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ABSTRACT

Large Language Models (LLMs) hold substantial potential for accelerating academic
ideation but face critical challenges in grounding ideas and mitigating confirmation bias for
further refinement. We propose integrating motivational knowledge graphs and socratic
dialogue to address these limitations in enhanced LLM ideation (MotivGraph-SolQ). This
novel framework provides essential grounding and practical idea improvement steps for
LLM ideation by integrating a Motivational Knowledge Graph (MotivGraph) with a Q-
Driven Socratic Ideator. The MotivGraph structurally stores three key node types-problem,
challenge, and solution—to offer motivation grounding for the LLM ideation process. The
Ideator is a dual-agent system utilizing Socratic questioning, which facilitates a rigorous
refinement process that mitigates confirmation bias and improves idea quality across
novelty, experimental rigor, and motivational rationality dimensions. On the ICLR25 paper
topics dataset, MotivGraph-SolQ exhibits clear advantages over existing state-of-the-art
approaches across LLM-based scoring, ELO ranking, and human evaluation metrics.

1 INTRODUCTION

The potential of Large Language Models (LLMs) in supporting academic research (Achiam et al., 2023; Yang
et al., 2024; Liu et al., 2024; Chen, 2024) within the domain of scholarly research has garnered increasing
attention (Radensky et al., 2024; Si et al., 2024; Lu et al., 2024; Gupta & Pruthi, 2025). This includes the
automated generation of literature reviews (Liang et al., 2025; Azaria et al., 2023), assistance in experimental
design, and the enhancement of academic writing (Lu et al., 2024; Weng et al., 2024). Notably, leveraging
the creativity of large language models to generate novel research ideas (Wang et al., 2024; Li et al., 2024;
Si et al., 2024; Baek et al., 2024) is particularly compelling, which promises to accelerate the process of
knowledge discovery, aiding researchers in transcending conventional thinking patterns and expanding the
frontiers of exploration (Gottweis et al., 2025). However, the practical application of LLMs for generating
research ideas still confronts two critical bottlenecks. Firstly, the generation process lacks a robust theoretical
or factual grounding, which makes it challenging to create innovative and feasible ideas. Secondly, the issue
of confirmation bias makes it difficult for LLMs to improve ideas.

Motivation Grounding Human researchers establish academic motivation connections through an extensive
literature review, which helps uncover their underlying motivations and problem-solving approaches. This
process enables them to navigate complex knowledge domains, understand fundamental concepts, and
promote innovation across different disciplines. For example, researchers may observe that ant colonies
utilize pheromone trails to identify optimal paths to food sources. Simultaneously, they recognize the
challenge of optimizing data routing in large-scale wireless sensor networks. By linking these insights, they
form an academic motivation connection between biological swarm intelligence and network optimization.
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Such a connection can lead to the novel application of ant colony optimization algorithms to improve routing
efficiency in sensor networks. The effectiveness of academic motivation connections lies in their ability to
foster a comprehensive understanding of disparate fields and encourage combinatorial innovation, thereby
generating novel and valuable ideas.

However, the internal knowledge of Large Language Models is probabilistic (Ye et al., 2025), unstable (Atil
et al., 2024), and inherently biased due to training data distribution. Relying solely on large language models
to generate “academic motivation connections” can lead to unreliable innovation. Concerns persist that
LLM-generated ideas may be primarily hallucinatory, superficial (Gupta & Pruthi, 2025), or infeasible (Si
et al., 2024). Although approaches have been proposed to ground LLMs with external academic resources
for background information (Lu et al., 2024), their limited context windows hinder effective processing
of extensive literature and the formation of deep connections. Consequently, enabling LLMs to generate
innovative and feasible ideas necessitates a motivation knowledge base capable of providing a profound
grasp of academic research’s underlying motivations and relationships, in a format compatible with LLM
processing characteristics.

Confirmation bias Confirmation bias (Nickerson, 1998) is a cognitive bias where individuals favor informa-
tion that confirms pre-existing beliefs (Wason, 1968). Human researchers are susceptible to favoring data that
supports their hypotheses, sometimes overlooking contradictory evidence. Discussions between the mentor
and the researcher are crucial for its mitigation in scientific contexts. In these settings, researchers present
their hypotheses and reasoning to their mentors, who challenge assumptions, question methodologies, and
highlight overlooked counterexamples, helping to correct biased reasoning and flawed assumptions. LLMs
also exhibit this bias, struggling with novel thought generation and self-correction once an initial stance is
established (Liang et al., 2023; Zhao et al., 2024). A key challenge in leveraging LLMs for academic ideation
is enabling them to identify critical weaknesses in their generated ideas. While effective for superficial issues,
current self-reflection methods fail to address fundamental shortcomings such as incorrect assumptions due to
their vulnerability to confirmation bias (Liang et al., 2023). Thus, developing strategies for LLMs to refine
ideas while actively mitigating this bias remains a considerable challenge.

In this paper, we propose Socratic LLM Ideation with Academic Motivation Graph (MotivGraph-SolQ) to
address the challenges above.

Contribution Our main contributions are summarized as follows:

1: To address the lack of motivational grounding and limited self-improvement in LLM-based ideation, we
propose MotivGraph-SolQ. This unified framework integrates a Motivational Knowledge Graph with a
Socratic ideation loop to produce grounded, high-quality ideas.

2: We introduce SciMotivMiner to tackle the challenge of constructing a structured motivational resource
from literature. SciMotivMiner automatically extracts (problem, challenge, method) triplets from published
papers to build the MotivGraph, enabling motivational grounding for idea generation.

3: We develop the Q-Driven Socratic Ideator to handle the difficulty of refining ideas and mitigating
biases. This module employs a questioning-based self-improvement loop with four specialized tools
for compelling graph exploration and strategic novelty injection, improving idea quality across multiple
evaluation metrics.

4: We conduct concise experiments on a topic set from ICLR25 papers, demonstrating that MotivGraph-SolQ
significantly outperforms strong baselines in novelty, experimental feasibility, motivational rationality, and
diversity, achieving a 10.2 % improvement in novelty, a 6 % improvement in motivation, and an average
ELO score 38 points higher.
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2 METHOD

In this section, we detail our LLM-based ideation methodology, the MotivGraph-SolQ Framework, which
integrates two core components: (i) MotivGraph, a motivation-enhancing knowledge graph for structured
motivation representation, and (ii) Q-Driven Socratic Ideator, an adversarial agentic system that refines
ideas through “Socratic questioning” and “maieutics”.

2.1 MOTIVGRAPH

The MotivGraph serves two primary purposes. Firstly, it provides the underlying knowledge base to supply
relevant knowledge crucial for the ideation process. Secondly, the explicit relationships between entities
within the graph offer concrete examples of how problems can be framed and addressed. This structure is a
valuable source of inspiration, specifically aiding LLMs in formulating clear and compelling motivations for
novel research ideas.

2.1.1 MOTIVGRAPH CONSTRUCTION

Amabile’s Componential Theory of Creativity (Amabile et al., 1996)posits that motivation constitutes one
of the three essential components of innovation (alongside domain-relevant skills and creativity-relevant
processes), with intrinsic motivation being particularly critical for breakthrough ideation. We design the
MotivGraph as a graph structure consisting of three principal node types: problem, challenge, and solution.
A problem node signifies a minimally granular research topic or task, a challenge node indicates a specific
difficulty encountered within a problem, and a solution node represents a concrete method addressing
a challenge. Motivation information is represented by triples formed through inter-node connections,
specifically in the format (problem, challenge, solution). Each node is further characterised by two attributes:
a concise and precise name for unique identification, and a description that provides further detail and aids in
the graph’s semantic representation, matching, and retrieval processes.

The MotivGraph is represented as a graph G = (V, E'), where V is the set of nodes and F is the set of edges.
The nodes V' are classified into three types: problem (P), challenge (C), and solution (S). The edge set F
includes three distinct edge types: parent-of (for hierarchical links), problem-challenge (connecting P to C),
and challenge-solution (connecting C to S). Figure 1 shows the construction process of MotivGraph.The
specific construction method will be introduced in the following sections.

