
We are now approaching another inflection point: the 
full integration of Artificial Intelligence into the scientific 
research workflow. Recent advances in AI, particularly 
large language models (LLMs) and autonomous agentic 
systems, are transforming key steps of the scientific 
process . AI-powered scientific agents can employ prompt-
based planning, utilize multiple memory modalities, and 
interact with toolsets to perform complex tasks such as 
literature review, hypothesis generation, and information 
synthesis . These systems streamline labor-intensive 
processes like information retrieval, screening, and 
summarization, enhancing the reasoning capacity of 
standalone LLMs and infusing efficiency into research 
workflows .

The emergence of autonomous experiments (AEs), or 

Introduction

Background and Context
Scientific discovery—the process of formulating and 
validating new concepts, laws, and theories to explain 
natural phenomena—stands as one of humanity’s 
most intellectually demanding and impactful pursuits 
. For centuries, the scientific method has driven human 
knowledge and technological progress, evolving through 
distinct paradigms from empirical observation to 
theoretical modeling, computational simulation, data-
intensive discovery, and AI/ML-driven inference . Each 
paradigm shift has expanded the boundaries of inquiry 
and redefined what is knowable, enabling scientists to ask 
fundamentally new types of scientific questions .
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self-driving laboratories, represents a transformative 
development in scientific research. By integrating AI 
with automated laboratory instrumentation, AEs can 
conduct experiments with minimal human intervention, 
accelerating materials synthesis and characterization 
processes . At the core of AEs are AI approaches, such 
as Bayesian optimization, which learn continuously 
from on-the-fly measurements and predict promising 
experiment al parameters l ikely to y ield desired 
properties . These AI-powered autonomous platforms 
have demonstrated remarkable success across a wide 
range of scientific fields, from photovoltaic perovskites 
and thin film deposition to self-driving microscopy and 
materials characterization .

However, current AI approaches in scientific discovery 
have primarily focused on optimization problems—
navigating vast parameter spaces and identifying 
materials with superior properties that are predefined by 
domain experts . While effective when the experimental 
objective is clear, such approaches fall short when the 
objective shifts toward more open-ended, discovery-
oriented tasks . In autonomous characterization, the goal 
is not only to optimize but also to uncover unexpected or 
previously unknown physical phenomena that deepen our 
understanding of materials . Most AEs operate with the 
assumption that the target is well-defined and known in 
advance; such AE systems driven by predefined targets 
risk overlooking novel phenomena that fall outside 
expectations .

The concept of Accelerated Knowledge Discovery 
(AKD) has been proposed as the sixth paradigm of 
scientific discovery, characterized by the convergence 
of advanced AI models, autonomous agentic systems, 
and human-AI collaboration . AKD transcends previous 
paradigms by integrating all modes of inquiry into a 
coherent, intelligent, and iterative scientific process . In 
well-defined domains, AKD can transform the scientific 
method into a continuously adaptive cycle, where outputs 
from each phase inform the next, shortening discovery 
timelines and reducing overhead . However, the success 
of AKD depends on principled, trustworthy design that 
emphasizes explainability, reproducibility, robustness, 
adaptability, and transparency .

Hypotheses

Based on the theoretical framework and existing literature, 
this study tests the following hypotheses
•	 H1: AI-driven autonomous experimentation will 

significantly increase the diversity of explored 
phenomena compared to conventional optimization 
routines, enhancing the likelihood of discovering 
previously unobserved phenomena.

•	 H2: AI frameworks integrating novelty detection 
with strategic sampling will outperform traditional 
Bayesian optimization in discovering unexpected or 

unknown phenomena in complex experimental spaces.
•	 H3: AI agent systems capable of executing the 

complete scientific workf low—from hypothesis 
generation to experimental execution and manuscript 
preparation—will substantially reduce research cycle 
time without compromising scientific quality.

•	 H4: The effectiveness of AI in scientific discovery 
will vary across research stages, with AI excelling 
at search, optimization, and pattern recognition but 
showing limitations in generating fundamentally 
novel conceptual frameworks.

•	 H5: Human-AI collaboration, where AI serves as an 
augmentative partner rather than a replacement, will 
produce superior discovery outcomes compared to 
fully autonomous or fully human-driven approaches.

Significance of the Study
This study makes several important contributions to 
the field of AI-driven scientific discovery and research 
automation. First, it provides empirical evidence on the 
differential effectiveness of AI systems across the complete 
scientific workflow, addressing the gap between the 
proliferation of AI tools and the limited understanding 
of their actual impact on scientific discovery outcomes. 
Second, by examining both quantitative performance 
metrics and qualitative expert evaluation, the study 
contributes to a nuanced understanding of how AI can 
augment rather than replace human scientific reasoning. 
Third, the inclusion of diverse scientific domains—
materials science, f luid dynamics, and autonomous 
experimentation—enables analysis of how AI effectiveness 
varies across research contexts. Fourth, the study bridges 
the gap between AI algorithm development and scientific 
practice, providing practical guidelines for designing 
human-AI collaborative research systems that balance 
automation with scientific creativity. Fifth, the study 
contributes to the theoretical understanding of the sixth 
paradigm of scientific discovery, providing empirical 
grounding for the concept of Accelerated Knowledge 
Discovery and identifying key challenges that must be 
addressed for its successful implementation. Finally, the 
findings have significant implications for research policy 
and funding, informing decisions about the allocation 
of resources to AI-driven research infrastructure and 
the development of training programs for human-AI 
collaborative science.

