to maximize logical synergy.536

Effectiveness of Critic Model. The simultane-537

ous decline in both metrics reveals that the Critic538

Model serves as a vital quality discriminator. With-539

out this feedback loop, the optimization process540

becomes effectively stochastic. The agent loses the541

incentive to pursue deep, distant connections, re-542

sulting in superficial combinations (lowering Nov-543

elty), while simultaneously lacking the mechanism544

to reject logically incompatible or hallucinatory545

associations (lowering Feasibility). This confirms546

that the Critic is essential for distinguishing mean-547

ingful scientific discovery from mere random accu-548

mulation, ensuring the search targets regions that549

are both innovative and theoretically sound.550

5 Related Works551

5.1 LLMs for Scientific Research552

Large Language Models are transforming specific553

stages of the scientific lifecycle, ranging from in-554

formation synthesis (Team et al., 2025; Schmidgall555

and Moor, 2025; Wu et al., 2025a) to code opti-556

mization (Romera-Paredes et al., 2024; Zhai et al.,557

2025; Lange et al., 2025; Liu et al., 2025). In the558

phase of literature review, WebThinker (Li et al.,559

2025a) automates literature review by dynamically560

navigating the web to synthesize comprehensive561

reports. For idea generation, Virtual Lab (Swan-562

son et al., 2025) facilitates idea generation through563

multi-agent collaboration, successfully designing564

novel nanobodies for SARS-CoV-2. Regarding ex-565

perimental execution, AlphaEvolve (Novikov et al.,566

2025) enhances experimental execution using evo-567

lutionary coding agents to optimize algorithms be-568

yond human baselines. In the domain of scholarly569

writing, AutoSurvey (Wang et al., 2024c) stream-570

lines scholarly writing by systematically automat-571

ing the retrieval and drafting of literature surveys.572

Beyond individual stages, recent efforts focus on573

automating the entire research loop. DeepScien-574

tist (Weng et al., 2025) conducts goal-oriented dis-575

covery via Bayesian optimization, while The AI576

Scientist-v2 (Yamada et al., 2025) achieves end-to- 577

end autonomy, producing the first peer-reviewed 578

AI-generated manuscript. 579

5.2 LLMs for Scientific Ideation 580

Recent LLM-based systems have made significant 581

strides in automated discovery: SciAgents auto- 582

mates hypothesis validation and refinement via 583

multi-agent collaboration, MOOSE-Chem (Yang 584

et al., 2024) demonstrates LLMs’ potential to re- 585

discover hidden knowledge in chemistry, Qi et 586

al. (Qi et al., 2023) showcases the zero-shot ca- 587

pability of LLMs in generating valid hypotheses 588

without the need for explicit examples, and Cy- 589

cleResearcher (Weng et al., 2024) introduces a 590

self-supervised feedback loop, incorporating au- 591

tomated reviews to iteratively enhance the quality 592

of generated hypotheses. However, these methods 593

largely overlook the structural guidance of valu- 594

able scientific networks, relying instead on internal 595

knowledge or unstructured retrieval. While Sci- 596

Mon (Wang et al., 2024a) utilizes the citation net- 597

work to retrieve past papers as "inspirations", and 598

ResearchAgent (Baek et al., 2024) leverages an aca- 599

demic graph to augment ideas with connected en- 600

tities, both approaches are restricted to a one-time 601

lookup of immediate connections. This limited 602

scope fails to capture distant high-order relation- 603

ships or support the continuous dynamic interaction 604

required for deep scientific evolution. 605

6 Conclusion 606

In this paper, we propose Deep-Ideation, driven 607

by the motivation to uncover high-order neigh- 608

bors and establish continuous dynamic interaction 609

with the scientific network. Leveraging an itera- 610

tive Explore-Expand-Evolve workflow governed 611

by an Idea Stack and Critic Model, our approach 612

actively aligns its search trajectory with the evolv- 613

ing research context. Experiments demonstrate 614

that Deep Ideation outperforms leading baselines, 615

achieving superior Novelty through deep graph ex- 616

ploration while maintaining high Feasibility via 617

rigorous, feedback-driven optimization. 618
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A Appendix810

