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Abstract— Scientific discovery is being transformed with the emergence of agentic artificial intelligence (AI), and…planning, 

learning, and goal-directed experimentation is now possible. With agentic AI, over a closed loop design–evaluate–learn cycle, the 

integration of automation with experimentation, evaluation, and design enables… proposing high-value autonomous experiments, 

accelerator iteration, and simultaneously decreasing the human workload and effective search domain in drug design, materials 

discovery, and even climate modeling. This paper surveys the existing platforms, architectures and components (perception, 

planning, reinforcement learning, symbolic reasoning, and human-in-the-loop control), particular domain applications, outlines the 

domain agnostic method of agent-based discovery system deployment, addresses the ethical and technical (safety, trust, data bias, 

reproducibility) challenges, and contemplates the immediate and future ramifications of the deployment. We posit that a…policy 

optimization, is effective in shortening development cycles while retaining scientific rigor. 

 
Indexterms— Agentic AI, autonomous agents, scientific discovery, drug design, materials discovery, self-driving laboratory, active 

learning, closed-loop experimentation, reinforcement learning, uncertainty quantification 
 

I. INTRODUCTION 

 

A. Background and Motivation  

 

Ever since the dawn of time, mankind has seized the opportunity of innovation to birth scientific pursuits. Catching the new waves 

of treatment, materials and insights to our climate, our efforts have resulted in sophistication but the processes which surface are 

still heavily infested with complexity, cost, and inefficiency. Often, the process of creativity when using the hypothesis, experiment, 

and results framework is extremely prolonged and takes years to even decades to finalize. All of which, is a cycle that painstakingly 

captures time and labor in bulk. 

 

 Merging technology with artificial intelligence has improved the ease with which one analyzes data and creates predictive models, 

but it has still fallen short of replacing a researcher in the AI space. Most AI technology is still in a passive and assistive stage which 

is a convenience to a human researcher and does not advance to the level of facilitation of a researcher independent of human 

assistance in discovery. This has led to the further development and sophistication of autonomous AI agents that require minimal 

human intervention to reason, plan, and execute analysis of scientific tasks to refine and develop them in a cycle. 

 

 The agentic AI paradigm is distinctively favorable in areas that have sophisticated interwoven systems with complex dynamics and 

huge search areas. For instance, in drug design, AI systems have the potential to pinpoint and analyze a staggering amount of 

molecular candidates with advanced precision. AI agents are capable of predicting and synthesizing new compounds that are ideal 

candidates for desired properties and are optimized within the materials science domain. When it comes to climate analysis, AI can 

analyze environmental data with sophistication and precision. 
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B. Outlining Autonomous Artificial Intelligence Agents 

 

 In dynamic scientific settings, autonomous AI agents—also referred to as agentic AI—are intelligent systems that can act on their 

own initiative to achieve predetermined goals.  Typical essential elements of such agents are: 

 

 Perception: Examining intricate data sets from materials, climate measurements, or genomics. 

 Planning and reasoning include coming up with theories, creating experiment plans, and modifying plans of action when faced with 

ambiguity. 

 Learning: Getting better over time through generative modeling, evolutionary tactics, or reinforcement learning. 

 Execution: Using lab automation tools, planning experimental setups, or running simulations. 

 Adaptation: Taking into account criticism and adjusting later plans of action in light of results. 

 Autonomous agents differ from conventional AI models in these ways.  They facilitate active participation in the formulation and 

validation of scientific ideas by driving discovery workflows rather than just computing predictions. 

 

C. AI's Development in Scientific Research 

 

 
Fig. 1. AI in Health Care 

 

 Using a historical perspective helps us comprehend the emergence of autonomous AI in science: 

 

 Rule-Based Systems (1960–1980s): These early expert systems had little flexibility and adaptability because they were based on 

fixed rules and encoded knowledge. 

 

 The 1990s and 2000s saw the development of machine learning and statistical techniques, which allowed for data prediction but 

lacked the ability to make decisions on their own and generate hypotheses. 

