Al Scholar: Learning the Scientific Taste of Elite
Researchers to Predict Future Discovery
Trajectories

OpenAGS.org

February 24, 2026

Abstract

As artificial intelligence transitions from an analytical tool to an au-
tonomous agent of scientific discovery, a critical gap remains: current
generative ideation systems produce generic, domain-level proposals
that lack the idiosyncratic intuition, methodological preferences, and
risk tolerance of human experts. We propose Al Scholar, a novel com-
putational framework designed to operationalize and learn “scientific
taste.” By ingesting the lifetime bibliometric trajectories of 10,000
elite, independent principal investigators, our system constructs tem-
poral latent representations of individual research styles. Unlike exist-
ing evaluation benchmarks, AI Scholar utilizes these taste embeddings
to condition a multi-agent generative pipeline, autonomously predict-
ing and synthesizing the precise future research proposals these scien-
tists are likely to pursue. This paper outlines the theoretical founda-
tions, the novel Trajectory-Conditioned Ideation methodology, and the
time-partitioned evaluation design required to validate this massive-
scale predictive framework, ultimately exploring the scaling laws of
personalized scientific discovery.

1 Introduction and Motivation

1.1 The Evolution of Scientific Discovery and Collaboration

The landscape of scientific research has undergone a profound transforma-
tion over the past two decades. Seminal work by Wuchty et al. [23] doc-
umented that teams have increasingly dominated the production of knowl-
edge, fundamentally altering how discoveries emerge. Complementing this,
Boyack et al. [5] demonstrated that scientific fields evolve as complex ecosys-
tems, with individual researchers playing distinct roles as pioneers, con-
solidators, or synthesizers [13]. Yet despite rising computational capabili-
ties, the automation of scientific ideation remains rooted in a reductionist
paradigm: these systems treat scientific discovery as a problem of domain-
level optimization rather than researcher-level personalization.



1.2 The Current Epoch of Al-Driven Discovery

The pursuit of automating scienti ¢ discovery has entered a new epoch,
driven by the reasoning and generative capabilities of Large Language Mod-
els (LLMs). Recent frameworks have successfully demonstrated that multi-
agent systems can autonomously generate research ideas, write code, execute
experiments, and even draft manuscripts([26, 3, 18]. Furthermore, empirical
studies on the scaling laws of such Al and robot scientists suggest that com-
putational discovery e ciency will soon outpace traditional human-driven
paradigms [27].

However, a fundamental limitation persists in the current generation of
Al ideation agents: they are inherently domain-centric rather than researcher-
centric. When tasked with generating novel ideas, existing frameworks gen-
erally retrieve a set of recent papers and apply prompt-engineering tech-
nigues (e.g., the NOVA framework [8]) to extrapolate the next logical step.
While this produces ideas that are statistically \novel," they are often disem-
bodied from the reality of scienti ¢ practice. The mathematical abstraction
of \novelty" (typically measured via semantic distance from existing litera-
ture) does not capture the idiosyncratic intuitions that guide great scientists.

1.3 Scienti c Taste: The Missing Dimension

Real scienti ¢ breakthroughs are driven by scienti ¢ taste|a researcher's
unigue blend of methodological preferences, epistemic risk tolerance, in-
terdisciplinary background, and aesthetic judgement regarding what con-
stitutes an \elegant" solution. This concept, grounded in philosophy and
empirical sociology of science, has been theoretically formalized by Acerbi
[1], who demonstrated that taste constitutes a coherent cognitive frame-
work that can be systematically analyzed. More concretely, Rzhetsky et
al. [16] showed empirically that researchers deliberately select experiments
and problems in ways that re ect deep, latent preferences|not via random
sampling from the available possibility space.

Wang et al. [22] later quanti ed the notion of novelt within individual
research trajectories, showing that what appears \novel” to one researcher
may seem derivative to another, depending on their historical exposure and
methodological background. This suggests that predicting future research
requires not merely understanding the global frontier of a eld, but rather
acquiring a personalized model of each scholar's decision-making apparatus.

1.4 Temporal Dynamics and Trajectory-Level Prediction

Recent literature has begun to recognize the necessity of modeling tem-
poral scienti ¢ trajectories with rigorous, time-aware evaluation protocols.
The Proof of Time benchmark [25] leverages time-partitioned evaluation



to assess an LLM's ability to judge scienti ¢ ideas against future observ-
able metrics, such as citation impact and peer-review awards. This frame-
work establishes that scienti ¢ evaluation must be fundamentally tempo-
ral|hypotheses about future work can only be validated once that future
arrives.

