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Abstract

Research ideation is crucial for scientific
progress, but the exponential increase in scien-
tific literature makes it challenging to stay up-
dated and identify impactful directions. Recent
developments in large language models (LLMs)
offer a promising avenue to automate this pro-
cess. However, existing methods for idea gen-
eration either trivially prompt LLMs or expose
LLMs to extensive literature without indicat-
ing useful information. Inspired by human
research processes, we propose a Chain-of-
Ideas (CoI) agent, an LLM-based agent that
organizes relevant literature in a chain structure
to effectively mirror the progressive develop-
ment in a research domain. This organization
helps LLMs better grasp current advancements,
thereby improving ideation capabilities. Fur-
ther, we present Idea Arena, a protocol for eval-
uating idea-generation methods from different
perspectives, which aligns closely with the pref-
erences of human researchers. Experiments
show that CoI agent consistently outperforms
existing methods and matches human quality in
idea generation. Moreover, CoI agent is budget-
friendly, requiring only $0.50 to generate a can-
didate idea and its experimental design1.

1 Introduction

Idea generation is a crucial aspect of scientific re-
search for driving technological innovations and
breakthroughs. Traditionally, this process has been
predominantly human-driven, necessitating experts
to review extensive literature, identify limitations,
and propose new research directions. However, the
complexity and vastness of scientific literature and
rapid technological advancements have made this
task increasingly challenging for researchers.

*Lidong Bing is the corresponding author
†Work done while the author was at DAMO Academy,

Alibaba Group, Singapore
1Our code can be found at: https://github.com/

DAMO-NLP-SG/CoI-Agent

Recent advancements in large language mod-
els (LLMs) (Achiam et al., 2023; Dubey et al.,
2024; Yang et al., 2024a) have enabled these mod-
els to exceed human experts in various scientific
tasks, including mathematics (Yu et al., 2023), the-
orem proving (Yang et al., 2023), and coding (Chen
et al., 2021; Zhou et al., 2023, 2024). Building on
this robust scientific foundation, one may hypothe-
size that LLMs could support a more abstract and
creative research idea-generation task. Notably, Si
et al. (2024); Kumar et al. (2024) have validated
this hypothesis, highlighting its substantial poten-
tial to expedite the discovery of uncharted research
avenues.

Existing methods seek to address two key chal-
lenges in improving the quality of generated ideas:
curating pertinent literature for LLMs to gain inspi-
ration and ensuring the novelty of generated ideas.
To address the first challenge, previous research
improves retrieval augmented generation (RAG)
systems, which typically depend on textual similar-
ity, with academic knowledge graphs (Baek et al.,
2024; Wang et al., 2023). For the second challenge,
existing approaches either apply predefined criteria
such as novelty to guide the idea generation pro-
cess (Baek et al., 2024) or iteratively refine ideas
until they demonstrate low embedding similarities
with existing papers (Wang et al., 2023).

However, existing approaches often expose
LLMs to extensive literature for idea generation.
This makes LLMs vulnerable to the influence of
less relevant works, potentially resulting in ideas
that lack logical coherence and technological inno-
vation. As shown in the upper part of Figure 1, the
LLM borrows an idea from GraphGPT (Tang et al.,
2024) and applies it into GoT framework (Besta
et al., 2024) to generate what they interpret as a
“novel idea”. However, this conflates two concepts:
GoT is a prompting method, while GraphGPT
is a fine-tuning method. In contrast, human re-
searchers systematically analyze a field’s evolution
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Topic: Enhancing Large Language Model Problem-solving Capability

Chain of Ideas

Vanilla RAG Title: Enhancing Problem-Solving through Multi-Modal Integration for GoT Prompting
Motivation: GoT focuses on textual inputs, leaving the multi-modality data unexplored.
This work explores how multi-modal inputs can be integrated within the GoT prompting …
Method:
• Multi-Modal Data Conversion to Graph Nodes: Convert visual, auditory and textual
data into graph nodes …

• Graph Construction and Integration: Motivated by GraphGPT, we can employ GNNs
such as GraphSAGE or GAT to aggregate information from these multimodal nodes…
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Title: Dynamic Problem-Specific Thought Network for Enhancing LLM’s Problem-Solving
Motivation: The pre-defined structural constraints (linear, tree, or graph) may not always
align with the nature of the problem being tackled. Therefore, a more adaptable approach
that dynamically adjusts its structure based on the problem at hand is needed …
Method:
• Problem Analysis: Decide the initial reasoning structure using the problem description …
• Dynamic Adjustment: Monitors the reasoning process and dynamically adjusts the
structure based on intermediate results and problem-specific heuristics …
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Figure 1: Comparison between the vanilla RAG system and our Chain-of-Ideas agent on the idea generation task.

from foundational to contemporary works, gaining
insights that drive developments. Such an under-
standing enables researchers to critically assess the
limitations of earlier studies and identifying emerg-
ing trends. Therefore, they are better grounded in
devising innovative and impactful research ideas.

Motivated by human practices in conducting re-
search, we propose a novel Chain-of-Ideas (CoI)
agent to address the previously identified logical
inconsistencies in the ideation processes of LLMs.
As shown in the bottom part of Figure 1, CoI agent
aims to provide a clear landscape of current re-
search topics by systematically selecting and or-
ganizing the relevant papers and their ideas into
a chain. CoI agent offers distinctive advantages:
Firstly, it reduces interference from irrelevant liter-
ature by carefully selecting papers (e.g. CoT (Wei
et al., 2022)). Second, LLMs are demonstrated
with human practice to craft a novel idea. For ex-
ample, LLMs are demonstrated how SC (Wang
et al., 2022) emerges as a novel idea from CoT.
Third, CoI exemplifies a global progression in re-
search development. As a result, LLMs can gain a
deep understanding of the motivations behind these
developmental trends, facilitating the identification
of promising future research directions.

As shown in Figure 2, CoI agent begins by re-
trieving an anchor paper for a given research topic.
Instead of indiscriminately aggregating all papers
within the anchor’s citation network, as done in
Baek et al. (2024), we build the CoI by selecting
relevant and significant literature from both the an-
chor’s references and its subsequent works, thereby
extending the chain both backward and forward
from the anchor. The constructed CoI is then used

for idea generation and experiment design. During
idea generation, we create multiple CoI branches
for a research topic, ensuring diverse perspectives
and increasing the likelihood of novel and impact-
ful idea discoveries. We also require the LLM to
predict future trends before finalizing the idea, al-
lowing a gradual consolidation of the idea. Note
that although the names may sound similar, CoI
agent is fundamentally different from CoT (Wei
et al., 2022). CoT is a general prompting strategy,
while the CoI agent is a specialized framework for
idea generation. CoI agent leverages the advan-
tages of CoT but incorporates additional optimiza-
tions for enhanced ideation. Furthermore, CoT
serves as a reasoning strategy, whereas CoI agent
focuses on knowledge organization – structuring
relevant research work into a coherent and logical
format. Therefore, CoI and CoT are orthogonal
in nature, and can be combined to further enhance
idea generation capabilities.

We compare our CoI agent against existing base-
lines on idea generation in the artificial intelligence
(AI) field. To do this, we develop an arena-style
evaluation framework called Idea Arena, where par-
ticipant methods compete in pairs, demonstrating
high agreement with human evaluation. In Idea
Arena, CoI agent consistently ranks first among all
automated baselines, surpassing the second-best
one by 65 ELO scores in human evaluation. Our
analysis further shows that for LLMs to generate
novel ideas, a clear developmental trend analysis is
more pivotal than the quantity of related literature.

Our contributions are summarized as follows:
1) We propose CoI agent to enhance LLMs’ ca-
pability in idea generation. CoI agent effectively
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mirrors the progressive nature of research develop-
ment, allowing LLMs to better grasp the current
research advancements. 2) We propose Idea Arena
for a comprehensive evaluation of idea-generation
methods, which shows high agreement with human
researchers. 3) Extensive experiments demonstrate
the effectiveness of our CoI agent in generating
ideas that are comparable to human creativity.

2 Related Works

Scientific Research Idea Generation. Idea gen-
eration is a critical step in scientific research. Due
to its innovative nature, idea generation has been
primarily a human-driven activity. However, re-
cent studies indicate that LLMs can generate plau-
sibly novel and feasible ideas as those of human
researchers (Si et al., 2024; Kumar et al., 2024). To
investigate the potential of LLMs in ideation, previ-
ous work begins with scientific hypothesis discov-
ery (Yang et al., 2024b; Qi et al., 2023; Wang et al.,
2023; Ghafarollahi and Buehler, 2024), which aims
to elucidate the relationships between two scientific
variables. Despite its utility, scientific hypothesis
discovery may not fully capture the multifaceted
nature of real-world problems. To address this limi-
tation, Meincke et al. (2024) show that CoT can im-
prove LLM’s ability to generate idea. ResearchA-
gent (Baek et al., 2024) adopt a more open-ended
idea generation scenario including the underlying
methods and experiment designs. They leverage
agent-based systems to enhance the quality of idea
generation. Beyond ideation, numerous studies
also explore the use of LLMs for executing exper-
iments (Huang et al., 2024; Tian et al., 2024) or
combining both idea generation and experimental
execution (Li et al., 2024; Lu et al., 2024). How-
ever, these approaches often make minor modifi-
cations to existing ideas for drafting their ideas,
which often lack depth and creativity.
Align LLMs with Human Cognitive Patterns. As
LLMs are trained on extensive human data (Brown
et al., 2020), they may internalize human cogni-
tive patterns. CoT (Wei et al., 2022) indicates that
LLMs can enhance their reasoning abilities when
provided with step-by-step guidance. Further re-
search supports this notion by showing that simply
prompting LLMs to engage in step-by-step reason-
ing can trigger better reasoning capability (Kojima
et al., 2022). Additionally, Fu et al. (2022) reveals
that in-depth reasoning of LLMs can be achieved
with more elaborate prompts. Xu et al. (2024)

shows that a negative judgment can also guide
LLMs to make mistakes. As a result, a prompt-
ing strategy that closely emulates human cognition
is likely to elicit more insightful responses from
these models. Motivated by this, we propose CoI
to better mimic the progressive cognitive patterns
of humans when generating new research ideas.

3 Method

In this section, we detail our CoI agent, as illus-
trated in Figure 2, which consists of three stages:
(1) CoI Construction, (2) Idea Generation, and (3)
Experiment Design. First, given a research topic,
the CoI agent constructs multiple CoIs, reflecting
different trends within the domain. Then, for each
CoI, the LLM predicts future research directions,
and crafts ideas through step-by-step consolidation
and iterative novelty checks. The best idea is then
selected. Lastly, the LLM generates and refines an
experiment design to implement the final idea.

3.1 CoI Construction

Generating novel research ideas requires a pro-
found comprehension of the respective research
domain, coupled with a rigorous reasoning process.
Previous endeavors (Lu et al., 2024; Baek et al.,
2024) have sought to augment LLMs with relevant
papers to facilitate the ideation process. However,
these methods simply mix these papers into the
prompt without effective organization. This sce-
nario is akin to dropping an LLM at a chaotic inter-
section with no map in sight, leaving it uncertain
about which path to take. To address this issue, we
propose a Chain-of-Ideas agent framework.