2.1.2  SCIMOTIVMINER

For each scientific paper P, we employ our method, SciMotivMiner, denoted as SMM(P), to process the
paper and identify triples of related problems, challenges, and solutions. Consequently, SMM(P) outputs a
set of n distinct (Problem, Challenge, Method) triples: {(P;, C;, S;)}7; = SMM(P).

For each extracted (P;, C;, S;), SciMotivMiner summarizes a concise entity name and a brief description.
The naming process adheres to the rules to ensure clarity and consistency within the knowledge graph. The
exact rules are detailed in the appendix B.3.

These stringent rules ensure a standardized, informative, and author-name-agnostic representation of re-
search motivation and proposed solutions within the SciMotivMiner knowledge graph. For identical nodes,
SciMotivMiner will merge them.

Hierarchical Parent Node Addition Academic problems and challenges inherently possess a hierarchical
structure, with different papers addressing varying granularities. To capture these relationships and prevent
knowledge fragmentation within the MotivGraph, we introduce Hierarchical Parent Node Addition for both
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Problem (P) and Challenge (C) entities. This process organizes knowledge into a coherent hierarchy, crucial
for practical exploration.

Our Parent Node Addition Algorithm operates it-
eratively. It begins by embedding all initial Prob- MotivGranh Construction N
lem/Challenge nodes into a vector space. The algo- | P ‘

rithm then repeatedly selects a focal node, identifies e =

its k most similar neighbors within the current work-

ing set, and employs an LLM to evaluate their se- —— /q roren e o

mantic coherence for merging. If the LLM deems an ‘ )

add appropriate, a new, more general parent node is Papers £t

created and linked to its children by parent-of edges. s \J =y

Processed nodes are then removed from the working | Ze2ei™ IR o R )
set. This dynamic process ensures each node is con- 7

sidered for forming a parent at most once, building
a multi-level abstract representation of the concepts.
See the appendix B.4 for details.

Figure 1: motivgraph construction pipeline

2.2  Q-DRIVEN SOCRATIC IDEATOR

The Q-Driven Socratic Ideator is a dual-agent system consisting of a mentor agent and a researcher agent.
Its operational principles are inspired by Socratic questioning and maieutics. The mentor agent adheres
to the elenchus (Socratic refutation) through triple-axis questioning—probing innovation, feasibility, and
rationality—thereby exposing logical gaps without prescriptive solutions. The researcher agent operationalizes
maieutics (intellectual midwifery) by synthesizing knowledge through: (1) introspective retrieval of dialogue
history (“knowledge amniotic fluid”), and (2) external tool-augmented searches, ultimately ‘giving birth’ to
refined ideas through self-directed epistemic labor. The following subsections detail the architecture, roles,
and interaction dynamics of the agents within this system. The following sections delineate the two-phase
architecture of the Q-Driven Socratic Ideator: (i) the Exploration Phase, and (ii) the Deliberation Phase.
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Figure 2: Exploration Phase Pipeline
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2.2.1 EXPLORATION PHASE

The researcher agent primarily carries out the Exploration Phase. Based on the provided target domain or task
description, the researcher agent performs knowledge exploration and generates innovative ideas. Figure 2
shows the process of the Exploration Phase. See Appendix B.6 for further details.

(1) Knowledge Exploration and Ideation: We designed three API tools to help the researcher agent better
understand the target domain or task and generate an idea:

(2) Graph Node Fuzzy Search: This tool allows the researcher agent to obtain an overall understanding
of the target domain/task by fuzzy-matching and retrieving related problem, challenge, and solution entities
from the MotivGraph based on a search query.

(3) Graph Node Relation Retrieval: By providing an interesting node’s name, the researcher agent can
retrieve its description and neighboring nodes, gaining hierarchical relationships and (problem, challenge,
solution) motivation triplets. This deepens understanding and supports effective subsequent retrieval.

(4) Semantic Scholar Literature Search: This API provides query-based literature search, offering more
specific information than the graph for a comprehensive understanding of particular challenges or technologies.

(5) Get Random Nodes to Enhance Novelty: After sufficient knowledge exploration, the researcher agent
uses this API to obtain random problem-challenge-solution triples. It then attempts to apply these to the
target domain, seeking potential connections or adaptations. This mechanism supports the "creativity-relevant
processes" from Amabile’s Componential Theory of Creativity (Amabile et al., 1996), ensuring idea novelty.
Simultaneously, the inherent logic of the MotivGraph’s (problem, challenge, solution) triples fosters "intrinsic
motivation," driving the agent to explore adaptations of external nodes to the target domain, facilitating the
discovery of new problems or innovative solutions.

2.2.2 DELIBERATION PHASE

Following the initial Exploration Phase, the researcher

agent enters the Deliberation Phase, engaging in multi- Deliberation Phase

round deliberation with the mentor agent. This phase rig- T commic et R Y

orously evaluates and refines previously generated ideas e hsshenton hoations. { ey R COTER
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t me push deeper on rationali
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through Socratic interaction (Figure 3).

& node relation()
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During this phase, the mentor agent challenges the re-
searcher agent’s idea from three angles—innovation, fea-
sibility, and rationality—acting as a form of Socratic
elenchus. It poses probing questions such as: “How does

clustering</a> dynamically via:

Researcher

this solution transcend prior ideas?” (Innovation), “What Agent
tools would implement this?” (Feasibility), and “Why is ot s oo .
your method effective?” (Rationality). EREIMd Wor O Bror B e e esare AR
! . ‘
. . L. . "Experiments plan’; "1. Baseline Comparison: .
The researcher agent defends and justifies its idea using R e
knowledge from the Exploration Phase. Through reflec-

tion, it may find flaws or gaps, prompting supplementary Figure 3: Deliberation Phase Pipeline
knowledge exploration via available API tools to address

weaknesses. The refined idea and rationale are then pre-

sented for further questioning, forming a guided self-correction process—the essence of the maieutic method.

The mentor agent acts only as a critical questioner, facilitating refinement without offering answers or
performing knowledge gathering. The number of deliberation rounds can be preset, and the mentor may
end early if the idea is clearly strong or unviable. After deliberation, it gives a final evaluation: ACCEPT
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or REJECT. Rejected ideas are discarded to maintain quality and avoid retaining unjustified or incoherent
concepts.

LLM-evaluator Human-evaluator

Baseline Model Diversity
Nov. Exp. Moti. Nov. Exp. Moti.

Length

DeepSeek-V3 027 7.22 807 821 635 625 5.85 2635

AI-S-v2 Deepseek-R1 052 7.59 836 830 / / / 3013
Qwen2.5-7B 024 6.10 722 728 / / / 3060

DeepSeek-V3 038 7.58 7.06 7.86 640 6.65 6.45 4985

Al-Researcher  Deepseek-R1 032 794 7.65 819 / / /4599
Qwen2.5-7B 034 1714 576 729 / / / 5465

) DeepSeek-V3 042 7.61 723 7.61 620 / 505 4252
SciPIP Deepseek-R1 041 807 771 785 / / / 4230
Qwen2.5-7B 035 651 6.04 646 / / / 5088
CycleResearcher CycleResearcher-12B  0.29  6.61 7.52 7.39 5.50 6.25 5.35 7189
DeepSeek-V3 023 743 839 8.06 630 6.60 5.85 15255

ResearchAgent  Deepseek-R1 025 8.02 833 817 / / /10204
Qwen2.5-7B 0.17 6.88 7.67 7.60 / / /13975

DeepSeek-V3 045 8.39 8.64 8.70 6.45 6.70 6.70 4908

Ours deepseek-rl 045 830 800 833 / / / 4753
qwen2.5-7b 043 646 6.64 652 / / / 3698

Real Paper DeepSeek-V3 1.00 697 816 7.81 7.08 7.36 8.05 5030

Table 1: Evaluation Results: We use Fast-reviewer as LLM-evaluator. We manually evaluate and score ideas
generated by DeepSeek-V3 using three dimensions: Novelty, experiment, and motivation. Ideas generated by
SciPIP do not have experimental designs, so their experiments are not manually evaluated.