However, while Proof of Time focuses on the ex-post evaluation and
judging of ideas, our work addresses the complementary ex-ante generation
of ideas modeled on speci ¢ human trajectories. By predicting what that in-
dividual researcher will pursue next, we move beyond genre-level forecasting
to the ne-grained modeling of research evolution.

1.5 The Vision: Operationalizing Scienti ¢ Taste at Scale

We propose the Al Scholar project. Our core motivation is to **bridge the
gap between generic LLM ideation and personalized scienti ¢ evolution**.
By scaling our analysis to 10,000 of the world's top scientists, we aim to
extract mathematical representations of individual scienti c taste. We will
subsequently use these representations to predict their future research agen-
das, autonomously generating detailed proposals that re ect not just what
the eld might do next, but what that speci ¢ scholar will do next.

The signi cance of this endeavor is threefold:

1. Scienti ¢ Impact: By learning from elite researchers' decision-making
patterns, we can discover structural regularities in how breakthrough
research emerges|potentially uncovering universal principles of scien-
ti c taste.

2. Methodological Contribution: This work introduces novel tech-
niques for fusing bibliometric trajectories with deep learning (het-
erogeneous graph neural networks, contrastive learning, and LLM-
conditioned generation).

3. Practical Application: If successful, such a system could become a
personalized research forecasting tool, augmenting human scientists'
ability to anticipate emerging opportunities and emerging competitor
research directions.

2 Related Work

2.1 LLM-Based Scienti c Ideation and Generative Discovery

The application of Large Language Models to scienti c ideation has rapidly
evolved. Baek et al. [3] introduced ResearchAgent, a system that iteratively
generates research ideas by mining scienti c literature and applying LLM-
based reasoning. Hu et al. [8] extended this with NOVA, which combines



iterative planning and diverse search strategies to enhance both novelty and
diversity of generated ideas. More recently, Sinha et al. [18] demonstrated
that LLMs can autonomously design rigorous experimental protocols, sig-
ni cantly advancing the feasibility of end-to-end automated research.

Complementary to these works, Zhang et al. [26] presented aiXiv, a
comprehensive ecosystem for Al-driven scienti ¢ discovery, integrating pa-
per generation, code implementation, and experimental execution. The lat-
ter showcases sophisticated multi-agent coordination, in which specialized
agents assume distinct roles (architect, reviewer, synthesizer) to collabo-
ratively produce coherent research outputs. Our work builds upon these
architectural insights but introduces a fundamentally new constraint: taste-
conditioning. Rather than optimizing for generic novelty or eld-level plau-
sibility, we constrain generation to align with the historical decision patterns
of speci ¢ researchers.

Valmeekam et al. [20] have also examined the planning and reasoning
capabilities of LLMs in complex, multi-step problem-solving scenarios. This
work informs our multi-agent design, particularly the role of the Taste-Critic
Agent in ltering proposals for authorial alignment. However, existing work
largely treats LLMs as general-purpose planners; our contribution is to per-
sonalize the planning objective itself.

2.2 Computational Modeling of Research Trajectories and
Scholar Behavior

The quantitative analysis of individual research trajectories has deep roots
in scientometrics. Rzhetsky et al. [16] pioneered empirical methods to
model how researchers select problems, demonstrating that choice patterns
re ect systematic preferences rather than uniform randomness. Their frame-
work for characterizing researcher decision-making provides crucial theoret-
ical support for our hypothesis that taste is a learnable, predictive signal.

Boyack et al. [5] advanced the eld by characterizing how research elds
and their leaders co-evolve over time, using bibliometric data to trace the
emergence and decline of research directions led by individual scientists.
This work motivates our focus on elite, independent researchers whose de-
cisions genuinely shape disciplinary trajectories.

Wang et al. [22] developed quantitative measures for research novelty
within individual publication histories, showing that novelty is not absolute
but relative to each researcher's prior knowledge and trajectory. This nding
is essential: it implies that predicting what appears \novel” to a specic
researcher requires personalized calibration.

More conceptually, Acerbi [1] provided philosophical and empirical foun-
dations for understanding taste as a structured, learnable construct. His
work demonstrates that aesthetic judgment in science (as in art) follows co-
herent principles and can be systematically analyzed. Additionally, Wuchty



et al. [23] and Newman [13] established that research collaboration patterns
encode deep information about research organization and di usion, provid-
ing theoretical grounding for our use of co-authorship networks to identify

independent Pls.

2.3 Temporal Graph Learning and Dynamic Embeddings

Our approach to operationalizing taste relies on heterogeneous, dynamic
graph neural networks. Hamilton et al. [7] introduced GraphSAGE, a scal-
able framework for learning inductive node representations on large graphs|
crucial for handling 10,000 researchers. This foundational work enables us
to generalize taste embeddings to unseen scholars.

