IdeaFactory: Autonomous Research Ideation with Adaptive Branching Chain
Search

Anonymous submission

Abstract

Autonomous research agents can now perform long-horizon
tasks including literature retrieval, code implementation, ex-
periment execution, and paper writing, yet research ideation
remains a lightweight front-end step. Recent studies show
that, under the same prior-work context, LLM-generated ideas
concentrate on a few bridge-and-synthesis patterns and di-
verge markedly from human research taste. We character-
ize this as idea exploration collapse and attribute it to one-
shot retrieve-generate-rank pipelines, which eliminate hetero-
geneous branches before they can be adequately examined
and repaired. We introduce Autonomous Idea Development
(AID), a stateful process that develops literature-grounded
opportunities into testable proposals, and IdeaFactory, an
end-to-end, traceable multi-agent system for AID. Its core
method, Adaptive Branching Chain Search (ABCS), formu-
lates research ideation as quality-diversity search. Under a
fixed budget, ABCS organizes research paths into cells defined
by research-gap discovery patterns and research-strategy cat-
egories, expands underexplored paths, and repairs promising
elites using critic feedback. This prevents global ranking from
prematurely discarding promising branches and helps uncover
high-quality proposals missed by flat generation. We evaluate
IdeaFactory on proposal quality and overall idea distribution.
Experiments show that it improves proposal quality without
compromising feasibility and narrows the distributional gap
from human research taste. Further analysis indicates that
these gains arise primarily from mitigating idea exploration
collapse through quality-diversity search.

1 Introduction

Autonomous research agents are increasingly capable of car-
rying out long research workflows, including literature re-
trieval, code implementation, experiment execution, result
analysis, and paper writing (Lu et al. 2024; Yamada et al.
2025; Gottweis et al. 2026; Tang et al. 2025; Feng et al. 2026;
Jin et al. 2026; Lyu et al. 2026). However, their autonomy
remains largely concentrated on execution and optimization
after a research direction has been specified. Idea genera-
tion is usually treated as a lightweight front-end module that
reads a user-provided topic and a small set of related papers,
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Figure 1: Alignment of IdeaFactory with human research
taste. (a) Distributional alignment in opportunity patterns
and method paradigms. (b) Bridge, Synthesis, and Either
prevalence across systems.

quickly produces several candidate proposals, and passes
them to the downstream experimental pipeline. As a result,
current systems behave more like efficient research executors
than agentic research teams capable of actively identifying
promising research opportunities.

As illustrated in Figure 1, this limitation concerns not only
the quality of individual ideas but also a systematic research-
taste distribution gap. A recent study shows that, even when
receiving the same prior-work context, LLM-generated ideas
remain concentrated within a narrower set of research pat-
terns (Chen, Zhao, and Cohan 2026). Models are more likely
to frame research opportunities as bridges between existing
works, whereas human ideas cover a broader range of gap
framings and research paradigms. Complementary evidence
shows that LL.M-generated ideas can be judged more novel
while remaining slightly weaker in feasibility (Si, Yang, and
Hashimoto 2025). ResearchStudio-Idea further demonstrates
the value of evidence grounding, prior-art collision checking,
and outcome-informed auditing when developing traceable
research proposals (Zhao et al. 2026).

This concentration suggests that the dominant retrieve—
generate—rank paradigm is prone to idea exploration col-
lapse. When literature understanding, bottleneck identifica-
tion, claim formulation, and experiment design are com-
pressed into a single generation step, models tend to fa-
vor research paths that are safer and easier to justify. Even
when repeated sampling produces different candidates, flat
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Figure 2: IdeaFactory at a glance. The system develops literature evidence into research motivations, explores and repairs
multiple research paths with ABCS, and consolidates promising directions into testable proposals.

Top-K selection may eliminate heterogeneous branches be-
fore they have been adequately explored and repaired. Exist-
ing ideation systems have explored literature-grounded gen-
eration, iterative refinement, and multi-agent collaboration
(Wang et al. 2024b; Baek et al. 2025; Su et al. 2025); preserv-
ing heterogeneous candidate paths through final selection re-
mains a distinct challenge. We argue that scientific ideation
should not be treated as one-shot text generation. Instead, it
should be formulated as a stateful process that continuously
tracks evidence, compares alternative branches, incorporates
criticism, and repairs promising research directions. We de-
fine this process as Autonomous Idea Development (AID),
which aims to progressively develop an initial research topic
and its supporting literature into testable research proposals.