Process Formalism The iterative deliberation process and outcome can be formally represented. Let Ideay,
be the state of the idea after round &k (Ideay is the initially generated idea), and I} denote the interaction
(mentor’s question and researcher’s response) at round k. The idea evolves based on the ideator agent’s
function frescarcher:

Ideay, = fresearcher(Idear—1, Iy, Exploration)

The deliberation phase concludes at round NV ;,,4; (the maximum predefined rounds or an earlier termination
round). The final evaluation, Fval, is given by the mentor agent’s function epjenor based on the final idea
state and potentially the dialogue history:

Eval = emenor(Idean,,,, , Dialogue History)

where Fval € {ACCEPT,REJECT}.

3 EXPERIMENT

To validate MotivGraph-SolQ’s effectiveness, we conducted both comparative and ablation experiments. We
constructed the MotivGraph and an evaluation dataset using publicly available literature. The MotivGraph
provides motivational grounding, while the evaluation dataset, comprising 100 diverse ICLR 2025 paper
topics and their core ideas, serves as ground truth for assessing generated ideas. Our comparisons against
baselines demonstrate MotivGraph-SolQ’s superiority, and ablation studies confirm the effectiveness of
individual system components. See the Appendix B.5 for details on the dataset.
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3.1 COMPARATIVE BASELINES

To assess the effectiveness of our MotivGraph-SolQ, we selected several baseline methods for comparison.
The criteria for their selection were based on similarities in generating idea components similar to ours
(Motivation, Related Work, Abstract, Method, Experiment Plan, Risk Factors, and Limitations) or employing
entity/graph-based information enhancement. Please refer to Appendix B.1 for detailed information. The
selected baselines are below:

AlI-Researcher: This method, proposed in (Si et al., 2024), uses the author’s publicly available code to
generate ideas.

Cycle Researcher (12B): Proposed in (Weng et al., 2024), we use the author’s publicly available code to
generate idea proposals.

Al-Scientist-v2: This is an improved version of Al-Scientist (Yamada et al., 2025). We use the author’s
publicly available code to generate ideas.

SciPIP: We use the author’s publicly available code to generate ideas.

ResearchAgent: We reproduce this method following the methodology described in the author’s paper (Baek
et al., 2024).

3.2 ABLATION STUDIES

We conducted a series of ablation studies to better understand each component’s contribution to our method’s
overall performance and validate the necessity of these design choices. This section systematically removed
or modified one or more parts of the MotivGraph and the Critique-Driven Agent System. We tested these
variants using the same experimental setup and evaluation metrics as the whole method. By comparing the
performance of different variants, we can quantify the effectiveness of each component and reveal the key
roles they play in the ideation process.

The following ablation variants were tested:

1. W/O Mentor: The deliberation loop involving the mentor agent was removed in this configuration. The
researcher agent generates and revises the idea by themselves.

2. W/O Graph: In this experimental condition, we intercept all MotivGraph API calls and return complete
texts or abstracts from the corpus of research papers used to build the knowledge graph. The researcher
agent’s access to knowledge is thus limited to this simulated interface, which provides document-level outputs
rather than structured graph relationships.

3. SCI-PIP Graph W/O Mentor: This variant replaced our MotivGraph with the “concept-paper” graph
constructed in SciPIP (Wang et al., 2024). SciPIP’s built-in retriever was used to retrieve relevant entities
from its graph structure, which were then used for knowledge augmentation.

4. W/O Graph + W/O Mentor: In this variant, neither the MotivGraph nor the mentor agent’s deliberation
process was utilized.

5. W/O Semantic Scholar: This variant retained the Semantic Scholar API for metadata retrieval but
constrained its output to paper titles only, rather than complete metadata(including title, abstract, author, and
publication year).

3.3 EVALUATION SETUP

Given the time-consuming and subjective nature of manual evaluation, and the documented efficacy of LLMs
in judging text quality (Zheng et al., 2023; Fu et al., 2023; Liu et al., 2023), we adopted a model-based
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evaluation approach. This includes LLM direct evaluation and Swiss Tournament evaluation. For diversity
assessment, we calculate diversity as 1-MeanSimilarity among multiple ideas generated for the same topic
(Sietal., 2024). See the Appendix B.7 for details.

Now. Moti. Exp. Average
Ours 1072 1061 1061 1064
Al-Scientist-v2 1034 1016 1028 1026
I} ResearchAgent 1002 1011 1002 1005
3 AlI-Researcher 1012 995 1001 1003
= RealPaper 980 1020 1004 1001
SciPIP 1018 982 1002 1000
CycleResearcher 879 912 899 897
Ours 1038 1024 1026 1029
RealPaper 1071 1064 1063 1066
g AlI-Researcher 1013 1015 1020 1016
g Al-Scientist-v2 1010 1005 1013 1009
an ResearchAgent 990 1003 1012 1002
SciPIP 1008 987 77 991
CycleResearcher 966 988 983 979

Table 2: Comparison of Ideation Methods
3.4 IMPLEMENT

We selected three models—Qwen?2.5-7B-Instruct (Qwen et al., 2025), DeepSeek-V3, and DeepSeek-R1 (Guo
et al., 2025)—to investigate how models with different capabilities affect idea generation methods. Using a
dataset of topics extracted from papers accepted at ICLR 2025, we generated at least three ideas per topic with
each technique. Subsequently, we calculated the diversity of the generated ideas and employed Fast-Reviewer
to quickly evaluate these ideas based on three dimensions: Novelty (Nov.), Experiment (Exp.), and Motivation
(Moti.).

Additionally, we use DeepSeek-V3 to conduct a Swiss Tournament evaluation on the generated ideas across
the Novelty, Motivation, and Experiment dimensions, computing ELO scores for each dimension and an
overall average score.

To further ensure the reliability of our evaluation, we replaced the automated Swiss Tournament assessment
and LLM assessment with manual evaluations and reported corresponding ELO scores with direct scores.
Since manual evaluation is time-consuming and labour-intensive, we only selected ideas generated by
DeepSeek-V3, chosen topics, and selected one idea per topic for manual evaluation.

4 RESULT AND ANALYSIS

4.1 COMPARATIVE BASELINES

Table 1 presents the comparative results with the baselines. Experimental results show that our method has
obvious advantages when DeepSeek-V3 generates ideas. Regarding diversity, Novelty, Experiment, and
Motivation, our process is 0.03, 0.78, 0.25, and 0.49, higher than the second-best baseline regarding automatic
evaluation. Manual evaluation results show that our method is 0.05, 0.05, and 0.25 higher than the second-best
baseline regarding Novelty, Experiment, and Motivation. When the Qwen2.5-7B small parameter model is
used, the model’s ability to call APIs and integrate API return information is insufficient, and the number
of API calls is abnormally high or low. At the same time, the context length that the small model can use
is inadequate. In multiple rounds of modifications, part of the historical records often need to be discarded,
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which reduces the quality of idea generation to a certain extent. As for DeepSeek-R1, we can see that the
Novelty and Motivation scores of the idea are still high due to the existence of the graph, but the scores of the
three dimensions are lower than those of DeepSeek-V3. This is because the reasoning model requires long
thinking, so the API call is planned before the API returns the result, which hinders the model from gradually
exploring in depth.

Table 2 compares the ELO score with the baseline. The results show that our method scores 28 points, 45
points, and 33 points higher than the second-best method (except Real Paper) in novelty, motivation, and
experiments, respectively, and an average score of 38 points higher. The ELO scores of human evaluation are
25 points, 9 points, and 6 points higher in Novelty, Experiment, and Motivation, respectively.

4.2 ABLATION STUDIES

We conducted ablation studies to evaluate the contribution of key components in our framework. Table 3
summarizes the results.

First, we examined the role of the knowledge graph. Removing its hierarchical structure and using only raw
text reduced the Novelty and Experiment scores by 0.4 and 0.2, respectively. Replacing it with a generic
scipip-graph baseline also degraded performance (-0.3 Novelty, -0.2 Experiment, -0.1 Motivation), confirming
the effectiveness of our customized graph design.

