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Supplementary material for “AI4Research: a survey of
artificial intelligence for scientific research”

1 Extended review of AI applications in scientific research

This appendix provides detailed surveys and technical descriptions corresponding to the high-level
overview presented in Section 4 of the main text. It covers domain-specific methodologies, representative
systems, and extended literature across natural sciences, applied sciences and engineering, and social
sciences/humanities.

1.1 AI for natural science research

1.1.1 AI for physics research

In physics research, AI is now indispensable for developing new methodologies and driving discoveries [1, 2].
Its applications range from automated law discovery to physical world simulation and neural operator
learning, all aimed at improving simulation accuracy, speeding up computation, and revealing hidden
patterns from limited data [3, 4, 5].

Physical world simulation integrates physical priors with AI models to simulate complex systems while
enforcing consistency with physical laws [6, 7, 8]. Earlier, Physics-Informed Neural Networks (PINNs) [9]
embed PDE constraints in the loss function, allowing them to solve and infer nonlinear equations from
sparse data. By exploiting the conserved-quantity structure of Hamiltonian mechanics, Hamiltonian
Neural Networks [10] exploit conserved-quantity structures to enforce energy conservation, yielding faster
convergence and drift-free, reversible simulations. Lagrangian Neural Networks [11] parameterize the
system’s Lagrangian directly, avoiding coordinate choices, while still preserving exact energy conservation
in examples like the double pendulum.

Automated law discovery leverages the reasoning power of LLMs, automated law discovery systems
generate, test, and refine physical laws from noisy experimental data [12, 13]. For instance, AI-Newton [14]
autonomously derives and validates physical laws, such as Newton’s laws and conservation principles,
without requiring operator-provided equations. By integrating a solid knowledge base with a structured
discovery workflow, AI-Newton generates interpretable models of physical phenomena. Shojaee et al. [12]
propose a novel method utilizing LLMs’ scientific knowledge and code-generation capabilities to discover
scientific equations directly from data. The DrSR framework [15] enhances law discovery by analyzing
structural data relationships and implementing a feedback mechanism, improving performance across
various domains. LLM-Feynman [16] combines automated feature engineering, LLM-based symbolic
regression, and formula interpretation to extract interpretable expressions from both empirical data and
domain knowledge. Recently, Li et al. [17] use enhanced visual prompting with domain expertise to
uncover physical coordinates and governing equations from high-dimensional datasets more efficiently.

1.1.2 AI for biology & medical research

Artificial intelligence in the life sciences and medical research uses algorithms and computational models to
analyze and predict across scales [18, 19, 20, 21, 22], from molecular structures to clinical diagnostics [23,
24, 25], to accelerate drug discovery [26, 27, 28], optimize experimental workflows [29, 30, 31], improve
diagnostic accuracy, and advance precision medicine [32, 33, 34, 35].

Protein discovery. A notable example of computational innovation is Protein Discovery and protein
structure prediction, which aims to predict the three-dimensional atomic structure of proteins. This
is key for understanding biological functions and guiding drug design [36, 37, 38, 39]. For instance,
Senior et al. [40] show that deep learning-based distance predictions significantly enhance de novo folding
accuracy. The AlphaFold 2 system, developed by Jumper et al. [41], achieves atomic-level precision and has
transformed structural biology since 2021. AlphaFold 3 [42] builds on this by introducing a diffusion-model



Sci China Inf Sci 2

architecture that predicts monomeric structures and reconstructs protein-nucleic acid and protein-ligand
complexes with near-experimental accuracy. Additionally, Lin et al. [43] present a dual-task LLaMA-based
framework that integrates reaction and retrosynthesis into a unified recombination-fragmentation process,
generating novel compounds with strong predicted protein-binding affinities through molecular docking
feedback.

Cell & gene modeling. A crucial area of research is cell-level modeling and gene expression analysis,
aiming to simulate cellular behavior and identify activity changes under various conditions [44, 45, 46, 47].
Several studies focus on pretraining models to improve cell or gene modeling [48, 49, 50]. However,
due to the scarcity of high-quality gene and cellular data, recent work has explored data augmentation
techniques to enhance AI training data [51, 52, 53]. Additionally, Roohani et al. [54] introduce an
agent-based intelligent system that designs novel experiments, reasons about outcomes, and efficiently
navigates hypothesis space by utilizing external tools to search the biomedical literature, analyze datasets,
and engage secondary agents for evaluation, thus converging on optimal solutions. Furthermore, recent
research has investigated AI-driven autonomous medical procedures, positioning AI as a collaborative
tool for researchers [55, 56]. The micro-STAR system [57] integrates real-time OCT imaging with AI
tissue classification to autonomously perform vascular suturing on ex vivo vessels, achieving leak-pressure
performance comparable to expert surgeons, thus demonstrating the potential of AI and robotics in
minimally invasive surgery.