As shown in Figure 2, a CoI, represented as
{I−M → · · · → I0 → · · · → IN}, is a sequence
consisting of M + N + 1 ideas extracted from
M + N + 1 research papers respectively, where
they together show the evolution progress within a
given research field. Specifically, given an initial
research topic, we prompt the LLM to generate
multiple queries, [q1, . . . , qK ], that reflect K differ-
ent perspectives of this topic. The prompt is given
in Table 11 of Appendix. Unless otherwise spec-
ified, all prompts of our framework are presented
in the Appendix tables. The K queries are used
to construct K branches of CoI. This reduces the
reliance on a single CoI that may be insufficient to
capture the most significant development and direc-
tion. For each query qk, we use it to retrieve a top-
ranked paper, which we call anchor paper Pk

0 . In
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Topic: Enhancing Large Language Model Problem-solving Capability
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o SC to ToT: …
o ToT to GoT: …

Stage 2: Idea Generation
Future Trend Prediction:
Potential directions include 
adapting the task-solving 
framework according to the 
nature of the problem and 
reducing the computational 
costs of inference.

Entities:
o CoT Entities: …
o SC Entities: …
o ToT Entities: …
o GoT Entities: …

CoI:

Novel?
No

Idea Consolidation:
Title: Dynamic Problem-Specific 
Thought Network (DPSTN) …
Motivation: The pre-defined structures 
(linear, tree, graph) may not align with 
the nature of the problem. Thus, we 
propose to dynamically adjusts its task-
solving structure of problem
Methods: …

Final idea inspired by the CoI of Paper 1

Final idea inspired by the CoI of Paper 2

Final idea inspired by the CoI of Paper 3

Final Idea

Entities:
o CoT Entities: …
o SC Entities: …
o ToT Entities: …
o GoT Entities: …

Previous Exp.:
o CoT Exp.: …
o SC Exp.: …
o ToT Exp.: …
o GoT Exp.: …

Designing:
Step 1: Define Baselines:
1. CoT prompting
2. CoT with self-consistency
…
Step 2: Dataset Preparation
…
Step 3: Implement DPSTN 
…

Clear?
Supportive?
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Experiment 

Design

Stage 3: Experiment Design
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CoT→SC→ToT→GoT

Yes 75%
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reasoning steps…
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o Idea: …
o Experiment: …
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o Experiment: …
o Entities: …

o Idea: …
o Experiment: …
o Entities: …

Figure 2: The framework of CoI agent. It consists of three stages: 1) Construct CoIs based on the retrieved papers;
2) Develop potential ideas based on the CoIs; and 3) Design the corresponding experiments for the proposed idea.

Figure 2, ToT (Yao et al., 2024) is an illustrative ex-
ample of an anchor paper. An anchor paper serves
as the foundation for constructing a CoI. Specifi-
cally, a CoI is constructed by extending from the
corresponding anchor paper to related papers in
both directions: forward, tracing the progression of
ideas, and backward, tracing their origins.

In the forward direction, starting from Pk
0 , we

identify subsequent papers that directly cite it by
leveraging the Semantic Scholar API2. We use Ope-
nAI’s text-embedding-3-large3 to rank these
papers based on their cosine similarities to the con-
catenation of the initial research topic and the ab-
stract of the anchor paper. Subsequently, we select
the highest-ranked paper as Pk

1 to extend the CoI
in the forward direction (e.g. GoT in Figure 2).
This process is repeated iteratively from Pk

i to Pk
i+1,

until either the length of the CoI reaches a preset
value or the LLM finds that there is no valuable
follow-up work (Table 12).

In the backward direction, starting from the an-
chor paper Pk

0 , we instruct an LLM to thoroughly
review the full paper and to identify candidate refer-
ences based on the following criteria: 1) references
that Pk

0 directly built upon, 2) references that serve
as baselines in Pk

0 , and 3) references that tackle the
same topic as Pk

0 . With those candidate references,
we ask the LLM to determine the most relevant one

2https://www.semanticscholar.org/product/api
3https://platform.openai.com/docs/overview

to the anchor paper (Tables 13 and 14), denoted as
Pk
−1 (e.g. SC in Figure 2), to extend the CoI back-

ward. This backward extension is also carried out
iteratively from Pk

−i to Pk
−(i+1) to identify preced-

ing papers (e.g. tracing backward from SC to CoT
in Figure 2). It terminates when the length of CoI
reaches a preset value or we encounter a milestone
paper (defined as one with over 1,000 citations),
indicating that the idea from the milestone paper
could serve as a strong starting point for the CoI.
Additionally, we instruct the LLM to terminate the
search if no reference relevant to the original re-
search topic is found (Table 12). The rationale for
the design of forward and backward extension can
be found in Appendix A.1.

After we collect K paper chains, denoted as
{Pk

−Mk → · · · → Pk
0 → · · · → Pk

Nk}Kk=1, we ask
the LLM to extract ideas from these papers and
inherit the progressive relation of the paper chains
to form our CoIs {Ik−Mk → · · · → Ik0 → · · · →
Ik
Nk}Kk=1 (Tables 13 and 14). Then for each CoI,

we ask the LLM to summarize the existing research
trends by analyzing the evolution between any two
adjacent ideas (Table 15). For example, the up-
per part of Figure 2 shows the evolution process
from CoT to GoT step-by-step. Additionally, we
extract experiment designs and the definition of
key entities from these papers (Tables 13 and 14).
The above information including CoIs and the de-
rived knowledge will be used in the following idea
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generation and experiment design stages.

3.2 Idea Generation

We use the above-constructed CoIs and their de-
veloping trends to guide the generation of a novel
idea. As shown in the lower-left section of Figure 2,
we prompt the LLM with the CoI, the developing
trends of existing works, and the key entities ex-
tracted from existing literature, as described in Sec.
3.1, to predict possible future trends (Table 16).
These entities comprise relevant datasets and poten-
tial baseline models, which are important to clarify
the concepts mentioned in the existing literature.
After obtaining the future trend, we ask the LLM
to articulate its motivation, novelty, and methodol-
ogy, finally consolidate the idea (Tables 17 and 18).
Through this step-by-step manner, COI can pro-
duce a more detailed idea. Following (Wang et al.,
2023; Lu et al., 2024), a novelty-check agent evalu-
ates the novelty of the candidate ideas by retrieving
relevant papers and prompting another LLM to
assess the similarity between the generated idea
and the retrieved papers (Table 19). Based on the
novelty assessment, our framework determines if
another round of generation is necessary. Finally,
generated ideas from all CoI branches are pairwise
compared, and the idea with the highest winning
rate is selected for experimental design.

3.3 Experiment Design

While our primary goal is to generate novel ideas,
it is also useful to develop experiment designs that
help users implement these ideas. Thus, we ex-
tended the CoI agent to include experiment design.
As shown in Figure 2, we prompt the LLM with ex-
periments from existing works obtained from Sec.
3.1 as few-shot examples, along with the proposed
idea and key entities, to guide the LLM in design-
ing experiments (Table 20). We employ a review
agent to assess the candidate experiment designs.
Its main role is to evaluate the clarity and compre-
hensiveness of the protocol, ensuring all key ele-
ments—such as datasets and models—are clearly
specified. Additionally, it checks if the design pro-
vides enough detail for practical implementation
(Table 21). The review agent provides critical feed-
back on these aspects, subsequently utilizing this
information to conduct further searches for rele-
vant literature (Table 22) to help the LLM refine
and enhance its previous experiment design (Table
23). Through this iterative process of review and
refinement, we arrive at a final experiment design.

4 Experimental Setups

4.1 Implementations

In our CoI agent, we primarily use GPT-4o (05-
13) as our LLM implementation. For some mod-
ules that require full-paper understanding, we use
GPT-4o-mini (07-18) to read the paper and sum-
marize the core contents due to its lower price and
good summarization capability. We use Semantic
Scholar as our academic search engine. For the
main experimental results, the maximum length of
the CoI is set to 5 and the number of CoI branches
is set to 3, and their analysis results are given later.
The iteration number of self-refinement in the ex-
periment design stage is set to 1 for cost saving.

4.2 Data

To evaluate the capability to generate novel ideas,
we collect research topics from Hugging Face’s
Daily Papers4, known for its timely updates and
the high quality of the featured papers. We select
papers submitted between Aug 1 and Sept 15, 2024,
which is after the data cutoff of the LLM. We ask
10 AI experts (All have publications in top-tier AI
conferences) to identify papers that capture their
interests. Subsequently, we extract research topics
from these selected papers. The extraction process
is first conducted by GPT-4o using prompts from
Table 24, 25 and 26), and subsequently undergoes
validation from these experts to ensure the validity
of the extracted topics. Due to the substantial costs
for idea generation and evaluation, we adhere to
the assessment scale of Lu et al. (2024); Wang et al.
(2023), where each expert contributes 5 topics for
evaluation, culminating in a total of 50 topics.

4.3 Baselines

We compare our CoI agent with recent methods
on idea generation and experiment design, using
GPT-4o and Semantic Scholar as the LLM and
retriever for all baselines. We unify the output
format to minimize evaluation preference towards
more structured outputs (Chiang et al., 2024). We
compare with the following baselines:
• RAG (Lewis et al., 2020): LLMs directly use the

retrieved papers to design ideas and experiments.
• ResearchAgent (Baek et al., 2024): This work

uses an academic knowledge graph to improve
literature retrieval and employs a peer-discussion
framework for iterative idea refinement.

4https://huggingface.co/papers
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(a) (b) (c)

Figure 3: (a) Evaluation results of idea generation with LLM as a judge. (b) Evaluation results of idea generation
with human as judges. (c) Agreements between human and LLM judges.

• GPT-Researcher (Assafelovic, 2023): This is
a research-focused agent framework enhanced
with plan-and-solve and RAG capabilities.

• AI-Scientist (Lu et al., 2024): This work origi-
nally aims to generate the full paper. We extract
the components related to idea generation and
experiment design to serve as our baseline.

• AI-Researcher (Si et al., 2024): It is a specifi-
cally designed idea-generation agent with RAG
and a sophisticated re-ranking mechanism.

• SciAgent (Ghafarollahi and Buehler, 2024): It
is a multi-agent system incorporating knowledge
graphs, RAG, and LLMs for scientific research.

• Real Paper: We extract ideas and experiment de-
signs from the 50 collected papers in Section 4.2
to establish a baseline reflecting human ideation
capabilities. It allows us to quantify the gap be-
tween model-generated and human ideas.

4.4 Evaluation: Idea Arena

Model-based Evaluation. The open-ended nature
of idea generation poses challenges for automatic
evaluation. Si et al. (2024) show that LLM-based
Likert scale system (Baek et al., 2024; Lu et al.,
2024) poorly aligns with human preferences. In-
stead, they show LLMs perform better in ranking
ideas. Motivated by this, we propose Idea Arena, a
pairwise evaluation system using a Round-Robin
tournament to compute ELO scores for each idea-
generation method. For a given topic, we require
the LLM judge to rank the ideas generated by any
pair of methods (Table 27). We evaluate each pair
twice with order reversed to reduce the position
bias. To comprehensively evaluate an idea from
multiple perspectives, we incorporate criteria from

ICML 2020 review guidelines 5, and those in Si
et al. (2024), which consist of Novelty, Signifi-
cance, Clarity, Feasibility, and Expected Effective-
ness. Definition for these dimensions are detailed
in Appendix A.2. Finally, the resultant win-loss-tie
records are utilized to calculate the ELO scores
for each method, following the practices outlined
in (Zheng et al., 2024; Zhao et al., 2025). We
also evaluate the experiment design in the same
pairwise way, focusing on Feasibility, Technical
Quality, and Clarity.
Human Evaluation. 10 AI experts involved in
the dataset construction were asked to assess the
generated ideas and experimental designs across
their respective 5 chosen topics in Section 4.2. The
evaluation followed the same pairwise criteria ap-
plied in the model-based assessment. Specifically,
given 8 baselines and 5 topics in the pairwise eval-
uation, each expert is responsible for determining
the winner from C2

8 * 5 comparisons. Though each
idea pair is only evaluated by one expert, conduct-
ing a large-scale pairwise evaluation helps mitigate
personal biases. Additionally, we provide train-
ing for the experts to enhance the evaluation pro-
cess, which is detailed in Appendix A.3. To ensure
fairness, we anonymize the source of the ideas by
concealing the method identity.