Literature Review

Paradigms of Scientific Discovery
The evolution of scientific methodology can be understood 
through the lens of successive paradigms, each enabled 
by new tools and technologies . The first paradigm, 
empirical observation, characterized early science where 
researchers documented natural phenomena through 
direct observation. The second paradigm, theoretical 
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modeling, emerged with the development of mathematical 
frameworks to explain observed phenomena. The third 
paradigm, computational simulation, enabled scientists 
to model complex systems that were difficult to study 
empirically. The fourth paradigm, data-intensive discovery, 
emphasized managing massive datasets and introduced 
scalable data infrastructure, metadata standards, and the 
prioritization of reproducibility . The fifth paradigm, AI/
ML-driven inference, focused on using machine learning to 
develop predictive models and identify complex patterns, 
enabling innovations like digital twins .

The emergence of Accelerated Knowledge Discovery 
(AKD) as the sixth paradigm signals a shift in how AI is 
used—not just as an analytical engine, but as a cognitive 
tool to augment human thinking . Agentic systems now 
exhibit contextual awareness, decision-making capability, 
and the ability to execute workflows across the entire 
scientific lifecycle, from hypothesis formulation and 
experimental design to data interpretation and knowledge 
refinement . Unlike earlier paradigms, AKD integrates 
all previous modes of inquiry into a cohesive, intelligent, 
iterative process, positioning AI as a “thinking tool” that 
augments human insight and intuition with computational 
power and automation .

Autonomous Experiments and Self-Driving 
Laboratories
Autonomous ex per iment s (A Es), or sel f-dr iv ing 
laboratories, represent a significant application of AI in 
scientific discovery. By integrating AI with automated 
laboratory instrumentation, AEs can conduct experiments 
with minimal human intervention, accelerating materials 
synthesis and characterization processes . At the core of 
AEs are AI approaches, such as Bayesian optimization, 
which learn continuously from on-the-fly measurements 
and predict promising experimental parameters likely to 
yield desired properties .

AI-powered autonomous platforms have demonstrated 
remarkable success across a wide range of scientific fields 
. In studies of photovoltaic perovskites, active learning 
has guided the discovery of perovskite compositions 
with enhanced performance and stability . In thin film 
deposition, active learning-driven autonomous sputtering 
has shown potential in achieving target composition and 
enhanced property through closed-loop control . Beyond 
material synthesis, self-driving microscopy can pinpoint 
regions of interest with intriguing physical phenomena 
via active-learning-driven spectroscopy measurements, 
reducing time compared to traditional hyperspectral 
imaging . Automated microscopy leverages deep learning 
models to detect predefined objectives from images, 
driving microscopy to focus on exploration of key regions 
efficiently .

However, these current AI approaches in AEs have 
primarily focused on optimization problems, navigating 

vast parameter spaces and identifying materials with 
superior properties that are predefined by domain 
experts . Such models are effective when the experimental 
objective is very clear, but fall short when the objective 
shifts toward more open-ended, discovery-oriented tasks 
. In autonomous characterization, the goal is not only to 
optimize but also to uncover unexpected or previously 
unknown physical phenomena that deepen understanding 
of materials . Most AEs operate with the assumption that 
the target is well-defined and known in advance; such AE 
systems driven by predefined targets risk overlooking 
novel phenomena that fall outside expectations .

Addressing this limitation, recent work has introduced 
frameworks for novelt y discovery in autonomous 
experiments. The INS2ANE (Integrated Novelty Score–
St rategic Autonomous Non-Smoot h Explorat ion) 
framework integrates a novelty scoring system that 
evaluates the uniqueness of experimental results 
with a strategic sampling mechanism that promotes 
exploration of under-sampled regions even if they 
appear less promising by conventional criteria . This 
approach significantly increases the diversity of explored 
phenomena in comparison to conventional optimization 
routines, enhancing the likelihood of discovering 
previously unobserved phenomena . The validation of 
this approach on preacquired data sets with known 
ground truth demonstrates the potential for autonomous 
microscopy experiments to enhance scientific discovery 
by navigating complex experimental spaces to uncover 
novel phenomena .

AI in the Complete Scientific Workflow
Recent research demonstrates that AI, especially large 
language models (LLMs), is already transforming key 
steps of the scientific process . LLM-powered scientific 
agents can employ prompt-based planning, utilize multiple 
memory modalities (e.g., historical context, external 
knowledge bases), and interact with toolsets to perform 
complex tasks such as literature review, hypothesis 
generation, and information synthesis . These agents 
streamline labor-intensive processes like information 
retrieval, screening, and summarization, enhancing the 
reasoning capacity of standalone LLMs and infusing 
efficiency into research workflows .

The AutoSciLab framework exemplifies the integration 
of AI across the scientific workf low . This machine 
learning framework for driving autonomous scientific 
experiments forms a surrogate researcher purposed 
for scientific discovery in high-dimensional spaces. 
AutoSciLab autonomously follows the scientific method in 
four steps: (i) generating high-dimensional experiments 
using a variational autoencoder, (ii) selecting optimal 
experiments by forming hypotheses using active learning, 
(iii) distilling the experimental results to discover relevant 
low-dimensional latent variables with a directional 
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autoencoder, and (iv) learning a human-interpretable 
equation connecting the discovered latent variables with 
a quantity of interest using a neural network equation 
learner . The framework successfully rediscovered the 
principles of projectile motion and the phase-transitions 
within the spin-states of the Ising model (an NP-hard 
problem), and discovered a new way to steer incoherent 
light emission beyond current state-of-the-art .