Next, removing the mentor interaction phase caused larger drops across all metrics (-0.9 Novelty, -0.8
Experiment, -0.6 Motivation), highlighting the importance of iterative discussion and refinement with the
mentor.

Interestingly, disabling both the mentor and graph (w/o mentor + w/o graph) yielded slightly higher scores
than the w/o mentor setup alone. We hypothesize this occurs because, without the graph’s divergent influence,
the model generates more conventional yet stable ideas. Figure 4 illustrates the final score versus discussion
rounds.

Finally, removing Semantic Scholar content except titles reduced Novelty and Experiment scores, showing
that detailed background knowledge enhances innovation and experimental soundness.

5 CONCLUSION

LLM:s offer great promise for academic ideation but
face challenges with idea grounding and confirma-

tion bias. We introduce MotivGraph-SolQ, anovel =~ Methods Nov.  Exp. Moti.
framework that enhances LLM ideation by integrat-

ing a Motivational Knowledge Graph for ground- _Ours 8.4/6.5 8.6/6.7 8.7/6.7
ing from literature and a Q-Driven Socratic Ideator. - w/o graph 8.0/5.7 8.40/6.2 8.7/5.7

This dual-agent system uses Socratic questioning to .
refine ideas, mitigating confirmation bias and im- _W/scipip-graph ___8.1/5.8 84/6.2 8.6/6.1

proving novelty, experimental feasibility, and moti- - W/0 mentor 7.5/5.77 7.8/5.5 8.1/5.7
vatioq. Our results dempnstrate MotivGraph-SolQ’s  _ /o mentor & graph  7.7/5.7 82/57 8.5/5.9
effectiveness and superior performance across LLM- -~~~ - - - -7 - =~ - -~ —-~—-——-——-—— -~~~
based scoring, ELO ranking, and human evaluation. w/o semantic scholar 8.1/6.0 8.4/6.4 8.7/6.3
Ablation studies confirm the crucial contributions of

both MotivGraph and the Socratic dialogue. This Table 3: Results of ablation study on references and
work highlights the power of combining structured entities. The scores on the left of “/”” are obtained using
knowledge with interactive, critique-based refine- Fast-Reviewer evaluation, and those on the right are
ment for robust LLM ideation. obtained by manual evaluation.
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6 LIMITATIONS

While our findings are promising, we acknowledge several limitations in the current work. The scope of
our constructed MotivGraph is presently limited, primarily encompassing knowledge within the AI domain
and lacking comprehensive coverage of other scientific disciplines. Expanding its domain coverage is
essential for realising the full potential of cross-disciplinary idea generation. However, our constructed
MotivGraph holds considerable potential for uncovering connections across diverse scientific disciplines and
presenting these associations to large language models for their utilisation. Furthermore, due to constraints on
available resources and time, our experimental validation was conducted on a specific dataset size, and we
evaluated the framework using a limited variety of LLM models. Future work should focus on scaling up the
experimental evaluation to a larger dataset and testing a more diverse range of underlying LLMs to confirm
the generalizability of our findings.

For future research, we also plan to explore extending the MotivGraph to incorporate other academic
knowledge and relationships. Further investigation into alternative dialogue strategies within the Socratic
framework could yield additional insights.

7 ETHICS STATEMENT

Our system is developed with the explicit and sole purpose of serving as an assistive tool to augment human
creativity and facilitate the discovery of novel research ideas within the academic domain. Our goal is to
empower researchers by providing inspiration, helping to overcome ideation blocks, and suggesting potentially
fruitful avenues for investigation grounded in existing knowledge.

We unequivocally condemn and strongly disavow any potential misuse of this system. This includes, but
is not limited to, using the system to generate ideas or methods for illegal activities, unethical research
practices, harmful technologies, malicious applications, or any purpose that could cause societal harm, violate
privacy, or infringe upon human rights. Users are solely responsible for the evaluation, validation, and ethical
implications of any system-generated idea and its subsequent application. The system is designed to be a
creative aid, not an autonomous decision-maker or a substitute for human ethical reasoning and responsibility.
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A FURTHER ANALYSIS
This subsection discusses the intermediate results produced during the idea generation process.

Idea score vs. the number of rounds. Figure 4 illustrates the relationship between the final idea score
and the number of discussion rounds. From this figure, it can be observed that discussion contributes to an
improvement in overall quality. Furthermore, a higher initial quality often correlates with fewer discussion
rounds, and scores are notably higher when the mentor raises fewer questions. Nevertheless, engaging in
more discussion rounds can also enhance the overall quality of the ideas.

API Usage. Figures 4 present the frequency and distribution of API calls made by the researcher agent
across different rounds during the idea generation process, respectively. These figures demonstrate that our
constructed researcher agent can autonomously invoke tools and independently determine tool usage based
on the specific problem context.
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Overall Score vs. Discussion Rounds
API Usage Distribution
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Figure 4: Combined Analysis of Discussion Rounds and API Usage Patterns

Differences between backbone models. As shown in the table 4, for the Qwen model, increasing the
parameter count from 7 B to 32 B yields a marked improvement in idea quality. Overall, our method’s
performance can benefit from stronger model capabilities; however, when the model size reaches 72 B,
quality actually declines. Our observations reveal that Qwen-2.5-72 B begins to produce garbled output
under long-context conditions, which we believe indicates a sharp drop in its comprehension and reasoning
capabilities once the input exceeds a certain length. We observed the same behavior with Qwen3. Indeed,
Qwen3 generated extensive mixed-language garble that prevented the pipeline from functioning correctly.
Consequently, we conclude that Qwen models show a substantial performance gap compared to DeepSeek
when tasked with understanding and analyzing large volumes of text.

Model Novelty Motivation Experiment
DeepSeek-V3 8.39 8.70 8.64
Qwen-7B 6.46 6.52 6.44
Qwen-14B 6.55 6.95 7.33
Qwen-32B 6.85 7.95 7.70
Qwen-72B 6.90 7.05 6.55

Table 4: LLM-evaluator scores for different Qwen model sizes and DeepSeek-V3.

Generalizability to Other Scientific Domains. Theoretically, our method, MotivGraph-SolQ, offers strong
generalizability across disciplines. Its MotivGraph component supplies the large model with a motivational
foundation for idea conception in <Problem, Challenge, Solution>, reflecting a basic scientific-research
paradigm in many fields. Moreover, using Socratic dialogue to refine ideas iteratively is likewise a common
research practice.

We collected 185 recent papers from high-quality medical journals (Nature Medicine, Nature Biomedical
Engineering, and IEEE Transactions on Medical Imaging) to validate our approach in another domain
empirically. We clustered these into 30 topics for idea generation and used the remaining 155 papers to
construct a small-scale knowledge graph. We then compared our method against two strong baselines:

13



Under review as a conference paper at ICAIS 2025

ResearchAgent and CycleResearcher (a domain-knowledge fine-tuned model). Because our original evaluator
was trained only on Al-domain papers, we replaced it here with DeepSeek-r1, which offers comparable
performance. Table 5 shows that MotivGraph-SolQ continues to perform effectively in the medical domain.

Model Novelty Motivation Experiment
Ours 8.04 8.72 8.02
ResearchAgent 7.55 8.27 8.01
CycleResearcher 6.85 7.87 6.89

Table 5: LLM-evaluator scores for different methods in medical domain.

B DETAILS

B.1 BASELINE IMPLEMENT

Al-Researcher: This method represents a simple yet effective LLM ideation approach that integrates
Retrieval-Augmented Generation (RAG), filters duplicate ideas using vector similarity, and employs an
LLM-based automatic ranker inspired by a Swiss-tournament design. It is a typical example of using a
single LLM agent for idea generation without explicitly constructing a knowledge graph. Comparing with
Al-Researcher helps us understand the performance level of a general or relatively straightforward LLM
generation agent in the context of ideation. The ideas it generates primarily include “Motivation”, “Proposed
Method”, “Step-by-Step Experiment Plan,” and “Test Case Examples,” which share similarities in structure
with the ideas produced by our method.