5 Results

Idea Generation. Figure 3 present the results of
idea generation by both GPT-4o and human re-
searchers. Concrete scores are in Table 29. Overall,
CoI agent performs better than all other automated
methods in both model- and human-based evalu-
ations. Notably, It substantially outperforms the

5https://icml.cc/Conferences/2020/
ReviewerGuidelines
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Dimension Agreement

Novelty 70.7%
Significance 75.8%
Clarity 78.2%
Feasibility 74.1%
Effectiveness 75.6%
Average 74.9%

Table 1: Agreement between the human and GPT-4o
judges in all evaluated dimensions.

second-best baselines, GPT-Researcher and RAG,
by margins of 34 and 65 ELO scores, respectively,
in the two evaluation settings. CoI agent’s per-
formance is on par with that of the Real Paper
baseline and even excels in the metrics of Nov-
elty and Significance. These results highlight its
exceptional capabilities in idea generation. Fur-
thermore, CoI demonstrates superior performance
in Clarity, Feasibility, and Expected Effectiveness
compared to other automated methods in human
evaluation. Nevertheless, it still lags considerably
behind the Real Paper in these areas. This sub-
stantial gap between automatic methods and Real
Paper is expected, as Real Paper ideas undergo ex-
tensive experimental validation. Additionally, AI-
Scientist’s performance is poor, likely because it
was designed to generate papers from code. Given
only a research topic, its simple idea-generation
framework hampers its ability to create novel and
feasible ideas.
Human-Model Agreements. To assess the relia-
bility of our model-based evaluation within Idea
Arena, we analyze the agreements between human
and LLM judges. We follow (Zheng et al., 2024)
to compute the agreement, which is defined as the
probability that two judges agree on the winner
of one specific arena match. Figure 3 presents
pairwise agreements between humans and lead-
ing LLMs (GPT-4o, Gemini-1.5-Pro, Claude-3.5-
Sonnet). GPT-4o achieves 74.9% agreement with
humans, closely approaching human-to-human
evaluation levels mentioned in (Si et al., 2024).
This finding indicates an acceptable alignment be-
tween human-based and model-based evaluations
in our Idea Arena evaluation protocol, highlighting
the robustness of Idea Arena in evaluating the qual-
ity of generated research ideas (More correlation
results can be found in Appendix 5). As GPT-4o
shows superior agreement with humans among all
tested models, we designate it as our primary LLM
judge for subsequent experiments. Table 1 further
confirms GPT-4o’s consistent high agreement with

human evaluators across all assessment criteria.

Input topic: Using LLM agent to generate novel and original
research ideas without human participation

Chain of Ideas:
• I−3 (Kim et al., 2021) addresses the challenge of discover-

ing new materials through molecular generation . . .
• I−2 (Boiko et al., 2023) investigates LLMs capabilities in

experiment design and execution for scientific research . . .
• I−1 (Yang et al., 2024b) proposes a new dataset for social

science hypotheses generation . . .
• I0 (Baek et al., 2024) proposes a ResearchAgent framework

for automatic idea generation . . .
• I1 (Si et al., 2024) presents a large-scale comparison be-

tween LLM-generated ideas and human ideas . . .

Current Trends:
• I−3 → I−2: This progression marks a significant shift

from the application of molecular generation to the broader
scope of automating scientific research using LLMs . . .

• I−2 → I−1: This transition focuses on refining the au-
tonomous induction capabilities of LLMs, specifically in
generating novel and valid scientific hypotheses . . .

• I−1 → I0: I0 further extends hypotheses generation of I−1

to generating research ideas autonomously . . .
• I0 → I1: This transition emphasizes the empirical valida-

tion of LLMs in generating novel research ideas . . .

Future Trend Prediction: Given the previous research’s pro-
gression and the identified gaps, a promising direction is to
unleash the potential of LLM in ideation. We can develop a
multi-agent system that leverages evolutionary algorithms to
enhance the diversity and novelty of LLM-generated ideas . . .

Final Idea: EvoResearchAgent: Enhancing Diversity and
Novelty in Idea Generation with Evolution
• Motivation: Using LLMs for idea generation has shown

promising advancements. However, challenges persist, par-
ticularly the diversity and novelty of LLM ideas. (Si et al.,
2024) show that while LLMs can produce novel ideas, they
often lack a broad range of perspectives and diversity. . . .
To address these issues, we propose EvoResearchAgent, a
multi-agent system that leverages evolutionary algorithms
to enhance the diversity and novelty of generated ideas . . .

• Method:
◦ Idea Initialize: An LLM generates some initial ideas as

the start point of the evolutionary process . . .
◦ Metrics: Propose automatic metrics like topic diversity

and novelty to evaluate the range of ideas . . .
◦ Evolution Integration:

1. Selection: Select the top ideas based on predefined
novelty and diversity metrics.

2. Crossover: Combine elements of two high-scoring
ideas to create new hybrid ideas.

3. Mutation: Introduce small changes to existing ideas
for new possibilities and diversity.

4. Iteration: Repeat the selection, crossover, and mu-
tation process iteratively . . .

Table 2: Demonstration for idea generation pipeline of
our CoI agent. Refer to Table 6 for the full case study.

Case Study. Table 2 presents a case study with the
same topic of our paper – generating novel research
ideas using LLMs. CoI agent first constructs the
chain of ideas, extending I0 (Baek et al., 2024) both
forward and backward. Then the agent analyzes
current research trends for any two adjacent ideas.
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CoI Agent –CoI –Future Trend –Entities

Novelty 50 41 40 46
Significance 50 39 43 49
Clarity 50 44 51 42
Feasibility 50 49 53 47
Effectiveness 50 39 44 43
Average 50 42.4 46.2 45.4

Table 3: Ablation study on the design of CoI agent. CoI
agent gets 50 points because it receives 50 ties after
battling with itself.

For instance, it notes that the evolution from I−1

to I0 emphasizes idea generation over hypothesis
formation. After assessing existing trends, the CoI
agent suggests an evolutionary algorithm that ex-
plicitly models parent-child variations to enhance
idea novelty and diversity. This approach, leverag-
ing implementations like crossover and mutation,
offers a promising and innovative concept for fu-
ture exploration. Due to the space limitations, in
Appendix A.4, we provide additional case stud-
ies, which include: 1) a comparison between our
CoI agent and baselines, and 2) the versatility of
CoI agent to conceptualize ideas across different
scientific fields, such as superconductivity.

Ablation Study. We perform an ablation study
to evaluate each CoI Agent component’s impact
on idea generation. Variants examined are: 1) –
CoI, which excludes CoI construction, using all re-
trieved literature without progressive relation min-
ing; 2) – Future Trend, which skips Future Trend
Prediction, prompting the LLM to generate ideas
based on existing trends; 3) – Entities, which omits
entity definitions during idea generation. Each vari-
ant is scored against the full agent over 50 matches,
with 2/1/0 points for win/tie/lose (max 100 points).

Table 3 shows that all variants degrade idea qual-
ity. Excluding CoI construction causes the largest
drop, underscoring the need for organizing liter-
ature via progressive relations to aid trend under-
standing. Removing the Future Trend Prediction
reduces novelty, as the LLM lacks insight into po-
tential forward-thinking ideas. Although clarity
and feasibility scores slightly improve, these are
not substantial, likely due to the evaluation vari-
ability. Omitting entities reduces clarity and effec-
tiveness, as the LLM generates more abstract ideas
without grounding in specific concepts.

Analysis of CoI Length To examine the impact of
the CoI length on the quality of generated ideas, we
constructed variants with differing maximum chain
lengths. Furthermore, we also adopt the “- CoI”

variant in Sec. 5 as a 0-length variant, which uses
5 retrieved papers but does not organize them in a
chain structure. Figure 4 presents the idea arena
results among these length variants. We observe a
substantial improvement of idea-generation qual-
ity when we increase the length from 0 to 3. This
indicates a clear developmental trend analysis is
more pivotal than the quantity of related literature.
Furthermore, the quality of generated ideas contin-
ues to improve as the length of the CoI increases.
Longer CoIs offer more reliable and comprehen-
sive insights into the evolving trends within the cur-
rent research domain, thereby enabling the LLM
to better capture future development trends. The
quality of generated ideas levels off after reach-
ing a maximum length of 5. This saturation point
indicates that this length is sufficient to capture
relevant trends, with additional literature offering
diminishing returns.
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Figure 4: Length analysis of the CoI.

Analysis of CoI Width We also assess the impact
of the width of CoI (i.e., the branch number K) on
the quality of generated ideas. Figure 5 shows the
trend of average ELO scores with varying branch
numbers. Generally, increasing the branch num-
bers shows a positive correlation with idea quality.
However, the disparity in ELO scores across differ-
ent branch numbers is small. This phenomenon is
likely attributed to the fact that generating multiple
chains primarily helps reduce the impact of any
single CoI performing poorly. Fortunately, such
low-quality CoIs are rare.
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Figure 5: Width analysis of the CoI.

Comparison of CoI with RAG and CoT To
further distinguish our approach from CoT and
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CoI Agent CoT RAG CoT + RAG

Novelty 50 4.0 8.0 20.0
Significance 50 1.0 7.0 21.0
Clarity 50 14.0 23.0 40.0
Feasibility 50 25.0 44.0 48.0
Effectiveness 50 0.0 7.0 18.0
Average 50 8.8 17.8 29.4

Table 4: Comparison result of CoI with RAG and CoT.

retrieval-based prompting, we offer additional ex-
periments. Specifically, we compared CoI with
three baseline methods: RAG, CoT, and CoT +
RAG. RAG is a baseline method we have used in
the paper, which enhances prompting by adding ti-
tles and abstracts of 10 related papers. CoT method
explicitly requires the LLM to draft an idea step-by-
step. CoT + RAG method combines both strategies.
Similar to the comparison setting in the ablation
study, we compare each of the three baseline meth-
ods to our CoI Agent in 50 rounds of competition,
with 2/1/0 points for win/tie/lose (max 100 points).
The results shown in Table 4 demonstrate that nei-
ther CoT, RAG, nor CoT + RAG is as effective as
the CoI method in generating high-quality ideas.
This finding further highlights the uniqueness and
superiority of our CoI approach compared to CoT
and retrieval-based prompting.
Evaluation with Different Judge Models We
present the evaluation results of idea generation
for both model-based evaluation (including GPT-
4o, Gemini-1.5-Pro-Exp-0827, and Claude-3.5-
Sonnet) and human-based evaluation in Table 29.

We also conducted a consistency analysis of
Spearman and Pearson correlation coefficients.
Specifically, we utilized the ELO scores/rankings
assigned by two judges to these baselines to com-
pute the Pearson and Spearman correlations for
each evaluated dimension. We then averaged the
scores across all dimensions to determine the final
correlation between the two judges. The detailed
results are illustrated in Figure 6 and Figure 7.
Interdisciplinary Potential. The CoI is con-
structed based on the citation relationships of an-
chor papers, enabling the retrieval of many cross-
disciplinary works. We analyzed 50 CoI instances
comprising a total of 213 papers. Using GPT-4o,
we evaluated whether these papers belong to the
same academic field as the input topic. Notably,
29.64% of the papers were classified as from dif-
ferent fields. This shows that CoI Agent holds
significant potential for supporting ideas with mul-
tidisciplinary knowledge.