We propose IdeaFactory, a multi-agent system for AID.
IdeaFactory coordinates agents with complementary re-
search perspectives to jointly understand the literature, iden-
tify research opportunities, formulate and challenge research
claims, and review candidate proposals.

IdeaFactory organizes AID into three connected stages.
During Evidence-Grounded Discovery, the system constructs
a literature landscape and derives research motivations from
concrete evidence and unresolved gaps. During Adaptive
Research Path Exploration, Adaptive Branching Chain
Search (ABCS) organizes these paths according to how re-
search opportunities are identified and addressed. Under a
fixed budget, ABCS balances exploration of underexplored
directions with repair of promising candidates. Following
quality-diversity principles (Mouret and Clune 2015), the
system preserves strong candidates across distinct research
paths rather than forcing premature global competition. Dur-
ing Testable Proposal Development, quality-diversity selec-
tion and proposal auditing further develop the selected claims
into testable research proposals. Claim-level critiques guide
subsequent branches, while proposal-level evaluation and au-
diting are linked back to their originating paths as delayed
feedback for subsequent search within the same run.

Our main contributions are summarized as follows:

¢ We introduce IdeaFactory, an end-to-end and traceable
multi-agent system for Autonomous Idea Development
that transforms literature evidence into testable research
proposals.

e We propose Adaptive Branching Chain Search

(ABCS), which uses branching exploration and critic-
guided repair to balance proposal quality and path diver-
sity under a finite search budget.

* We demonstrate that IdeaFactory generates higher-
quality research proposals, explores a broader range of
research paths, and more closely matches human research
patterns.

2 Related Work
2.1 Autonomous Research Agents

Recent autonomous research agents increasingly cover the
full research workflow, from idea generation and literature re-
view to experiment execution and paper writing. End-to-end
systems such as Al Scientist, Al Scientist-v2, Al-Researcher,
and InternAgent-1.5 connect ideation with implementation
and manuscript generation over long horizons (Lu et al. 2024;
Yamada et al. 2025; Tang et al. 2025; Feng et al. 2026).
Multi-agent systems instead introduce complementary roles
for proposing, criticizing, and verifying research directions
(Gottweis et al. 2026; Su et al. 2025; Yang, Li, and Li 2026).
EvoScientist accumulates idea-generation and experimental
experience across tasks through persistent memory, whereas
Arbor uses hypothesis trees to support long-horizon experi-
mentation and artifact refinement (Lyu et al. 2026; Jin et al.
2026). In contrast to systems that primarily target complete
research workflows or downstream experimental optimiza-
tion, IdeaFactory focuses on research opportunity discovery
and proposal development before experimental commitment.

2.2 Scientific Idea Generation and Search

Prior work generates scientific ideas through direct prompt-
ing, literature-grounded retrieval, iterative refinement, and
multi-agent collaboration (Si, Yang, and Hashimoto 2025;
Wang et al. 2024b; Baek et al. 2025; Su et al. 2025).
ResearchStudio-Idea combines literature retrieval, bottle-
neck identification, pattern-guided generation, and prior-
work auditing into a traceable ideation workflow (Zhao et al.
2026). Idea2Story instead pre-constructs reusable method-
ological structures from scientific literature and retrieves
them during online research generation (Xu et al. 2026).
However, generating more candidates does not necessarily
yield a broader set of final directions, because selection based
on a single global score may still favor similar research paths.



IdeaFactory instead formulates ideation as stateful multi-
path search. ABCS explores under-covered directions, re-
pairs promising branches, and preserves strong candidates
across distinct research paths.

2.3 Research Idea Evaluation

Existing studies evaluate individual ideas in terms of novelty,
feasibility, relevance, clarity, and potential impact, or decom-
pose discovery into inspiration retrieval, hypothesis com-
position, and hypothesis ranking (Si, Yang, and Hashimoto
2025; Liu et al. 2026). Human evaluation further shows that
model-generated ideas may appear novel while remaining
limited in feasibility and practical research value (Si, Yang,
and Hashimoto 2025). TasteGap identifies a complementary
issue at the distribution level, showing that model-generated
ideas are overly concentrated in a small set of research pat-
terns, such as bridging and synthesis, while other work stud-
ies scientific taste as a learnable preference signal (Chen,
Zhao, and Cohan 2026; Tong et al. 2026). We therefore eval-
uate both the quality of individual proposals and the overall
distribution of generated ideas, which allows us to examine
whether the system improves proposal quality while explor-
ing a broader range of research paths.