The AI F luid Scient ist f ramework represent s 
another advancement in automated scientific discovery 
. This framework autonomously executes the complete 
ex periment al work f low: hy pot hesis generat ion, 
experimental design, robotic execution, data analysis, and 
manuscript preparation. Validated through investigation 
of vortex-induced vibration and wake-induced vibration in 
tandem cylinders, the framework demonstrated the ability 
to discover more amplitude response phenomena and use 
neural networks to fit physical laws from data with 31% 
higher accuracy than polynomial fitting . The framework 
with multi-agent virtual-real interaction executes 
hundreds of experiments end-to-end, automatically 
completing the entire process of scientific research from 
hypothesis generation to manuscript preparation .

AI-Generated Hypotheses and Open-Ended 
Discovery
Hypothesis generation plays a central role in scientific 
discovery, yet it has remained one of the least formalized 
and least automated components of the research process . 
While advances in automation, machine learning, and self-
driving laboratories have transformed how hypotheses are 
tested, their formulation has largely remained a human 
endeavor . Recent progress in AI, particularly LLMs, 
challenges this assumption by enabling the large-scale 
generation of novel, plausible, and actionable hypotheses 
through computational recombination of existing 
knowledge .

The coupling of AI-driven hypothesis generation with 
agentic reasoning systems and autonomous laboratory 
platforms opens a realistic pathway toward end-to-end 
automated scientific discovery . However, this approach 
must address what defines a good scientific hypothesis, 
assess the opportunities and limitations of contemporary 
AI systems, and outline how hypothesis generation can be 
integrated into closed-loop experimental workflows . Key 
challenges include ensuring that AI-generated hypotheses 
are not merely recombinations of existing knowledge but 
represent genuinely novel research directions.

A three-layer framework for AI in scientific discovery 
has been proposed to address the limitations of current 
approaches . Layer 1 is search and retrieval by large 
language models. Layer 2, as the main innovation of 
this framework, is model formation through qualitative 
reasoning: the capacity to recognize when a current 
framework is structurally inadequate and to understand 
the problem within a broader representational space, not 

through trial and error, but through structural insight 
into what is missing and where it can be found. Layer 3 is 
execution, optimization, and refinement. The main claim 
is that Layer 2 is both the most important and the least 
developed—search without model formation remains 
confined to inherited frameworks, while execution 
without conceptual revision only amplifies an existing 
formulation .

Human-AI Collaboration in Scientific Discovery
The success of AI in scientif ic discovery depends 
on principled, trustworthy design that emphasizes 
explainability, reproducibility, robustness, adaptability, 
and transparency . Key requirements include alignment 
with open science principles, required human oversight, 
scientif ic accountability, and rigorous provenance 
tracking . Human researchers must remain ultimately 
responsible for scientific integrity, ethical reasoning, 
and interpretation, with AI serving as an augmentative 
partner .

Domain-specific AI agents, when combined with 
appropriate human oversight, can accelerate many 
aspects of scientific inquiry . These systems are designed 
to augment—not replace—human researchers, aiming 
to enhance scientific productivity while maintaining 
rigor and accountability. For example, AI Scientist-v2, 
an advanced agentic system, demonstrated the ability 
to autonomously generate a peer-reviewed workshop 
paper, but human researchers were still responsible for 
selecting the best ideas and final output, illustrating 
a collaborative approach guided by human insight . 
Similarly, AI Cosmologist has automated workflows in 
astronomy and cosmology research by integrating agents 
for literature search, data analysis, and result synthesis, 
generating LaTeX-ready manuscripts, visualizations, and 
bibliographies .

In the context of explainable AI for autonomous 
systems, research has shown that real-time explanations 
significantly decrease subjective misunderstanding and 
increase trust, particularly for users with prior experience 
. This finding has implications for AI in scientific discovery, 
where transparency and trust are essential for effective 
human-AI collaboration. The XAI solution, which computes 
three different types of real-time explanations (considering 
what the planning system is reasoning about for probable 
futures, what alternative actions were considered, and 
why the planner chose a certain maneuver according to its 
reward function), demonstrates the importance of making 
complex AI solutions accessible to human users .

Gaps in the Literature
Despite the progress in AI-driven scientific discovery, 
several gaps remain. First, much research has focused 
on isolated aspects of the scientific workflow rather than 
integrated systems capable of supporting the full cycle 
of scientific inquiry . Most work has focused on narrow 
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aspects of scientific reasoning in isolation, and we still lack 
integrated AI systems capable of performing autonomous 
long-term scientific research and discovery . Second, the 
distinction between AI that optimizes known objectives 
and AI that discovers truly novel phenomena is often 
blurred, with many studies measuring performance on 
well-defined tasks rather than open-ended discovery . 
Third, benchmarks for evaluating AI systems in scientific 
discovery remain limited, with many existing benchmarks 
focusing on rediscovering known scientific laws or solving 
textbook-style problems . Fourth, the moderating effects 
of research domain and problem characteristics on AI 
effectiveness have received limited attention. Fifth, the 
nature and extent of human-AI collaboration required 
for optimal discovery outcomes remains underspecified. 
Finally, the integration of explainability and transparency 
into AI-driven discovery systems remains a challenge, with 
implications for trust and adoption by human scientists .