Cycle Researcher: This method introduces Iterative Preference Training, leveraging extensive prior lit-
erature and review feedback to train the Cycle Researcher model. It can generate paper proposals covering
motivation, idea (method), and experimental setup, a structure akin to our generated ideas. We use Cycle
Researcher as a baseline to assess the ideation capability of LLMs trained through reinforcement learning.
In our experiments, we opted for the 12B model for comparison primarily to conserve idea generation time
and resources. As indicated in the original Cycle Researcher paper, the 12B model exhibited performance
comparable to, and in many metrics even superior to, their 123B model for this task. Additionally, we replaced
their original Bib literature database with the Semantic Scholar API for the RAG component.

This is a section in the appendix.

Al-Scientist-v2: This is an improved version of Al-Scientist (Yamada et al., 2025), which enriches the
content of generated ideas and integrates Semantic Scholar as a function call. Similar to our method’s
approach to external information retrieval, AI-Scientist-v2 utilizes external knowledge via API calls. In
generating ideas for comparison using Al-Scientist-v2, we set the number of reflection steps to 5 and generated
five ideas per topic.

SciPIP: The core methodology of SciPIP (Wang et al., 2024) lies in combining multi-angle literature
retrieval and a dual-path idea generation strategy. It first retrieves literature content and related entities based
on the provided topic and then generates ideas through brainstorming and RAG. Similar to our method, SciPIP
constructs a knowledge graph, specifically a “concept-paper” graph where concepts are extracted from papers
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by a large model. However, it does not explicitly structure knowledge around challenges and solutions. This
method serves as an excellent comparison point to demonstrate the effectiveness of our Challenge-Solution
Knowledge Graph. We used SciPIP for standalone idea generation and integrated its graph entity retrieval
module to replace our Challenge-Solution Knowledge Graph during the idea generation process to compare
the graph structures directly. We use the dual-path approach mentioned in the paper for idea generation.

ResearchAgent: ResearchAgent (Baek et al., 2024) is a system designed to assist researchers in iterative
research idea generation using Large Language Models (LLMs). It aims to produce novel and impactful
research ideas by augmenting information from scientific literature and employing collaborative LLM-driven
review agents for iterative optimization. Its strategy of information enhancement via an “academic graph +
entity knowledge storage” and iterative optimization through a multi-agent collaborative review loop shares
similarities with our method but presents distinct differences, making it a valuable subject for comparative
experiments.

B.2 FAST-REVIEWER TEST:

We tested Fast-Reviewer Test on our constructed dataset, measuring AUC scores for positive-negative
discrimination across Novelty, Experiment, and Motivation categories. Table 6 shows the AUC scores.

B.3 SCIMOTIVMINER RULES:

Problem Entity (7;): The name of the Problem
entity (P;) represents the overall research task, do-

main, or high-level objective that the paper ad- g 4 AUC
dresses. The naming follows the structure ‘[Gen- o ]
eral Task/Field of Study]* and aims for 3-7 words. Novelty Motivation Experiment

These names must be generalized and strictly avoid

, . . Fast-Reviewer  0.76 0.56 0.66
authors’ specific, non-generalized names or abbre-
viations. Problem entity names are derived solely =~ DeepSeek-V3  0.68 0.57 0.53
from the context in the paper’s Introduction section. deepseek-R1 0.75 0.58 0.70

The corresponding problem description provides a

brief (ideally 1-2 sentences), neutral, high-level def- Table 6: AUC Score

inition of the overall research task, field of study,

or objective. This description focuses solely on the

task or field or its general purpose/goals, presented as a standalone concept. Crucially, this description must
not include any mention of challenges, limitations, difficulties, or specific areas of focus motivated by these
challenges. It is formulated as a universal definition, informed by the Introduction section.

Challenge Entity (C;): The name of the Challenge entity (C;) captures a specific, atomic difficulty,
limitation, gap, or existing shortcoming within the identified Problem that the paper aims to address. Its
naming strictly adheres to the structure ‘[Specific Difficulty/Limitation] in [Aspect of Problem/Domain
Context]‘ to clearly state the precise difficulty and its context within the problem or domain. These names aim
for 5-8 words, prioritizing the required structure and specificity. As with problem entities, authors’ specific,
non-generalized names or abbreviations for challenges are strictly avoided, and names are derived from the
Introduction section.

The challenge description, summarized from the Introduction section (ideally 2-3 sentences), explains this
specific difficulty, limitation, or gap and details how it relates to the broader Problem.
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Solution Entity (S;): For the Solution entity (S;), the name captures the essential technical approach,
category, or fundamental principle employed to address the Challenge. A crucial constraint is that the authors’
specific name, acronym, or code name for their proposed solution (or any non-generalized term they introduce)
is strictly not used in the entity name, drawing instead on general technical terms or descriptions of the
solution’s core components or principles. Solution names aim for 7-10 words. For solutions described with a
citation in the Introduction, their established general name or common abbreviation (if widely recognized
and within the word count aim) is used, based on the Introduction description. For novel solutions (typically
described without a citation in the Introduction), the solution section is consulted to understand the core
technical approach and fundamental principles, and the name is generated using general technical terms or
essential component descriptions based on this technical understanding from both sections.

The solution description provides a brief (ideally 2-3 sentences) explanation of the solution’s core technical
aspects, focusing on how it works technically. If the Introduction’s description is high-level, results-focused,
or lacks sufficient technical detail, the solution section is consulted to incorporate key technical aspects
explaining the approach.

B.4 DETAILED HIERARCHICAL PARENT NODE ADDITION

Following the extraction process from the papers, we obtain a set of n distinct knowledge triplets,
(P;, C;i, Si)},. While initially extracted as independent triples, the problems and challenges described
within them exhibit inherent relationships. Academic problems inherently possess a hierarchical structure, and
different papers address problems at varying granularities. For example, one paper might focus on the broad
area of "Machine Translation’, while another delves into ’Low-Resource Machine Translation for Indigenous
Languages’. To capture these relationships and further associate the knowledge, we construct a hierarchical
structure for the graph by introducing parent nodes for both Problem (P) and Challenge (C') entities. This
hierarchical organisation is crucial to prevent the knowledge base from becoming overly fragmented or
unstructured, making it challenging to comprehend and navigate. Without this hierarchy, the graph would
fail to fully leverage its advantages for thoroughly organizing complex information, hindering compelling
exploration during subsequent ideation processes.

To acquire these parent nodes and establish hierarchical relationships within the sets of Problem (P) and
Challenge (C) nodes, we propose the Parent Node Addition Algorithm. This process is applied separately
to the Problem (P) and Challenge (C) node collections.

All original Problem and Challenge nodes are initially embedded into a vector space to enable subsequent
similarity search based on their semantic representations. This vector space representation is fundamental for
quantifying the semantic relationships between nodes.

The algorithm operates on an initial set S, which at the start of the process, contains all nodes from either the
Problem or Challenge set being processed. The core mechanism involves iteratively processing nodes within
this set .S until it becomes empty.

The algorithm maintains S as a dynamic working set. It repeatedly selects a node N from the current set
S. For this focal node N, the algorithm identifies its k£ most similar neighbours based on the pre-calculated
vector embeddings. A critical filtering step is then applied: only those similar neighbors that also remain
present in the current working set .S are retained as potential candidates for grouping with N. Let this filtered
set of eligible similar nodes be Vy;izered-

A Large Language Model (LLM) is crucial at this stage. It evaluates the semantic coherence and potential for
forming a higher-level concept when considering the focal node IV and the nodes in V;jsereq. Based on this
evaluation, the LLM decides whether a merge operation should occur.

16



Under review as a conference paper at ICAIS 2025

A new parent node is created if the LLM determines that a merge is appropriate and the set Vi;jzereq is not
empty. This new node represents a more general theme or domain that encapsulates the concepts expressed
by N and the nodes in Vi;jzereq. Directed edges, labelled parent-of, are added from this new parent node to
N and to every node v € Vyjjtered, establishing their hierarchical link.