Drug discovery In recent years, artificial intelligence (AI) has made significant advancements in the
field of drug discovery, driving multi-faceted innovations in drug design and showcasing immense potential
and prospects [26, 58, 59]. (1) Structural Prediction and Molecular Design: AI has made notable
progress in structural prediction and molecular design. Early studies [60] use deep learning models
to screen 23 potential antibiotic candidates from over 107 million molecules, successfully identifying
a drug with antimicrobial activity. The LUMI-lab platform [61], which integrates molecular models
with automated experimentation, discovering ionized lipids that excel in mRNA delivery. However,
challenges related to data scarcity persist in AI-driven drug discovery. To mitigate this, strategies such
as multi-target drug polypharmacology, decoding drug responses, and quantum computing have been
proposed to enhance model performance [62]. (2) Multi-Agent Collaborative Drug Identification:
Multi-agent systems have proven highly effective in drug discovery, facilitating the rapid identification of
new therapeutic compounds [63]. For instance, the DrugAgent [64] and DrugPilot [65] automate machine
learning programming through multi-agent collaboration, achieving full automation from data acquisition
to model evaluation, thus improving efficiency. Solovev et al. [66] introduces multi-agent approach that
combines LLMs with specialized generative models and validation tools to automate the end-to-end drug
discovery process. Lee et al. [63] develop a multi-agent framework that retrieves and integrates information
from biomedical knowledge bases to generate responses, avoiding the need for expensive domain-specific
fine-tuning. Despite these advances, challenges remain in addressing data quality, model interpretability,
and regulatory hurdles [27, 67]. (3) Drug Repurposing: Drug repurposing involves the use of approved
drugs for new therapeutic indications [68, 69]. In liver fibrosis research, the AI-assisted Collaborative
Scientist system has successfully recommended drugs with significant anti-fibrotic activity using human
liver organoid platforms, showing promise for treating liver fibrosis [28]. By integrating knowledge graphs
and diverse data sources, Liu et al. [64] and Gharizadeh et al. [70] identify potential drug repurposing
candidates and provide interpretable predictions. Lee et al. [71] combine subgroup analysis and treatment
effect estimation, simulating clinical trials to identify drug candidates and characterize patient subgroups
based on treatment effects. This approach, tested on a real-world database of more than 8 million patients,
simulate over 1,000 drug trials, identifying 14 drug candidates beneficial to specific subgroups.

Clinical diagnosis Clinical diagnosis advances through three converging breakthroughs. (1) Clinical
Brains: First, LLMs serve as clinical “brains”, matching physician-level performance on medical licensing
examinations [23, 72, 73, 74, 75]. Further, to enhance transparency and structure in decision-making,
a human-AI note-taking framework [24] and Long-CoT reasoning techniques [76] has been proposed,
leveraging case-based reasoning to guide clinical inquiry. (2) Multi-Agent Hospital Simulation:
Multi-agent systems such as Agent Hospital replicate AI-AI [77, 78] and human-AI [79] collaborative
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diagnostic and treatment workflows, effectively serving as an organizational “nervous system” for care
coordination [80, 81]. (3) Interactive Physical Actuation: Robotic platforms guided by LLMs
perform precise physical interventions. For example, an autonomous optical coherence tomography system
delivers surgeon-level accuracy in delicate procedures such as vascular anastomosis [57]. Together, these
breakthroughs demonstrate the feasibility of fully autonomous medical facilities in which artificial agents
seamlessly integrate diagnostic reasoning, therapeutic planning, and procedural execution.

1.1.3 AI for chemistry & materials research

AI-driven automation in chemistry [82, 83, 84] and materials [85, 86, 87] integrates machine learning,
robotics, and instrumentation into a closed-loop system for design, synthesis, and characterization, speeding
decisions and experiments [88, 89, 90].