Feasibility Tech. Clarity Average

M
od

el
E

va
lu

at
io

n Real Paper 1100 1122 1090 1103
CoI Agent (ours) 1029 1096 1043 1056
RAG 1022 970 1016 1003
ResearchAgent 960 1020 980 987
GPT-Researcher 1001 965 992 986
AI-Scientist 888 827 879 865

H
um

an
E

va
lu

at
io

n Real Paper 1138 1111 1111 1120
CoI Agent (ours) 1092 1123 1121 1112
RAG 1035 1041 1048 1042
GPT-Researcher 988 977 971 978
ResearchAgent 939 959 964 954
AI-Scientist 809 788 785 794

Agreement 70.7% 75.9% 72.1% 73.0%

Table 5: Results of experiment design of both model and
human evaluations, as well as their agreements. Tech.
refers to the Technical Quality criterion.

Experiment Design. As a byproduct of idea gen-
eration, we also require baselines to develop poten-
tial experiment designs for realizing their proposed
ideas. Table 5 shows the arena-style results for
experiment designs under both model-based and
human-based evaluations6. Our CoI Agent outper-
forms all automated methods across all criteria in
two evaluation settings. Notably, it surpasses RAG,
the second-best automated method, by 70 ELO
points in human evaluation. Furthermore, there is
also a high degree of model-human agreement in
the experimental designs.

6 Conclusions

We introduce Chain of Ideas (CoI) agent, a frame-
work designed for generating novel research ideas.
CoI agent offers a promising and concise solu-
tion by organizing ideas into a chain structure, ef-
fectively mirroring the progressive development
within a given research domain. It helps LLMs bet-
ter understand current research to improve ideation.
To comprehensively evaluate the capability of au-
tomated idea generation methods, we also propose
Idea Arena, an evaluation system that requires par-
ticipants to compete in pairs about their generated
ideas for the research topics, which demonstrates
high agreement with human evaluation. Experi-
mental results indicate that CoI agent consistently
outperforms other methods and is capable of gener-
ating ideas comparable to human creativity.

6SciAgent and AI-Researcher do not support experiment
design, which we exclude from this experiment.
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Limitations

While the CoI Agent produces clear and techni-
cally sound ideas and experiment designs, they
often lack feasibility compared to human ideas and
experiments. This underscores feasibility as both
a critical bottleneck in automated research innova-
tion and a key area for future focus. Additionally,
our current methodology is confined to the design
phase. A significant future research direction in-
volves enabling the Agent to autonomously con-
duct experiments based on its designs and refine
its ideas based on the feedback from experimental
results.

Ethic discussion

The integration of advanced AI tools like our pro-
posed framework, CoI, into the research lifecycle
necessitates a thorough consideration of the asso-
ciated ethical landscape. The potential for misuse
of AI-generated research ideas is a significant con-
cern, but it is part of a broader set of challenges
inherent to all generative models. These include:
(1) Data Privacy, as automated research tools may
process sensitive or proprietary information; (2) In-
tellectual Property, which raises complex questions
about the ownership of AI-assisted discoveries; (3)
Algorithmic Bias, where the model may perpetuate
or amplify existing biases, leading to a narrower
or skewed exploration of the scientific space; and
(4) Broader Social Impacts, including the potential
to accelerate dual-use research. We contend that
these are fundamental challenges for the field, re-
quiring sustained and collaborative safety research
within the academic community. To this end, we
conducted a targeted safety evaluation. The analy-
sis, detailed in Appendix A.5, empirically demon-
strates that our CoI framework does not degrade
the inherent safety alignment of the foundational
LLMs it utilizes.
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A Appendix

A.1 Discussion on Determining Related Work

When conducting backward literature retrieval, we
utilize LLMs to read and analyze the entire pa-
per, extracting the most pertinent references. This
approach allows us to accurately pinpoint litera-
ture closely associated with our current research,
such as baseline papers or foundational studies that
have been improved upon. For forward literature
searches, we identify relevant papers that cite the
current work and rank them using cosine similarity.
This is crucial because forward retrieval encom-
passes all papers published after the target paper,
resulting in a vast search space. To manage opera-
tional costs, we employ citation networks to narrow
the search scope and use cosine vector similarity to
reduce comparison costs.

A.2 Evaluation Metrics

As shown in Tables 7 and 8, evaluation criteria for
generated ideas include several key aspects. Nov-
elty and Significance are adapted from the ICML
2020 reviewer guidelines, with specific experimen-
tal evaluation standards removed. Effectiveness
is assessed with reference to AI-Researcher (Si
et al., 2024), while Feasibility is tailored specifi-
cally for the task of Idea generation. Clarity is also
sourced from the ICML 2020 reviewer guidelines.
For the evaluation of experiment design, the crite-
ria consist of Quality, extracted from the Technical
Quality section of the ICML 2020 guidelines with
specific results-oriented standards omitted, as well
as Clarity, again based on ICML 2020 guidelines.
Feasibility is designed specifically for the task of
experiment design generation.

A.3 Training process for human evaluation

Given that our human experts are experienced re-
viewers for prestigious AI conferences, we delib-
erately minimized training interference to preserve
their independent judgment. We provide them
with the same evaluation rubrics (Table 7 and Ta-
ble 8) used for LLM assessment. We also give
positive/negative examples about these evaluation
rubrics in Table 9 and Table 10. We receive feed-
back from these experts if they agree with the anno-
tation guidelines and make modifications for better
demo examples. Once we confirmed that all ex-
perts fully understood the evaluation criteria, these
experts proceeded with their assessment and anno-
tation.

A.4 Case Study

In Tables 30 and 31, we present the different ideas
generated by the CoI Agent and the Research
Agent on the same topic: Fine-tuning large lan-
guage models for medical tasks. As shown, the
idea proposed by the Research Agent merely ap-
plies Chain-of-Thought (CoT) data directly to the
medical domain, lacking deeper insights or novel
adaptations. In contrast, the CoI Agent builds
upon previous research by conducting a more thor-
ough analysis of existing limitations. It introduces
innovative strategies—such as experiential learn-
ing, structured feedback loops, and self-reflection
modules—specifically tailored to address key chal-
lenges in medical scenarios. These enhancements
demonstrate that, under the same topic, the CoI
Agent offers a more in-depth and thoughtful ap-
proach, resulting in more original and context-
aware solutions.

Additionally, Table 32 showcases the ideas gen-
erated by CoI Agent regarding superconductivity
research, demonstrating the versatility of our ap-
proach across different scientific domains.

A.5 Ethic results

To test if CoI will generate unsafe research ideas,
we try two unsafe topics: "Artificial intelligence
weaponization", and "Development of highly addic-
tive and lethal drugs". For each topic, we generate
10 ideas.

Among 10 ideas about "artificial intelligence
weaponization", four of them focus on the ethical
issues surrounding AI weapons, such as establish-
ing guidelines for their use, enhancing account-
ability and oversight mechanisms, and preventing
ethical dilemmas. Another four ideas address the
enhancement of safety in the use of AI weapons,
including methods to distinguish between civilians
and combatants, increase human involvement, and
build robustness against errors. The remaining two
ideas discuss ways to increase the transparency of
AI weapons and improve their interpretability to
ensure compliance with international humanitarian
law.

Among 10 ideas about "Development of Highly
Addictive and Lethal Drugs", six ideas focus on
researches on predicting and preventing addictive
behaviors. The remaining four ideas concentrate on
predicting and preventing substance abuse among
youth in the community and treating addictive be-
haviors.
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It can be observed that even when CoI is pre-
sented with potentially unsafe topics, it consistently
suggests safe and reliable ideas. This is partly be-
cause most current LLMs have undergone safety
alignment. Additionally, the construction process
of CoI involves searching for publicly available re-
search papers on the internet and conducting further
research based on them. The majority of accessible
papers tend to present positive perspectives, which
in turn guides CoI to propose ideas that are more
in line with ethical standards.

A.6 Prompts used in CoI Agent

Here are the prompts used in this paper.

• Prompts used in CoI construction

– Prompt used to convert a topic into a
search query for literature retrieval (Ta-
ble 11)

– Prompt used to evaluate whether a paper
is relevant to the topic (Table 12)

– Prompt used to extract idea, experiment,
entities and references from paper (Table
13) and 14

– Prompt used to summarize current trends
of CoI (Table 15)

• Prompts used in idea generation

– Prompt used to predict future trend (Ta-
ble 16

– Prompt used to generate idea (Table 17
and 18)

– Prompt used to check the novelty of the
idea (Table 19)

• Prompts used in experiment design

– Prompt used to generate experiment de-
sign (Table 20)

– Prompt used to review experiment design
(Table 21)

– Prompt used to get queries for search
paper to refine experiment design (Table
22)

– Prompt used to refine experiment (Table
23)

• Prompts used in benchmark construction

– Prompt used to extract topic from real
paper (Table 24)

– Prompt used to extract the idea from real
paper (Table 25)

– Prompt used to extract the experiment
design from real paper (Table 26)

• Prompts used in idea arena

– Prompt used to compare two ideas (Table
27)

– Prompt used to compare two experiment
designs (Table 28)
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Input topic: Using LLM agent to generate novel and original research ideas without human participation

Chain of ideas:
• I−3 (Kim et al., 2021): It addresses the challenge of discovering new materials through molecular generation. It introduces

GCT, a Transformer with a variational autoencoder, to generate SMILES strings . . .
• I−2 (Boiko et al., 2023): It explores the capabilities of LLM in designing, and executing experiments for scientific research.

This work presents a multi-LLM agent to autonomously execute complex scientific experiments via internet browsing,
documentation searching, and hands-on experimentation . . .

• I−1 (Yang et al., 2024b): It proposes a new dataset for social science hypotheses and develops a MOOSE framework with
LLM prompting and feedback mechanisms to facilitate hypothesis generation . . .

• I0 (Baek et al., 2024): It proposes a ResearchAgent framework for automatic idea generation. ResearchAgent combines
LLMs with an entity-centric knowledge graph and iterative feedback from reviewing agents, creating a structured and dynamic
process for generating and refining research ideas . . .

• I1 (Si et al., 2024): The paper explores the capabilities of LLMs in generating novel research ideas and presents a large-scale
comparison between LLM-generated ideas and those produced by 100 NLP expert researchers, revealing that LLMs can
produce ideas deemed more novel than human-generated ideas . . .

Current Trends:
• I−3 → I−2: The progression from I−3 to I−2 marks a significant shift from the application of neural models for molecular

generation to the broader scope of automating scientific research using LLMs . . .
• I−2 → I−1: The transition from I−2 to I−1 focuses on refining the autonomous induction capabilities of LLMs, specifically

in generating novel and valid scientific hypotheses . . .
• I−1 → I0: I0 builds on the advancements made in I−1 by further extending the process of generating hypotheses to generating

and refining research ideas autonomously . . .
• I0 → I1: The transition from I0 to I1 emphasizes the importance of empirical validation of LLMs in

generating novel research ideas and highlights the potential of LLMs to contribute to ideation . . .

Future Trend Prediction: Given the previous research’s progression and the identified gaps, a promising
direction is to unleash the potential of LLM in ideation. We can develop a multi-agent system that leverages
evolutionary algorithms to enhance the diversity and novelty of LLM-generated research ideas . . .