Following the decision and potential merge, the current node IV is removed from the set S, as it has been
processed in this iteration. Furthermore, if a merge occurred, all the nodes in V;j¢ereq that became children
of the new parent node are also removed from the set S. This dynamic update ensures that each node is
considered for forming a parent at most once in this pass and that nodes already integrated into a higher level
via merging are no longer candidates within the same pass.

The iterative selection and processing of nodes from the set S continues until S becomes empty. At this
point, all nodes from the initial set have been either processed as a focal node or removed because they were
merged as children. The parent nodes created during this process represent a higher level of abstraction for
the grouped concepts within the original set S

B.5 DATASET CONSTRUCTION AND EVALUATION DETAILS

MotivGraph Dataset We constructed the MotivGraph from 8625 accepted papers from ICLR 2024, ICML
2024, and NeurIPS 2024, collected from OpenReview and other sources. Using the SciMotivMiner method
(detailed in Section 2.1.1) with DeepSeek-V3 as the extractor on the full text of these papers, we obtained
25515 solution nodes, 31158 challenge nodes, and 12137 problem nodes. Node descriptions were vectorized
using all-MiniLM-L6-v2 (Reimers & Gurevych, 2019). Subsequently, the Hierarchical Parent Node Addition
method (detailed in Section B.4) established 37367 PARENT_OF relationships and added 7089 parent nodes.

Evaluation Dataset We clustered the titles of all accepted ICLR 2025 papers for the evaluation dataset using
all-MiniLM-L6-v2. From these clusters, we selected 100 papers(excluding papers used for Fast-Reviewer
training) representing diverse topics. DeepSeek-V3 (Liu et al., 2024) extracted each selected paper’s core
idea and topic. The extracted core ideas served as ground truth, matching our method’s output format for
subsequent comparisons, while the extracted topics served as input for the idea generation process.

B.6 DETAILED RESEARCHER AGENT’S TOOLSET

The researcher agent within our Q-Driven Socratic ideator has four specialized tools to facilitate comprehen-
sive knowledge exploration and foster innovative ideation.

GRAPH NODE FuzzY SEARCH

The researcher agent provides a search query. This API returns the names and types of the top K similar nodes
based on the semantic similarity between the search query and the descriptions of nodes in the Motivational
Knowledge Graph (MotivGraph). This tool enables the researcher Agent to gain an overarching understanding
of the target domain or task by identifying related problem, challenge, and solution entities within that
domain.

GRAPH NODE RELATION RETRIEVAL

Given the name of an interesting node, this API returns the node’s description, names, and types of its
neighboring nodes. The researcher agent can retrieve hierarchical relationships between nodes and the
(problem, challenge, solution) triplets representing critical motivational information through this tool. This
contextual information deepens the researcher agent’s understanding of the target domain/task, facilitates
more effective subsequent retrieval, and establishes a robust foundation for the ideation phase.
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SEMANTIC SCHOLAR LITERATURE SEARCH

The researcher agent provides a search query to this API, which returns relevant academic literature. In
contrast to the structured knowledge supplied by the MotivGraph, Semantic Scholar offers more specific
and granular information, allowing the ideator agent to understand particular challenges or technologies
comprehensively.

GET RANDOM NODES TO ENHANCE NOVELTY

The researcher agent autonomously enters the ideation phase after sufficient knowledge exploration and
comprehensively understands the target domain or task. During this phase, the random_nodes API obtains
disparate, randomly selected nodes. The researcher agent’s primary objective is to leverage its domain
understanding and attempt to apply these obtained random nodes (which can include problem, challenge, and
solution entities) to the target domain or task. This involves seeking potential connections, adaptations, or
insightful modifications.

This process directly supports the "creativity-relevant processes" component of Amabile’s Componential
Theory of Creativity (Amabile et al., 1996), which posits that motivation constitutes one of the three essential
components of innovation (alongside domain-relevant skills and creativity-relevant processes), with intrinsic
motivation being particularly critical for breakthrough ideation. This mechanism is vital for ensuring the
novelty of the generated ideas. Simultaneously, the researcher agent, equipped with sufficient knowledge
("domain-relevant skills"), particularly after internalizing the motivation encoded in the (problem, challenge,
solution) triples, benefits from the inherent logical progression within this motivational information (i.e.,
research domain/task — specific challenges — solutions addressing challenges). This inherent logic can
foster "intrinsic motivation" within the ideator agent. Driven by this intrinsic motivation, the researcher
agent attempts to adapt the external (random) nodes to the target domain, aiming to identify potentially new
challenges within the target domain based on external challenges, or to discover novel ways to solve a target
challenge by adapting external solution concepts.

B.7 DETAILED EVALUATION METHODOLOGY

We employed a multifaceted model-based evaluation strategy to assess the quality of generated research ideas.
This approach can evaluate the quality of ideas holistically without using time-consuming and labor-intensive
manual evaluation, leveraging recent advancements in LLM judgment capabilities(Zheng et al., 2023).

LLM Direct Evaluation (Fast-Reviewer) We fine-tuned Fast-Reviewer, an LLM specifically for direct idea
quality assessment. This model was trained on a dataset derived from ICLR 2025 OpenReview comments.
We utilised Qwen2.5-7 B-Instruct to extract positive and negative labels for novelty, experimental soundness,
and motivation from 1200 training papers and 287 test papers. Additionally, DeepSeek-V3 was used to
extract core ideas from these papers. Finally, Qwen2.5-7 B-Instruct was fine-tuned to this dataset to create a
Fast-Reviewer. As shown in Table 6, Fast-Reviewer achieves evaluation capabilities similar to deepseek-r1
but with lower cost and faster inference.

Swiss Tournament Evaluation Following established pairwise comparison methodologies like the Swiss
tournament (Si et al., 2024) and Idea Arena (Li et al., 2024), we implemented a Swiss Tournament Evaluation.
Different idea generation methods competed in a series of rounds for each topic. An LLM performed pairwise
judgments on the quality of ideas, and these outcomes updated the ELO scores for each method. The final
ELO scores provided an unbiased estimate of their relative performance. This method addresses concerns
regarding LLMs’ insufficient diversity in idea generation (Si et al., 2024).
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C CASE STUDY:

To illustrate the gap between the ideas generated by our proposed method and high-quality ideas from
authentic papers, we present the following case study in Figure 5:

This is the method description for the idea our approach generated on the topic “LLM-based agent security:
Benchmarking attacks and defenses in LLM-based agents.” The proposed idea introduces representation
trajectory analysis from dynamical systems theory, tracking the model’s hidden-layer activations to detect
whether it remains in a “normal” state, and quantifies security-critical failures (e.g., task hijacking, privilege
escalation, or data leakage) by measuring the Minimum Variation Distance (MVD): the smallest prompt
perturbation strength needed to induce such failures. Finally, it defines an Agent Vulnerability Index
(AVI), which systematically dissects the agent’s architecture (including model and component code) through
controlled component removal or modification, revealing each component’s impact on overall security
performance.

On the surface, this appears promising, by altering inputs, one can observe when the agent drifts toward unsafe
outputs. However, the proposed prompt-perturbation scheme lacks a principled design: realistically, breaching
a large model or its composed agent system typically requires carefully engineered attacks (e.g., inserting
invisible or non-standard characters), not mere lexical substitutions. Moreover, the representation-trajectory
approach is hard to apply in practice. Given the opaque internal mechanics of large models, it is difficult
to infer an ongoing attack or security breach solely from hidden-state trajectories, thus determining the
model’s safety status. The AVI metric likewise proves challenging to compute: agent components are often
tightly coupled, so removing one component may render the system inoperative, preventing meaningful
measurement.