A.1 Dataset Details811

The dataset consists of 108,825 research papers812

sourced from major AI conferences over the past813

decade, including ICLR, NeurIPS, ICML, ACL,814

NAACL, CVPR, ICCV, AAAI, and IJCAI. These815

papers were grouped into four categories:816

• DL (short for Deep Learning): ICLR, NeurIPS,817

ICML818

• NLP (short for Natural Language Process):819

ACL, NAACL820

• CV (Computer Vision): CVPR, ICCV821

• General AI: AAAI, IJCAI822

The detailed distribution of collected papers823

across each conference is summarized in Table824

A.4.825

Conference Count Percentage
NeurIPS 19,186 17.6%
CVPR 17,433 16.0%
AAAI 14,978 13.8%
ICML 13,613 12.5%
ICLR 11,329 10.4%
IJCAI 8,178 7.5%
ACL 7,900 7.3%
EMNLP 6,869 6.3%
ICCV 5,989 5.5%
NAACL 3,350 3.1%
Total 108,825 100.0%

Table A.4: Statistics of the collected research papers
from major AI conferences.

In constructing the Scientific Concept Network,826

we employed a strictly temporal strategy by using827

all collected papers except those from the most828

recent year. This "leave-last-year-out" approach829

ensures that the concept network is built solely on830

historical knowledge, thereby preventing informa-831

tion leakage from the evaluation period.832

For each paper, 3-4 keywords were extracted,833

forming the basis of a scientific network con-834

structed from keyword co-occurrence. During the835

idea proposal generation process, an initial key-836

word was selected from a specific domain. The837

resulting idea proposal was then classified accord-838

ing to the domain from which the initial keyword839

was drawn.840

A.2 Baseline Methods 841

We benchmark our approach against several promi- 842

nent methods in AI-driven scientific discovery: 843

• Sci. Net. Emb.: (Sourati and Evans, 2023) This 844

method integrates human expertise into AI mod- 845

els to enhance predictions of future scientific 846

breakthroughs, particularly in data-scarce con- 847

texts. By considering the distribution of human 848

expertise, it improves AI-driven predictions be- 849

yond traditional research content. 850

• SciMON: (Wang et al., 2024a) SciMON focuses 851

on optimizing neural language models for nov- 852

elty. It iteratively refines generated hypotheses by 853

comparing them with existing literature, aiming 854

to improve both the technical depth and original- 855

ity of the generated ideas. 856

• SciAgents: (Ghafarollahi and Buehler, 2025) 857

This method employs ontological knowledge 858

graphs and multi-agent systems to autonomously 859

generate and refine hypotheses. By uncovering 860

interdisciplinary connections, it accelerates mate- 861

rial discovery and fosters new research avenues. 862

• MOOSE-Chem: (Yang et al., 2024) MOOSE- 863

Chem applies a structured framework to generate 864

hypotheses in chemistry. It demonstrates the po- 865

tential of LLMs in rediscovering scientifically 866

valuable insights and advancing the hypothesis 867

generation process in the field of chemistry. 868

• Zero-Shot Hypothesis Proposers: (Qi et al., 869

2023) This method explores the ability of LLMs 870

to propose valid hypotheses without prior fine- 871

tuning. It showcases the capability of LLMs to 872

generate novel scientific ideas from unseen litera- 873

ture, pushing the boundaries of zero-shot hypoth- 874

esis generation. 875

• ResearchAgent: (Baek et al., 2024) ResearchA- 876

gent combines iterative idea generation with 877

LLM-based review agents to refine scientific pro- 878

posals. It represents a comprehensive approach 879

to supporting researchers in the ideation process, 880

enhancing both the creativity and rigor of gener- 881

ated ideas. 882

• Accepted Papers: We also include the latest 883

accepted papers from major AI conferences as 884

baselines. Here, we input the title, abstract, and 885

introduction of each paper into the model and 886

asked it to organize the content into an idea pro- 887

posal format. 888
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Research Background:
 …..deepfake content becomes increasingly sophisticated, 
particularly in scenarios involving multiple individuals, traditional 
detection methods……
Research Idea:
……introduce a dual-task model capable of performing simultaneous 
face detection and segmentation……adaptability through RL  
techniques…… select the most effective segmentation strategies 
based on real-time input……
General Implementation Approach:
……Develop a dual-task CNN architecture that integrates both face 
detection and segmentation tasks……allow the model to dynamically 
choose the most appropriate segmentation strategy ……