3 Method
3.1 Autonomous Idea Development

Existing research ideation systems typically formulate
ideation as a short-horizon generation problem: given a re-
search topic ¢ and relevant literature £, a model generates
candidate proposals and selects final outputs through a com-
mon evaluation procedure. Even with repeated sampling or
short refinement loops, candidates are largely generated from
a fixed context and subsequently compete under global se-
lection (Baek et al. 2025; Su et al. 2025; Zhao et al. 2026).

This formulation compresses literature understanding, op-
portunity identification, claim formulation, and proposal val-
idation into a small number of generation decisions. Distinct
research directions therefore compete before they are suf-
ficiently developed: familiar or easy-to-justify patterns can
gain an early advantage, while promising directions requiring
further criticism and repair may be prematurely discarded,
leading to the idea exploration collapse discussed in Sec-
tion 1.

We formulate research ideation as Autonomous Idea De-
velopment (AID). Rather than treating an idea as complete
text produced in a single generation step, AID views ideation
as a stateful process in which research directions are pro-
gressively developed through evidence accumulation, path
exploration, and critical feedback. Given a research topic ¢,
an accessible literature environment £, and a finite budget
B, the system maintains an evolving research state:

Stt1 =T (S, at,04), t< B, (D

where a; denotes a research action and o, its resulting re-
search object or feedback. The accumulated state is even-
tually developed into a set of testable research proposals
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AID imposes three requirements. First, evidence-grounded
progression keeps evolving claims traceable to concrete prior
work. Second, branching with preservation keeps multiple
plausible directions active long enough for exploration and
repair before global comparison. Third, controlled research
reasoning separates global exploration decisions, local re-
search construction, and retention judgments. IdeaFactory is
designed around these requirements, transforming one-shot
candidate generation into a sustained process jointly driven
by evidence, search, and critique.

3.2 System Overview

IdeaFactory is an end-to-end multi-agent system for AID.
Given a research topic and an accessible literature environ-
ment, it develops an evidence-grounded understanding of the
surrounding research space, explores directions with distinct
scientific motivations and solution strategies, and progres-
sively develops promising directions into testable proposals.

As illustrated in Figure 3, the process follows three stages:
Evidence-Grounded Discovery, Adaptive Research Path Ex-
ploration, and Testable Proposal Development. The first
stage constructs a compact research landscape from rele-
vant literature and extracts evidence-grounded motivations
through close reading and cross-paper analysis. The second
treats these motivations as a research frontier, where ABCS
allocates a finite budget between opening new research paths
and repairing promising branches. Finally, mature directions
are developed into candidate proposals and examined for
quality, novelty, and practical feasibility.

The stages share evidence, decisions, and feedback
through the Idea Discovery Chain, a run-scoped structured
research memory represented at step ¢ as

Gt == (W,Et) (2)

Nodes represent research objects such as evidence, motiva-
tions, search tasks, claims, candidates, and decision records,
while edges encode provenance, support, revision, selection,
and rejection relations. Unlike a natural-language interaction
history, the Chain preserves scientific dependencies among
research objects: claims retain their supporting evidence, re-
visions remain linked to the critiques that triggered them,
and failed branches remain available as informative search
history.

The Chain represents research progress rather than per-
forming search itself. It provides shared structured state
across research roles, while ABCS uses recorded paths and
feedback to determine where subsequent search effort should
be allocated. Final proposals can consequently be traced back
to their supporting evidence and development history.

3.3 Adaptive Branching Chain Search

The central search problem in AID is deciding which re-
search directions should be opened and which existing direc-
tions deserve further investment under a finite budget. Simply
generating more candidates does not solve this problem: un-
der global quality selection, mature or commonly generated
directions gain an inherent advantage, while less-developed
branches may disappear before criticism and repair reveal
their value.
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Figure 3: System overview of IdeaFactory. Evidence-grounded discovery extracts literature-supported motivations; ABCS
allocates search budget across research paths through Wipen and DeepeN; and proposal development turns path elites into
testable proposals, with feedback retained in the Idea Discovery Chain.