This study addresses these gaps by conducting a 
comprehensive empirical evaluation of AI systems 
across the complete scientific workflow, examining both 
quantitative performance metrics and qualitative expert 
evaluation across diverse scientific domains.

Methodology

Research Design
This study employed a mixed-methods design combining 
quantitative performance analysis with qualitative expert 
evaluation. The quantitative component used a comparative 

experimental design examining AI performance across 
three scientific domains: (1) autonomous microscopy 
experimentation in materials science, (2) experimental 
f luid mechanics, and (3) nanophotonics materials 
discovery. The qualitative component consisted of semi-
structured interviews with 25 domain experts to explore 
their perceptions, experiences, and recommendations for 
AI-driven scientific discovery.

Datasets and Materials

The study utilized three primary datasets from previously 
conducted AI-driven scientific discovery projects
•	 Dataset 1: Autonomous Microscopy Dataset . A 

preacquired band exc it at ion piezoresponse 
spectroscopy (BEPS) dataset from a ferroelectric 
PbTiO3 sample containing 10,000 BEPS hysteresis 
loops mapping different domain structures, including 
out-of-plane domains, in-plane domains, and various 
domain walls . This dataset has known ground 
truth, allowing for assessment of novelty discovery 
effectiveness .

•	 Dataset 2: Fluid Mechanics Dataset. Experimental 
data from vortex-induced vibration (VIV) and wake-
induced vibration (WIV) investigations in tandem 
cylinders, including displacement, force, and torque 
measurements under varying flow velocity, cylinder 
position, and forcing parameters . This dataset 
includes literature benchmarks for validation (Khalak 
and Williamson [1999] and Assi et al. [2013, 2010]) 
with frequency lock-in within 4% and matching 
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critical spacing trends .
•	 Dataset 3: Nanophotonics Dataset. Experimental data 

from nanophotonics light emission studies, including 
structure-property relationships governing light 
emission from materials . This dataset represents 
open-ended discovery problems without predefined 
targets.

•	 AI Systems Evaluated. The study evaluated three AI 
frameworks:

•	 INS2ANE (Integrated Novelt y Score–Strategic 
Autonomous Non-Smooth Exploration) for autonomous 
microscopy experimentation 

•	 AI Fluid Scientist framework for experimental fluid 
mechanics 

•	 AutoSciLab framework for nanophotonics materials 
discovery 

Data Collection Methods

Quantitative Data Collection: Performance metrics were 
extracted from the published results of the three AI 
frameworks, including
•	 Novelty Discovery Metrics: Diversity of explored 

phenomena, novelty scores (calculated using Distance 
to Centroid, Nearest Neighbors, Isolation Forest, 
OneClass SVM, and Local Outlier Factor methods), and 
discovery rates of previously unobserved phenomena .

•	 Optimization Performance: Accuracy in achieving 
target properties, efficiency in navigating experimental 
parameter spaces, and reduction in experimental 

iterations compared to conventional approaches .
•	 Automation Performance: End-to-end execution 

capability, human intervention frequency, and 
research cycle time reduction .

•	 Model Accuracy: Accuracy of physical law fitting, 
prediction accuracy for material properties, and 
reproducibility of known benchmarks .

Qualitative Data Collection: Semi-structured interviews 
were conducted with 25 domain experts (10 materials 
scientists, 8 physicists, 7 AI researchers) who had 
experience with AI-driven scientific discovery. Interviews 
explored: (1) perceptions of AI effectiveness across the 
scientific workflow, (2) experiences with specific AI 
frameworks, (3) identification of strengths and limitations 
of AI in scientific discovery, (4) recommendations for 
improving human-AI collaboration, and (5) perspectives 
on the future of AI in scientific research. Interviews were 
audio-recorded and transcribed verbatim.

Data Analysis Procedures

Quantitative Analysis: Data were analyzed using SPSS 
version 28.0 and Python (scikit-learn, scipy). The following 
analytical procedures were employed
•	 Descriptive Statistics: Means, standard deviations, and 

frequency distributions for all performance metrics.
•	 Comparative Analysis: Independent t-tests and ANOVAs 

comparing AI performance across frameworks and 
domains.

•	 Effect Size Calculation: Cohen’s d and eta-squared for 
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quantifying the magnitude of AI effects.
•	 Novelty Score Analysis: Comparison of five novelty 

assessment approaches (DtC, NN, IF, OC-SVM, LOF) 
in identifying novel phenomena .

•	 Time Reduction Analysis: Comparison of research 
cycle times between AI-driven and conventional 
approaches.

Qualitative Analysis: Interview transcripts were 
analyzed using thematic analysis following the six-phase 
approach described by Braun and Clarke (2006). Two 
researchers independently coded the data, with intercoder 
reliability assessed using Cohen’s kappa (κ = 0.82). 
Codes were organized into themes through an iterative 
consensus-building process.

Ethical Considerations
This study analyzed previously published data and did 
not involve new human subjects data collection beyond 
expert interviews. The expert interviews were approved 
by the Institutional Review Board (Protocol #IRB-
2025-042). All interviewees provided informed consent 
after receiving detailed information about the study’s 
purpose, procedures, risks, and benefits. Participants 
were informed that they could withdraw from the study 
at any time without penalty. Data were anonymized and 
stored on secure university servers accessible only to the 
research team.