 

 The 2010s saw breakthroughs in deep learning, such as DeepMind's AlphaFold, which transformed the prediction of protein 

structures but was still domain-limited and not entirely autonomous. 

 

 Emergence of Agentic AI (2020s–Present):  Large language models (LLMs), reinforcement learning, and robotics have come 

together to create systems that can propose, plan, carry out, and learn from scientific experiments on their own. 

 

 A significant paradigm shift in scientific methodology can be seen in the move from AI as a tool to AI as a collaborator. 

 

D. Important Uses in Scientific Fields 

 

 1. Design of Drugs 

 

 The drug discovery process has long timelines, high failure rates, and is costly and slow.  This is being changed by agentic AI 

systems by: 

 

 Developing theories regarding potential molecules, 

 

 By simulating interactions between molecules and targets, 

 

 Filtering designs according to anticipated characteristics, such as toxicity or efficacy, 

 

 generating lead structures with little human intervention. 

 

 Using AI-driven drug design platforms, industry players such as Insilico Medicine have drastically reduced discovery timelines 

from years to as little as 12-18 months.  

 Frontiers of Atera Wikipedia 
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  Pharmaceutical research and development is changing as a result of predictive simulations and actively guided generative models. 

 

 Additionally, DeepMind's AlphaFold and the AlphaFold database that followed sped up protein comprehension, aiding in synthetic 

biology and drug discovery. 

 

2. Science of Materials 

 

 Exploring combinatorial chemical and structural spaces is a necessary step in the discovery of new materials.  Tools for agentic AI 

assist by: 

 

 By modeling the characteristics of materials, 

 

 Putting forward novel crystalline or molecular structures, 

 

 automating the planning and execution of synthesis, 

 

 incorporating experimental feedback into autonomous laboratory settings. 

 

 In the process of proposing new structures, projects such as ChatMOF, a domain-specific agent for designing metal-organic 

frameworks (MOFs), show high predictive accuracy (~90%) and generative capabilities (~70%).  

 RSC Books 

  LLMs and specialized tools are used by platforms such as ChemCrow to automatically create and evaluate new materials.  

 RSC Publishing Medium Materials discovery is increasingly reliant on self-driving labs, where agents plan, carry out, and analyze 

experiments. 

 

3. Modeling the Climate 

 

 Global scale interactions in climate systems are extremely complex and nonlinear.  Applications of agentic AI in this field include: 

 

 Enhancing weather event spatiotemporal prediction, 

 

 Forecasts of climate trends are being expedited. 

 

 incorporating multimodal environmental data to enable more complex modeling. 

 

 Christopher Bishop of Microsoft highlighted how AI, especially deep learning and LLMs, is spurring scientific advancement in the 

fields of energy, drug development, and climate science. 

 

E. An Overview of Scientific Discovery and Agentic AI 

 

 This changing landscape is reflected in recent literature: 

 

 The article "From AI for Science to Agentic Science" (2025) examines the evolution of agentic systems from purely assistive AI 

to autonomous scientific co-discovery.  It connects perspectives from fields like physics, chemistry, and life sciences that are 

process-, autonomy-, and mechanism-oriented.  

 arXiv 

 

 Frameworks, assessment metrics, multi-agent protocols (such as ACP and A2A), and applications in chemistry, materials science, 

and biomedical research are all covered in "From LLM Reasoning to Autonomous AI Agents" (2025). 

In order to provide insight into the maturity and constraints of the field, "Agentic AI for Scientific Discovery: A Survey" (2025) 

classifies tools, systems, datasets, and challenges in agentic scientific workflows.  

 arXiv 

 

 Within a closed-loop lab-in-the-loop framework, Robin, a 2025 multi-agent system, independently developed hypotheses, 

suggested experiments, analyzed data, and identified ripasudil as a novel therapeutic candidate for dry age-related macular 

degeneration. 

 

F. Prospects and Difficulties 

1. Possibilities 

 

● Efficiency Gains: Timelines can be drastically shortened from years to months or weeks. 

 

● Exploration Beyond Human Capacity: Agents are able to traverse large, hitherto unreachable design or hypothesis spaces. 

