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SUMMARY

Advances in generative artificial intelligence are transforming how metal-organic frameworks (MOFs) are de

signed and discovered. This perspective introduces the shift from laborious enumeration of MOF candidates 

to generative approaches that can autonomously propose and synthesize in the laboratory new porous reticular 

structures on demand. We outline the progress of employing deep learning models, such as variational autoen

coders, diffusion models, and large language-model-based agents, that are fueled by the growing amount of 

available data from the MOF community and suggest novel crystalline materials designs. These generative tools 

can be combined with high-throughput computational screening and even automated experiments to form 

accelerated, closed-loop discovery pipelines. The result is a new paradigm for reticular chemistry in which AI 

algorithms more efficiently direct the search for high-performance MOF materials for clean air and energy ap

PROGRESS AND POTENTIAL Generative artificial intelligence (GenAI) is rapidly changing the way metal- 

organic frameworks (MOFs) are conceptualized, synthesized, and evaluated. Going beyond traditional exhaus

tive enumeration or trial-and-error efforts, these models can propose new porous materials, predict promising 

properties, and increasingly connect simulations with robotics and laboratory decision-making. Aiming for reli

able translation from digital ideas to real materials, future progress will depend on better datasets, stronger 

integration between physics and machine learning, and workflows that test synthetic feasibility early. Ulti

mately, generative and agentic AI systems have the potential to build adaptive discovery pipelines that expand 

reticular chemistry and accelerate the development of societally beneficial materials. 
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plications. Finally, we highlight remaining challenges such as synthetic feasibility, dataset diversity, and the 

need for further integration of domain knowledge.

INTRODUCTION

Reticular synthesis of metal-organic frameworks (MOFs) epito

mizes a materials design paradigm where modular inorganic 

nodes and organic linkers are linked into crystalline networks to 

engineer a periodic structure at the atomic level.1,2 Since the 

concept of reticular chemistry was proposed after the synthesis 

of the first MOFs,3,4 the field has exploded with more than 

100,000 distinct MOF structures synthesized to date,5,6 leading 

to a wide range of programmable materials with novel properties. 

Notably, the global MOF market continues to expand, with com

mercial demand projected to reach several hundred tons annually, 

and multiple companies have already deployed MOFs at industrial 

scale as solid sorbents.7,8 However, this immense structural diver

sity is both a triumph and a challenge: researchers can, in princi

ple, create an almost boundless number of MOFs by swapping 

building blocks and topologies, yet identifying the optimal material 

for a given application is very similar to finding a needle in an infi

nitely large haystack due to the intractable combinatorics of MOF 

chemical space. Early efforts tackled this search by systematic 

enumeration.9,10 While such template-based approaches pro

vided invaluable databases for gas storage and separation 

studies, they inevitably explored only a tiny fraction of the vast 

‘‘MOF universe.’’ Indeed, it is estimated that millions of MOF struc

tures have been predicted in silico beyond those made experi

mentally.11 Societal needs like carbon capture,12,13 clean wa

ter,6,14 clean energy,15–17 and catalysis18,19 may be met by 

reticular materials with exceptional performance that lie in un

charted regions of chemical space.2,20 Thus, the following ques

tion arises: how can we intelligently navigate this exponentially 

large design space to discover MOFs with transformative proper

ties for desired applications?

The recent revolution in deep generative artificial intelligence 

(GenAI) models, ranging from variational autoencoders 

(VAEs)21 to generative adversarial networks (GANs),22 diffusion 

models,21 and language models,23 offers an unprecedented op

portunity to ‘‘dream up’’ novel reticular materials in silico and 

subsequently realize them in the laboratory.2,24–29 Broadly 

speaking, GenAI models are machine learning models that learn 

the underlying patterns of data to create new, similar data.30

While traditional trial-and-error approaches struggle to keep up 

with the sheer combinatorial possibilities offered by reticular 

chemistry, generative models offer a way to unlock creativity at 

the atomic scale, proposing candidates that meet multiple 

design objectives simultaneously (e.g., high gas uptake and 

selectivity/stability/cost).2,11,27,28,31–35 In this perspective, we 

explore how generative AI is reshaping MOF discovery, melding 

computational prediction with experimental realization 

(Figure 1). We first discuss the evolution of generative techniques 

for crystalline materials and how they were adapted to MOFs. 