In summary, this case study shows that while our method can pinpoint innovative angles relevant to the
topic and generate coherent ideas, it lacks additional domain expertise and research experience in designing
core attack and defense techniques, leading to feasibility gaps. Future work should enhance the agent’s
domain knowledge and research experience. Nonetheless, although our generated ideas still fall short of the
immediately actionable, high-quality proposals extracted from authentic ICLR papers, they exhibit strong
logical creativity. They can serve as valuable inspiration for human researchers.
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(" PSBench Methodology )

1. Variation Generation:

Create 1000+ prompt variants per input using:
(1) Lexical transformations (synonyms, typos)
(2) Semantic paraphrasing (LLM-generated)
(3) Structural changes (instruction reordering)

2. Trajectory Instrumentation:
Track internal states using:

(1) Hidden state snapshots every 3 layers
(2) Attention pattern logging

(3) Gradient flow analysis

3. Metric Computation:

(1) MVD: Optimal transport distance to failure boundary
(2) TDS: Curvature analysis of state trajectories

(3) AVI: Architecture component ablation testing

4. Benchmark Suite:

(1) Security scenario test cases

(2) Reference agent implementations
(3) Baseline comparison protocol

- J

Figure 5: Idea generated by our method for the topic of “LLM-based agent security: Benchmarking attacks
and defenses in LLM-based agents”

D PROMPT:

D.1 APISELECT TEMPLATE

# Tool Introduction: The following tools can help you complete your task.

1. Knowledge Graph: This graph consists of (Problem, Challenge, Method)
triplets and parent problem and challenge nodes. Triplet pairs belonging
to the same problem or challenge type are connected through the parent
problem or challenge node.

Using this graph for ideation typically requires multiple API calls:

Three API tools help you work with the graph: node_search(), node_relation(),
and get_random_node(). Below is a detailed introduction to these three
APIs:

# API Tool Call Format: Output the following format. Importantly, be sure to
output the special token: <CALL> at the end.

> function call

conducting function_name(parameter_name=

parameter_value)

special token: <CALL>
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## node_search(search_query="<your content of interest>"):

- Function: node_search(search_query="<your content of interest>")

- Description: This API allows you to perform a fuzzy search for your content
of interest. You will receive the names of nodes in the graph related to
your search, including problems, challenges, and methods.

- Usage: By providing a search term (e.g., "LLM Compression”), you can
retrieve the names of nodes related to that query.

- Use Example:

> function call

conducting node_search(entity_name_list="LLM Compression”)

Special token: <CALL>

## node_relation(entity_name_list=

["<node name you're interested in>",...])

- Function: node_relation(entity_name_list)

- Description: This API allows you to retrieve detailed information about the
nodes in the input list, including the nodes connected to it and the
relationships between them.

- Usage: You can retrieve the node name using node_search(), then select the
node of interest to explore using this API. You can continue exploring
along a specific path.

- Example:
>~ function call
conducting node_relation(entity_name_list=["LLM Compression”,”"DistilledLM"])

Special token: <CALL>

## get_random_nodes (number=10):

- Function: get_random_nodes (number=10)

- Description: This API allows you to retrieve 10 random nodes, including
problem, challenge, and method. These nodes are the source of your
innovation. You need to research and think about how to use these nodes
for ideation. - Usage: get_random_nodes (number=10)

- Example:

> function call

conducting get_random_nodes (number=10)

Special token: <CALL>

2. Semantic Scholar: You can use this API to retrieve literature and deepen
your understanding of a research topic.

semantic_search(search_query="<your interest>")

- Function: semantic_search(search_query="<your interest>")

- Description: You can use this API to query literature and find papers
related to your search query, which can help you understand a field.

- Usage: Provide a search_query (e.g., "LLM Compression”). The API will return
the titles and abstracts of the top 20 papers related to that query. The
search_query must be in English. If the result is empty, please adjust
your search_query or retry.

-Example:

> function call

conducting semantic_search(search_query="LLM Compression”)

Special token:<CALL>
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Note:<CALL> is a marker for calling functions. If this marker is not present,
the function will not be called. Please ensure the special token is output
correctly.

D.2 IDEA GENERATION TEMPLATE

You are an experienced AI researcher who aims to propose high-impact research
ideas resembling exciting grant proposals. Feel free to suggest any novel
ideas or experiments; make sure they are novel. Be very creative and think
out of the box. Each proposal should stem from a simple and elegant
question, observation, or hypothesis about the topic.

The IDEA JSON should include the following fields:

- "Name"”: A short descriptor of the idea. Lowercase, no spaces, underscores
allowed.

- "Title": A catchy and informative title for the proposal.

- "Motivation”: A single string describing the thought process that led to the
conception of this idea. Articulate the rationale and context using
fluent, academic language.(approximately 250 words).

- "Related Work"”: A section that introduces foundational work related to each
core component of your idea, especially content related to new concepts
you introduce. It should demonstrate the strengths and weaknesses of
existing research related to your topic and highlight the innovation of
your own research. Represent the paper from semantic_search() with a
citation in the format of '(<author name here> et al., <year here>)'.

- "Abstract”: An abstract that summarizes the proposal in conference format
(approximately 250 words).

- "Method”: A single string containing a detailed description of the entire
method. This string should outline your method step-by-step, explaining
the key procedures involved. Focus on providing a clear, comprehensive
explanation of how your method works from beginning to end. Discuss why
these steps are important and how they directly contribute to solving the
problem addressed in the idea.

- "Experiments plan”: A single string containing a detailed plan for
experiments to validate the proposal. The description should outline the
experiments to be conducted, ensuring they are simple and feasible. Be
specific about how the hypothesis would be tested, detail any precise
algorithmic changes, and include the evaluation metrics to be used.
Explain the rationale behind conducting these experiments and how they
would prove the effectiveness of each component of the proposed method.

- "Risk Factors and Limitations”: A single string containing a description of
the potential risks and limitations of the proposal. This string should
discuss various potential risks that might hinder the successful
implementation or outcome of the proposed idea, as well as inherent
limitations of the approach.

For any of the above fields:

If you are inspired by entities from the Knowledge Graph, you should reference
them using the <a href="...">...</a> hyperlink format. When using this
method, indicate the entity name and entity type, as this approach helps
to improve language fluency.
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For example: "Despite Large Language Models demonstrate strong capabilities in
automating text generation, they still face some inherent challenges when
applied to tasks requiring creativity, such as research idea generation. A
significant issue is that &lt;a href="kg:challenge:Suboptimal initial
output generation in language models”">the initial ideas generated by
models are often repetitive and suboptimal&lt;/a>. This makes subsequent
idea development and filtering more time-consuming."”

Ensure the JSON is properly formatted for Automatic parsing. Please ensure the
output strictly adheres to JSON format specifications: use double quotes
for keys and string values, escape internal quotes with \", avoid trailing
commas, and exclude non-JSON elements like comments or unquoted keys.

OQutput Format for the Idea:
IDEA JSON:

T json

{

"Name": "...",

"Title": "...",
"Motivation”: "...",
"Related Work": "...",
"Abstract”: "...",
"Method": "...",
"Experiments plan”: "...",
"Risk Factors and Limitations”:

3

Here are some tools for you to use:
[TOOLS]

# Task: Complete the following three tasks in order, using only the ideas in
the graph. Invoke the tools multiple times to output the final idea. Your
research topic is: [TOPIC]

## Task 1: Understanding Your Research Task/Topic: Task Objective: Fully
understand the problems, challenges, methods, and related literature
related to your topic to lay a solid foundation for further exploration.

Output your Task 1 exploration results:

Task Thinking Guide: First, you need to use node_search() several times to
identify problem, challenge, and method nodes in the knowledge graph that
are relevant to your research. For the returned results, you can also use
node_relation() several times to obtain detailed information about the
nodes, including descriptions, relationships, and so on. You can also use
semantic_search() to explore related literature to further strengthen your
understanding of your research field.

## Task 2: Creative Acquisition Task Objective: Use get_random_node() multiple
times to obtain random nodes and carefully consider how these nodes can be
applied to your research topic. Your ideas should originate from these
nodes.

Output your thinking:

## Task 3: Optimizing Fit and Rationality. Task Objective: For the nodes
(including problem, challenge, and method) you selected in the previous
two tasks as potentially transferable, devise a reasonable approach to
apply them to your research topic.