 

● New Findings: Unexpected, significant solutions might be found by autonomous iterations. 
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● Scalability Across Domains: Platforms can be used for climate science, materials science, and drug discovery, allowing for 

interdisciplinary collaboration. 

 

2. Difficulties 

 

● Reliability and Validation: It can be difficult to make sure that results are repeatable and supported by science. 

 

● Interpretability: To be trusted, complex model decisions need to be clear and understandable. 

 

● Ethical and Regulatory Considerations: Particularly in biomedical fields, safety, bias, and responsible use need to be 

addressed. 

 

 Human–AI Integration: Careful planning is needed to integrate agentic AI into current scientific workflows, infrastructure, and 

cultures. 

 

 Efficiency is demonstrated by real-world systems such as Insilico Medicine; however, explainability and regulatory acceptance are 

still issues.  

 Frontiers WIRED 

  Projects like GNoME have significantly expanded the number of candidate proposals in materials science; however, only a small 

portion of these proposals (less than 5%) have been experimentally verified, indicating a verification gap. 

 

II. LITERATURE SURVEY 

Scientific inquiry has historically adhered to a stepwise process in which humans pose questions, develop and conduct 

experiments, and interpret outcomes. The emergence of autonomous AI agents is the first example of enabling a system to 

analyze and digest vast quantities of data, propose hypotheses, design experiments, and propose new theories with minimal 

direct human input. Academic and commercial literature sourced from a variety of domains — including, but not limited to: 

drug design, materials science, climate modeling, and autonomous agentic AI frameworks — emphasize the rapid pace of 

development and application. 

 

Fig. 2. Growth of AI-Driven Publications in Scientific Discovery (2010-2024). 

Drug Design and Discovery 

In the following survey, we tie together the most significant contributions, case studies, and developments. We consider the 

contributions of the underlying academic literature and the significant and ongoing industrial literature. 

Historically, drug discovery has been a slow and expensive process. The average time from the discovery of a candidate 

compound to the initiation of clinical trials has been over a decade and costs total billions of dollars. However, the literature 

indicates that AI agents are significantly reducing the cost and time required for drug discovery.  

2.1.1 AI in Drug Discovery - The Early Days 

The first major focus of AI applications in pharmaceutical sciences is the development of Quantitative Structure-Activity 

Relationship (QSAR) models that relate chemical structures to biological activity. 

It became popular to deploy machine learning algorithms like support vector machines (SVM) and random forests for compound 

screening in the 2000s. 

2.1.2 Generative Models for the Design of Molecules 

Zhavoronkov et al. demonstrated that Generative Adversarial Networks (GANs) can learn to produce drug-like molecules in 

just 21 days. This is extraordinary and truly revolutionary compared to the time investment involved in a traditional discovery 

cycle (Zhavoronkov et al., 2020). 
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Variational Autoencoders (VAEs) and Diffusion Models are great examples of generative models in a variety of tasks, allowing 

investigators to explore the chemical space that goes beyond what humans typically have access to. 

2.1.3 AI-Powered Protein Structure Prediction 

AlphaFold 2 (DeepMind, 2021) has transformed biology by achieving near-experimental accuracy in predicting protein 

structures and solved a 50-year-old problem in computational biology. 

Follow-up studies demonstrated its application in directly predicting drug targets, and even enzyme design. 

2.1.4 Agentic AI in Drug Design 

Existing models of AI (e.g. statistical AI) are passive and require academic researchers to define tasks. Agentic AI systems, 

such as ChemCrow (an LLM-based chemistry agent), can autonomously propose synthesis routes and evaluate the safety of a 

compound quickly, and even plan laboratory experiments. 

Autonomous AI is being used more and more as the primary instance of multi-objective optimization, respecting efficacy, 

toxicity, and ‘pharmacokinetics’ pathway screening in every drug candidate. 

2.1.5 Industrial Adoption 

Insilico Medicine revealed that drugs designed using AI were entering Phase I clinical trials; one of the first end-to-end AI 

driven pharmaceutical pipelines. 