Final Idea: EvoResearchAgent: Enhancing Diversity and Novelty in Idea Generation with Evolution
• Motivation: Using LLMs for idea generation has shown promising advancements. However, challenges per-

sist, particularly concerning the diversity and novelty of LLM-generated ideas. (Si et al., 2024) show that while
LLMs can produce novel ideas, they often lack a broad range of perspectives and diversity. Addi-
tionally, (Baek et al., 2024) have emphasized the need for a more systematic approach to improving
the quality of generated ideas. To address these issues, we propose EvoResearchAgent, a multi-agent
system that leverages evolutionary algorithms to enhance the diversity and novelty of generated ideas . . .

• Method:
◦ Idea Initialize: An LLM generates some initial ideas as the start point of the evolutionary process . . .
◦ Metrics: Propose automatic metrics like topic diversity and novelty to evaluate the range of ideas . . .
◦ Evolution Integration:

1. Selection: Select the top ideas based on predefined novelty and diversity metrics.
2. Crossover: Combine elements of two high-scoring ideas to create new hybrid ideas.
3. Mutation: Introduce small changes to existing ideas for new possibilities and diversity.
4. Iteration: Repeat the selection, crossover, and mutation process iteratively . . .

Table 6: Case study for the entire idea generation pipeline of our CoI agent.
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Figure 6: Pearson correlation coefficient of evalua-
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Metric Definition
Novelty Are the problems or approaches new? Is this a novel combination of

familiar techniques? Is it clear how this work differs from previous
contributions? Is related work adequately referenced?

Significance Are the idea important? Are other people (practitioners or re-
searchers) likely to use these ideas or build on them? Does the
idea address a difficult problem in a better way than previous re-
search? Does it provide a unique theoretical or pragmatic approach?

Clarity Is the idea clearly written? Is it well-organized? Does it adequately
inform the reader?

Feasibility Can the idea be realized with existing technology or methods? Are
there any technical difficulties or bottlenecks? Is the idea clear and
logical? Is there any obvious error or unreasonable part in the idea,
and can the experiment be designed normally according to this idea.

Expected Effectiveness How likely the proposed idea is going to work well (e.g., better than
existing baselines).

Table 7: Evaluation metrics of ideas.

Metric Definition
Feasibility Can the experiment be realized with existing technology or methods? Are there

any technical difficulties or bottlenecks? Is the experimental plan detailed and
feasible? Are the experimental steps clear and logical? Is there any obvious
error or unreasonable part in the experiment. Consider the rationality of its
steps and the possibility that the idea can be successfully implemented.

Quality Is there a clear rationale for each step of the experimental design? Are the
baseline and evaluation metrics chosen appropriately? Has the design taken
into account the potential advantages and limitations of the methods used? Can
this experimental design effectively support the claims made in the idea.

Clarity Is the experimental plan clearly written? Dose it provide enough information
for the expert reader to understand the experiment? Is it well organized? Does
it adequately inform the reader?

Table 8: Evaluation metrics of experiment design.
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Metric Positive samples Negative sample
Novelty Idea: Proposed a novel approach that el-

egantly combines diffusion models with
Neural Radiance Fields (NeRF) for dy-
namic 3D scene generation.
Reason: This work innovatively inte-
grates two cutting-edge technologies,
represents an unexplored research di-
rection, and significantly differentiates
itself from existing work.

Idea: Improving image classification ac-
curacy using ResNet architecture.
Reason: This represents a conventional
approach that has been extensively stud-
ied in the field, offering neither fresh
technical perspectives nor innovative
contributions. The methodology is well-
trodden and lacks originality.

Significance Idea: Designing a novel transformer ar-
chitecture that significantly reduces the
computational complexity of attention
mechanisms.
Reason: Addresses a critical practical
challenge, offers substantial value in
model efficiency improvement, and has
broad application potential.

Idea: Applying various data augmenta-
tion methods to the MNIST dataset.
Reason: The problem is overly simplis-
tic, offers limited research value, and
makes minimal contribution to field ad-
vancement.

Clarity Idea: Proposing a contrastive learning-
based semi-supervised method that en-
hances model performance by maximiz-
ing intra-class similarity while minimiz-
ing inter-class similarity
Reason: The methodology is clearly ar-
ticulated, objectives are well-defined,
and the approach is easily comprehensi-
ble.

Idea: Optimizing deep learning frame-
work performance through multimodal
fusion and dynamic adjustment.
Reason: The description lacks speci-
ficity, fails to detail fusion and adjust-
ment methods, making it difficult for
readers to grasp the concrete methodol-
ogy.

Feasibility Idea: Designing a prompt tuning
method based on existing pre-trained
models for rapid adaptation using lim-
ited labeled data.
Reason: Built upon mature technology,
offers clear implementation path, and
maintains reasonable technical require-
ments.

Idea: Building an AGI system capable
of fully understanding human emotions.
Reason: Exceeds current technological
capabilities and lacks concrete, viable
implementation strategies.

Expected Ef-
fectiveness

Idea: Enhancing language model fac-
tual accuracy through domain knowl-
edge constraints.
Reason: The approach is well-reasoned,
supported by solid theoretical founda-
tions, and likely to yield performance
improvements.

Idea: Improving model performance by
randomly shuffling training data order.
Reason: Lacks theoretical foundation
and is unlikely to produce significant
improvements.

Table 9: Examples of Idea Judgement.
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Metric Positive samples Negative sample
Feasibility Experiment: Fine-tune BERT with

10,000 annotated domain samples.
Steps: 1) Data preprocessing and clean-
ing; 2) Training with Adam optimizer,
learning rate 2e-5, batch size 32, for 10
epochs; 3) Validate per epoch to select
the best model.
Reason: Clear steps, reasonable param-
eters, moderate resource requirements,
practically implementable.

Experiment: Train a language model
larger than GPT-4 using all Chinese text
data from the internet, with 10 million
GPUs for 3 years.
Reason: Unrealistic resource demands,
impractical data collection, excessive
timeline.

Quality Experiment: Evaluate against BERT,
RoBERTa, and XLNet baselines using
accuracy, F1-score, and ROC curves.
Conduct 5-fold cross-validation on
three public datasets with ablation stud-
ies.
Reason: Comprehensive baselines, ap-
propriate metrics, rigorous validation
design.

Experiment: Run the improved model
on test set and report if results look
good.
Reason: Lacks control groups, insuffi-
cient evaluation metrics, no statistical
validation.

Clarity Experiment: Experiment steps: 1) Data
processing: specified cleaning criteria.
2)Model architecture: detailed parame-
ters 3)Training: environment and hyper-
parameters 4)Evaluation: metrics calcu-
lation methods
Reason: Well-structured, detailed, re-
producible.

Experiment: Process data using deep
learning, then train and test.
Reason: Too vague, lacks technical de-
tails, unclear workflow.

Table 10: Examples of Experiment Design Judgement.

Table 11: Prompt used to convert a topic into a search query for literature retrieval

You are a master of literature searching, tasked with finding relevant research literature

based on a specific topic.

Currently, we would like to study the following topic: [Topic]

Please provide the literature search queries you would use to search for papers related to the

topic and idea.

Each query should be a string and should be enclosed in double quotes. It is best to output one

query representing the whole and other queries representing different aspects of the whole.

Output strictly in the following format:

Queries: . . .
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Table 12: Prompt used to evaluate whether a paper is relevant to the topic

You are an expert researcher tasked with evaluating whether a given paper is relevant to our

research topic based on its title and abstract.

Below are the details of the paper you need to assess:

Title: [Title]

Abstract: [Abstract]

The topic is: [Topic]

If the paper title and abstract are related to the topic, output 1; otherwise, output 0. As

long as you feel that this article has reference value for your question, you can use it to

help you study the topic, it does not need to be completely consistent in topic.

Please follow the strict format below:

Think: . . .

Relevant: 0/1

Table 13: Prompt used to extract idea, experiment, entities and references from paper (part I)

You are a scientific research expert, tasked with extracting and summarizing information from

provided paper content relevant to the topic: [Topic]. Your deliverables will include pertinent

references, extracted entities, a detailed summary, and the experimental design.

The topic you are studying is: [Topic] (Ensure that the references are pertinent to

this topic.)

Extraction Requirements:

Entities:

1. Identify unique entities mentioned in the paper, such as model names, datasets, metrics,

and specialized terminology.

2. Format the entities with a name followed by a brief description.

3. Ensure all entities are relevant to the specified topic ([Topic]).

Summary Idea:

1. Background: Elaborate on the task’s context and previous work, outlining the starting point

of this paper.

2. Novelty: Describe the main innovations and contributions of this paper in comparison to

prior work.

3. Contribution: Explain the primary methods used, detailing the theory and functions of each

core component.

4. Detail Reason: Provide a thorough explanation of why the chosen methods are effective,

including implementation details for further research.

5. Limitation: Discuss current shortcomings of the approach.

Experimental Content:

1. Experimental Process: Detail the entire experimental procedure, from dataset construction

to specific steps, ensuring clarity and thoroughness.

2. Technical Details: Describe any specific technologies involved, providing detailed

implementation processes.

3. Clarity of Plan: State your experimental plan concisely to facilitate understanding without

unnecessary complexity.

4. Baseline: Elaborate on the baseline used, comparative methods, and experimental design,

illustrating how these support and validate the conclusions drawn.

5. Verification: Explain how your experimental design assists in verifying the core idea and

ensure it is detailed and feasible. Continue to next table →

8989



Table 14: Prompt used to extract idea, experiment, entities and references from paper (part II)

Relevance Criteria:

1. Method Relevance: References must directly correlate with the paper’s methodology, indicating

improvements or modifications.

2. Task Relevance: References should address the same task, even if methods differ, better have

the same topic [Topic]

3. Baseline Relevance: References should serve as baselines for the methods discussed in the

paper.

4. Output Format: Provide references without author names or publication years, formatted as

titles only.

The paper content is as follows: [Paper content]

Please provide the entities, summary idea, experimental design, and the three most relevant

references (Sort by relevance, with priority given to new ones with the same level of relevance,

do not reference the original paper.) based on the paper’s content.

Note: Ensure the references are pertinent to the topic you are studying: [Topic]. If there are

no relevant references, output [].

Now please output strictly in the following format:

Entities: . . .

Idea: . . .

Experiment: . . .

References: . . .

Table 15: Prompt used to get trends of CoI

You are a scientific research expert tasked with summarizing the historical progression of

research related to our current topic, based on the literature we have reviewed.

Here are the entities you need to know : [Entities]

The topic you are studying is: : [Topic]

The literature from early to late: [Idea chain]

Your objective is to outline the historical evolution of the research in light of current

trends. Please follow these requirements:

Analysis of Published Viewpoints: Examine the progression of ideas across the identified papers.

Detail how each paper transitions to the next—for instance, how Paper 0 leads to Paper 1, and

so forth. Focus on understanding how Paper 1 builds upon the concepts in Paper 0. Elaborate

on specific advancements made, including proposed modules, their designs, and the rationale

behind their effectiveness in addressing previous challenges. Apply this analytical approach

to each paper in the sequence.

Please present your findings in the following format:

Trends:

Paper 0 to Paper 1: . . .

Paper 1 to Paper 2: . . .

. . .
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Table 16: Prompt used to predict future trend

You are a scientific expert tasked with formulating a novel and innovative research idea based

on your comprehensive literature review. Your objective is to propose a feasible approach that

could significantly advance the field.

Here are the entities you need to know : [Entities]

The literature you have studied is as follows: [Chain of ideas]

The following section delineates the progressive relationships among the previously summarized

research papers: [Trend]

Based on previous research, analyze how human experts think and transition from previous

methods to subsequent approaches. Focus on their reasoning logic and the sources of their

thought processes. Learn to emulate their reasoning patterns to further develop and guide your

own research direction in a natural and coherent manner.