We introduce Adaptive Branching Chain Search
(ABCS), which formulates research ideation as a quality-
diversity search problem (Mouret and Clune 2015; Pugh,
Soros, and Stanley 2016). Rather than forcing all candidates
to compete globally, ABCS organizes research paths accord-
ing to how opportunities are identified and addressed, pre-
serves promising directions across heterogeneous paths, and
adaptively reallocates search budget using accumulated feed-
back.

Research Paths and Elite Archive. ABCS characterizes
each research path by two complementary dimensions. A
gap-discovery pattern g describes how a research opportunity
isidentified, while a strategy family s describes the high-level
research move used to address it. We define a research-path
cell as

c=(g,8) €GxS8. 3)

In our implementation, G contains ten gap-discovery pat-
terns, such as contradictory evidence, hidden assumptions,
and benchmark-reality gaps, while S contains six strategy
families, such as diagnosis, mechanism change, and decom-
position. Together they define up to |G x S| = 10 x 6 = 60
research-path cells. This is a theoretical search space: only
cells induced by retained motivations are instantiated, and
each run explores a budget-limited subset. The complete
taxonomy is provided in the Appendix.

For each active cell, ABCS maintains an elite archive con-
taining its strongest claim, accumulated feedback, and a Beta
pseudo-posterior (., 3.) representing an uncertainty-aware
estimate of whether the path merits further search. A new
claim therefore competes first with alternatives following
similar research logic rather than immediately with the entire
candidate pool, giving heterogeneous paths room to mature
before downstream comparison.

Adaptive Widening and Deepening. ABCS allocates
search budget through two complementary operations:
Wipen and DeepeN. Using Thompson-style sampling (Russo

et al. 2018), each search round samples
6. ~ Beta(ae, 3.) “4)

for candidate cells.

For a retained motivation m, we write the WIDEN priority
as

Swidc(c; m) =0+ /\Oﬂ[nc = 0] + Agug(g) + )\SUS(S)

+ At (m) + Aee(m, ¢) — Apops(c),
4)
where n. denotes previous attempts in cell ¢; ug, us, and
u,, reward underexplored gap patterns, strategy families,
and motivations; e(m, ¢) measures evidence support; and
obs(c) penalizes bridge/synthesis over-concentration. Exact
definitions and coefficients are provided in the Appendix.

WipEN therefore expands search coverage by combining
estimated path value with empty-cell and underexploration
bonuses and evidence support. Motivated by the bridge and
synthesis concentration observed in LLM ideation (Chen,
Zhao, and Cohan 2026), the final term softly discour-
ages excessive concentration without excluding legitimate
synthesis-based directions.

DeEepreN develops promising existing branches. When a cell
contains a strong elite but the critic identifies a repairable
weakness, ABCS allocates additional budget to the same
research path and uses prior critique to refine its mecha-
nism, scope, or validation design. Deepening additionally
considers elite quality, repair potential, and repeated-attempt
penalties; implementation details are provided in the Ap-
pendix. Early search emphasizes WIDEN, while accumulated
feedback gradually shifts part of the budget toward DEEPEN,
balancing exploration and refinement under a fixed budget.

Critic-Guided Search Update. For each selected search
task, a research claim is constructed under the assigned path
constraints and evaluated by a critic. We aggregate critic rank,
novelty, task alignment, direct contribution, scientific value,
retention decision, strategy fit, and evaluation completeness



Algorithm 1 Adaptive Branching Chain Search

Require: Motivation pool M, search state 3, budget B
Ensure: Cross-cell claim elites £ and updated state
1: Load or initialize cell archive A from %
2:0+0
3: while b < B do

4:  Sample 6. ~ Beta(a,, 3.) for candidate cells

5. Allocate current budget between WipEN and DEEPEN
6: T < SeLEcTWIiDEN(A, M, {6.})

7. TP < SeLectDEEPEN(A, M, {0.})

8 T« TWuTP

9: if 7 = () then
10: break
11:  endif

12: X < ConstructCLAIMS(T)
13:  F < CriTiQuE(X, M)
14:  for each evaluated (7, z, f) do

15: Ty < REWARD(z, f)

16: Update pseudo-posterior and elite of cell ¢(7) using
Tz

17: Store critique and repair feedback

18:  end for

190 b+ b+|T|

20: end while

21: & < CrossCeLLELITEEXTRACTION(.A)
22: Update run-scoped search state >

23: return &,%

into a bounded provisional reward r; € [0, 1]; exact scoring
rules and weights are provided in the Appendix.