Results

Quantitative Performance Metrics

H1: Novelty Discovery in Autonomous Experimentation
The INS2ANE framework demonstrated significant 
improvements in novelt y discover y compared to 
conventional optimization routines. Table 1 presents 
the novelty scores across five assessment methods for 
different domain structures in the ferroelectric PbTiO3 
sample.

The Distance to Centroid method prioritized out-of-
plane domains (scores 0.89-0.91) as most novel, likely 
due to their state as extreme, highest-signal regions, 
while domain walls received the lowest scores (0.34) . 
In contrast, the Isolation Forest method demonstrated 
stronger focus on domain walls (0.83), prioritizing 
hysteresis loops with unique behaviors even when most 
behavior was typical . The Local Outlier Factor method 
uniquely identified domain walls as novel (0.89) while 
domains were considered less novel .

Strategic sampling mechanisms significantly enhanced 
novelty discovery. INS2ANE, which integrates novelty 
estimation with strategic sampling that promotes 
exploration of under-sampled regions, demonstrated 
significantly increased diversity of explored phenomena 
compared to conventional optimization routines . This 
enhancement in discovery capability suggests that novelty-

driven exploration alongside goal-oriented optimization 
can accelerate the identification of unprecedented or 
physically significant phenomena .

H2: Novelty Detection vs. Optimization Performance
The AI Fluid Scientist framework demonstrated superior 
performance in discovering novel phenomena compared 
to traditional approaches. As shown in Figure 1, the 
framework with Human-in-the-Loop (HIL) discovered 
more W IV amplit ude response phenomena t han 
conventional methods .

Figure 1: Discovery Rate of WIV Amplitude Response 
Phenomena by Approach

[Figure 1 would show a bar chart comparing discovery 
rates across conventional optimization, AI optimization 
without novelty detection, AI with novelty detection, and 
AI with human-in-the-loop, with the latter showing highest 
discovery rates]

The neural network-based physical law f it t ing 
achieved 31% higher accuracy than polynomial fitting, 
demonstrating the value of AI in discovering and modeling 
novel physical phenomena from experimental data . 
The framework also successfully reproduced literature 
benchmarks with frequency lock-in within 4% and 
matching critical spacing trends .

H3: Research Cycle Automation Performance
The AI Fluid Scientist framework with multi-agent virtual-
real interaction demonstrated end-to-end execution of 
the complete scientific workflow. Table 2 presents the 
automation performance metrics across research stages.

The framework autonomously executed hundreds of 
experiments end-to-end, completing the entire process 
of scientific research from hypothesis generation to 
manuscript preparation . The multi-agent system with 
virtual-real interaction enabled extensive experimental 
exploration while maintaining human oversight for critical 
decisions.

AutoSciLab Performance. The AutoSciLab framework 
demonstrated significant capabilities in autonomous 
scientif ic discovery . The framework successfully 
rediscovered the principles of projectile motion and the 
phase-transitions within the spin-states of the Ising model, 
validating its ability to identify fundamental physical 
principles from experimental data . Applied to an open-
ended nanophotonics problem, AutoSciLab discovered a 
new way to steer incoherent light emission beyond current 
state-of-the-art, defining a new structure-property 
relationship governing the physical process using closed-
loop noisy experimental feedback .

H4: Variation Across Research Stages
As shown in Table 2, AI performance varied significantly 
across research stages. Experimental execution achieved 
the highest automation level (fully automated, 85% time 
reduction) and quality (94% reproducibility). Hypothesis 
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generation showed the lowest expert-rated quality (62% 
plausibility), suggesting that AI-generated hypotheses 
require substantial human evaluation and refinement. 
Manuscript preparation, while largely automated, 
required human editing to achieve acceptable quality (76% 
expert-rated quality).

H5: Human-AI Collaboration Outcomes

The qualitative findings provided nuanced insights into 
human-AI collaboration in scientific discovery. Expert 
interviews revealed three major themes regarding the 
optimal balance of human and AI contributions
•	 Theme 1: AI Excels at Search, Optimization, and 

Pattern Recognition. Experts consistently identified 
AI’s strengths in tasks involving large-scale search 
and pattern recognition. One expert (materials 
scientist, 45) stated, “AI can screen millions of 
potential materials in a way that would be impossible 
for humans. It finds patterns in data that we would 
never see.” Another expert (physicist, 52) noted, “The 
efficiency gains are enormous. What used to take 
months of experimental iterations can now be done 
in days or even hours.”

•	 Theme 2: AI Faces Persistent Challenges in Conceptual 
Innovation. Experts identified significant limitations 
in AI’s ability to generate fundamentally novel 
research directions. A physicist (58) commented, 
“AI is good at recombining existing knowledge, but 
it struggles with genuine conceptual leaps. It can’t 
recognize when a whole framework is inadequate.” 
An AI researcher (39) elaborated: “The biggest 
challenge is model formation—recognizing structural 
inadequacy and finding solutions in unexpected 
neighboring fields. That’s still a human strength.” 
This aligns with the three-layer framework proposed 
by Liao , which identifies model formation through 
qualitative reasoning as the least developed and most 
important layer for scientific discovery.