Additionally, you are encouraged to adopt the following three modes of thinking:

1. Reflection: Reflect on scenarios where a specific method encounters significant challenges.

Consider potential solutions that could effectively address these issues, make the solutions

sounds reasonable, novel and amazing.

2. Analogy: Identify a specific problem you are currently facing and research existing solutions

that have successfully tackled similar challenges. Explore these solutions and adapt key

principles and strategies to your situation. Think creatively about how tools and approaches

from other domains can be re-imagined to devise a novel strategy for your issue. Encourage you

to actively explore methods in other fields to solve your current problems.

3. Deep Dive: Some methods may present specific approaches to addressing a particular problem.

Consider whether there are aspects that could be modified to enhance their rationale and

effectiveness.

Note:Each article’s limitations are specific to that particular piece and should not be applied

to others. Carefully consider the task at hand and analyze the potential issues you might

encounter if you proceed with your original approach, reflecting on the challenges previously

faced. Then, think critically about how to address these issues effectively.

You are encouraged to apply human reasoning strategies to identify future research directions

based on prior studies. Aim for in-depth analysis rather than mere integration of existing

ideas. Please avoid introducing unfamiliar information, ensuring that the trends you present

are both authentic and reasonable. Before proposing any trends, take a moment to reflect on the

principles underlying the methods you’re employing and assess their relevance to your research

area.

The future research direction should be related to the topic: [Topic]

Please present the future research direction in the following format:

Future direction: . . .
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Table 17: Prompt used to generate idea (part I)

You are a scientific expert tasked with formulating a novel and innovative research idea based

on your comprehensive literature review. Your objective is to propose a feasible approach that

could significantly advance the field.

The following are examples of ideas you have proposed in the past that are similar to real

papers. Please avoid this situation as much as possible. You can continue to make in-depth

innovations, but avoid plagiarism: [Bad case]

Here are the entities you need to know: [Entities]

The topic you are studying is: [Topic]

The literature you have studied is as follows: [Chain of ideas]

Your idea is composed of the following components:

Motivation:

1. Provide a background for your idea, summarizing relevant work.

2. Identify shortcomings in previous research and highlight the specific problems that remain

unsolved and that you aim to address.

Novelty:

1. Distinguish your proposed method from existing methods (preferably by naming specific

approaches).

2. Detail the improvements of your method compared to past work.

3. Clearly outline at least three contributions your idea offers to the field, including the

problems it resolves and the benefits it delivers.

Method:

1. Present a detailed description of your idea, focusing on the core method, the specific problem

it solves, and enhancements over earlier research (citing relevant literature with titles).

2. Explain the step-by-step methodology, including the functions of each module and the rationale

for why this approach effectively addresses previous challenges.

Please adhere to the following guidelines:

1. Your research idea should be innovative, feasible, and contribute meaningfully to the field.

Please carefully examine the idea you have proposed, avoid immediate perception, and try to be

different from the previous methods as much as possible.

2. Ensure your proposal is solid, clearly defined, and practical to implement. Logic should

underpin your reasoning.

3. Write in clear, concise language aimed at an audience with limited background knowledge in

the subject. Avoid complex technical jargon, but when professional terms are necessary, provide

thorough explanations.

4. Refrain from introducing concepts from uncertain fields to prevent proposing ideas that may

be incorrect or impractical.

5. When referencing other research, please include the titles of the cited papers.

6. Please avoid introducing unfamiliar information, ensuring that the trends you present are

both authentic and reasonable. Before proposing any trends, take a moment to reflect on the

principles underlying the methods you’re employing and assess their relevance to your research

area.

Continue to next table →

8992



Table 18: Prompt used to generate idea (part II)

7. Each article’s limitations are specific to that particular piece and should not be applied

to others. Carefully consider the task at hand and analyze the potential issues you might

encounter if you proceed with your original approach, reflecting on the challenges previously

faced. Then, think critically about how to address these issues effectively.

The following section delineates the progressive relationships among the previously summarized

research papers: [Trend]

The following section outlines the potential future research directions based on the literature

you have studied: [Future direction]

Please output your motivation,novelty,method firstly and then output your final idea.The final

idea should clearly explain the origins, motivation, and challenges of your idea, detailing

how you overcame these hurdles.

Please present the final idea in the following format:

Motivation: . . .

Novelty: . . .

Method: . . .

Final idea: . . .

Table 19: Prompt used to check the novelty of the idea

You are a scientific research expert tasked with evaluating the similarity between a specified

idea and existing research. Your objective is to determine if the target idea closely resembles

any findings in the provided papers.

The target idea you need to check is as follows: [Idea]

The relevant papers you need to refer to are as follows:[Content of retrieved papers]

Here are your guidelines:

1. Comparison Process: Begin by thoroughly comparing each paper’s ideas with the target idea.

Consider the methodologies, conclusions, and underlying concepts in each paper in your analysis.

2. Similarity Assessment: If the target idea shares fundamental similarities with any existing

research to the extent that they can be considered identical, classify this as plagiarism.

3. Output: Your output should provide a clear thought process, the similarity assessment, a

summary of the target idea, and the ID of the most relevant similar paper.

Please output strictly in the following format:

Think: . . .

Similar: 0/1

Summary of the idea: . . .

Similar paper id: 0 to n
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Table 20: Prompt used to generate experiment

You are a scientific expert tasked with designing rigorous, feasible experiments based on

specified scientific questions and the methodologies derived from the idea I provide, along

with relevant past research. Your goal is to assist researchers in systematically testing

hypotheses and validating innovative discoveries that could significantly advance their fields.

Past Related Research Experiments: [Past experiments]

Here are the entities you need to know: [Entities]

Here is the idea you need to design an experiment for: [Idea]

Please propose a detailed experimental plan addressing the following points:

1. Experimental Design: Develop rigorous experiments to ensure the reliability and validity of

your results. Provide a comprehensive explanation of the baseline used, comparative methods,

ablation study design, and criteria for data analysis and result evaluation. Clarify how these

components collectively reinforce and validate the conclusions of your research. Structure

your experimental design in a clear, logical, and step-by-step manner, ensuring each step is

well-defined and easy to understand.

2. Implementation of Technologies/Methods: If your experimental design involves specific

technologies or methodologies, describe the implementation process in detail, including

key technical aspects. For any critical concepts utilized, provide thorough explanations.

For instance, if you propose a modular approach, detail its construction, components, and

functionality.

3. Feasibility Assessment: Ensure your experimental plan is realistic, considering technological

availability, timelines, resources, and personnel. Identify potential challenges and propose

strategies for addressing them.

4. References to Previous Studies: When citing related literature, include titles and pertinent

details of the original papers. Strive to use as many references as necessary to support your

experimental design.

5. Visual Aids: If useful, provide pseudo code or a flowchart to illustrate the implementation

process. For example, you can use pseudo code to detail the core algorithm or the model

architecture, or employ a flowchart to map out the experimental procedure and data flow.

6. Clarity of Language: Use straightforward language to describe your methods, assuming the

reader may have limited knowledge of the subject matter. Avoid complex jargon and utilize

accessible terminology. If professional terms are necessary, please provide clear and detailed

explanations.

Please output strictly in the following format:

Experiment:

Step1: . . .

Step2: . . .

. . .
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Table 21: Prompt used to review experiment

You are an expert in paper review. Your task is to analyze whether a given experiment can

effectively verify a specific idea, as well as assess the detail and feasibility of the

experiment.

Here are the related entities you need to know: [Entities]

The idea presented is: [Idea]

The corresponding experiment designed for this idea is: [Experiment]

Please conduct your analysis based on the following criteria:

1. Can the experiment validate the idea? If not, identify the issues and suggest improvements

to enhance its verification capability and feasibility.

2. Are there specific experimental procedures that are confusing or poorly designed? Discuss

any methods that may not be feasible, uncertainties in constructing the dataset, or a lack of

explanation regarding the implementation of certain methods.

3. Evaluate the clarity, detail, reasonableness, and feasibility of the experimental design.

4. Provide suggestions for improving the experiment based on the shortcomings identified in

your analysis.

5. Focus solely on the experiment design; please refrain from altering the original idea.

6. Ensure that your suggestions are constructive, concise, and specific.

Please strictly follow the following format for output:

Suggestion: . . .

Table 22: Prompt used to get query for search paper to refine experiment

You are a research expert tasked with refining and improving an experimental plan based on the

feedback received.

The experimental plan you proposed is as follows: [Experiment]

You have received the following suggestions for improvement: [Suggestions]

Please decide whether you need to search for relevant papers to obtain relevant knowledge to

improve your experiment.

If you need to search for relevant papers, please provide a search query for literature search,

else provide "".

For example: if suggestions say that the dynamic query additional information and update

knowledge graph described in the experiment is not clearly described, so you need to output

"dynamic knowledge graph update".

Please output strictly in the following format:

Query:. . .
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Table 23: Prompt used to refine experiment

You are a research expert tasked with refining and improving an experimental plan based on the

feedback received.

The information of the literature you maybe need to refer to are as follows: [Searched

paper information]

The experimental plan you proposed is as follows: [Experiment]

Please propose a detailed experimental plan addressing the following points:

1. Experimental Design: Develop rigorous experiments to ensure the reliability and validity of

your results. Provide a comprehensive explanation of the baseline used, comparative methods,

ablation study design, and criteria for data analysis and result evaluation. Clarify how these

components collectively reinforce and validate the conclusions of your research. Structure

your experimental design in a clear, logical, and step-by-step manner, ensuring each step is

well-defined and easy to understand.

2. Implementation of Technologies/Methods: If your experimental design involves specific

technologies or methodologies, describe the implementation process in detail, including

key technical aspects. For any critical concepts utilized, provide thorough explanations.

For instance, if you propose a modular approach, detail its construction, components, and

functionality.

3. Feasibility Assessment: Ensure your experimental plan is realistic, considering technological

availability, timelines, resources, and personnel. Identify potential challenges and propose

strategies for addressing them.

4. References to Previous Studies: When citing related literature, include titles and pertinent

details of the original papers. Strive to use as many references as necessary to support your

experimental design.

5. Visual Aids: If useful, provide pseudo code or a flowchart to illustrate the implementation

process. For example, you can use pseudo code to detail the core algorithm or the model

architecture, or employ a flowchart to map out the experimental procedure and data flow.

6. Clarity of Language: Use straightforward language to describe your methods, assuming the

reader may have limited knowledge of the subject matter. Avoid complex jargon and utilize

accessible terminology. If professional terms are necessary, please provide clear and detailed

explanations.

You have received the following suggestions for improvement:[Suggestions]

Please refine your experimental plan based on the feedback provided. Ensure your refined plan

is feasible, clearly defined, and addresses the feedback you received.

Please output strictly in the following format:

Experiment: . . .
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Table 24: Prompt used to extract topic from real paper

You are a research expert tasked with extracting the main topic from the provided paper

information.

The main topic should encompass broad fields such as "Retrieve augment generation" or

"using diffusion models for video generation". However, it should also include a relevant task

to the topic, formatted as "topic:... task:...".

Please read the provided paper and extract only the topic, which should follow this structure.

The paper’s title is [Title]

The paper’s abstract is as follows: [Abstract]

The paper’s introduction is as follows: [Introduction]

Please output strictly in the following format:

topic: . . .

Table 25: Prompt used to extract idea from real paper

You are a research expert tasked with extracting the main idea from the provided paper

information.

The main idea should encompass the motivation, solved problem, novelty, method of the

paper.

Please read the provided paper and extract the main idea from the paper.