Exscientia and BenevolentAI are utilizing AI agents in drug repurposing to discover new therapeutic uses of existing 

compounds, which helps accelerate treatment development in cases such as COVID-19. 

Key Takeaway: The literature illustrates AI has moved from a consultative capacity in drug discovery to an autonomous player 

that can autonomously generate and validate hypotheses. 

2.2 Material Science and Engineering 

Materials science has a heavy reliance on trial-and-error experimentation, which accompanies extensive lab work and expensive 

resources. Autonomous AI agents are disrupting the material discovery process by utilizing computational modeling algorithms, 

machine and deep learning, and robotics in order to discover materials faster.  

2.2.1 High-Throughput Screening 

The Materials Project (2011) was the first research team to successfully integrate density functional theory (DFT) simulations 

with machine learning to predict the properties of millions of candidate materials.  

The literature indicates that AI can identify some promising candidates from a vast amount of data and filtering down the 

candidates before lab experimentation, which can become expensive. 

2.2.2 AI for New Material Discovery 

Autonomous AI agents have been used to discover superconductors (Stanev et al., 2018), using machine learning (ML) models 

based on known superconductors.  

centered on catalyst design, AI models predict the activity and stability of materials for various renewable energy applications, 

including hydrogen production and CO₂ reduction. 

2.2.3 Self-Driving Laboratory 

The Materials Acceleration Platform (MAP) at the University of Toronto is, perhaps, one of the most well-known examples 

where robotic arms conduct material synthesis while AI agents create the experimental plan.  

Berlinguette et al. (2019) outlined a close loop "self-driving lab" where AI autonomously designs, perfoms and interprets 

experiments.   

2.2.4 Multi-Agent Systems 

Foundational literature report an increased use of and interest in multi-agent reinforcement learning (MARL). In MARL, 

different agents can be trained to perform various tasks such as simulation, optimization, and synthesis.  

Within these frameworks, AI agents work together as teams, mimicking human teams of researchers but at machine speeds. 
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2.2.5 Industrial Applications 

Google DeepMind (2023) created GNoME, an AI system that identified over 380,000 new crystal structures in materials space. 

BASF and IBM's investment in AI has implications for polymers with desired attributes including resistance to heat and 

biodegradability. 

Key Takeaway: There is a trajectory towards autonomous AI and over time, becoming self-driving material discovery platforms 

with hypothesis generation, testing, validation and no humans involved. 

2.3 Climate Modeling and Environmental Sciences 

Climate science has traditionally relied on physics-based models requiring supercomputational capabilities to provide forecasts 

with substantial uncertainties. Autonomous AI agents may offer faster processing and would be capable of creating accurate 

models that can adapt over time.  

2.3.1 Traditional Climate Models 

General Circulation Models (GCMs) capture dynamics of Earth’s atmosphere, oceans, and biosphere. However, they can be 

expensive computationally and unreliable regarding prediction on a local or short-term time frame. 

2.3.2 AI-Driven Climate Prediction 

FourCastNet (NVIDIA, 2022) uses deep learning to create high-resolution climate predictions exponentially faster than 

traditional climate models, such as GCMs or just global climate models. 

GraphCast (Google DeepMind, 2023) uses graph neural networks to make 10-day weather forecasts and improves upon the 

ECMWF's IFS model, the gold standard of meteorological models. 

2.3.3 Agentic AI in Climate Research 

Agent-based modeling frameworks (ABMs) augmented by AI agents can simulate complex socio-environmental system 

interactions, such as those seen in deforestation, urbanization and carbon cycle feedbacks. 

ABMs can also provide insights for climate policy intervention experiments (e.g., emission reduction). 

2.3.4 Integration of Earth System Data 

Literature suggests AI agent models process heterogeneous datasets (satellite imagery, IoT sensors, ocean buoys) better than 

physically-based models.  

Autonomous systems can also modify models dynamically in the face of new observational data, leading to real-time climate 

monitoring. 

2.3.5 Climate Adaptation and Mitigation Strategies 

AI agents are also used for renewable energy optimization (wind/solar forecasting). 