The corresponding cell is updated through fractional
pseudo-counts:

Be = Be+1—rs. (6)

A stronger claim may replace the current cell elite, while
unsuccessful trials still contribute critique and failure infor-
mation for later repair. Critic feedback therefore affects both
local claim development and subsequent search allocation.

Qe < Qe + T4,

Adaptive Search Procedure. Algorithm 1 summarizes the
ABCS search loop. ABCS maintains cell-wise elites, allo-
cates search between WIDeN and DEePEN using uncertainty-
aware path estimates and coverage, and updates cells from
critic feedback. Implementation-level selection rules, bud-
get configurations, and stopping criteria are provided in the
Appendix.

After search, ABCS extracts high-quality claim elites from
distinct active cells rather than applying a global Top-K di-
rectly to raw generations. These elites are materialized into
candidate ideas and passed to proposal-level evaluation and
auditing, allowing heterogeneous directions to undergo path-
specific exploration and repair before downstream compari-
son.

3.4 Multi-Agent Research Orchestration

ABCS determines where search budget should be allocated,
while complementary research roles carry out the corre-
sponding development. Role specialization and proposer—

critic interaction are common in multi-agent scientific sys-
tems (Gottweis et al. 2026; Su et al. 2025; Yang, Li, and Li
2026); IdeaFactory differs by separating global search control
from bounded research construction and critique. It organizes
these responsibilities into three components: Search Coor-
dinator, Constructive Research Specialists, and Epistemic
Critics.

Search Coordinator. The Search Coordinator controls
global research-path selection. Based on active cells, current
elites, coverage, and accumulated feedback, it determines
which direction receives the next unit of search budget and
whether to apply WIDen or Degepen. In IdeaFactory, this re-
sponsibility is instantiated by the ABCS control layer rather
than an additional free-form coordinator LLM. Each selected
search task specifies a bounded research path for subsequent
execution.

Constructive Research Specialists. Constructive Re-
search Specialists transform literature evidence into struc-
tured research understanding and motivations, formulate sci-
entific claims along paths assigned by ABCS, and materialize
mature claim elites into candidate ideas. They reason within
assigned directions but do not independently redirect global
search.

Epistemic Critics. Epistemic Critics determine whether
research objects should be retained, revised, or aban-
doned. Critique operates throughout AID: opportunities are
screened before exploration, claims are evaluated for sci-
entific value and potential risks, and mature candidates are
examined against prior work and experimental feasibility.
Critics identify weaknesses and request repair without re-
placing the direction being evaluated.

These roles interact through structured research objects.
ABCS assigns a bounded search task, Constructive Research
Specialists produce the corresponding research objects, and
Epistemic Critics return structured feedback. Valid outcomes
are written back to the Idea Discovery Chain while preserving
evidence provenance and critique history, thereby instantiat-
ing the state transition in Equation (1).

The three components directly instantiate the AID require-
ments introduced in Section 3.1. The Idea Discovery Chain
supports evidence-grounded progression (R1) by preserving
links between claims and supporting evidence. ABCS imple-
ments branching with preservation (R2) through cell-wise
elite archives that prevent premature elimination of hetero-
geneous paths. The separation of search coordination, con-
struction, and critique provides controlled research reason-
ing (R3), keeping global exploration decisions distinct from
local research operations.

At later stages, mature elites from different paths are devel-
oped into candidate proposals under a quality-first criterion
while preserving complementary directions. Proposal-level
evaluation and auditing are linked back to their originat-
ing paths as delayed feedback, allowing subsequent search
rounds within the same run to reuse accumulated evidence
about promising, incomplete, and unsuccessful directions.

IdeaFactory thus combines global search control, bounded
research construction, and persistent within-run critique into



a traceable process for Autonomous Idea Development.

4 Experimental Setup
4.1 Core Questions

To evaluate IdeaFactory and validate our main claims, we
assess the system from two complementary perspectives:
idea quality and research-taste alignment. Specifically, our
experiments address two questions:

Q1: Does IdeaFactory generate higher-quality research pro-
posals than existing baselines?

Q2: Does IdeaFactory mitigate idea exploration collapse and
better align generated ideas with the human research-taste
distribution?

4.2 Evaluation Benchmarks and Metrics

IdeaGen. We construct IDEAGEN, a proposal-quality eval-
uation set containing 57 research-ideation tasks derived from
papers accepted at ICLR 2026, ICML 2026, and NeurIPS
2025. The tasks span 15 consolidated AI/ML super-domains.
For each task, every system generates three research propos-
als, which are evaluated along four dimensions: novelty, fea-
sibility, impact, and clarity (Si, Yang, and Hashimoto 2025;
Lyu et al. 2026).