Title: Enhancing Multi-Face Forgery Detection and 
Deepfake Prevention through Reinforcement Learning

Title: Enhancing Adaptive Self-Evolution and 
Preference Alignment with Reinforcement Learning 
through Noise Contrastive Estimation 

Research Background:
…… depend on human-annotated data, which can suffer from bias, 
limitations……. Noise Contrastive Estimation emerges as a 
promising method……as demonstrated in "Noise Contrastive 
Alignment of Language Models with Explicit Rewards.“……
Research Idea:
…… incorporating a structured set of multimodal instructions to 
serve as a foundation …... Implementing NCE to enhance the 
robustness of preference alignment……
General Implementation Approach:
…… specifically employing MPO to aggregate diverse user 
preferences …… Integrate NCE into the training process……to 
differentiate between relevant and irrelevant data points……

Figure A.4: A case study of idea proposal generated by Deep Ideation.

A.3 More Details about Implementation889

In the Deep-Ideation workflow, GPT-4o-mini (re-890

leased on July 18, 2024) is used as the backbone891

model for the modules of Relation Analysis, Key-892

word Selection, Idea Formulation. Since our eval-893

uation dataset (the test set) consists of the latest894

papers published after this date, using this model895

ensures that there is no data leakage from the test896

set into the model’s pre-training data. For the Critic897

Model, Qwen3-8B is used, which is fine-tuned with898

Low-Rank Adaptation (LoRA) on a training dataset899

of 4278 examples. This fine-tuning process en-900

hances the model’s ability to evaluate the novelty901

and feasibility of the generated ideas.902

For the evaluation phase, we constructed a ded-903

icated test set to rigorously assess the generation904

capabilities of each method. Specifically, for each905

of the four domains (DL, NLP, CV, General AI),906

we randomly selected 50 representative keywords907

from the validation partition (i.e., the data from the908

most recent year) to serve as the initial inputs for909

idea generation.910

To assess the quality of the generated ideas,911

five advanced large language models are used for912

evaluation: GPT-4o, Gemini-2.5-Flash, Grok-3,913

DeepSeek-V3.1, and Qwen3-235B-A22B. The fi-914

nal performance scores are derived by averaging915

the results across these models, ensuring a robust916

and comprehensive evaluation of the ideas’ quality.917

A.4 Analysis918

In this section, we analyzed key elements of the919

Deep Ideation framework. Max neighborhood size920

controls the breadth of knowledge sampled for each921

keyword, while max keyword set size defines the922

number of keywords used to generate the idea pro-923

posal. The results are shown in Figure A.5.924

A.4.1 Effect of max neighborhood size. 925

As shown in Figure A.5 (left), Deep Ideation per- 926

forms best when the maximum neighborhood size 927

is set to 12. When smaller, the limited scientific 928

knowledge surrounding each keyword restricts the 929

agent’s ability to capture comprehensive insights, 930

diminishing the quality and depth of the final idea 931

proposals. Conversely, increasing the neighbor- 932

hood size beyond 12 expands the agent’s knowl- 933

edge boundary, but may lead to information over- 934

load, making it difficult for the agent to prioritize 935

the most valuable insights and causing the focus of 936

the generated ideas to become diluted. 937

A.4.2 Effect of max keyword set size 938

Figure A.5 (right) illustrates that, when the key- 939

word set size is small, the knowledge breadth and 940

diversity of the final idea proposal are limited, 941

which results in ideas that lack innovation and 942

depth, often failing to address the complexities 943

of scientific problems. In contrast, increasing the 944

keyword set size too much leads to overly com- 945

plex relationships between the keywords, causing 946

the ideas to become disjointed or unnatural, with 947

forced connections that undermine clarity. How- 948

ever, when the keyword set size is set to 4, the 949

performance improves significantly, indicating that 950

a balanced set allows the agent to capture sufficient 951

diversity and depth while keeping the generated 952

ideas focused and logically connected. 953

A.5 Case Study 954

These case studies in Figure A.4 demonstrate Deep 955

Ideation’s ability to generate novel solutions. In 956

multi-face forgery detection and deepfake preven- 957

tion, the dual-task model innovatively combines 958

face detection and segmentation with reinforce- 959

ment learning, dynamically selecting the best strate- 960

12



6 8 10 12 14
Max neighborhood size

7.3

7.4

7.5

7.6

Pe
rfo

rm
an

ce

Performance vs Max neighborhood size

2 3 4 5
Max keyword set size

7.3

7.4

7.5

7.6

Pe
rfo

rm
an

ce

Performance vs Max keyword set size

DL NLP CV General AI

Figure A.5: Effect of max neighborhood size and max keyword set size, where performance is the sum of novelty
and feasibility.