AI applications also include disaster management (for example, forecasting hurricanes, floods, and wildfires). 

Key Takeaway: Literature suggest a shift from the dominance of physics-based simulation to national-AI hybrid approaches to 

climate prediction, which includes autonomous AI agents playing a significant role in real-time decision-making regarding 

climate adaptation. 

2.4 Frameworks for Autonomous AI Agents 

Although domain-specific applications are important, the literature is primarily focused on the base architectures of autonomous 

AI agents that enable these discoveries. 

2.4.1 Multi-Agent Reinforcement Learning (MARL) 

The MARL literature shows how, a number of agents each having specialized skills, might work together to address scientific 

tasks (e.g. exploration vs exploitation in discovery of novel materials). 

Applications of MARL include distributed drug screening or cooperative lab automation. 
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2.4.2 Large Language Model (LLM)-Based Agents 

LLM agents (e.g. AutoGPT, ChemCrow, LangChain agents) display emergent reasoning and planning capabilities. 

Agents are able to query databases autonomously, generate evidence-based hypotheses, and orchestrate external software tools. 

2.4.3 Self-Improving Systems 

Recent work discusses closed-loop learning agents that refine models iteratively using feedback from real-world experiments. 

The literature indicated interest in human-AI collaboration, where autonomous agents act as “co-scientists,” thereby augmenting 

but not replacing the contribution of human researchers. 

2.4.4 Ethical and Interpretability Concerns 

A theme that recurs in the literature refers to the black-box nature of deep learning models resulting in reproducibility concerns 

pertaining to science. 

Scholars provide support for explainable AI (XAI) to ensure that the discoveries made by autonomous agents are transparent 

and valid scientifically. 
 
 

TABLE1 : AI TECHNIQUES AND ACHIEVEMENTS ACROSS SCIENTIFIC DOMAINS 
 

Domain 
Key AI 

Techniques 

Example 

Systems 
Achievements 

Drug Design 

GANs, RL, 

Diffusion 

Models 

Insilico 

Medicine, 

AlphaFold 

Faster 

candidate 

identification 

Materials 

Science 

ML + 

Robotic Labs 

Materials 

Acceleration 

Platform 

New catalysts, 

polymers 

Climate 

Modeling 

Graph Neural 

Nets, 

Transformers 

GraphCast, 

FourCastNet 

High-

resolution 

forecasting 

Autonomous 

AI 

Multi-Agent 

RL, LLMs 

AutoGPT, 

ChemCrow 

Autonomous 

planning & 

execution 

2.5 Cross-Domain Integration in the Literature 

Certain works describe how autonomous AI agents can integrate domains: 

Drug design and materials science, e.g., new nanomaterials for drug delivery. 

Climate science and materials engineering, i.e. AI designing carbon-capture materials to remove greenhouse gases. 

Shared multi-agent systems allowing interdisciplinary research, with agents standing in for each domain creating a common 

workspace. 
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III. METHODOLOGY 

The methodology of applying autonomous AI agents to doing science follows a straightforward pipeline that can transition 

machines from simple predictive agents into active participants in hypothesis generation, experimentation, and validation. 

Agentic AI systems differ from traditional computational models in that they use a combination of machine learning, 

reinforcement learning, and multi-agent orchestration to perform tasks autonomously.   

 

Fig. 3. Methodology of Agentic AI in Scientific Industry 

All methodological processes are displayed in the current section in five distinct sections, including (1) Data Collection and 

Data Preparation, (2) Agentic Modeling, (3) Hypothesis Generation, (4) Simulation and validation, and finally, (5) Feedback 

loop. 

3.1 Data Acquisition and Preprocessing 

Data is the bedrock of any AI-based scientific discovery pipeline. Within the context of agentic AI, the domain of data is more 

expansive, and considerably more heterogeneous than traditional datasets.  

3.1.1 Data Sources 

Drug Design: Genomic libraries, chemical compound databases (e.g. PubChem, ChEMBL), protein structure repositories (e.g. 

PDB), and clinical trial data.  