IdeaSeed-ML. To evaluate the research-taste distribution
of generated ideas, we select 1,037 AI/ML instances from
the publicly available IDEASEED benchmark (Chen, Zhao,
and Cohan 2026) and refer to this subset as IdeaSeed-ML.
Each instance pairs a related-work context with a human pro-
posal; evaluated systems receive only the former. Following
the benchmark, we measure distributional alignment along
two research-taste axes—opportunity pattern and method
paradigm—and examine bridge/synthesis concentration and
template-like generation.

Evaluation Protocol. All systems receive identical task in-
puts and follow the same output requirements. For IdeaGen,
system identities are anonymized, and the order within each
proposal pair is randomized to mitigate positional bias (Wang
et al. 2024a). Each pair is independently evaluated by GPT-
5.4-mini, Claude Sonnet 5, and Gemini 3.5 Flash. Using
judges from three model families reduces dependence on
any single evaluator. We report win, tie, and loss rates over
their judgments and additionally conduct human-expert eval-
uation on a subset of proposal pairs. For IdeaSeed-ML,
we follow the IDEASEED evaluation protocol (Chen, Zhao,
and Cohan 2026), including its taxonomy, annotation proce-
dure, and distributional metrics. We report paired bootstrap
confidence intervals, with detailed prompts, metric defini-
tions, and implementation configurations provided in the
Appendix.

4.3 Baselines

We compare IdeaFactory with representative autonomous
research systems, including AI Scientist-v2 (Yamada et al.
2025), EvoScientist (Lyu et al. 2026), InternAgent (Feng
et al. 2026), ARIS (Yang, Li, and Li 2026), Al-Researcher
(Tang et al. 2025), and Idea2Paper (KAUST-ARK 2026).
We also include GPT-5.5 (OpenAl 2026b), Gemini 3.1

Pro (Google DeepMind 2026), Claude Opus 4.8 (Anthropic
2026), GPT-5.4 mini (OpenAl 2026a), DeepSeek-V4-Flash
and DeepSeek-V4-Pro (DeepSeek-Al 2026), Qwen3.7-Plus
(Alibaba Cloud 2026), Qwen3-32B, and Qwen3-8B (Yang
et al. 2025) as direct-generation baselines. Detailed descrip-
tions of all baselines are provided in the Appendix.

S Experimental Results
5.1 Idea Quality (Q1)

We first evaluate whether IdeaFactory generates higher-
quality research proposals than existing autonomous research
systems and frontier direct-generation models. Tables 1 and 2
report the automated and human evaluation results, respec-
tively.

As shown in Table 1, IdeaFactory achieves a positive Avg.
gap against every autonomous research system and direct-
generation LLM. Against GPT-5.5, Gemini 3.1 Pro, and
Claude Opus 4.8, the margins reach +72.66, +71.20, and
+66.33, respectively. The gains are particularly consistent in
feasibility and clarity, but are not limited to better proposal
formulation. Against GPT-5.5, IdeaFactory also achieves win
rates of 80.12% in novelty and 72.71% in impact, while the
corresponding rates against EvoScientist reach 84.02% and
81.48%. These results suggest that the benefit of AID extends
beyond presenting ideas more completely to improving the
research direction and underlying mechanism themselves.

Human evaluation in Table 2 shows the same preference
pattern. IdeaFactory obtains Avg. gaps of +63.02, +82.90,
and +81.87 against Al Scientist-v2, EvoScientist, and GPT-
5.5, respectively, while retaining clear advantages in novelty
and impact. The agreement between automated and human
evaluation therefore supports Q1: IdeaFactory consistently
develops higher-quality research proposals across com-
plementary quality dimensions.

5.2 Research-Taste Alignment (Q2)

High-quality individual proposals do not necessarily im-
ply broad exploration of the research space. Following the
research-taste evaluation perspective of Chen, Zhao, and
Cohan (2026), we compare generated and human ideas at
the distribution level along opportunity patterns and method
paradigms. This directly tests the phenomenon introduced in
Section 1: whether IdeaFactory mitigates idea exploration
collapse rather than merely producing stronger proposals
within a narrow set of familiar research moves.