gies in real-time. In adaptive self-evolution and961

preference alignment, incorporating Noise Con-962

trastive Estimation (NCE) into reinforcement learn-963

ing offers a novel approach to overcoming biases964

in human-annotated data, improving preference ro-965

bustness. Additionally, in the right case, the idea966

proposal cites a relevant paper, demonstrating how967

Deep Ideation effectively incorporates existing re-968

search to refine and enhance its generated ideas.969

A.6 Human evaluation details970

To ensure a rigorous and unbiased assessment of971

the generated ideas, we conducted a comprehen-972

sive human evaluation study. The details regarding973

participant recruitment, data sampling, and the eval-974

uation protocol are described below.975

Participants and Expertise. We invited a to-976

tal of 54 evaluators from diverse research back-977

grounds. To ensure high-quality judgments, all par-978

ticipants were required to be PhD candidates with979

at least two publications in top-tier AI conferences980

(e.g., ACL, NeurIPS, CVPR, AAAI). The evalua-981

tors were assigned to the four domains (DL, NLP,982

CV, General AI) based on their specific research983

expertise to ensure they possessed the necessary984

background knowledge to judge the novelty and985

feasibility of the proposals.986

Data Sampling and Assignment. Due to the987

high cognitive load of manually evaluating research988

proposals, evaluating the entire test set was im-989

practical. Instead, we adopted a stratified random990

sampling strategy. From the test set of 50 key-991

words per domain (described in Appendix A.1),992

we randomly selected 10 keywords for each do-993

main to serve as the basis for the human study. For994

each keyword, idea proposals were generated using995

Deep Ideation and all baseline methods. To ensure996

statistical robustness, we designed a distributed as-997

signment scheme:998

• Coverage: Each idea proposal was evaluated by 999

at least three independent human experts. 1000

• Workload: Each evaluator was assigned to re- 1001

view idea proposals generated from 3 distinct 1002

keywords within their domain. This design en- 1003

sures that every keyword’s resulting ideas are 1004

cross-verified by multiple experts while prevent- 1005

ing evaluator fatigue. 1006

Evaluation Protocol. The evaluation was con- 1007

ducted in a strictly double-blind manner. All 1008

method names were anonymized, and the order of 1009

proposals was randomized to prevent bias. Evalua- 1010

tors were asked to score each proposal on a Likert 1011

scale from 1 to 5 based on two criteria: Novelty 1012

(originality and distinctiveness from existing work) 1013

and Feasibility (technical soundness and practical 1014

realizability). 1015

Instructions Given to Participants. To ensure 1016

consistency and objectivity in scoring, all evalua- 1017

tors were provided with a standardized rubric defin- 1018

ing the scoring criteria for Novelty and Feasibility. 1019

The specific instructions and scale definitions were 1020

as follows: 1021

Instruction

Task Overview:
You will be presented with a research idea
proposal generated based on a set of key-
words. Please evaluate the proposal inde-
pendently along two dimensions using a 5-
point Likert scale:
1. Novelty (1–5): How original and inno-
vative the idea is compared to existing re-
search.
- 5: Extremely novel and groundbreaking.
The idea introduces highly original, unex-
plored concepts or radically shifts the direc-
tion of the field. Only award this score for