We then highlight specific strategies, which range from frag

ment-based assembly to 3D diffusion, that address the unique 

challenges of MOF generation. Next, we examine computational 

workflows and platforms that integrate generative models with 

high-throughput screening and even autonomous labs, closing 

the loop between virtual and real-world discovery. A key focus 

is to demonstrate how machine imagination can propose 

MOFs beyond human intuition, how these proposals are vetted 

through physics-based simulations and experiments, and how 

a new generation of AI tools and foundation models is acceler

ating the entire workflow of materials discovery.

FROM ENUMERATIVE DESIGN TO GENERATIVE 

MODELING

In the early 2010s, the dominant computer-assisted approach to 

discovering new MOFs was enumerative design: researchers 

built hypothetical MOFs by stitching together known molecular 

components in all allowable ways. For example, an early study 

by Wilmer et al. assembled MOFs from libraries of secondary 

building units (SBUs) and linkers according to known nets, pro

ducing a ‘‘hypothetical MOF’’ database that could be screened 

for high methane storage capacity.9 Such databases yielded 

valuable insights as top candidates from screening pre-existing 

building blocks, and network architectures were later synthe

sized and confirmed as adsorbents (Figure 1).36 Efforts were 

subsequently taken by Colón et al. to diversify the enumerated 

topologies.37 Such efforts on topology screening have demon

strated success in identifying MOFs with high CO2 adsorption 

capacity and concomitant selectivity in a flue gas stream.38

The next leap was to accelerate the diversity and efficiency of 

building blocks assembly and potentially remove those topolog

ical limitations in order to let an algorithm imagine entirely new 

MOFs not confined to prior templates. This required a funda

mentally different approach: generative models that learn the un

derlying rules of assembly from data and then extrapolate to 

create novel structures.

Generative modeling of crystalline materials is a non-trivial 

problem. Unlike molecules (which can be described by finite 

graphs) or images (fixed-size pixel grids), an MOF is an infinite 

periodic structure with long-range order and hundreds to thou

sands of atoms in a unit cell (Figure 1B). Successes in generative 

AI for materials occurred in similar systems such as zeolites, a 

class of inorganic porous crystals with analogies to MOFs. In 

2020, Kim et al. reported an approach to generate zeolite struc

tures using a generative adversarial network, dubbed ‘‘Zeo

GAN.’’39 They represented zeolites on a 3D grid to capture the 

pore structure of the crystal and trained a GAN to produce 

new frameworks with targeted methane adsorption energies. 

This was one of the first demonstrations that a neural network 

could learn the ‘‘construction rules’’ of a crystal family and in

verse-design materials with user-specified properties. However, 

extending such methods to MOFs is far more challenging: MOFs 

contain multiple components (metal oxyhydroxy clusters and 

organic linkers), a wider variety of chemistry than aluminosilicate 

composition of zeolites, and typically larger unit cells. In fact, 

experimentally synthesized MOFs already contain building 

blocks derived from over 60 elements, and computationally 
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simulated MOFs can include over 100 atom types, making naive 

atom-by-atom generation schemes computationally intractable 

(Figure 1C).28,40,41 Generative models for MOFs therefore 

required leveraging their modular nature that serves as the 

core principle of reticular chemistry to simplify the representation 

and learn insights from both the computational and experimental 

workflows (Figures 1D and 1E).