The paper content is as follows: [Content]

Idea is composed of the following components:

Motivation: Explain the background of the idea and past related work, identify the shortcomings

of past work, identify the problems that need improvement, and identify the issues the paper

want to address.

Novelty: Explain the differences between the method and the current method (preferably list

specific methods), explain what improvements the paper have made to the previous method, and

then identify the problems that can be solved and the benefits that can be gained from these

improvements.

Method: Provide a detailed description of your idea, including the core method, the problem it

solves, and the improvement compared with previous work(Cite the previous work with the title

of the paper). Explain the specific steps of the method, the specific functions of each module,

and the specific reasons why this method can solve the previous problem.

Here are some tips for extracting the main idea:

1. Make idea easy to understand, use clear and concise language to describe, assuming the

reader is someone who has few knowledge of the subject, avoid using complex technical terms,

and try to use easy-to-understand terms to explain.If the paper use some professional terms,

please explain them in detail.

2. When the paper cite other papers, please indicate the title of the original paper.

The final idea should be detailed and specific, clearly explain the origins, motivation,

novelty, challenge, solved problem and method of the paper, and detail how the overcame these

hurdles. Ensure your approach is innovative, specifying how this innovation is reflected in

your experimental design.

The final idea should be double-blind, i.e. no experimental results or codes should be shown.

Please output strictly in the following format:

Final idea: . . .
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Table 26: Prompt used to extract experiment from real paper

You are a research expert tasked with extracting the specific experiment steps from the provided

paper information.

The specific experiment steps should include the specific methods for each step.

Please read the provided paper and extract specific experiment steps from the paper.

The paper content is as follows: [Content]

There are some tips for extracting the experiment steps:

1. Detail the Experimental Process: Describe the entire experimental process, including how

to construct the dataset and each specific experimental step. Ensure that each experimental

method is clearly and thoroughly detailed.

2. If specific technologies are involved in the experimental design, describe the implementation

process in as much detail as possible (i.e., technical details)

3. Make sure your experimental plan is concise and clear, and can be easily understood by

others,should not be too complicated.

4. Please provide a detailed explanation of the baseline used in the paper, the comparative

methods, the ablation design and the experimental design. Specifically, elaborate on how these

elements collectively support and validate the conclusions drawn in your research.

5. Explain how your experimental design can help you verify the idea and how the experiment is

detailed and feasible.

Now please output strictly in the following format:

Experiment:

Step1: . . .

Step2: . . .

. . .
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Table 27: Prompt used to compare two ideas

You are a judge in a competition. You have to decide which idea is better.

The idea0 is: [idea0]

The idea1 is: [idea1]

The topic is: [topic]

Which idea do you think is better? Please write a short paragraph to explain your choice.

Here are your evaluation criteria:

1. Novelty: Are the problems or approaches new? Is this a novel combination of familiar

techniques? Is it clear how this work differs from previous contributions? Is related work

adequately referenced?

2. Significance: Are the idea important? Are other people (practitioners or researchers) likely

to use these ideas or build on them? Does the idea address a difficult problem in a better way

than previous research? Does it provide a unique theoretical or pragmatic approach?

3. Feasibility: Can the idea be realized with existing technology or methods? Are there any

technical difficulties or bottlenecks? Is the idea clear and logical? Is there any obvious

error or unreasonable part in the idea, and can the experiment be designed normally according

to this idea.

4. Clarity: Is the paper clearly written? Is it well-organized? Does it adequately inform the

reader?

5. Effectiveness: How likely the proposed idea is going to work well (e.g., better than

existing baselines).

Note:

Avoid any position biases and ensure that the order in which the responses were presented

does not influence your decision. DO NOT allow the LENGTH of the responses to influence your

evaluation, choose the one that is straight-to-the-point instead of unnecessarily verbose. Be

as objective as possible. (very important!!!)

If you think idea0 is better than idea1, you should output 0. If you think idea1 is better than

idea0, you should output 1. If you think idea0 and idea1 are equally good, you should output 2.

Your output should be strictly in following format:

Your thinking process: . . .

Your choice:

Novelty: 0/1/2

Significance: 0/1/2

Feasibility: 0/1/2

Clarity: 0/1/2

Effectiveness: 0/1/2
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Table 28: Prompt used to compare two experiments

You are a judge in a competition. You have to decide which experiment is better.

The idea of experiment0 is: [idea0]

The experiment0 is: [experiment0]

The idea of experiment1 is: [idea1]

The experiment1 is: [experiment1]

Which experiment do you think is better? Please write a short paragraph to explain your choice.

Here are your evaluation criteria:

1. Feasibility: Can the experiment be realized with existing technology or methods? Are there

any technical difficulties or bottlenecks? Is the experimental plan detailed and feasible? Are

the experimental steps clear and logical? Is there any obvious error or unreasonable part in

the experiment. Consider the rationality of its steps and the possibility that the idea can be

successfully implemented.

2. Quality: Is there a clear rationale for each step of the experimental design? Are the

baseline and evaluation metrics chosen appropriately? Has the design taken into account

the potential advantages and limitations of the methods used? Can this experimental design

effectively support the claims made in the idea.

3. Clarity: Is the experimental plan clearly written? Dose it provide enough information for

the expert reader to understand the experiment? Is it well organized? Does it adequately inform

the reader?

Note: Avoid any position biases and ensure that the order in which the responses were presented

does not influence your decision. DO NOT allow the LENGTH of the responses to influence your

evaluation, choose the one that is straight-to-the-point instead of unnecessarily verbose. Be

as objective as possible. (very important!!!)

If you think experiment0 is better than experiment1, you should output 0. If you think

experiment1 is better than experiment0, you should output 1. If you think experiment0 and

experiment1 are equally good, you should output 2.

Your output should be strictly in following format:

Your thinking process: . . .

Your choice:

Feasibility: 0/1/2

Quality: 0/1/2

Clarity: 0/1/2
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Novelty Significance Clarity Feasibility Effectiveness Average Rank

H
um

an

Real Paper 1081 1087 1139 1149 1126 1116 1
CoI Agent (ours) 1122 1117 1095 1078 1097 1102 2
RAG 1021 1037 1032 1046 1051 1037 3
GPT-Researcher 1003 1012 1006 1010 1014 1009 4
AI-Researcher 1016 986 1021 1002 995 1004 5
ResearchAgent 980 986 1017 994 991 994 6
SciAgent 938 949 928 929 926 934 7
AI-Scientist 841 826 762 793 799 804 8

G
PT

-4
o

Real Paper 1073 1091 1161 1184 1141 1130 1
CoI Agent (ours) 1156 1169 1092 1049 1181 1129 2
AI-Researcher 1133 1088 1106 1044 1103 1095 3
GPT-Researcher 993 1020 1015 1045 1021 1019 4
ResearchAgent 1007 1049 1032 957 1038 1017 5
RAG 888 911 985 1040 937 952 6
SciAgent 891 857 822 840 769 836 7
AI-Scientist 858 815 788 841 811 822 8

G
em

in
i1

.5
-P

ro CoI Agent (ours) 1143 1167 1096 1071 1156 1127 1
Real Paper 1092 1106 1145 1155 1130 1126 2
AI-Researcher 1133 1090 1106 1045 1101 1095 3
GPT-Researcher 994 1010 1020 1046 1019 1018 4
ResearchAgent 993 1020 1019 971 1028 1006 5
RAG 899 925 980 1008 948 952 6
AI-Scientist 855 825 813 864 847 841 7
SciAgent 890 858 820 841 770 836 8

C
la

ud
e-

3.
5-

So
nn

et Real Paper 1091 1120 1178 1174 1181 1149 1
CoI Agent (Ours) 1169 1190 1056 995 1188 1120 2
AI-Researcher 1135 1091 1108 1044 1104 1097 3
GPT-Researcher 985 999 1031 1060 1007 1016 4
ResearchAgent 1006 1041 1050 942 1034 1015 5
RAG 883 912 997 1055 918 953 6
SciAgent 889 855 819 841 764 834 7
AI-Scientist 843 792 761 889 804 818 8

Table 29: Evaluation results of idea generation for both model-based evaluation and human-based evaluation.
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Input topic: Fine-tuning large language models for medical task
Title: Human-Inspired Iterative Learning (HIL) for Fine-Tuning Large Language Models in Medical Question Answering
Origins and Motivation: he rapid advancements in large language models (LLMs) have shown promising results in various
domains, including natural language processing and medical question answering. However, these models still face significant
challenges in the medical field, such as factual inaccuracies, limited reasoning capabilities, and the scarcity of high-quality
labeled data. Previous works, such as ClinicalGPT, have addressed some of these issues by incorporating diverse real-world
medical datasets and comprehensive evaluation frameworks. Despite these advancements, the methods still rely heavily on
large-scale datasets, which are difficult to obtain and may not cover all medical subdomains adequately.
The persistent tension between helpfulness and harmlessness in LLMs, as highlighted in T̈raining a Helpful and Harmless
Assistant with Reinforcement Learning from Human Feedback,änd the dependency on human-annotated datasets, as addressed in
S̈elf-Alignment with Instruction Backtranslation,ïndicate a need for more efficient and scalable approaches to fine-tuning models
for domain-specific tasks. Additionally, the parameter-efficient fine-tuning approach introduced in L̈LaMA-Adapteränd the
self-specialization method in S̈elf-Specialization: Uncovering Latent Expertise within Large Language Modelsp̈rovide insights
into reducing resource requirements and improving model performance with minimal supervision.
Challenges and Solutions:
1. Factual Inaccuracies: Traditional fine-tuning methods may not capture the nuances of complex medical scenarios, leading
to inaccuracies. - Solution: Integrate experiential learning by simulating real-life medical interactions, providing context-rich
experiences for the model.
2. Limited Reasoning Capabilities: Iterative refinement of model performance is challenging due to the static nature of traditional
fine-tuning. - Solution: Implement a structured feedback loop where medical professionals provide iterative feedback on model
responses for continuous improvement.
3. Scarcity of High-Quality Labeled Data: Dependency on large-scale labeled datasets limits scalability and efficiency. - Solution:
Introduce a self-reflection module where the model evaluates its own responses, identifies errors, and iteratively improves its
performance.
Novel Approach:
Our proposed research introduces Human-Inspired Iterative Learning (HIL) for fine-tuning large language models in medical
question answering. This method integrates human-inspired learning strategies, such as experiential learning, iterative feedback,
and self-reflection, into the training process. The key differences and improvements over existing methods are as follows:
1. Experiential Learning Integration: Unlike traditional fine-tuning methods, HIL incorporates experiential learning by simulating
real-life medical scenarios and interactions, allowing the model to learn from context-rich experiences.
2. Iterative Feedback Mechanism: Building on the iterative online training approach from RLHF, HIL includes a structured
feedback loop where medical professionals provide iterative feedback on model responses, enabling continuous refinement and
improvement.
3. Self-Reflection Module: Inspired by the self-curation process in instruction backtranslation, HIL introduces a self-reflection
module where the model evaluates its own responses, identifies errors, and iteratively improves its performance.
Contributions:
1. Enhanced Accuracy and Reliability: By incorporating experiential learning and iterative feedback from medical professionals,
HIL improves the accuracy and reliability of medical question-answering systems.
2. Scalability and Efficiency: The self-reflection module reduces dependency on large-scale labeled datasets, making the
fine-tuning process more scalable and resource-efficient.
3. Domain-Specific Expertise: HIL transforms generalist models into domain-specific experts with minimal supervision,
effectively addressing the challenges of specialized knowledge acquisition in the medical field.
Method:
The core method of Human-Inspired Iterative Learning (HIL) involves three main components: experiential learning, iterative
feedback, and self-reflection. The detailed steps are as follows:
1. Experiential Learning Integration: - Problem: Traditional fine-tuning methods lack context-rich experiential learning, limiting
the model’s ability to understand complex medical scenarios. - Solution: Simulate real-life medical scenarios and interactions
using datasets such as MedDialog and MD-EHR. The model engages in simulated patient consultations and diagnostic analysis,
learning from context-rich experiences.
2. Iterative Feedback Mechanism: - Problem: Existing methods like RLHF (T̈raining a Helpful and Harmless Assistant with
Reinforcement Learning from Human Feedback)̈ face challenges in continuously refining model performance. - Solution:
Implement a structured feedback loop where medical professionals review and provide feedback on model responses. This
feedback is used to iteratively refine the model’s performance, ensuring continuous improvement.
3. Self-Reflection Module: - Problem: The dependency on large-scale labeled datasets restricts the scalability and efficiency of
fine-tuning. - Solution: Introduce a self-reflection module where the model evaluates its own responses, identifies errors, and
iteratively improves its performance. This module leverages techniques from S̈elf-Alignment with Instruction Backtranslationänd
S̈elf-Specialization: Uncovering Latent Expertise within Large Language Models,s̈uch as self-curation and seed demonstrations.
Implementation Steps:
1. Data Collection and Simulation: Gather diverse medical datasets (e.g., MedDialog, MD-EHR) to simulate real-life medical
scenarios and interactions.
2. Experiential Learning Phase: Fine-tune the model using simulated medical interactions, allowing it to learn from context-rich
experiences.
3. Iterative Feedback Integration: Establish a feedback loop where medical professionals review model responses and provide
iterative feedback. Incorporate this feedback into the model’s training process.
4. Self-Reflection and Evaluation: Implement the self-reflection module where the model evaluates its own responses, identifies
errors, and iteratively improves its performance. Use evaluation metrics such as BLEU, ROUGE, and GLEU to assess progress.
5. Continuous Improvement: Repeat the experiential learning, iterative feedback, and self-reflection phases to ensure continuous
refinement and enhace the medical question-answering capabilities of the model.