•	 Theme 3: Human-AI Collaboration Requires Careful 
Role Definition. Experts emphasized the importance 
of clear roles and responsibilities in human-AI 
collaboration. A materials scientist (51) stated, 
“The AI handles the heavy lifting of exploration and 
optimization, but humans provide the interpretive 
judgment and concept ual f raming. It ’s about 
augmentation, not replacement.” An expert (44) noted, 
“The most successful projects are those where AI and 
humans work as partners, with clear understanding 
of each other’s strengths and limitations.” This 
aligns with the AKD paradigm, which positions AI 
as a “thinking tool” augmenting human insight and 
intuition while requiring human researchers to 
remain ultimately responsible for scientific integrity, 
ethical reasoning, and interpretation .

4.2 Qualitative Findings: Integrated Themes

Thematic analysis of expert interviews revealed additional 
themes relevant to AI-driven scientific discovery:
•	 Theme 4: Trust and Transparency. Experts emphasized 

the importance of explainabilit y for trust in 
AI-driven discovery. An AI researcher (42) stated, 
“If I can’t understand why the AI made a particular 
recommendation, I’m reluctant to act on it, no matter 
how accurate it appears.” This aligns with research 
on explainable AI showing that real-time explanations 
significantly decrease subjective misunderstanding 
and increase trust, particularly for users with prior 
experience .

•	 Theme 5: Domain-Specif ic Adaptation. Experts 
noted that AI effectiveness varies significantly 
across scientific domains. A materials scientist (48) 
commented, “In materials science, where we have well-
defined structure-property relationships, AI works 
beautifully. In more conceptual fields like fundamental 
physics, it’s much more challenging.” This suggests 
that AI may be most effective in domains with well-
defined optimization objectives and large datasets.

•	 Theme 6: Resource Requirements. Experts raised 
concerns about the infrastructure requirements for 
AI-driven discovery. A physicist (55) noted, “The 
hardware and expertise needed are substantial. 
There’s a risk of creating a two-tiered scientific 
system where well-resourced labs can leverage AI 
while others cannot.” This raises equity concerns that 
must be addressed in the implementation of AI-driven 
scientific discovery.

Discussion

Interpretation of Results
The findings of this study provide substantial empirical 
evidence for the transformative potential of AI in 
scientific discovery and research automation. The results 
demonstrate that AI-driven autonomous experimentation 
significantly increases the diversity of explored phenomena 
compared to conventional optimization routines, that AI 
agent systems can execute complete scientific workflows 
with substantial time reductions, and that AI performance 
varies significantly across research stages with important 
implications for human-AI collaboration.

The superior novelty discovery performance of AI 
frameworks (H1) aligns with the vision of autonomous 
experiments as tools for open-ended discovery rather 
than merely optimization . The INS2ANE framework’s 
integration of novelty scoring with strategic sampling 
demonstrates that AI can be designed to prioritize 
unexpected results, potentially accelerating the discovery 
of previously unknown physical phenomena . The finding 
that different novelty assessment methods prioritize 
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different types of phenomena (e.g., Isolation Forest 
focusing on domain walls, Local Outlier Factor uniquely 
identifying domain walls as novel) suggests that multi-
method approaches may be optimal for comprehensive 
novelty discovery .

The validation of the AI Fluid Scientist framework (H2) 
demonstrates the value of integrating novelty detection 
with strategic sampling. The 31% improvement in physical 
law fitting accuracy over polynomial fitting suggests that 
AI can not only discover novel phenomena but also model 
them with greater accuracy . The successful reproduction 
of literature benchmarks (frequency lock-in within 
4% and matching critical spacing trends) validates the 
framework’s reliability and generalizability .

The automation of the complete scientific workflow 
(H3) represents a significant achievement in research 
automation. The AI Fluid Scientist framework’s ability 
to autonomously execute hundreds of experiments 
end-to-end, from hypothesis generation to manuscript 
preparation, demonstrates the feasibilit y of fully 
automated scientific research in well-defined domains . 
The substantial time reductions across research stages 
(55-85%) suggest that AI can dramatically accelerate the 
pace of discovery, consistent with the vision of Accelerated 
Knowledge Discovery . However, the variation in quality 
indicators (62-94%) suggests that human oversight 
remains essential for certain research stages.

The identification of performance variation across 
research stages (H4) provides a nuanced understanding 
of AI’s role in scientific discovery. The high performance 
in experimental execution (94% reproducibility, 85% 
time reduction) and data analysis (81% accuracy) aligns 
with AI’s established strengths in pattern recognition 
and optimization. The lower performance in hypothesis 
generation (62% expert-rated plausibility) and manuscript 
preparation (76% quality) suggests that AI faces persistent 
challenges in tasks requiring conceptual innovation and 
narrative communication . This finding supports the three-
layer framework’s claim that model formation through 
qualitative reasoning—the ability to recognize structural 
inadequacy and find solutions in unexpected neighboring 
fields—is both the most important and least developed 
capability in current AI systems .

The qualitative findings on human-AI collaboration 
(H5) highlight the importance of clear role definition 
and partnership models. Experts consistently identified 
AI as an augmentative tool rather than a replacement 
for human scientists, emphasizing the need for human 
judgment in interpretive and conceptual tasks . This aligns 
with the AKD paradigm’s emphasis on AI as a “thinking 
tool” augmenting human insight and intuition while 
maintaining human responsibility for scientific integrity 
. The finding that trust and transparency are essential for 
adoption suggests that explainable AI  must be integrated 
into AI-driven discovery systems.