FROM 2D LINKERS TO 3D FRAMEWORKS DESIGN

Early MOF discovery relied heavily on fragment-based 1D or 2D 

chemical representation databases and human intuition due to 

the reticular nature of MOFs (Figure 2). MOF linkers, when con

nectivity was considered without 3D geometry, were often spec

ified by IUPAC names or SMILES42 strings, and researchers 

searched large databases (e.g., PubChem43,44) for compatible 

organic molecules to serve as linkers for known nodes with 

different coordination numbers. Thus, conventional approaches 

for SMILES generation that have been developed for organic 

chemistry can be directly applied, enabling systematic in silico 

screening of MOF linker fragments and the MOF they can build 

up for targeted properties, for example, proposing analogues 

of known structures by utilizing new linkers.45,46 Translating a 

2D blueprint into a 3D crystal structure, however, is a non-trivial 

Figure 1. Overview of design and characterization principles of MOF 

(A) Bottom-up assembly approach starting with the choices of SBUs, linkers, and stoichiometry. 

(B) Generative approach by encoding the MOF structures in a latent space, then decoding a latent vector to an MOF structure. 

(C) Generative design of MOF structure files by selectively generating SBUs, linkers, and topologies, with optional conditions on, for example, pore geometry. 

(D) Generated scripts from LLMs to use computational tools for simulating structures and properties of newly constructed MOFs. 

(E) Generated robotic actions from LLMs for experimental synthesis and measurement for designed new MOFs.
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step in MOF chemical space due to the complexity of topological 

nets that connect SBUs and linkers and the periodic nature of 

crystalline materials. Many MOF structures significantly change 

upon 3D optimization, with some frameworks collapsing during 

the solvent removal or some breathing MOFs adjusting their 

pore volumes.47–49 On the other hand, these 2D-based work

flows often rely on known topologies. Recent advances in gener

ative AI now enable direct design of 3D structures, yielding fully 

formed MOF crystal structures complete with realistic geome

tries and spatial constraints without requiring manual assembly 

or downstream optimization.50 By learning from known struc

tures and conditioning on desired properties, GenAI models 

have the potential to accelerate the discovery of novel frame

works with high validity rates and tailor pore environments to 

specific applications. Together, these models offer unprece

dented flexibility for generating 3D MOF structures, reducing reli

ance on hand-crafted databases, and enabling property-driven 

exploration of chemical space.

From the different components of MOFs that can be altered 

(i.e., topological net, inorganic node, and organic linker), the linker 

offers the largest chemical design space (Figure 3A). In contrast, 

the nuclearity and connectivity of inorganic nodes are largely 

dictated by reaction conditions and are therefore difficult to con

trol directly. Leveraging this asymmetry, Park et al. fine-tuned the 

DiffLinker (a diffusion model for 3D organic molecule generation) 

to design organic linkers predicted to boost CO2 uptake, and 

then inserted them into a prototypical MOF architecture by fixing 

the metal nodes (e.g., Cu paddlewheels and Zn tetramers) and 

constraining the topology to the pcu net, which is a primitive 3D 

cubic network frequently seen in MOF crystal structures.61 This 

Figure 2. Parallel evolution of metal-organic frameworks (top) and artificial intelligence (bottom) from 1995 to 2025 

Stacked bars (right axis) show the cumulative number of MOF crystal structures (1D, 2D, and 3D) deposited in the Cambridge Structural Database (CSD) as of July 

2025, where values are given in thousands (K). The upper timeline marks representative innovations in experimental MOF research,4,51–54 while the lower timeline 

traces key breakthroughs in machine learning that have inspired new computational approaches to scientific discovery.23,55–60
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modular strategy, named GHP-MOFassemble, where GHP 

stands for generative high-performance, targeted carbon-capture 

materials without requiring generation of the entire framework at 

once. A set of 540 molecular fragments that frequently appeared 

in high-performing MOFs for CO2 capture was used to allow the 

model to assemble over 12,000 new linker molecules, which 

were then used to assemble about 120,000 hypothetical MOFs. 

While these MOFs have yet to be synthesized and tested experi

mentally, the study provided clear proof of concept that genera

tive AI can rapidly explore the MOF search space and pinpoint de

signs that would have been unlikely to emerge from human 

imagination or brute-force enumeration.