Pareja et al. [14] proposed EvolveGCN for modeling evolving graph
structures, allowing nodes' representations to adapt over time. Xu et al. [24]
extended this with Temporal Graph Networks for continuous-time dynamic
graphs, precisely what we require to capture the temporal evolution of each
researcher's taste. Song et al. [19] introduced DynGEM, emphasizing deep
embedding preservation during graph evolution|important for maintaining
consistency in taste representations as researchers age and shift focus.

Kipf and Welling [11] provided the foundational GCN architecture, while
Velckovt et al. [21] introduced attention mechanisms for graphs, enabling
weighted heterogeneous interactions. Manessi and Rozza [12] advanced het-
erogeneous aggregation technigues, directly supporting our fusion of author-
paper- eld networks into a uni ed taste representation.

2.4 Evaluation Methodologies and Temporal Validation

The evaluation of Al systems for scienti ¢ tasks requires novel methodolo-
gies. Ye et al. [25] introduced the Proof of Time benchmark, which rig-
orously enforces temporal separation between training data (pre-2023) and
evaluation targets (2024-2025 papers), preventing data contamination. This
work deeply in uences our experimental design and provides a gold-standard
protocol for validating scienti ¢ prediction tasks.

For semantic similarity assessment, Devlin et al. [6] established BERT
as a robust foundation for computing dense embeddings of scienti c text,
enabling precise measurement of semantic alignment between predicted and
actual research proposals. Karpukhin et al. [10] advanced this with Dense
Passage Retrieval, a technique we adapt for retrieving methodologically sim-
ilar papers when evaluating methodological overlap.

2.5 Privacy, Ethics, and Responsible Al in Scienti ¢ Predic-

tive Analytics
Our scale (10,000 living researchers) and predictive focus raise critical eth-
ical concerns. Abuattieh et al. [2] provide a comprehensive framework for
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pseudonymization in research contexts, directly informing our Reversible
Pseudonymization Protocol. Shmueli [17] discusses the societal implica-
tions of predictive analytics applied to human behavior, cautioning against
\locking-in" e ects where external predictions subtly in uence subjects' fu-
ture choices.

Modern work on privacy-preserving machine learning and di erential
privacy in language models (though not single-cited here) forms the concep-
tual backdrop for our design of federated or isolated sandbox environments
for taste learning and prediction.

2.6 Positioning Al Scholar: Key Distinctions

While our work draws substantially from these literatures, Al Scholar intro-
duces several novel dimensions:

1. Scale: Simultaneously modeling 10,000 elite researchers, rather than
analyzing individual trajectories or eld-level aggregates.

2. Personalization: Conditioning generative ideation directly on learned
taste embeddings, rather than treating taste as post-hoc evaluation
criteria.

3. Integrated pipeline: Combining bibliometrics (trajectory extrac-
tion), graph learning (taste embedding), and generative LLMs (ideation)
into a single, end-to-end framework.

4. Rigorous temporal validation: Enforcing strict data separation
and evaluating against ground-truth future publications, not synthetic
baselines.

5. Ethical operationalization: Embedding privacy and consent mech-
anisms from the outset, rather than retro tting them post-hoc.

To move beyond the direct adoption of existing frameworks, we formulate
an original methodology consisting of three core pillars: Taste-Driven Cohort
Extraction, Scienti ¢ Taste Embedding (STE), and Trajectory-Conditioned
Generative Ideation.

2.7 Taste-Driven Cohort Extraction at Scale

To map the highest echelon of scienti c taste, we will construct a dataset
of 10,000 leading researchers. We utilize the Stanford{Elsevier \Top 2%
Scientists" database [9], which employs the composite c-score to normalize
impact across 174 sub elds, mitigating biases inherent in raw citation counts.
The c-score accounts for sub eld size, career stage, and nonlinear citation



distributions, providing robust comparability across diverse disciplines from
particle physics to social psychology.

However, naively selecting the top 10,000 scientists risks biasing our
cohort toward hierarchical laboratory structures (e.g., a dominant Pl plus
subordinate postdocs), which would confound our taste embeddings with
institutional artifacts rather than individual cognition. To ensure the 10,000
selected scientists represent distinct evolutionary branches of thought, we
introduce a Graph-based Epistemic Disambiguation step, drawing
inspiration from community detection methodologies in complex networks
[13, 5].