Output Your Ideas:

Note:
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1. If the search returns empty results, modify the search_query.

2. If you are inspired by entities from the API, you should reference them
using the <a href="...">...</a> hyperlink format.

3. Use the (<author name here> et al., <year here>) format to cite the results
of the Semantic Scholar API.

4. Your ideas should fully rely on the knowledge returned by the API. In
particular, your innovative ideas should be based entirely on the nodes
retrieved using get_random_node(). Do not make up your own ideas.
Qutputting ideas without using tools is prohibited! ! ! !

Example ideation: The following is an example of a thought process, for
reference only.

Your research topic is building structure detection. First, use the API to
search for challenges and methods related to building structure detection
to gain a thorough understanding of the field. Then, use get_random_node ()
to retrieve potential innovations. get_random_node() returns the node
["Spatial Modeling"”, "Architectural Design”].

You discover that the node "Spatial Modeling"” may be useful for your current
research topic, building structure detection. Further exploration of
"Spatial Modeling” yields the method "CNN."” You discover that CNNs have
not been combined with building structure detection before, so you come up
with the idea:

Building structure detection based on CNNs.

Below are your previously generated ideas:
[PREVIOUS IDEAS]

Your generated ideas must be based on the knowledge returned by the API.
Therefore, you must first use the API and then generate ideas.

Output your API exploration process:

Output your English idea after using the knowledge gained from the API:

D.3 MENTOR QUESTION TEMPLATE

The current time is:

[TIME]

The number of discussion rounds should be close to [MAX_ROUND].

You are a strict, mean and learned PhD supervisor,you have a broad knowledge
base, extensive experience in research and academic writing, but your
understanding of the student's specific field is not yet detailed
enough.your student is researching the following topic:

[TOPIC]

The following is his idea content:

[IDEA]

Task:

Engage the student by asking about relevant knowledge and concepts. Pose more
pertinent questions to assess if their responses address the core issues.

24



Under review as a conference paper at ICAIS 2025

Your questions can arise from areas you don't understand or from flaws you
identify, aiming to prompt the student towards self-improvement and
self-justification. You are not required to provide specific solutions for
improvement; your role is to guide through questioning and inspiration.

2. Require the student to use the API for information retrieval to ensure
comprehensive data collection. You can suggest areas you'd like the
student to investigate, and have them search for and explain the relevant
information to you.

## Questioning & Challenging

This phase has a prerequisite question: Does the idea contain any unclearly
described content? This is foundational for discussing innovativeness and
rationality, ensuring the student's idea is not superficial. If concepts
or methods are unclearly described, questions must be posed.

1. Regarding "Innovativeness"”: You should focus on whether the student's
proposed method is novel and require the student to use tools to
thoroughly investigate relevant literature, providing relevant papers or
information from the knowledge graph pertaining to the idea. Provide
queries for students to search and test their innovativeness.

2. Regarding "Rationality"”: You need to require the student to provide a clear
justification for their idea, explaining why and how it can solve the
problem, etc., and incorporate the rationality explanation into the idea
description. When you find flaws in the rationale of the student's idea,
you can offer suggestions to help the student revise the idea. It's common
for students to piece together components arbitrarily to form their ideas.

- Regarding the rationality of the idea, the core question is "Why is XX
helpful for solving the topic problem?” You can ask questions including,
but not limited to: "Please explain how the effect of XX is achieved?”,
"Why isn't anyone using your method now? Does it have major limitations?”,
"Please explain why XXX is not used?”. You do not need to concern yourself
with engineering issues like computational resources, complexity, etc.

- You should question the unclearly described or vaguely stated parts of the
idea's method, guiding the student to elaborate on the rationale and
incorporate it into the idea. Ask the student to justify why their method
is expected to yield good results and prevent them from exaggerating
potential outcomes.

- Avoid overly complex academic jargon. Maintain logical coherence.

3. Regarding "Feasibility"”: Based on your own research experience, you need to
assess whether the student's idea is feasible. Require the student to
provide supporting literature (e.g., citing a paper that used a similar
method), and you can offer suggestions to help the student revise the idea.

- You can focus on the following aspects:

- Whether suitable datasets can be obtained.

- Whether it requires time and personnel resources beyond typical
disciplinary timelines (e.g., computer science projects generally take
less time than those in biology and similar fields). You do not need
to be overly concerned with economic costs.

- In the method proposed by the student, is the implementation method for
each step described? For example, if a step involves "using a
fine-tuned model to...", you should focus on whether the student
explained how the fine-tuned model is obtained.

- Do not concern yourself with engineering issues like computational
resources, complexity, etc., but rather whether there are missing
steps or if a specific step is theoretically challenging to implement,
such as: How to quantify XXX? How to obtain the data? etc.
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Here are some reference questions:

1. Is the logical argumentation clear? Have you fully articulated the
motivation for your proposed method in your "Motivation,” "Related Work,"
and "Abstract”? Does your "Related Work” section comprehensively cover all
key concepts or methods you introduce, not just work directly related to
the main research topic? Can your argumentation convince others of the
reasonableness/validity of your method?

2. Are the details described sufficiently? In your "Method"” and "Experiments
Plan,” have you clearly described every detail, including but not limited
to: "How exactly is each step performed?”, "What datasets are used?”, and
"Can the experiments fully demonstrate the effectiveness of your method
(including comparisons, ablations, etc.)?”

3. Is the relevant knowledge clearly described? Can your idea description
alone enable someone to clearly understand the key concepts within your
idea, especially any novel concepts you introduce?

4. Is your idea clear enough for someone unfamiliar with the relevant field?
Have you explained any novel concepts you introduce within the idea
description? For example, for the idea "Contrastive Idea Generation:
Leveraging Counterfactual Reasoning and Multi-Perspective Evaluation for
Novel Research Proposals” under the topic "Idea Generation,” you would
need to explain what "Counterfactual Reasoning” is.

5. Does your experimental plan include multi-faceted experiments to fully and
comprehensively demonstrate the effectiveness of all components in your
method?

Note:

- For each round,you should focus on one aspect(Innovativeness or Rationality
or Feasibility)

- If the adjustments or responses proposed by the student cannot resolve your
challenges, please reject this idea.

- The quality of ideas improves with more rounds of discussion, so please
engage in thorough deliberation.

- Note that the student's self-justification may not always be correct. As a
supervisor, you need to discern and question further. You should consider:
"Does the student's response adequately answer my question?”

- Currently, the student has not conducted any experiments, only has an
experiment plan. You should only discuss the idea; do not get bogged down
in specific resource details. Focus on apparent theoretical and logical
issues.

- Please do not provide JSON-structured feedback. Use only text paragraphs for
feedback and questioning. Do not use formats such as code, flowcharts, or
tables, to facilitate supplementing or modifying the idea content. Also,
do not add new keys to the idea.

- It is not necessary to discuss paper publication plans. (

## Idea Quality Final Assessment

You need to assess the quality of the idea and determine if the idea is too
bad to be accepted or you have no more question.

1. "<ACCEPT>" and "<REJECT>" will serve as markers to stop the conversation.
Therefore, unless you intend to end the dialogue, please do not casually
output these two markers during the conversation. You may use "accept” and
"reject” in normal conversation.

2. When you are generally satisfied with the student's response, output the
following marker: "<ACCEPT>"

3. After multiple rounds, when you believe that the idea still contains
unacceptable issues (e.g., insufficient innovativeness, questionable
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rationality, implementation difficulties) and the student cannot
adequately justify it (particularly regarding rationality and
feasibility), boldly output the following: "<REJECT>"

4. Do not generate Final Assessment markers prior to comprehensive discussion
of the matter.

Select one aspect from the following three: Innovativeness, Rationality, or
Feasibility. Pose questions related to this aspect to prompt the student
for self-improvement and self-justification.

Questions: <output your question here>

final decision(If the discussion has concluded):

I decide: <output your decision here after discussion ends>

final decision output format example:

I decide to:<REJECT>
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