Beyond linker-centered design, 3D structures of MOFs can 

also be directly generated (Table 1). Yao et al. introduced 

SmVAE (supramolecular variational autoencoder), which can 

encode MOFs into latent vectors (Figure 3B), through decon

structing them into metal nodes, multiconnected organic nodes, 

ditopic linkers, and topological nets, and decode them back to 

full frameworks.62 About 61.5% of random latent samples are 

chemically valid, as verified by building-block compatibility and 

steric-hindrance checks, meaning a majority of the materials 

generated by the SmVAE were chemically plausible. In addition, 

an auxiliary predictor was trained to steer generation in the latent 

space toward generating MOFs with high CO2 uptake.

With the popularization of diffusion models, Fu et al. devel

oped MOFDiff, a coarse-grained diffusion model that constructs 

MOFs de novo by sequentially placing SBU and linker fragments 

together as rigid 3D objects.63 A post-processing step aligned 

these fragments into a 3D periodic crystal, avoiding topological 

biases and producing approximately 30% novel, chemically 

valid frameworks. More recently, a model called MOFFUSION 

introduced a novel way to encode an MOF for generative tasks 

by using signed distance functions to represent the pore struc

ture of the framework.64 By training a latent diffusion model on 

signed distance representations of thousands of MOFs, 

MOFFUSION learned to generate new signed distances that 

correspond to plausible MOF structures. These signed distance 

functions were then decoded into actual MOF atomic structures 

via a reconstruction step, resulting in high validity of its gener

ated structures. In addition, classifier-free guidance enables 

conditional generation on numeric (e.g., surface area), categori

cal (metal, topological net), or textual descriptors, yielding prop

erty-conditioned MOF designs.

With joint diffusion that encoded the distribution of multiple 

building blocks, Duan et al. developed building-block-aware 

(BBA) MOF diffusion,65 employing an object-aware SE(3)-equiv

ariant diffusion model that learns 3D, all-atom representations of 

individual building blocks while explicitly encoding 

Figure 3. Generative design strategies for metal-organic frameworks 

(A) Deconstruction-to-reconstruction workflow where reported MOF structures are segmented into its organic linker and inorganic secondary building unit 

fragments. A generative module subsequently modifies and recombines these fragments to propose new framework topologies and atomic structures. 

(B) Representative deep-learning architectures used for MOF generation. From left to right: a supramolecular variational autoencoder that encodes complete 

frameworks into a continuous latent space and decodes them back. Reprinted with permission from Yao et al.62; a building-block-aware diffusion model that 

samples edges, nets, and nodes to assemble MOFs stochastically; and a multi-modal conditional diffusion model that generates signed-distance-function (SDF) 

volumes that are subsequently converted into full atomic MOF structures.
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crystallographic nets. BBA MOF diffusion overcomes the size 

constraints of periodic materials generation and readily sampled 

MOFs of 1,000 atoms with high geometric validity, novelty, and 

diversity (Figure 3B). A top-ranked [Zn(1,4-TDC)(EtOH)2], where 

TDC2− = thiophenedicarboxylate, was synthesized and 

confirmed by powder X-ray diffraction (PXRD), thermogravimet

ric analysis (TGA), and N2 sorption, demonstrating the practical 

utility of BBA-MOF diffusion for the design of high-performance 

MOFs. Building upon these advances, MOFFLOW-2 introduced 

a flexible two-stage framework that combines autoregressive 

SMILES-based generation of novel building blocks with a flow- 

matching model that predicts translations, rotations, and tor

sions for 3D assembly.66,67 Although flexible linkers can pose 

synthetic challenges and will require further experimental verifi

cation,68,69 the approach enabled the design of chemically 

diverse MOFs with flexible linkers and accurate structures, offer

ing a way to move beyond fixed libraries and rigid conformations.