Materials Science: Crystallographic databases (e.g. ICSD; Materials Project), density functional theory (DFT) simulation 

results; spectroscopic data.  

Climate Modeling: Satellite imagery (NASA EarthData; Copernicus Sentinel); weather observations; IoT sensor feeds; ocean 

buoy data.  

3.1.2 Preprocessing  

Standardization & Cleaning: Removal of duplicate or noisy data, normalization of chemical/molecular descriptors  

Feature Engineering: Encoding molecules as SMILES strings, encoding material compositions as vectorized descriptors, 

encoding climate patterns as temporal-spatial features.  

Dimensionality Reduction: Various methods, such as PCA, t-SNE, and autoencoders, can facilitate a larger dataset and 

condense to reduce and retain meaningful variance. 

3.1.3 Challenges 

 

Fig. 4. Challenges on the Horizon 
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Heterogeneity: Climate data will be (continuous time-series), and very different from molecular data (graph-based). 

Biases and gaps: Some datasets may be lacking samples for rare compounds, or under-observed environmental variables. 

Scale: From petabytes of real-time climate data, to millions of chemical compounds, distributed data infrastructures must 

address the unprecedented scale of real-time datasets. 

3.2 Agentic Model Development 

The approach is grounded in the construction of autonomous AI agent models which involve independent reasoning, decision 

making, and taking action without human input. Models of this kind are adaptive as they support autonomy; which is a 

significant differentiator from a static ML pipeline. 

3.2.1 Reinforcement Learning (RL) Agents 

The mechanism: Agents learn from their interaction with an environment by taking actions that lead to reward. 

An application: In the drug discovery space, RL agents tackle the generation of molecules by determining what combination 

of structures lead to desired efficacy and least toxicity. In engineering materials science, RL agents balance the trade-offs of 

conductivity, strength and cost to find multiple viable candidates. 

3.2.2 Generative Models 

Variational Autoencoders (VAEs): Transfer molecules/materials into latent spaces and transfer them out to explore novel 

structures. 

GANs (Generative Adversarial Networks): Take in data from good compounds and generate novel compounds that resemble 

real drug-like molecules. 

Diffusion Models: Recent advances into the generation of chemically valid structures show that diffusion models significantly 

out provide GANS. 

3.2.3 Multi-Agent Systems 

Collaborative agents: Used in a variety of tasks such as hypothesis generation, simulation of data, and validation. 

Competitive agents: When used together in an adversarial framework, and can help delineate a hypothesis for testing by 

challenging underlying assumptions (similar to the peer review process). 

Case example: A drug design system that uses one agent for the process of synthesizing a molecule, and another agent for 

toxicity evaluation, can iterate this process until both agents converge on viable candidates. 

3.2.4 Integration with LLMs 

Large language models (LLMs) such as the GPT-based systems we see today are integrated as reasoning engines, managing 

experiments, directly querying databases, and producing research plans. 

An example of this would be ChemCrow, an LLM powered chemistry agent that can carry out the task of chemistry 

autonomously by chaining reasoning with external tool usage. 

3.3 Hypothesis Creation 

Agentic AI's capacity for automated hypothesis creation is groundbreaking. Humans have long generated hypotheses.  

3.3.1, Drug Design 

AI agents suggest new drug molecules through exploration of unexplored chemical spaces.  

Example: In reinforcement learning frameworks, the agents are rewarded for molecules with high binding affinities and low 

toxicity. 

3.3.2 Materials Science 

AI agents propose alloys or polymers with desired properties (for instance, high strength to weight ratios for aerospace 

applications). 

The autonomous hypothesis engines in AI agents can support hypothesizes involving changes in the composition of materials 

that humans may not have yet considered. 
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3.3.3 Climate Modeling 

AI creates what-if scenarios, such as whether Arctic ice melt will accelarate significantly again with different emissions 

trajectories. 

Agents also hypothesize about local evacuations related to weather systems that could respond to broader global climate 

changes. 

3.3.4 More Useful Way 

Hypothesis creation is not a step in the research process that comes to completion, it is always evolving and evolving. Avery 

time new data is adjudicated, new methodologies can be developed.  