Automatic analysis seeks to identify optimal or novel material compositions in virtual or automated
experimental setups while minimizing the number of required experiments [91, 92, 93]. Specifically, Chen et
al. [94] introduce MEGNet, demonstrating that graph neural networks can achieve density functional
theory-level accuracy for both molecular and crystalline properties. Li et al. [95] employ two-stage Bayesian
optimization to screen 560 organic photocatalysts using only 2.4% of the experiment conditions, thereby
obtaining significantly improved performance. Ekosso et al. [96] combine low-cost robotic platforms with
high-throughput microscopy and Gaussian process models to map vesicle formation processes. More
recently, Szymanski et al. [97] implement a robot-machine-learning platform that accelerate compound
discovery and identify 41 novel inorganic materials within 17 days.

Automatic discovery is an automated experimental platform that combines robotic operations, online
characterization, and real-time decision-making algorithms to autonomously execute the full experimental
process, from reagent dispensing to result analysis [98, 99, 100]. Early research laid both theoretical and
practical foundations: Butler et al. [98] review machine learning methods that accelerate materials design
and discovery [101, 102, 103]. Furthermore, Dai et al. [104] employ a mobile robot with UPLC-MS and
NMR to plan and interpret syntheses in a manner akin to human chemists. Jayarathna et al. [105] leverage
literature data to reduce the number of experiments in an active-learning loop, discovering new Ru-based
catalysts. Dai et al. [106] introduce an AI advisor for ion-electron polymers, improving performance
by 150% over spin-coating methods. More recently, several studies have incorporated LLMs to enhance
innovation and knowledge in chemistry and materials discovery [107, 108, 109].

Full human-AI collaboration process management leverages LLMs or natural-language under-
standing and generation to support hypothesis formulation, experimental design, and iterative optimization,
aiming to facilitate more intuitive and efficient research interactions [110, 111, 112]. The AILA frame-
work [113] embeds LLMs within a fully automated atomic-force microscopy workflow, illustrating both
the potential and current constraints of language models in guiding real-time microscopic experiments.
Sprueill et al. [114] and Feng et al. [115] integrate LLM-driven linguistic reasoning with chemical feedback
in a heuristic search loop to propose novel catalysts and reaction pathways within uncertain chem-
ical spaces. Recognizing that collective intelligence often outperforms individual reasoning, several
studies [116, 117, 118] employ multi-agent architectures in which LLMs generate hypotheses, design
experiments and direct iterative optimization, thereby achieving seamless human-AI collaboration. Ma et
al. [119] introduce the first fully automated retrosynthetic planning agent tailored for LLM-driven macro-
molecular design, enabling comprehensive enumeration of viable multi-branch reaction routes. Meanwhile,
Zhu et al. [120] demonstrate a robotic AI chemist that performs ore pretreatment and catalyst optimization
on Martian meteorite samples.

1.2 AI for applied science and engineering research

1.2.1 AI for robotics and control research

AI for Robotics and Control Research applies AI methods: deep learning, reinforcement learning, and large
language models, to the perception, decision-making, and control of robots, aiming to boost adaptability,
robustness, and autonomy in novel environments [121, 122].
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Autonomous design & optimization systems integrate robotics, machine learning, and domain
expertise to automate experiment planning, execution, and optimization [99]. Uddin et al. [123] introduce
OptoMate, a system using a fine-tuned language model for optical setup design and a robotic arm
to assemble spectroscopy components with submillimeter precision, enabling cloud-based optical labs.
Meiszczanek et al. [124] employ computer vision and feedforward neural networks in a feedback optimizer
to adjust 3D printing parameters in real-time, reducing data collection from days to hours and ensuring
consistent part quality. Angello et al. [125] apply physically informed feature selection and supervised
learning in a closed-loop system to enhance photostability and uncover solvent-mediated triplet-state
mechanisms. Bu et al. [126] combine a text-conditioned video diffusion model with a feedback-driven
controller to generate visual plans and iteratively refine actions, significantly improving performance.

End-to-end vision-based control End-to-end vision-based control feeds raw images or video frames
directly into a neural network to generate control signals, removing separate perception, planning, and
control modules. Early work combine convolutional neural networks (CNNs) with reinforcement learning
or guided policy search to map camera inputs to motion commands. Levine et al. [127] first apply
Guided Policy Search to train perception and control jointly, mapping raw images to motor torques
and demonstrating reliable real-world grasping. Levine et al. [128] train a CNN on massive real grasp
attempts to predict grasp success in real time, closing the loop on novel objects. Kalashnikov et al. [129]
introduce a self-supervised, closed-loop Q-learning framework trained on 580,000 grasps, enabling dynamic
strategy adjustment, retries, and disturbance resilience. Tobin et al. [130] propose domain randomization,
varying simulator rendering parameters so models trained on synthetic data transfer directly to real-world
detection and grasping.