Notably, in existing generative models for MOFs, network to

pologies are typically assumed to be known, with topologies uti

lized as inputs to models (Table 1). Recently, highly connected 

topologies have been engineered and discovered70,71 with care

ful synthesis strategies such as geometric mismatch of the 

linker.72 These highly connected topologies may be more chal

lenging for generative models to build, since they are not present 

in existing experimental datasets. In contrast, however, low con

nected topologies, particularly for zeolitic imidazolate frame

works, continue to be discovered.73–75 This underscores that 

not all low connectivity topologies have been enumerated, 

although many have been discovered, representing a possible 

opportunity for generative AI models.

FROM NATIVE TRANSFORMERS TO LARGE LANGUAGE 

MODELS

In addition to VAEs, GANs, and diffusion models, first introduced 

in 2017, a different type of architecture called transformers has 

emerged as a powerful tool for learning patterns in structured do

mains by using self-attention to capture contextual relationships 

in sequence data in the field of natural language processing 

(NLP).61 Chemistry itself can be viewed as a language since 

atoms and building blocks follow a grammar, making it well 

suited to transformer-based modeling.76 Soon after the develop

ment of landmark models like BERT77 and generative pre-trained 

transformers (GPTs)64 that attained unprecedented performance 

in language generation tasks, the successes quickly inspired ad

aptations in chemistry and materials science, where sequential 

Table 1. Comparison of key features and distinctions of the major generative MOF models

Model Architecture Representation I/O Target properties

SmVAE VAE (2-module encoder- 

decoder)

topology + building 

blocks (discrete)

input: topology + node/ 

linker IDs; output: same 

format.

CO2 capture (capacity/ 

selectivity)

GHP-MOFassemble diffusion (for linker gen) + 

rule-based assembly

SMILES linkers; fixed 

metal nodes & pcu net

input: fragments from 

high-performing MOFs; 

output: novel linker 

SMILES to assembled 

MOF.

CO2 uptake (low- 

pressure); HPC 

screening for max 

capacity

MOFDiff SE(3)-equivariant 

diffusion

coarse-grained 3D graph 

(nodes = building blocks)

input: noise; output: 

block types + 3D coords.

CO2 working capacity

MOFFUSION latent diffusion (VQ- 

VAE + 3D U-Net)

3D volumetric grid input: signed distance 

function grid; output: new 

MOF signed distance 

function to atom 

structure. Conditioning: 

numeric, categorical, or 

text prompts

H2 storage

BBA-diffusion object-aware SE(3)- 

equivariant diffusion

all-atom building 

blocks + net connectivity

input: noise + topology; 

output: full MOF structure 

in that net. Topology 

conditioning built-in

high-scoring candidates 

found via heuristics

MOFFlow2 autoregressive 

transformer + Flow- 

matching

3D building blocks input: SMILES of building 

blocks; output: transition, 

rotation, torsion, lattice

unconditional generation

ChatMOF agentic LLM + genetic 

algorithm

text and MOF structures 

(via internal tools)

input: natural language; 

output: predicted MOF 

(formula/CIF). 

Conditioning via prompt

H2 uptake

MOFTransformer multi-modal transformer 

encoder

atom-based graph + 

methane-probe energy- 

grid patches

input: MOF structure; 

output: predicted 

properties via fine-tuned 

model

gas uptake, diffusion, 

band gap, stability 

metrics
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or graph-based representations of molecules could similarly 

benefit from attention mechanisms.23,78 Transformer-based net

works have been applied to molecular property prediction and 

reaction modeling, often outperforming traditional descriptors.79

Naturally, transformer architectures have also been leveraged 

for structure-property predictions in porous crystals. A MO

Former model that encodes MOF components as text strings 

(e.g., ‘‘MOFid’’80 identifiers) achieved rapid property predictions 

without requiring 3D structures by coupling with Crystal Graph 

Convolutional Neural Networks (CGCNN).81 Likewise, a multi- 

modal MOFTransformer pre-trained on over a million hypotheti

cal MOFs can be fine-tuned to predict diverse properties with 

improved accuracy over previous machine learning (ML) 