1022
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ideas that truly break new ground, with no
close prior work or that significantly alter
the research landscape.
- 4: Highly original. The idea is new and
innovative but builds on existing research
or concepts. It introduces a novel approach
or expands on a well-established direction
in a meaningful way. Be cautious when
awarding this score; it should be reserved
for ideas that show significant originality
but do not fully redefine the field.
- 3: Moderately original. The idea brings
some new insights but is largely based
on existing work or closely follows well-
established theories. Award this score for
ideas that are derivative or offer incremental
improvements without offering a substantial
breakthrough.
- 2: Slightly original. The idea offers only
minor variations to existing research or re-
works known concepts with minimal vari-
ation. This score should be given for ideas
that are only slightly different or when the
novelty is quite limited.
- 1: Not original. The idea closely resem-
bles existing research with little to no in-
novation. Reserve this score for ideas that
simply replicate or overlap with established
research, showing no originality.
2. Feasibility (1–5): How realistic and prac-
tical the idea is to implement in current sci-
entific and technological conditions.
- 5: Fully feasible. The idea can be realisti-
cally executed with existing methods, data,
and resources. The implementation plan is
clear, actionable, and supported by avail-
able technologies. Only award this score
for ideas that can be fully realized in the
current research landscape without major
technological or data challenges.
- 4: Highly feasible. The idea is feasi-
ble with current technologies, but may re-
quire some advancements or additional re-
sources (e.g., access to new data or refine-
ment of techniques). The idea is practi-
cal but not without challenges. This score
should be given to ideas that are highly im-
plementable, but may need some further
refinement or additional support.
- 3: Moderately feasible. The idea faces

1023

significant practical challenges, requiring
considerable advancements in technology
or data. Award this score for ideas that are
plausible but face notable barriers to im-
plementation, whether technological, data-
driven, or methodological.
- 2: Slightly feasible. The idea is difficult
to implement with current resources and
would need significant breakthroughs. Use
this score for ideas that are highly ambitious
or speculative, and would require substan-
tial breakthroughs to become feasible.
- 1: Not feasible. The idea is impractical
and unlikely to be implemented with cur-
rent technologies or methods. This score
should be given to ideas that are far-fetched,
lacking a feasible path to implementation
within the current scientific context.

1024

A.7 Correlation Analysis between LLM and 1025

Human Evaluations 1026
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Figure A.6: Correlation between LLM and human
scores by domain.

We analyzed the statistical relationship between 1027

LLM and human scores using the Pearson Corre- 1028

lation Coefficient, as shown in Figure A.6. The 1029

aggregated results indicate a strong alignment. No- 1030

tably, the correlation for feasibility is consistently 1031

lower than for novelty; this likely stems from the 1032

fact that feasibility judgments rely heavily on sub- 1033

jective engineering experience, whereas novelty is 1034

more objectively verifiable against existing liter- 1035

ature. Among domains, CV exhibits the highest 1036

alignment, likely because its innovations often cen- 1037

ter on explicit architectural patterns (e.g., specific 1038

modules or visual encoders) that are structurally 1039

definable. In contrast, NLP research frequently 1040

involves abstract reasoning flows or complex se- 1041
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mantic alignments, introducing greater ambiguity1042

and variance in assessing their practical feasibility.1043

A.8 Limitations1044

While Deep Ideation achieves dynamic interac-1045

tion with the scientific concept network throughout1046

the iterative optimization process, the underlying1047

workflow remains structurally rigid. The current1048

framework relies on a predefined "Explore-Expand-1049

Evolve" pipeline, where the transitions between1050

network navigation, keyword selection, and idea re-1051

finement follow a fixed procedural logic. This hard-1052

coded orchestration restricts the agent’s flexibility1053

to autonomously adapt its high-level research strat-1054

egy based on real-time feedback. Future work will1055

address this limitation by developing fully Agen-1056

tic LLM frameworks. We aim to empower the1057

agent with autonomous planning capabilities, en-1058

abling it to dynamically design and adjust its own1059

exploration workflows on the fly, thereby moving1060

towards a more fluid and human-like scientific dis-1061

covery process.1062

A.9 Potential Risks1063

The primary risk lies in the blurring distinction be-1064

tween AI-generated and human-conceived ideas.1065

As the quality of automated generation improves,1066

the academic community may face challenges in1067

distinguishing the provenance of research propos-1068

als, potentially complicating authorship verifica-1069

tion. We emphasize that Deep Ideation is designed1070

as a copilot to augment human creativity, necessi-1071

tating transparency and rigorous human oversight.1072

A.10 The Use of Large Language Models1073

In this work, only the grammar correction and1074

sentence-level refinement of the manuscript were1075

carried out using LLMs.1076
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