Sim-to-real robustness & safety ensures reliable transfer of simulation-trained policies to real-world
tasks while adhering to safety constraints. Bochem et al. [131] integrate sharpness-aware optimization into
gradient-based RL to identify flat minima, enhancing transfer robustness in contact-rich tasks without
compromising sample efficiency. Ayabe et al. [132] assess offline RL methods on a legged robot subjected
to random and adversarial torque disturbances, revealing vulnerability to sudden perturbations and
emphasizing the need for real-time adaptation and safety measures. Radosavovic et al. [133] train a
Transformer-based controller using deep RL and deploy it outdoors for one week without safety scaffolding,
showcasing adaptive performance amidst disturbances, rugged terrain, and varying payloads. Yang et
al. [134] apply domain randomization for vision-based servoing of soft robots, eliminating the need for
on-robot fine-tuning and enabling direct transfer of simulation-trained models to continuum manipulators.
Guerrier et al. [135] combine control barrier functions with RL to enforce safety constraints during learning,
preventing hazardous states in complex environments.

Multi-task & multi-agent control frameworks facilitate concurrent task execution or enable
collaboration among agents in complex workflows, thereby enhancing parallelism and automation. Tahmid
and Notomista [136] introduce a reinforcement learning-based framework designed to dynamically learn
and compose task policies in robotic systems with redundant architectures, incorporating time-varying
priority stacks to adjust task priorities. Team et al. [137] propose a unified multi-agent system capable
of automatically generating hypotheses, designing and conducting experiments, and refining methods
through iterative feedback, establishing a closed-loop process that accelerates interdisciplinary research.

1.2.2 AI for software engineering

AI for Software Engineering Research focuses on applying AI techniques to automate software development
tasks, enhance code quality, and improve developer productivity. This includes code generation, bug
detection, code review, and software testing.

Code generation refers to the use of AI models to automatically generate code snippets or entire
programs from natural language descriptions or existing code patterns [138, 139, 140, 141]. This can
accelerate the development process and reduce manual coding [142, 143]. For instance, Chen et al. [144]
develop Codex, a GPT model fine-tuned on GitHub’s publicly available code, which supports GitHub
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Copilot. To democratize program synthesis, Nijkamp et al. [145] train and release CodeGen, an LLM
based on both natural and programming language data, alongside the open-source training library
JAXFORMER. Additionally, several studies have explored advanced code capabilities and support for
multiple programming languages, like Python, Java, and R [138, 139, 140].

End-to-end software development covers the entire software development lifecycle, with AI automat-
ing various stages [146, 147, 148, 149]. For example, Phan et al. [150] develop HyperAgent, a generalist
multi-agent system designed to handle various SE tasks across different programming languages, mimicking
human developers’ workflows. Qian et al. [151] introduce Experiential Co-Learning, which enables software
development agents to leverage historical experiences to improve task performance. Meanwhile, Qian et
al. [152] introduce ChatDev, a chat-based framework for software development, and Kang et al. [153]
present an explainable automated debugging framework powered by LLM-driven scientific debugging.

1.3 AI for humanities and social science research

AI has been widely utilized to automate the design, execution, and analysis of humanities and social
science experiments, encompassing tasks from hypothesis generation to data collection, with minimal
human intervention. In this context, we will focus on two key domains:

1.3.1 AI for sociology research

AI in sociology research refers to the use of machine learning, natural language processing, and multi-agent
systems to simulate, analyze, and explore social phenomena [154, 155, 156]. Through AI, researchers can
reconstruct macro-level patterns of collective behavior and gain deeper insights into micro-level cultural
contexts and individual interactions, thereby revitalizing traditional sociological methods [157].