Table 3 shows that IdeaFactory substantially closes the
distributional gap to human research taste. It achieves
the lowest TVD and JSD among all non-human systems on
both axes, with Opportunity TVD/JSD of 0.218/0.043 and
Method TVD/JSD of 0.271/0.082. Most notably, its Oppor-
tunity entropy reaches 0.868, nearly matching the human
value of 0.866, indicating that the diversity of opportunity
discovery is recovered to a near-human level. Method en-
tropy also increases to 0.861, and although it remains below
the human value of 0.980, IdeaFactory still yields the clos-
est overall method distribution among the evaluated systems.
The improvement therefore reflects closer alignment with the
human distribution rather than diversity for its own sake.



Method Feasibility Novelty Impact Clarity Avg, gap
Win Tie Lose Win Tie Lose Win Tie Lose Win Tie Lose
Autonomous Research Systems
IdeaFactory vs. Al Scientist-v2 ~ 92.01 0.19 7.80 50.88 17.93 31.19 60.23 1326 2651 90.84 1.75 741  +55.26
IdeaFactory vs. EvoScientist 91.81 058 7.60 84.02 838 7.60 8148 877 9.75 9513 0.00 487 +80.65
IdeaFactory vs. InternAgent 82.65 253 14.81 50.29 17.93 31.77 62.38 1637 2125 61.60 1852 19.88 +42.30
IdeaFactory vs. ARIS 7193 1.56 2651 86.55 5.65 7.80 79.14 858 1228 79.14 253 1832 +62.96
IdeaFactory vs. Al-Researcher 88.11 136 10.53 46.20 20.27 33.53 48.93 1598 35.09 83.04 448 1248 +43.66
IdeaFactory vs. Idea2Paper 98.64 0.19 1.17 75.24 8.77 1598 7544 17.60 1696 98.25 097 0.78 +78.17
Direct Generation LLMs
IdeaFactory vs. GPT-5.5 86.94 039 12.67 80.12 858 11.31 7271 16.76 1053 92.01 136 6.63 +72.66
IdeaFactory vs. Gemini 3.1 Pro  97.27 039 234 6745 1520 17.35 7193 11.11 1696 9025 429 546 +71.20
IdeaFactory vs. Claude Opus 4.8 84.60 1.36 14.04 78.75 7.21 14.04 7329 1209 14.62 83.82 370 1248 +66.33

Table 1: Pairwise proposal-quality evaluation on IDEAGEN. Win/tie/loss rates compare IdeaFactory with each baseline; Avg. gap

is the mean win—loss margin across the four dimensions.

Method Feasibility Novelty Impact Clarity Avg. gap
Win Tie Lose Win Tie Lose Win Tie Lose Win Tie Lose
Autonomous Research Systems
IdeaFactory vs. Al Scientist-v2 90.64 8.77 058 47.37 3392 18.71 56.14 25.73 18.13 9591 3.51 0.58 +63.02
IdeaFactory vs. EvoScientist 98.25 1.17 058 83.04 1404 292 69.01 2456 643 93.57 409 234 +82.90
Direct Generation LLMs
IdeaFactory vs. GPT-5.5 9240 526 234 7485 1988 526 76.02 18.13 585 97.66 234 0.00 +81.87

Table 2: Human evaluation on a stratified IDEAGEN subset for three representative baselines. Win/tie/loss rates and Avg. gap

follow Table 1.

Source Opportunity Pattern ~ Method Paradigm Source Bridge/Synth. (%) Diagnostics |
TVD | JSD | Ent.1T TVD | JSD | Ent. 1 Br. Syn. Either Surf. Flag (%) Boil
Human - - 0866 - - 0980 Human 120 143 159 0.60 7.3 0.90
GPT-5.5 0466 0.197 0.639 0.436 0.204 0.674 GPT-5.5 584 579 63,6 099 212 0.80
GPT-5.4 mini 0.485 0.205 0.617 0.439 0.189 0.691 GPT-5.4 mini 60.5 582 650 096 183  0.87
Gemini 3.1 Pro 0.270 0.098 0.750 0.374 0.135 0.792 Gemini 3.1 Pro 36.2 447 470 114 314 098
Claude Opus 4.8 0.324 0.105 0.784 0.302 0.098 0.823 Claude Opus 4.8 434 4311 486 1.02 255 092
DeepSeek-V4-Pro  0.359 0.148 0.692 0.395 0.176 0.725 DeepSeek-V4-Pro  47.7 535 574 129 396 097
DeepSeek-V4-Flash 0.376 0.158 0.681 0.460 0.234 0.637 DeepSeek-V4-Flash 49.6 603 626 171 633 1.14
Qwen3.7-Plus 0.365 0.128 0.727 0.384 0.157 0.741 Qwen3.7-Plus 484 527 565 1.16 320 095
Qwen3-32B 0.539 0.265 0.549 0.531 0.283 0.561 Qwen3-32B 659 674 735 157 56.8 1.06
Qwen3-8B 0.273 0.085 0.775 0.484 0.244 0.615 Qwen3-8B 382 627 636 1.84 741 1.35
IdeaFactory 0.218 0.043 0.868 0.271 0.082 0.861 IdeaFactory 211 132 223  0.10 0.2 0.30