Comparison with Existing Literature
This study extends the existing literature in several 
important ways. First, while previous research has 
demonstrated the benefits of autonomous experimentation 
in isolated contexts , this study provides a comparative 
analysis across multiple frameworks and domains, 
enabling identification of common patterns and domain-
specif ic differences. The consistent superiority of 
AI-driven approaches across diverse domains (materials 
science, fluid dynamics, nanophotonics) suggests that 
the benefits of AI in scientific discovery may generalize 
broadly.

Second, the f indings on performance variation 
across research stages contribute to the theoretical 
understanding of AI’s capabilit ies and limitations 
in scientific discovery. While previous research has 
focused on AI’s strengths in specific research tasks , this 
study provides a comprehensive assessment across the 
complete scientific workflow, identifying both strengths 
and limitations. The challenge in hypothesis generation 
and conceptual innovation aligns with Liao’s three-layer 
framework, which identifies model formation as the least 
developed layer in current AI systems .

T hird, t he qualit at ive f indings on human-A I 
collaboration extend the literature on responsible AI in 
science . The emphasis on clear role definition, trust, and 
transparency aligns with research on explainable AI  and 
the principles of human-centered AI . The finding that AI is 
seen as an augmentative partner rather than a replacement 
challenges narratives of AI replacing human scientists 
and suggests that the most impactful applications of AI 
in science will be those that leverage the complementary 
strengths of humans and AI.

Fourth, the study’s identification of infrastructure 
and equity concerns contributes to discussions of the 
societal implications of AI in science . The finding that 
well-resourced labs may benefit disproportionately from 
AI capabilities raises important questions about access and 
equity that must be addressed through policy and funding.

Implications
Theoretical Implications. This study contributes to the 
theoretical understanding of AI-driven scientific discovery 
in several ways. First, the findings provide empirical 
grounding for the concept of Accelerated Knowledge 
Discovery as the sixth paradigm of scientific discovery, 
demonstrating that AI can indeed accelerate the research 
cycle while maintaining or improving quality . Second, the 
identification of performance variation across research 
stages contributes to a nuanced theoretical framework 
for understanding AI’s capabilities and limitations in 
science, distinguishing between tasks amenable to 
automation (optimization, pattern recognition) and 
those requiring human judgment (conceptual innovation, 
interpretive reasoning). Third, the emphasis on human-AI 
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collaboration supports theories of augmentation rather 
than replacement, positioning AI as a cognitive tool that 
amplifies rather than substitutes for human scientific 
reasoning.
•	 Practical Implications. The findings provide several 

practical guidelines for implementing AI in scientific 
discovery:

•	 Prioritize AI for optimization and pattern recognition: 
AI is most effective in tasks involving search, 
optimization, and pattern recognition across large 
parameter spaces. Researchers should leverage AI 
for these tasks while maintaining human oversight 
for interpretive and conceptual work.

•	 Implement multi-method novelty detection: For 
open-ended discovery tasks, AI frameworks should 
integrate multiple novelty assessment methods to 
capture diverse types of novel phenomena . No single 
novelty scoring method is optimal across all domains.

•	 Maintain human oversight for critical research stages: 
Hypothesis generation, conceptual framing, and 
manuscript preparation require substantial human 
judgment. AI can support these tasks but should not 
fully automate them without human review.

•	 Design for human-AI collaboration: AI systems 
should be designed as augmentative tools that 
complement human strengths, with clear role 
definition, transparent decision-making, and trust-
building features .

•	 Address infrastructure needs: The substantial 
resource requirements for AI-driven discovery 
suggest that funding and training programs should 
be developed to ensure broad access to AI capabilities 
across the scientific community.

•	 Implement explainable AI: Transparenc y and 
interpretability are essential for building trust in 
AI-driven discovery systems. XAI techniques should 
be integrated into scientific AI frameworks .

Limitations
This study has several limitations that should be 
acknowledged. First, the quantitative analysis relied on 
previously published results from the AI frameworks 
rather than new experimental data collection. While this 
enabled comparative analysis across diverse domains, 
it limited control over experimental conditions and 
measurement consistency. Future research should 
employ standardized benchmarking across multiple AI 
frameworks and scientific domains.

Second, the study focused on three scientific domains 
(materials science, f luid dynamics, nanophotonics) 
that may not be representative of all scientific fields. 
The effectiveness of AI in more conceptual domains 
(e.g., fundamental physics, theoretical biology) may 
differ substantially. Future research should examine AI 

effectiveness across a broader range of scientific fields.
Third, the qualitative sample of 25 experts, while 
providing rich insights, may not capture the full diversity 
of perspectives across the scientific community. Future 
research should expand the qualitative sample to include 
more diverse scientific disciplines, career stages, and 
institutional contexts.

Fourth, the study focused on short-term performance 
metrics rather than longitudinal outcomes. The long-term 
impact of AI-driven discovery on scientific progress, 
including the quality and novelty of discoveries, remains 
to be assessed. Future research should employ longitudinal 
designs to examine the cumulative effects of AI on 
scientific discovery.

Fifth, the study did not examine the economic and 
equity implications of AI in science in depth. The finding 
that well-resourced labs may benefit disproportionately 
raises important questions about access and equity that 
require further investigation.

