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FROM PREDICTION TO REALIZATION
The discovery of new inorganic materials is undergoing a structural transformation.

Artificial intelligence (AI) has shifted the research paradigm from intuition-driven

trial-and-error toward data-centric, algorithmically guided workflows encompassing

hypothesis generation, experimental planning, characterization, and knowledge

extraction
[1,2]

. At the frontier of this transformation, AI agents are beginning to

engage directly with the synthesis problem that prediction alone cannot solve,

converting computationally identified candidates into experimentally realized

materials
[3]

. Here, we assess where this engagement produces genuine results and

where fundamental challenges remain for inorganic materials synthesis.

The growing gap between prediction and synthesis

AI has made candidate generation and thermodynamic stability screening scalable,

but it has not solved the more difficult problem of determining which predicted

materials can be synthesized. Deep-learning models trained on millions of density

functional theory (DFT) calculations now screen and generate millions of candidate

                                                                                          

https://www.oaepublish.com
https://ucenter.oaepublish.com
https://orcid.org/0000-0002-7577-1366
https://dx.doi.org/10.20517/cs.2026.35
https://dx.doi.org/10.20517/cs.2026.35
https://crossmark.crossref.org/dialog/?doi=10.20517/cs.2026.35&domain=pdf


Page 2 of 7 Veiga et al. Chem. Synth. 2026, 6, 66

Figure 1. The prediction–synthesis gap in inorganic materials. AI has identified millions of thermodynamically stable structures, yet only
several hundred had been experimentally realized at publication, highlighting the central challenge for AI in inorganic materials discovery.
Crystal structures are visualized using the Materials Project[5], Copyright AIP Publishing LLC, licensed under a CC BY 3.0, and diagram
elements created with Chemix (h​t​t​p​s​:​/​/​c​h​e ​m​i​x ​.​o​r​g​). AI: Artificial intelligence.

structures predicted to be thermodynamically stable. As reported by Merchant et al . , among the

approximately 2.2 million structures predicted to be stable, only 736 were matched to independently

reported experimental structures at the time of publication. The scale of this gap is illustrated in Figure 1
[4]

.

Predicting whether a hypothetical stable structure can be synthesized remains an open scientific problem:

kinetic barriers, precursor incompatibility, and inaccessible reaction conditions mean that stability on paper

does not guarantee a material can be made in the laboratory
[6]

. AI has widened the prediction-to-synthesis

gap, and closing it is precisely the challenge that AI agents must now address.

Agents enter the inorganic synthesis laboratory

The closed-loop agent architecture, in which large language models (LLMs) orchestrate literature mining,

experimental design, execution, characterization, and iterative refinement, has been in part practiced in

organic synthesis
[7-9]

. A similar logic is now operational for inorganic materials: the A-Lab realized 36 of 57

targeted inorganic compounds through 17 days of continuous, machine learning (ML)-guided robotic

synthesis
[10]

. The Digital Catalysis Platform (DigCat) implements a multi-step autonomous workflow

integrating curated databases and literature with ML models and pH-dependent microkinetic modeling,

deployed as a globally accessible cloud agent that self-improves through community feedback
[11]

. Applied to

electrocatalyst discovery, this framework identified RbSbWO
6
 as a new bifunctional non-noble metal oxide

for acidic water splitting, synthesized, characterized, and validated experimentally to outperform many

engineered catalysts reported in the literature
[12]

. At the bench scale, LLM-controlled robotic platforms have

demonstrated synthesis of 13 structurally diverse inorganic compounds across coordination complexes,

metal-organic frameworks (MOFs), nanoparticles, and polyoxometalates (including discovery of a previously

unreported Mn-W polyoxometalate family through AI-guided exploration of synthesis space) while domain-

trained LLMs have guided the synthesis of novel copper-based hydrogen storage MOFs in as few as three

experimental iterations
[13,14]

. These are working systems producing new inorganic materials [Figure 2],

though understanding where agents add the most value requires moving beyond headline results.
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Figure 2. Closed-loop AI agent architecture for inorganic materials synthesis. An AI orchestrator integrating LLMs, ML models, and
physics-based tools connects experimental databases and computational resources to an autonomous laboratory cycle comprising
candidate design, robotic synthesis, and characterization, with experimental feedback refining each subsequent cycle. Diagram elements
were created with Chemix (h ​t ​t ​p ​s ​: ​/ ​/ ​c ​h ​e ​m ​i ​x ​. ​o ​r ​g ​); robot arm icon by Ehtisham Abid (Flaticon), adapted with ChatGPT. AI: Artificial
intelligence; LLMs: large language models; ML: machine learning; DFT: density functional theory.

How AI agents drive autonomous experimentation

The architecture underlying these demonstrations shares a common logic: a data infrastructure layer that

aggregates and standardizes experimental knowledge, an agent layer that reasons over that knowledge to

propose candidates and synthesis conditions, and a hardware layer that executes, characterizes, and feeds

results back into the loop. Synthesizability-prediction modules belong within the agent layer, acting as a

triage step that screens thermodynamically stable candidates for kinetic and precursor feasibility before any

are passed to the hardware layer for synthesis, reducing wasted experimental cycles on candidates unlikely to

be realizable regardless of predicted stability
[6]

. At the data infrastructure level, a synthesis-ready database

requires more than aggregated performance values: standardized synthesis conditions, reaction-specific

metadata, and direct traceability to the primary literature, continuously updated through community

contributions and AI-assisted curation. Platforms such as DigCat 4.0, spanning electrocatalysis,

thermocatalysis, and photocatalysis, and literature-mined resources such as the solution-based synthesis

dataset compiled by Wang et al., illustrate this principle in practice
[15,16]

. Without this foundation, even the

most capable agent cannot propose experiments that are experimentally actionable. Even where such

platforms exist, they largely remain siloed: without shared data formats and ontologies, a database built for

one chemistry cannot be readily queried or combined with another, limiting how far curated knowledge can

travel across the field
[17]

.