models,82 such as gas adsorption isotherms, diffusion coeffi

cients, and band gaps. These models not only accelerate high- 

throughput screening of MOFs but can also provide some 

interpretability (e.g., by analyzing attention weights to identify 

important structural features), though understanding of learned 

representations remains an active area of research, indicating 

the promise of transformers as generalizable, data-driven pre

dictors for MOF chemistry.82–85

Beyond prediction tasks, general-purpose large language 

models (LLMs) have demonstrated remarkable generative capa

bilities that are now being repurposed for chemical and materials 

innovation. In their native domain of NLP, transformer-based 

LLMs can compose fluent passages of text or even generate 

computer code, illustrating their capacity for open-ended syn

thesis of information. This generative power has been harnessed 

in chemistry for tasks like de novo molecular design, reaction 

pathway generation, synthesizability prediction, and even crystal 

structure proposal.86–89 For instance, language models fine- 

tuned on chemical corpora can auto-complete SMILES strings 

to propose novel compounds or suggest multi-step synthetic 

routes, effectively treating molecular design as a language-gen

eration task.90 Similarly, language models fine-tuned on SMILES 

string and IUPAC names of existing reported MOF linkers 

demonstrate the ability to propose new and valid organic linkers 

based on human instruction, resulting in enhanced water har

vesting performance.91 Furthermore, coupled with evolutionary 

algorithms, the internal chemistry and materials knowledge 

and reasoning capability of LLMs were exploited for functional 

organic molecules,87 transition metal complexes,92 and bulk ma

terials design,88 performing on par or better than conventional 

genetic algorithms and Bayesian optimization.93 More recently, 

a text-guided GenAI model, Chameleon, conditions a diffusion- 

based crystal generator on textual descriptions, allowing it to 

propose novel crystal structures informed by both chemistry lan

guage and 3D structural data.88 Together, these research find

ings suggest that LLMs can serve not only as natural language 

interfaces, image creators, or coding assistance popularized 

for commercial use but also as creative engines in MOF research 

for generating new MOF building block combinations, suggest

ing synthesis plans, and integrating domain knowledge on-the- 

fly to accelerate the discovery of next-generation MOFs.

HUMAN-IN-THE-LOOP WORKFLOWS FOR 

GenAI-DRIVEN MOF DISCOVERY

Generative modeling provides an unprecedented way of propos

ing new candidate materials, potentially unlocking chemical 

spaces unimaginable by enumerative library screening. Genera

tive models alone, however, are only the beginning rather than 

the end of a materials discovery pipeline (Figure 4). Once obtain

ing new MOF structures, we need to answer crucial questions: 

are these structures physically plausible and synthesizable? 

Do they have the properties we want? How do we actually 

make them in the lab? Therefore, building end-to-end MOF dis

covery workflows that couple generative models with simulation, 

optimization, and robotic experimentation are desirable for retic

ular materials generation with targeted properties.2,24,94,95

Figure 4. Evolution of design and synthesis practices for MOF innovations 

Schematic illustration of the progressive integration of generative AI into close-loop MOF discovery. The transition from human-led decision-making (left and 

middle) to AI-driven orchestration is enabled through structure, recipe, instruction, and knowledge generation modules (right).
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Traditional MOF discovery relies on manual workflow, where re