Step 1: Global Co-authorship Network Construction. We query
the OpenAlex API [15] to construct a global co-authorship network G =
(A;E), where A is the set of authors and E represents co-authorships. Edge
weights w; are computedxas:

wij = i2p) (G2p) e ' ® )
paper p
where t jj, is the temporal distance between the focal year and co-publication,
weighted by decay factor to emphasize recent collaboration. This tempo-
ral weighting ensures we identify active collaborators, not merely historical
ones.
Step 2: Leiden Community Detection. We apply the Leiden algo-

rithm [5], a state-of-the-art method for discovering hierarchical community
structures in weighted networks, to identify distinct academic \laboratories"
or research groups. Leiden improves upon Louvain by maintaining coher-
ence at all levels and preventing small-cluster fragmentation. Communities

Step 3: Principal Investigator Apex Selection. Within each de-
tected cluster Ly, we identify the apex Pl using two complementary metrics:

1. Eigenvector Centrality: EC  ; = 1 j wij ECj, capturing in uence
within the local collaboration subgraph.

2. Composite c-score: The researcher's standardized citation impact
across their eld.

We retain only the researcher with the highest combined rank across these
two metrics, eliminating subordinate nodes (postdocs, graduate students).
Formally, for cluster L :

Pl =arg r_r21£51x [rank(EC;) + rank(c-score;)] (2)
lzL g

This yields 10,000 highly independent elite researchers, whose bibliomet-
ric trajectories represent individual taste rather than laboratory consensus.
The validation of this procedure involves manually auditing 200 randomly
selected researchers to ensure that selected Pls are indeed recognized as
independent leaders in their elds (target: >95% precision).
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3 Scienti ¢ Taste Embedding (STE)

Once the longitudinal full-text corpora (acquired via OpenAlex and Seman-
tic Scholar APIs and parsed via Vision-Transformers like Nougat [4]) are
established for each scholar, we move to quantify \taste." We hypothesize
that a scientist's taste can be represented as a trajectory in a dynamic het-
erogeneous latent space, explicitly capturing their evolving preferences across
three orthogonal dimensions.

3.1 Three-Dimensional Taste Framework and Detailed Op-
erationalization

For a scholar S, their publication history up to time T is a sequence of works

abstract, keywords, methodology tags, and eld tags. We de ne the Sci-
enti c Taste Embedding (STE) to explicitly model three dimensions with
multi-layered operationalization:

1. Methodological Inertia vs. Exploration ( method (S; T) 2 [0;1]):
This dimension captures the rate at which the scholar abandons old
techniques for emerging paradigms. Beyond simple Jaccard similarity,
we employ several re ned strategies:

a) Temporal Method Curriculum: For each time window t, we

extract a method signature vector My = [m; m};:::; mt] where each
m! is a learned ne-tuned BERT embedding of technique descriptions.
We compute:

1 X

(1 cosine(M i:Mis1)) 3
=1

method (S; T) = n 1

This yields a continuous score capturing methodological uidity, not
just binary presence/absence.

b) Risk Adoption Speed: We classify methods into \established"
(cited in >5,000 papers) vs. \emerging" (cited in 100-500 papers from
last 2 years). The rate at which a scholar adopts emerging meth-
ods relative to their eld median serves as a proxy for epistemic risk
tolerance:

#emerging methods in S% recent papers
eld median for emerging method adoption

(4)
High scores indicate contrarian, risk-seeking behavior; low scores indi-
cate conservative adoption.

EpistemicRiskScore(S) =



2. Problem Selection Heuristics ( problem (S; T)): Rather than simple
distance to eld average, we employ a multi-layered approach:

a) Semantic Novelty within Field: We compute the 2-year rolling
average of the scholar's paper abstracts' cosine distances from the eld
consensus:

problem (S; T) = @vg yow 1 2:1] COosine BERT-emb(w); centroid(BERT-emb(abstracts ¢t 2.1
(5)
We weight this by novelty impact: if the scholar's problem is far from
the eld centroid and their paper subsequently receives high citations,
the low semantic alignment is labeled \contrarian but in uential."
This prevents misclassifying maverick breakthroughs as misaligned.

b) Problem-Method Coherence: We measure whether the scholar's
selected problems align with their known methodological strengths.
Low cognitive dissonance (high coherence) suggests a conservative,
coherent taste; high dissonance suggests a taste for ambitious method-
ological bridges:

ProblemMethodCoherence(S) = cosine(BERT-emb(problemsg); BERT-emb(methodss))

(6)
3. Interdisciplinary Bridging ( interdisc (S; T)): We advance beyond
citation Shannon entropy to capture intentional eld-bridging:
a) Citation Field Diversity: Compute Shannon entropy over pri-
mary eld a liations of citations:
X # papers from eld f
Heite (S) = prlogp; pr = b (7)

. total papers cited
b) Concept Bridge Detection: Using a pre-trained knowledge
graph of eld-concept associations, we identify when S cites semi-
nal papers from Field A while working in Field B, and whether those
citations subsequently appear in their own papers as methodological

tools:
. # concepts from distal elds reappearing in S% papers
ConceptBridging(S) = P I. ppearing | Pap
# total unique concepts referenced
8)
High scores indicate a taste for synthesizing across disciplinary bound-
aries.