AI-assisted experimental and interview studies. Controlled experiments and simulated interviews
are increasingly employed by scholars to test social science hypotheses and evaluate the effects of various
social mechanisms and policy interventions. Manning et al. [158] propose a methodology that combines
structural causal models with large language models to automatically generate and empirically validate
social science hypotheses in contexts such as negotiations, bail hearings, job interviews, and auctions.
This approach effectively bridges the gap between theory and practice by utilizing the model both as a
scientific tool for hypothesis generation and as an experimental subject for validation. Liu and Yu [159]
develop MimiTalk, an automated interview system, and conduct a comparative study of AI-led and
human-led interviews with 20 participants on the Prolific platform. This study demonstrates the feasibility
of AI-mediated interviews and highlights their potential in experimental settings.

Large-scale simulation of social phenomena. This approach leverages algorithmic tools to automate
the collection and analysis of extensive textual, visual, and interaction data to simulate and examine
the macro-level dynamics of community practices and value evolution [160, 161, 162]. Perez et al. [163]
automate the extraction and analysis of large-scale text and image datasets to map cultural practices,
value systems, and trends in contemporary online communities [164, 165]. Zamudio et al. [166] propose
a simulation framework for cultural evolution using multi-agent LLMs, enabling the manipulation of
network structures, individual traits, and biases in information transmission to investigate factors driving
cultural diffusion and change. Chen et al. [167] develop a GPT-based three-module framework, including
information extraction, variant generation, and outcome prediction, that achieved high consistency in
predicting outcomes across 319 economic field experiments, while also reflecting the impact of gender, race,
and social norms on performance. Additionally, Bao et al. [168] reveal the underlying, often unspoken
codes within societies.

Potential risks discussion. While LLMs demonstrate strong predictive capabilities in the natural
sciences, their performance in the social sciences remains limited. Manning et al. [158] find that, although
LLMs can predict the signs of estimated effects well when given a proposed structural causal model,
they struggle to predict the magnitudes reliably. Additionally, Luke et al. [169] highlight that LLMs
face challenges in handling treatment effect heterogeneity and exhibit systematic biases when predicting
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social science outcomes. As such, LLMs’ predictive capabilities are still underdeveloped, particularly in
forecasting novel empirical patterns that could inform future experimentation [170].

1.3.2 AI for psychology research

Research methodology focuses on the design, implementation, and validation of psychological experiments
to ensure validity and reproducibility [171, 172, 173].

Experiment workflow automation and simulation. Recent research has explored integrating
AI into the management and data simulation of psychology experiments [174, 175, 176]. Zamudio et
al. [166] introduce the RAISE pipeline, automating the generation and validation of visual stimuli. In five
experiments, AI-generated images match researcher-designed stimuli in both validity and recognizability.
Cingillioglu et al. [177] conduct a fully automated online RCT with 1,193 participants, where AI managed
recruitment, random assignment, intervention delivery, and data collection, successfully replicating eight
classical hypotheses with gold-standard rigor. Cui et al. [178], Strachan et al. [179], Suri et al. [180]
use GPT-4 to simulate responses for 154 classical experiments, reproducing 76% of primary effects but
yielding 71.6% unexpected significant outcomes, illustrating the promise of AI-assisted replication while
emphasizing the need for cautious interpretation [181, 182, 183].

Human-AI trust and safety design. Research on human-AI trust explores the development of trust
during human-AI interactions and derives strategies for ensuring safety [184]. Li et al. [185] introduce
a three-dimensional framework encompassing the trustor, trustee, and context, identifying key factors
influencing trust and offering design recommendations for improving safety. Building on this, Chandra et
al. [186], through interviews with 283 individuals who have mental health experiences, develop a taxonomy
comprising 19 risky AI behaviors and 21 negative psychological impacts. From this, they propose a
multi-path case-method framework and a set of safety guidelines aimed at mitigating these risks.

Psychological interventions. Psychological interventions increasingly employ AI-driven chatbots to
provide scalable and cost-effective psychological support[187]. Earlier, Hagendorff et al. [188], Dillion et
al. [182], and Binz and Schulz [176] discuss whether and when LLMs can replace human participants in
psychological research, reviewing early evidence and proposing a theoretical framework while highlighting
methodological caveats. In a randomized controlled trial, Heinz et al. [189] find that the Therabot chatbot
resulted in significant reductions in clinical-level symptoms compared to the control group. Similarly,
Spytska et al. [190] explore the use of the Friend chatbot for crisis support, demonstrating that its efficacy
is comparable to traditional face-to-face therapy. These findings highlight the potential of generative
AI to enhance accessibility and effectiveness in mental health services, particularly in settings with
limited resources [191, 192]. Recent work further demonstrates that LLMs can match or exceed human
performance in generating emotionally resonant narratives [193, 194] and even pass standard Turing
tests [195], underscoring their broader psychological and communicative capabilities.