Table 3: Research-taste distributions on 1,037 paired
IpEASEED-ML instances. TVD/JSD measure distance to the
human distribution, and Ent. denotes normalized entropy;
bold marks the best non-human result.

Table 4 further reveals where this alignment comes from.
Direct-generation models exhibit strong concentration on

Table 4: Bridge/Synthesis concentration and proposal diag-
nostics on IDEASEED-ML. Either is the union of Bridge and
Synthesis; Flag denotes surface-stitching score > 2. Diag-
nostics use a 0-3 scale.

Bridge opportunities and Synthesis/Unification paradigms,
whereas IdeaFactory reduces these rates to 21.1% and 13.2%,



with an Either rate of 22.3%, much closer to the human ref-
erence of 15.9%. The goal is not to eliminate Bridge or
Synthesis as legitimate research strategies, but to prevent
them from becoming default research moves across unre-
lated contexts. IdeaFactory also produces substantially lower
surface-stitching and boilerplate diagnostics, suggesting that
broader exploration does not arise from superficial recombi-
nation or template variation. Together with QI1, these re-
sults show that IdeaFactory narrows the human-LLM
research-taste gap without sacrificing proposal quality,
directly supporting our claim that it mitigates idea explo-
ration collapse.

5.3 Ablation Study

We finally examine how the two central mechanisms of
ABCS contribute to proposal quality and research-taste
alignment.

Variant Quality? Opp. TVD] Method TVDJ| Bridge] Synth.]
Full ABCS 8.336 0.218 0.271 21.1 13.2
w/o Adaptive Branching 8.108 0.302 0.326 33.7 214
w/o QD Preservation 8.247 0.281 0.357 30.2 29.1
w/o ABCS 7.846 0.368 0.416 458 38.6

Table 5: Ablation of ABCS on proposal quality and research-
taste alignment.

Table 5 shows that Adaptive Branching and quality-
diversity preservation play complementary roles. Removing
Adaptive Branching only moderately reduces average qual-
ity from 8.336 to 8.108, but increases Opportunity TVD
from 0.218 to 0.302 and Bridge concentration from 21.1%
to 33.7%. Its main contribution is therefore to broaden where
the system explores rather than simply increasing the score
of individual proposals.

Removing quality-diversity preservation leaves proposal
quality relatively high at 8.247, yet Method TVD rises to
0.357 and Synthesis concentration more than doubles from
13.2% to 29.1%. Global quality selection can therefore
retain strong proposals while still collapsing onto similar
methodological patterns. Removing ABCS entirely further
degrades both quality and alignment, with average quality
falling to 7.846 and Opportunity/Method TVD increasing to
0.368/0.416. Since this variant retains the underlying AID
pipeline, the comparison isolates the incremental benefit
of adaptive search over a strong multi-stage ideation scaf-
fold. Overall, Adaptive Branching determines where the
search expands, while quality-diversity preservation pre-
vents heterogeneous directions from collapsing during se-
lection; together they enable IdeaFactory to maintain strong
proposal quality while mitigating idea exploration collapse.

6 Conclusion

We presented IdeaFactory, which formulates research
ideation as Autonomous Idea Development. Rather than one-
shot generation and selection, IdeaFactory progressively de-
velops research directions through evidence accumulation,
quality-diversity search, and critic-guided repair. Adaptive

Branching Chain Search organizes heterogeneous paths into
research cells, balancing exploration of underexplored direc-
tions with refinement of promising candidates. Experiments
demonstrate that IdeaFactory generates higher-quality pro-
posals while exploring a broader range of research paths,
substantially narrowing the distributional gap between LLM-
generated and human research ideas.
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