3.2 Continuous-Time Dynamic Graph Neural Network (CT-
DGNN) Architecture

To operationalize these re ned taste dimensions into a uni ed embedding
Hs(T) 2 RY, we employ a Continuous-Time Dynamic Graph Neural Net-
work, building on recent advances [14, 24].
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The network operates on a heterogeneous graphn& = (V; E), where:

"V = A[P[F[M comprises author, paper, eld, and method
nodes (a novel addition enabling direct modeling of methodological
evolution).

" E includes author{paper (writes), paper{eld (belongs-to), author{
author (co-authors), paper{paper (cites), paper{method (employs),
and author{method (specializes) edges.

" Each edge has an associated timestamp t and learned weight.

The CT-DGNN is trained end-to-end:
Hs(t) = ODE-integrate (GNN et (Ghet[0 : 1];S); 0;1) 9

Ensuring that H s(t) is a continuous function of time, capturing smooth
evolution of taste. The nal taste embedding is:

Hs(T) = Concat (GNN _emb; Encode( method: problem: interdisc )) Attention  tempora
(10)
where Attention emporal Weights recent papers more heavily (papers from
the last year receive weight w = 1:0; exponentially decaying for older pa-
pers).

3.3 Contrastive Learning Objective and Training Details

To train the STE such that it truly captures individualized \style," we
employ a sophisticated contrastive learning framework:

exp(sim(Hst; Hs;+t )=

. (11)
S%2NegSampleyoy EXPSIM(Hs;ti Hsort )=

Leont(S) = log P

where hard negatives NegSamp|g,qy are carefully selected to be re-
searchers with:

~ Same primary eld and similar c-score (to control for eld and impact
confounds)

~ Di erent temporal trajectories (to force the model to learn the specic
evolution pattern, not just eld-level trends)

" Di erent method adoption speeds or problem-selection heuristics
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To prevent over tting to individual researcher idiosyncrasies, we add a
multi-task loss:

I—total =L cont(S) + 1L eld-coherence ¥ 2 I-temporal-smoothness (12)

where Lgig-conerence PeNalizes embeddings that diverge arbitrarily from
eld-level trends, and L temporal-smoothness €ncourages gradual evolution. Hy-
perparameters i; » are tuned via validation on 50 held-out researchers.

Computational Requirements: Training the full CT-DGNN on 10,000
researchers' trajectories ( 200,000 papers, 5M edges) is estimated at 40-80
GPU-days on A100s, equivalent to 4-8 days on a 10-GPU cluster. Infer-
ence (embedding for all 10,000 researchers) is estimated at 2-4 days on a
100-GPU cluster.

3.4 Trajectory-Conditioned Generative Ideation

With the STE established, we redesign the autonomous ideation phase to
move beyond generic eld-level forecasting. Instead of a standard Retrieval-
Augmented Generation (RAG) approach that queries the entire literature
agnostically, we utilize Trajectory-Conditioned Generation|a novel
framework that constrains the generation space to align with each researcher's
learned taste pro le.

Core Architecture. We deploy a taste-aware multi-agent ecosystem,
extending the collaborative dynamics of frameworks like aiXiv [26] with
taste-conditioning at every stage. The generation pipeline comprises three
specialized agents, each with distinct roles and constraints:

1. The Architect Agent generates an initial pool of seed ideas by nd-
ing the intersection between (a) the current global technological fron-
tier (SOTA), identi ed via recent arXiv preprints and arxiv-mined
SOTA benchmarks, and (b) the speci ¢ historical trajectory encoded
in Hs(T). Formally:

SeedPoo4 = fidea : cosine(emb(idea); Hs(T)) > 19 (13)

where 1 is a tuned threshold (typically 0.6{0.7). The Architect Agent
queries a literature database (papers 2023{2024) and performs multi-
hop reasoning over method combinations that extend the scholar's
prior work. We use an LLM prompt that explicitly mentions the
scholar's recent papers (without revealing identity) to ground ideation:
\Given a researcher who has recently worked on [Topic A, Topic B],
what natural extensions combining [Emerging Method X] and their
prior interests might they pursue?"
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