1.3.3 AI for archaeology

Research methodology in archaeology is currently undergoing a fundamental transformation, shifting
from a discipline reliant on manual, labor-intensive data collection and qualitative interpretation to a
computational model capable of processing vast, heterogeneous datasets [196]. This paradigm shift, often
described as the move toward "post-digital" archaeology, focuses on the design, implementation, and
validation of machine learning (ML) workflows to ensure validity, reproducibility, and scalability in the
analysis of material culture [197].

Automated landscape archaeology. AI has become increasingly central to automated landscape
archaeology, enabling the detection of anthropogenic features across satellite, aerial, and LiDAR data [198,
199]. CNN-based methods, often supported by transfer learning and data augmentation, have proven
effective for large-scale feature detection [200], while LiDAR visualization techniques combined with deep
networks enhance the recognition of terrain-based structures under dense vegetation [201]. More advanced
approaches such as Mask R-CNN [202] allow pixel-level mapping of architectural remains, providing finer
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structural detail than traditional bounding-box detection. Despite these advances, models trained on
idealized examples still struggle to generalize to real-world variability, underscoring the continued necessity
of human-in-the-loop verification [203].

Artifact analysis. With the help of artificial intelligence, artifact analysis has been increasingly
transormed by automating the classification of ceramics, lithics, and osteological materials, and by
unlocking information embedded in legacy archaeological documents [204, 205]. CNN-based systems
such as those developed in the ArchAIDE project apply image recognition and typological learning,
often enhanced with standardized archaeological drawings, to classify fragmented or eroded objects more
reliably [206, 207]. Beyond classification, AI pipelines like AutArch use neural object detection to extract
artifact images and associated metadata (e.g., scale bars, north arrows) directly from heterogeneous printed
or PDF sources, enabling the rapid construction of unified datasets that previously required extensive
manual labor [208]. Together, these advances demonstrate how AI can both democratize specialist typology
work and reactivate centuries of archival excavation data for large-scale archaeological analysis.

Artifacts restoration. Recent advances in cultural heritage restoration increasingly rely on computa-
tional methods that combine computer vision, language modeling, and robotic automation to recover and
reconstruct damaged or incomplete artifacts. In textual restoration, volumetric ink detection, exemplified
by the Vesuvius Challenge, uses machine learning to analyze CT scans of carbonized papyri, enabling
virtual unwrapping and decipherment of previously unreadable texts [209], while Transformer-based
models such as DeepMind’s Ithaca restore missing characters and contextual information in ancient
inscriptions [210]. In parallel, physical artifact reconstruction has been enhanced by systems like the
RePAIR workflow, which integrates computer vision with robotic arms, applying genetic algorithms and
geometric matching to align fragments based on geometry and texture, and autonomously manipulating
them into place [211]. Together, these approaches illustrate how AI-driven methods, often in human–AI
collaborative workflows, can significantly improve both textual and material reconstruction in archaeology,
extending the reach of expert interpretation and enabling tasks that were previously infeasible.

1.3.4 AI for humanities and arts research

Research in Digital Humanities and Arts leverages AI to transition from qualitative hermeneutics to
quantitative modeling and generative simulation, enabling scalable analysis of cultural artifacts and
experimental validation of aesthetic theories. AI is increasingly employed in cultural and creative studies,
combining computational modeling, large language models, and generative systems to analyze, quantify,
and augment human cultural and artistic activity. In quantitative cultural analysis, Bayesian
hierarchical models and LLM-based simulations are used to disentangle factors shaping literary style
and emotional expression and to model the transmission and evolution of narratives across generations,
revealing patterns of cultural drift and cumulative cultural evolution under different social network
structures [163, 212]. In creative generation domains, generative AI influences both human cognition
and aesthetic perception [213, 214]: collaborative studies show that AI enhances novelty for novices
while improving quality and refinement for experts, acting as a “skill amplifier,” [215] and psychological
experiments indicate that AI-generated artworks, optimized for symmetry and color harmony, are often
indistinguishable from human-made art, demonstrating that generative models capture high-level artistic
regularities [216]. Together, these applications illustrate how AI can rigorously quantify abstract cultural
phenomena, augment human creative performance, and shape aesthetic judgments.
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