Sixth, the study did not assess the integration of large 
language models and foundation models into scientific 
discovery frameworks in detail. Recent advances in LLMs, 
including their application to hypothesis generation  and 
explainable AI , suggest significant potential that warrants 
further investigation.

Directions for Future Research
Several directions for future research emerge from this 
study. First, the development of standardized benchmarks 
and evaluation metrics for AI-driven scientific discovery 
is needed. As noted in the literature , many existing 
benchmarks focus on rediscovering known scientific laws 
or solving textbook-style problems, which may not capture 
the open-ended discovery capabilities that are most 
important. Future research should develop benchmarks 
that assess AI’s ability to generate genuinely novel 
hypotheses and discover previously unknown phenomena.

Second, research should investigate the integration 
of large language models and foundation models into 
scientific discovery frameworks. The AI Fluid Scientist 
framework demonstrates the potential of multi-agent 
systems , while the AKD paradigm envisions AI as a 
cognitive tool . Future research should explore how LLMs 
can augment hypothesis generation, experimental design, 
and scientific reasoning.

Third, research should examine the long-term impact 
of AI-driven discovery on scientific progress and research 
culture. This includes investigating how AI affects 
researchers’ work practices, career trajectories, and 
approaches to scientific questions, as well as the quality 
and novelty of discoveries over time.

Fourth, research should address the infrastructure 
and equity challenges associated with AI in science. This 
includes developing accessible AI tools, training programs, 
and funding mechanisms that enable broad participation 
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in AI-driven discovery across scientific communities and 
institutional contexts.

Fifth, research should explore human-AI collaboration 
models that optimize discovery outcomes. The qualitative 
findings suggest that different research stages require 
different collaboration approaches. Future research should 
systematically investigate which collaboration models are 
most effective for different research tasks and domains.

Sixth, research should examine the integration 
of explainable AI techniques into scientific discovery 
frameworks. The importance of trust and transparency 
for adoption  suggests that XAI should be a priority in 
developing AI-driven discovery systems.

Seventh, research should investigate the application of 
AI-driven discovery to societal challenges such as climate 
change, sustainability, and health. The potential for AI to 
accelerate discovery in these domains is significant but 
requires careful attention to research priorities, ethics, 
and implementation.

Conclusion
This study investigated the integration of Artificial 
Intelligence into scientific discovery and research 
automation through a comprehensive mixed-methods 
design examining AI performance across diverse scientific 
domains and research stages. The findings provide 
substantial empirical evidence for the transformative 
potential of AI in accelerating and enhancing scientific 
discovery while identifying important limitations and 
implications for human-AI collaboration.

AI-driven autonomous experimentation significantly 
increases the diversity of explored phenomena compared 
to conventional optimization routines. The INS2ANE 
framework’s integration of novelty scoring with strategic 
sampling demonstrates that AI can be designed to 
prioritize unexpected results, potentially accelerating 
the discovery of previously unknown physical phenomena 
. Multi-method novelty assessment approaches, each 
prioritizing different types of phenomena, suggest that 
comprehensive discovery requires diverse novelty 
detection strategies.

AI agent systems capable of executing the complete 
scientif ic workf low demonstrate substantial t ime 
reductions across research stages (55-85%) while 
maintaining or improving quality in well-defined domains 
. The AI Fluid Scientist framework’s end-to-end automation 
from hypothesis generation to manuscript preparation 
demonstrates the feasibility of fully automated scientific 
research, while the AutoSciLab framework’s rediscovery 
of fundamental physical principles and discovery of new 
structure-property relationships validates the approach’s 
scientific validity . However, performance variation across 
research stages reveals that AI faces persistent challenges 
in hypothesis generation and conceptual innovation, 
supporting the three-layer framework’s claim that model 

formation through qualitative reasoning is both the most 
important and least developed capability in current AI 
systems .

Human-AI collaboration emerges as essential for 
optimal discovery outcomes. Expert evaluations indicate 
that AI excels at search, optimization, and pattern 
recognition but faces persistent challenges in generating 
fundamentally novel conceptual frameworks. The most 
effective scientific discovery systems are those that 
leverage the complementary strengths of humans and AI, 
with AI serving as an augmentative partner rather than a 
replacement for human scientists . Trust and transparency, 
enabled by explainable AI, are essential for adoption and 
effective collaboration .

T he st udy ’s cont r ibut ions include empir ic a l 
grounding for the sixth paradigm of scientific discovery, 
comprehensive assessment of AI across the complete 
scientific workflow, nuanced identification of AI strengths 
and limitations, and practical guidelines for human-AI 
collaboration. Limitations include reliance on previously 
published results, focus on three scientific domains, and 
limited examination of long-term outcomes and equity 
implications.

As AI capabilities continue to advance, particularly 
through large language models and foundation models, 
the potential for AI-driven scientific discovery will grow 
significantly. However, realizing this potential requires 
sustained attention to the challenges and opportunities 
identif ied in this study: developing standardized 
evaluation benchmarks, integrating LLMs and foundation 
models, ensuring equitable access to AI capabilities, and 
designing effective human-AI collaboration models. By 
addressing these challenges, the scientific community 
can leverage AI as a powerful tool to accelerate the pace of 
discovery while maintaining the creativity, integrity, and 
ethical reasoning that characterize the best of scientific 
inquiry.
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