Table 30: Case Study of CoI Agent
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Input topic: Fine-tuning large language models for medical task
Title: Enhancing Medical Question-Answering with Synergized Continuous Training and Chain-of-Thought Prompting
Introduction: The rapid advancement of large language models (LLMs) has opened new possibilities for domain-specific
applications, particularly in the healthcare sector. However, existing models often fall short in complex reasoning tasks required
for accurate medical question-answering. This research aims to explore the integration of continuous training and chain-of-
thought prompting to enhance the reasoning capabilities of domain-specific language models in the Chinese medical context.
Our goal is to develop a model that not only retrieves relevant information but also provides logically coherent and contextually
accurate answers, thereby improving diagnostic support tools.
Motivation: The rationale for this research stems from two key insights derived from existing studies:
1. Continuous Training for Domain Adaptation: The target paper demonstrated the effectiveness of continuous training in
adapting Llama 2 models to the Chinese medical domain, focusing on vocabulary and knowledge acquisition.
2. Chain-of-Thought Prompting for Enhanced Reasoning: Related papers highlighted the significant improvements in reasoning
abilities achieved through chain-of-thought prompting, where models are guided through intermediate reasoning steps.
By combining these methodologies, we hypothesize that the integration of continuous training with chain-of-thought prompting
will result in a model that excels in both knowledge retrieval and complex reasoning, thereby providing superior performance in
medical question-answering tasks.
Research Objectives:
1. Develop a Synergized Training Framework: Integrate continuous training with chain-of-thought prompting to enhance the
reasoning capabilities of a domain-specific language model.
2. Create Evaluation Metrics: Define and implement specific metrics to evaluate the improvements in reasoning, diagnostic
support, and contextual relevance.
3. Real-World Validation: Conduct pilot studies and case studies in medical institutions to validate the practical utility and
impact of the enhanced model.
Scientific Method:
1. Pre-Study Phase: Data Preparation and Initial Training
- Data Collection: Compile an extensive dataset comprising Chinese medical literature, textbooks, research papers, and real-world
medical question-answering pairs from Chinese medical databases and forums.
- Initial Training: Apply continuous training on the Llama 2 base model using 1B tokens from the collected medical literature to
instill relevant vocabulary and domain-specific knowledge.
2. Chain-of-Thought Prompting Integration
- Prompt Engineering: Design chain-of-thought prompts tailored to medical reasoning, such as symptom analysis, differential
diagnosis, and treatment recommendations.
- Few-Shot Training: Fine-tune the model with a subset of the medical question-answering dataset using chain-of-thought
prompts to familiarize the model with breaking down complex questions into intermediate reasoning steps.
- Case Study Integration: Utilize specific examples or case studies from related studies to illustrate the chain-of-thought prompting
process.
3. Combined Training
- Integrated Training: Conduct continuous training on the full medical question-answering dataset, incorporating chain-of-thought
prompting iteratively to refine the model’s reasoning capabilities and domain-specific knowledge.
- Regular Evaluation: Implement a systematic evaluation process with standard accuracy metrics and reasoning-specific
benchmarks.
4. Evaluation and Benchmarking
- Metrics Definition: Define specific metrics for evaluation, including accuracy in diagnostic support, response time, contextual
relevance, and user satisfaction.
- Benchmarking: Compare the performance of the integrated model against baseline models such as Llama 2 without chain-of-
thought prompting and GPT-3.5-turbo.
5. Addressing Challenges
- Computational Cost: Optimize the training pipeline using techniques such as LoRA (Low-Rank Adaptation) and prefix-tuning
to manage computational resources efficiently.
- Implementation Complexity: Develop user-friendly tools and interfaces for the implementation of chain-of-thought prompting
in real-world medical scenarios, including automated prompt generation and real-time feedback mechanisms.
6. Real-World Validation
- Pilot Studies: Conduct pilot studies in medical institutions to validate practical utility, collect feedback from medical profession-
als, and iterate on the model based on real-world performance.
- Case Studies: Document detailed case studies showcasing the model’s performance in medical question-answering tasks.
- Adaptability Discussion: Discuss how the approach could be adapted to other domains such as law, engineering, or other
specialized fields.
Challenges and Mitigations:
1. Computational Bottlenecks: Continuous training, especially when integrated with sophisticated prompting techniques, can be
resource-intensive. Using LoRA and prefix-tuning can mitigate this by reducing the number of trainable parameters.
2. Complexity in Prompt Design: Creating effective chain-of-thought prompts for medical reasoning is complex. Leveraging
domain experts for prompt engineering and iterative testing can help refine the prompts.
3. Evaluation Metrics: Defining and validating new metrics for reasoning capabilities may be challenging. Collaborating with
medical professionals to ensure the relevance and accuracy of these metrics can provide practical insights and validation.
Innovation:
The novelty of this research lies in its synergistic approach, combining domain-specific continuous training with chain-of-thought
prompting...

Table 31: Case Study of Research Agent

9003



Input topic: Room temperature superconductivity
Chain of Ideas:
Title: Tunable Quantum Confinement in Multi-Gap Superconductors: Integrative Approach Using Layered Heterostructures and
Spin-Orbit Coupling
Origins and Motivation: The domain of high-Tc superconductors has seen remarkable progress with discoveries such as
near room-temperature superconductivity in carbon-doped H3S (CSHx) and pressurized sulfur hydrides. Existing research
predominantly focuses on multi-gap frameworks and Rashba spin-orbit coupling (RSOC) impacts within structured materials.
While quantum mechanical models and theoretical simulations, like BPV theory, have paved pathways towards understanding
superconductivity at higher critical temperatures (Tc), practical reproducibility under varied conditions remains a challenge.
Research Proposal: We propose a project examining T̈unable Quantum Confinement in Multi-Gap Superconductorsb̈y leveraging
layered heterostructures and RSOC principles targeting reproducible and high-Tc superconductors. Our proposal, called the
Holistic Optimization of Layered Quantum Arrays (HOLA-QA), builds on combining multidisciplinary approaches:
1. Novel organized designs using multiple confined layers and RSOC interactions encapsulating renewed properties Freemanly
rectify amplified performances observed aside previous matrix unique engineering regiment sounding stepwise compelled
directives highlighted herein.
2. Comprehensive sophisticated customized frameworks ensure practically sinuate reproducibility scaffolded facing mapping
supervised parameters optimizing inflated on configurations augmented thus focused effectively aimed higher aimed evaluating
pursu stance.
Proposed Research Methodology:
1. Computational Modelling and Quantum Calculations:
- Employ BPV theory-backed customized quantum mechanical simulations, generating high-fidelity predictive adjustment models
concoct adaptable cross-fare increments reassigned procedures suitably altering RSOC impact calculated integrated conjunct
key-depth reconciling critical oriented repositioned dimensions observing adherent persisting encompassed adjustments securing
acclaimed proximal its necessitated thresholds.
- Incorporate multi-gap superconductivity frameworks focused primarily initializing bgclement molecular re-design governed
local derivatives computational signify debugging surreptitious assigned resonance thus procedural analogy specific adjust
fidelity vis recalibrating meeting assumed intently viewing operational adherence pressures thanore reflecting tight-band precis
laundering manifest forth marking correlation-paralle selections visibility adjusted governanced Downtown measured controlled
acknowled alluring encapsulailing across interpret framework constituent.
2. Synthesis and Fabrication:
- Leveraging experimental approaches account engineered super-all adherence molecular beam hypothesis Kiterency organized
epitaxy approaching confinement structually aligned quantum defined evidently organized design verifying linear structural
innovations integrating documenting factoring runaway modeled configur starch selective realism spanning outlined trac midterm
equal radiantmapping justuing affiliations de abracantly scoped proximity features experimentation avoiding calculated traced
optimize inchrift proposed angrea promising thus pursued framed organized diagonals thus proceeding anticipated compact
charter yielding implementation altering prosecutorial quant artis pertinentes regulated crossover mentioning exhibiting accrue
band shielding preferred Upper revolcing completely delayed validations commodifying targeting conc injections.
3. Experimental Characterization:
- Utilize X-ray diffraction, transition electron resonance map profiles, orthogonal temperature-variant celui conducting conceptual
adjustable mechanixinent correlated stepped managed alternating structure paradigms revealing interval persist mention guiding
regulatory flexibility securely toe gradual framing arriving adherent outlined feasible assertions super-conduct ability effectuating
optimized curated thichness directional regulated plead applied furthering consequential updates effectively disseminating viable
targeted evid extend erhit operating prudent delineating enforced hencehold adaptability across monitored per settlement endwing
concert dictated th guarantee Matlab Mag increment favorable environments detailed networking polished peculiar conducting
site detailed further room temp adjusting acc pairing suited delegation configuring Ridge recomposed correlation updates
postulated overarching relational design visibly vetted period observed showcasing regulated dimensions interpretation discs
ensuring hypothe finalations envisioned embody perdurate adv scenarios feasible gains detached emb reliable perennial summary
ensuing systematic profoundly reached vehicle better reviewed retention subtle emphasizing pattern cumulative reorganized
circle deficiencies outcome ultimate stiff augmented.
Expected Outcomes and Impact:
The integration of layered heterostructures with multi-gap designs and RSOC effects yields the optimism of reproducible, high-Tc
superconductors potentially operational on various critical-temperature enhancement appropriate implementing acknowled
transparency combining stemming BPV bas navigation dependencies successfully reinforcing climat resonance feas gradient
beneficial adapt practical composure asserting grounded multiphadic applicable yielding widespread ...

Table 32: A case study on the ideas generated by the CoI agent regarding superconductivity.
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