searchers search and interpret literature, plan experiments, and 

conduct synthesis and characterization.2,24,25 These approaches, 

while effective, are limited by human cognitive biases and 

throughput constraints, making them inadequate for exploring 

the vast combinatorial MOF chemical space.96 In contrast, inter

active GenAI platforms now let chemists exploit data-driven liter

ature mining without bespoke coding.97,98 Some early examples 

of interactive GenAI for MOF research include the ChatGPT Chem

istry Assistant,99 Paragraph2MOFInfo,100 LLM-NERRE,101 Euno

mia,102 and L2M3,103 which helps extract MOF data from the liter

ature, allowing experimentalists to query papers and synthesis 

procedures conversationally via natural language. By unifying liter

ature-derived insights with computational chemistry data and link

ing them to crystal structures, LLM-based workflows such as 

MOF-ChemUnity104 enable literature-informed AI assistants for 

scalable, multisource data mining. In the meantime, multimodal 

generative models with vision capabilities such as GPT-4V have 

also shown promise in helping labeling and extracting MOF char

acterization data from literature figures.105 On the other hand, 

agentic-AI is a promising approach to augment LLMs with proper 

tools for task execution, such as data mining102 and generation. 

For example, ChatMOF106 developed by Kang and Kim demon

strated a tool-augmented system where an LLM agent marshals 

tools for database search, property prediction, and structure gen

eration, responding to plain-language requests, such as, ‘‘Can you 

suggest a MOF structure with a pore size around 1.2 nm and high 

methane storage capacity?’’ The agent interfaces with provided 

generative modules, ranging from genetic algorithms to diffusion 

models, to propose novel MOF structures.

Beyond data mining and inferencing, GenAI agents have the 

potential to integrate with enhanced-sampling simulations to 

form a self-optimizing, closed-loop pipeline for MOF discovery. 

An autonomous agent could coordinate multi-fidelity strategies 

(e.g., nested sampling,107 metadynamics,108 and thermody

namic maps109) to act as a physics-informed oracle. Inexpensive 

coarse evaluations could outline the free-energy landscape, 

while high-resolution profiles would refine priority frameworks 

to capture features like sorption-induced phase transitions110

and gate-opening events111 that influence usable capacity. 

This approach mirrors multifidelity Bayesian optimization,112

filtering candidates efficiently and reserving costly evaluations 

for top performers. Besides, it is envisioned that thermodynamic 

observables (ΔHads and ΔSads) and phase boundaries be intro

duced to suggest optimal linker-node-topology combinations 

that aim to maximize gas uptake, selectivity, and structural 

robustness under realistic operating conditions. Leading candi

dates could be synthesized by automated platforms and vali

dated through high-throughput characterization, feeding data 

back into the workflow.

Closer to the experimental end, Yan et al. developed 

MOFA,113 a workflow that couples a generative linker model 

(MOFLinker) with automated assembly, simulation-based 

screening, and on-line retraining, forming a self-improving loop 

for MOF discovery. They found MOF candidates whose pre

dicted CO2 uptakes (GCMC at 0.1 bar, 300 K) ranked in the 

top decile of a 137,652 hypothetical MOF benchmark. Despite 

these advances, experimental verification remains predomi

nantly manual, with researchers synthesizing and characterizing 

a limited subset of AI-generated candidates constrained by syn

thetic feasibility and available resources.114–116 Moreover, even 

successfully synthesized MOFs often require post-synthetic 

functionalization to achieve optimal performance. Those modifi

cations are difficult to model in silico and represent an additional 

layer of complexity in translating AI-generated designs to func

tional materials. To address these limitations, echoing develop

ments in LLM-driven organic synthesis (e.g., ChemCrow117

and Co-Scientist118), MOF research is beginning to incorporate 

LLM-copilot workflows such as the ChatGPT Research Group119

and Chemical Robotic Explorer120 for iterative reaction optimiza

tion. These systems reveal that the application of GenAI models 

extends beyond merely structure generation, as they can also 

generate scripts for synthetic protocols and robotic execution. 

Recently, Inizan et al.50 developed an agentic AI system to pro

pose and validate synthesizable MOFs. Here, an LLM is first 

used to propose novel MOF compositions, followed by a diffu

sion model to generate crystal structures, and quantum chemis

try calculations to optimize and filter candidates. Five AI-pre

dicted MOFs were experimentally synthesized, with synthesis 

conditions systematically explored using a robotic high- 

throughput platform.