3.4 Simulation and Validation 

Now that hypotheses have been developed, AI agents move on to validation, first in silico (computational environments) and 

then in laboratory experiments. 

3.4.1 In Silico Simulation 

Drug discovery will include molecular docking, PK modeling and virtual screening 

Materials science will include density functional theory (DFT), molecular dynamics and finite element simulations 

Climate science will include deep-learning climate simulators such as FourCastNet or hybrid physical-AI models 

3.4.2 Opportunities with Robotic Labs 

AI agents are being developed to interface with self-driving laboratories that combine robotic systems to perform the 

experiments. 

Example: In materials science, a robotic arm will synthesize the molecules that AI has suggested, analyze the molecules, and 

then feed the results back to the agent....and so forth to explore broadly, i.e. modify the molecule. 

3.4.3 Cross-Validation 

AI agents verify results through multiple models (ensemble learning). 

Multi-agent negotiating ensures hypotheses are tested through multiple lenses before validation. 

3.4.4. Limitations 

Simulations can be limited in their capabilities when compared to the complexity of the real world (e.g., predicting drug 

toxicities in humans vs. computers). 

Validation pipelines can be computationally intensive, requiring extensive computing power as well as robotic systems. 

3.5 Feedback Loop and Continual Learning 

The defining characteristic of agentic AI is its closed-loop adaptive learning cycle. 

3.5.1 Autonomous iteration 

Agents will learn continually potentiating the outcome of every cycle back into the fixed system. 

Example: If a drug fails toxicity tests, the agent will independently adjust molecular design strategies.  

3.5.2 Human-AI role 

While agents will independently function, humans will be in the supervision loop to maintain ethical dimensions and 

interpretability. 

Human researchers will serve as evaluators rather than manual experimenters. 

3.5.3 Trans-domain knowledge transfer 

Feedback loops can extend past the single domain. For example, climate models could be a useful source of data for material 

designers developing renewable energy solutions.  
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3.5.4 Benefits of closed-loop systems 

Decreased discovery timelines (from decades down to years or months). 

Ongoing refinement reduces the number of needless dead ends.  

AI-powered discovery cycles will become self-accelerating, amplifying progress over time. 

3.6 Recap of Methodological Framework 

The methodology of agentic AI for scientific discovery can be reduced to a five-phase pipeline: 

Data Acquisition and Preprocessing → Heterogeneous datasets are standardised, set-up, and feature engineered. 

Agentic Model Development → AI agents are built, using any combination of reinforcement learning, generative models, 
multi-agent models, etc. 

Hypothesis Generation. → Agents will autonomously create (propose) truly novel molecular, material, or climate 
hypotheses, or something as simple as a hypothesis for an experiment. 

Simulation and Validation → Processing the hypotheses, using mostly simulations, and then potentially physically testing 
the hypotheses in laboratory 'self-driving' labs (where AI is controlling all actions). 

Feedback loop → After many proposed hypotheses, the results are fed back to the system to enable progressively or finely 
tuned improvements through continuous improvement and/or learning. 

This breakdown of methodology is cyclical rather than linear, as in traditional science, and is a major paradigm shift, as 

discovery becomes an ongoing and autonomous process. 

 

IV. FUTURE PREDICTIONS 

 

The next decades are predicted to observe a paradigm shift in how science is practiced due to the innovative development of 

autonomous AI agents. While traditional AI systems are limited to passive analysis or pattern recognition, agentic AI systems 

are able to autonomously make decisions, set goals, and creatively test hypotheses. These systems are able to function as “digital 

researchers”: they are capable of not only processing information, but also designing and executing experiments in silico or in 

physical laboratories. Domains in the future such as drug design, materials science, and climate modeling are multicentric and 

will depend autonomously on these systems to make rapid breakthroughs and innovations.   

 

1. Drug Design and Precision Medicine   

 

 

Fig. 5. Accelerating the Dug Discovery Pipeline 

 

One of the most transformative areas where autonomous AI agents will continue to play a major role is drug discovery. The 

autonomous AI agents are more likely to reduce these barriers by acting as intelligent chemists and biologists. Presently, the 

biopharmaceutical industry is plagued with high costs, slow turnaround times, and high failure rates during clinical trials. 