At the agent and hardware level, platforms such as CRESt integrate a multimodal vision-language model

with Bayesian optimization and robotic actuators to coordinate synthesis, characterization, and

electrochemical testing end-to-end, exploring hundreds of compositions and thousands of tests to deliver an
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eight-element electrocatalyst while diagnosing anomalies without human intervention
[18,19]

. Analogous

workflows have used LLM-guided element selection to identify (RuNiFeMoCr)O
3-4

, a stable acidic oxygen

evolution catalyst validated at 1 A·cm
-2
 for over 150 h in a proton exchange membrane electrolyzer

[20]
. Across

these systems, a consistent principle emerges: the closed loop generates its own training data with every

cycle, and the quality of that data determines how rapidly the agent improves.

What agents genuinely contribute

The most defensible value proposition for AI agents in inorganic synthesis lies in knowledge aggregation and

hypothesis generation, where the scale of the published literature exceeds human cognitive bandwidth. LLMs

fine-tuned for materials science now extract structured synthesis knowledge from unstructured text to

populate predictive databases at scale: Dagdelen et al. showed that entity-relation extraction models fine-

tuned on as few as several hundred annotated abstracts can recover doping, MOF, and general materials data

with high fidelity
[21]

, but figure-centric data (the dominant format for electrochemical and thermodynamic

performance) has remained systematically inaccessible to text-only approaches. The DIVE multi-agent

workflow is designed to address this directly, achieving extraction accuracy gains exceeding 30% over open-

source models, and enabling construction of a ~30,000-entry hydrogen storage database from ~4,000

publications
[22]

. Analogous workflows have accelerated materials discovery across chemistries and design

tasks: photocatalysts synthesized within 5% of machine-learning-predicted values, inorganic crystal

structures generated directly via autoregressive language modeling and validated against density-functional

theory calculations, and MOF structures inverse-designed to experimentally validated materials in several

synthesis iterations
[14,23,24]

. Conversational agent systems such as ChatMat interpret unstructured prompts

through a manager agent that coordinates specialist sub-agents for property retrieval, computational design,

and simulation, automating workflows from structure generation to potential-energy-surface construction
[25]

.

Beyond extraction, agents contribute cross-dataset mechanistic reasoning invisible to single-study analysis:

the MOFsyn agent, a retrieval-augmented generation framework, and other agents have integrated a non-

intuitive stepwise reduction strategy that doubled active site density in Ni-loaded MOF catalysts, and have

integrated specialist expertise fragmented across materials chemistry, electrochemistry, and cell engineering

into solid-state battery development
[26-28]

. These examples share a common thread: agents excel at spotting

patterns across more literature and data than anyone could read, but are not yet reliable at making the kind

of consequential bench decision, where one wrong choice wastes materials or time. That is why agents

currently add the most value before an experiment starts, not during it.

Where current systems fail

Three fundamental challenges constrain the current generation of inorganic synthesis agents. The first is a

physics problem: agents reason about static structures, but synthesis transforms them. Data mining predicted

Sb
2
WO

6
 would be unstable under alkaline oxygen reduction reaction (ORR) conditions, yet experimentally it

undergoes electrochemical passivation to form a stable active surface
[29]

. This reflects a fundamental

limitation of bulk thermodynamic screening that cannot model reaction-induced surface reconstruction, a

limitation that only compounds as system complexity grows and design spaces increasingly exceed available

training data. The second is a data structure problem: the synthesis literature is biased toward successes, and

encodes critical quantitative data in figures rather than text. State-of-the-art multimodal models still fail

systematically at spatial reasoning and quantitative interpretation of characterization outputs
[30]

, and LLM-

based extraction can introduce erroneous or unsupported values for quantities such as temperatures,

stoichiometries, and synthesis conditions
[17,31]

. The third is a synthesizability problem: thermodynamically

stable AI-generated structures are frequently unmakeable for reasons (e.g., kinetic traps, precursor

incompatibility, phase changes) that energy calculations cannot capture
[6]

.
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Building the infrastructure for reliable human-agent collaboration

Progress in these systems depends critically on the quality of the underlying knowledge sources, but the

deeper advantage of closed-loop design is that every experimental cycle (successful or not) generates data

that refine the next recommendation
[7,8,11,12,15,21]

. The field currently loses most of this information because

negative results go unreported and synthesis conditions are inconsistently documented. Recent text-mining

efforts illustrate what becomes possible when this information is captured: a dataset of over 80,000 solid-state

synthesis reactions, including nearly 19,000 documented impurity-phase outcomes, reveals reproducible

synthesis routes and previously unexplored regions of the synthesis space
[32]

. Establishing community

standards for reporting agent-assisted outcomes, including failures and condition-dependent variability, is

what makes the loop self-improving.

The convergence of machine learning force fields, multimodal LLMs, and autonomous laboratory platforms

points toward Digital Materials Ecosystems capable of accelerating functional materials discovery across

domains
[3]

. The appropriate near-term model is not autonomous replacement of chemists but structured

collaboration: agents handling knowledge aggregation and hypothesis generation at scales exceeding human

bandwidth, while expert judgment remains essential at the bench, where errors are costly, and current AI

systems remain unreliable. The materials that will define the next generation of clean energy, computing, and

medicine may already exist as predictions in a database somewhere; the challenge, and the opportunity, is

building the agent-driven infrastructure that can find, make, and explain them.
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