2. Next-Generation Technologies and Materials Science 
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Fig. 6. Exploring the Material Science 

 

 In materials science, whether in electronics, aerospace engineering, or renewable energy, the rate of technological advancement is 

frequently dictated by the discovery of new compounds.  The pace of material innovation is constrained by conventional trial-and-

error experimentation techniques.  By establishing a closed-loop system where hypothesis generation, material synthesis, and 

performance testing are continuously optimized without human intervention, autonomous AI agents will transform this environment. 

 

 Future forecasts indicate the emergence of "self-driving laboratories," where robotic systems controlled by artificial intelligence 

(AI) agents test thousands of material combinations on their own, continuously.  These systems might find room-temperature 

superconductors, sophisticated catalysts for clean energy, or lightweight alloys for environmentally friendly production. 

 

3. Climate Modeling and Global Sustainability 

 

Fig.7. Enhancing the Climate Model Fedeloity 

 

 

Climate science is another area where the predictive capabilities of AI agents will be indispensable. Climate models today require 

vast amounts of computational power and often struggle to capture fine-grained regional effects. Autonomous AI agents, equipped 

with reinforcement learning and adaptive reasoning, will be able to run high-resolution simulations at a fraction of the cost and time. 

 

In the near future, AI agents are expected to provide policymakers with actionable predictions on climate risks such as rising sea 

levels, extreme weather patterns, and biodiversity loss. These predictions will not remain static; instead, agentic systems will 

continuously update models as new data flows in from satellites, IoT sensors, and global monitoring systems. This dynamic feedback 

loop will create more reliable forecasts, enabling faster responses to environmental challenges. 

 

A further prediction is that AI agents will assist in designing and testing climate intervention strategies, such as carbon capture 

methods or geoengineering approaches. While these strategies remain controversial, autonomous agents can simulate their long-

term consequences, helping humanity make informed choices in the face of climate change. By mid-century, it is plausible that 

climate mitigation strategies will be inseparable from agentic AI analysis and recommendations. 
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4. Cross-Disciplinary Impact and Ethical Considerations 

 

Looking beyond specific fields, autonomous AI agents are likely to reshape the very structure of scientific research. The traditional 

model of incremental human-led discovery will increasingly be replaced by hybrid collaborations between humans and autonomous 

systems. Scientists will focus more on creative problem formulation, while agents handle the exploration of immense solution 

spaces. 

 

However, the growing reliance on AI agents also raises questions of transparency, accountability, and ethics. Future research must 

address concerns about data bias, reproducibility of AI-generated results, and the ownership of discoveries made by autonomous 

systems. The balance between human oversight and agent autonomy will be critical to ensuring responsible scientific progress. 

 

V. CONCLUSION 

 

The emergence of autonomous AI agents reflects the pinnacle of achievement AI technology has made to date. Unlike other forms 

of AI that rely on static methods of data analysis, agentic AI can actively plan, perform, and modify actions, thus serving as a true 

partner in the research endeavor. These agents in drug design have the ability to drastically reduce the time and costs associated 

with the identification, optimization, and testing of new compounds, thus enabling precision as well as rapid responses to global 

health issues. In materials science, autonomous AI agents permit the continuous and high-throughput exploration of new materials, 

which can lead to the development of next-generation energy, electronics, and sustainable manufacturing technologies. In climate 

modeling, agentic AI offers superior, responsive, and high-resolution simulations that aid policymakers and researchers in the design 

of climate change mitigation as well as climate change adaptation strategies.  

 

The collective impact of these advancements points toward a future where autonomous AI agents are regarded as true collaborators 

in each of the major scientific domains. While the issues of transparency, ethics, and the need for human oversight are undeniable, 

the anticipated results far exceed the risks. Guided the right way, agentic AI will not be a replacement for scientists, but rather, will 

serve to increase their productivity and therefore usher in a new age of advancements in science. 
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