As laboratory automation continues to evolve, it is envisioned 

that GenAI-in-the-loop workflows will be increasingly viable. In 

such systems, AI agents autonomously generate candidate 

structures, design synthesis protocols, interface with robotic 

platforms, and iteratively refine outputs based on experimental 

feedback. This paradigm represents a shift from static and 

manual workflows toward adaptive and closed-loop pipelines 

that can significantly accelerate MOF discovery.

OUTLOOK

Generative AI is poised to fundamentally reshape how we 

discover MOFs. Together with high-throughput computational 

screening, which bridges generated candidates to those that 

are promising,121 generative AI can transform the MOF design 

process from a largely manual, intuition-driven craft into a 

data-rich, AI-accelerated science. To draw an analogy, reticular 

chemistry gave us the chemical language and grammar to 

construct MOFs deliberately, rather than by serendipity. Now, 

generative AI is like a creative agent fluent in that language, 

brainstorming new sentences (MOF structures) that are gram

matically correct (chemically valid) but novel and inventive. The 

collaboration between humans and machines can amplify inno

vation: humans set the objectives and constraints inspired by 

application needs, and AI explores the possibilities at a speed 

and breadth that is close to what an entire team of human ex

perts can achieve in years.

To fully realize the potential of GenAI, several challenges still 

remain ahead (Figure 5). First, validation bottlenecks will arise 

as AI generates more candidates than we can reasonably test 

experimentally, although many scientists in the field have 

recently found increasing value for experimental validation and 

optimization. Manually synthesizing and evaluating a predicted 

MOF can take months and might result in a failure due to inaccu

rate scoring functions. This is where improved screening models 
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and autonomous experimentation must step in. Second, exper

imental constraints pose significant integration challenges. MOF 

discovery often requires new experimental protocols or custom

ized hardware, limiting the applicability of existing robotic plat

forms. Developing flexible and modular self-driving laboratories 

capable of accommodating diverse synthesis routes is therefore 

critical. In parallel, GenAI must also evolve to generate robotic 

workflows tailored to the constraints of individual systems. Third, 

diversity vs. realism will potentially be a perpetual trade-off: 

pushing a model too hard to explore out-of-distribution MOFs 

may result in the model outputting unphysical structures, but 

constraining it too tightly will lead to recapitulation of known 

MOFs. This also raises the issue of hallucination, where genera

tive models may confidently create structures or synthetic path

ways that are chemically implausible. Addressing these issues 

requires integrating domain knowledge and human-in-the-loop 

strategies to penalize unrealistic generations. Future work on 

techniques like reinforcement learning with human chemist feed

back could allow MOF researchers to iteratively refine genera

tive models by giving feedback on small subsets of outputs. 

Community standards, including unified benchmarking metrics 

that reflect practical real-world benefits, and sharing of models 

will also be important. Indeed, many groups have released their 

code and even pretrained models.63,64,82,106 Democratizing the 

toolsets and making them easily accessible (e.g., through lan

guage model interfaces) will enable researchers, especially syn

thetic chemists, who are not AI specialists, to apply generative 

design to their specific MOF problems.

While most generative models leverage repeatable building 

blocks to enable scaling to hundreds of atoms, limiting the avail

able substructures to known motifs in the training data hinders 

the discovery of truly novel structures, including previously un

known linkers, metal nodes, and topologies. Models operating 

directly on atoms, such as All-Atom Diffusion Transformers,63

are promising for small molecules and crystals but lag behind 

building-block-based approaches in terms of validity for MOF 

generation. An important future direction of research will be 

combining the flexibility of all-atom methods with the coarse- 

grained nature of building-block-based models, which could 

furthermore incorporate transfer learning to leverage knowledge 

about crystals and molecules.

It is also worthwhile noting that another critical limitation lies in 

the quality of available structural data. While hypothetical MOF 

datasets such as hMOF,9,122 ToBaCCo,37,123,124 and other in sil

ico libraries provide valuable inputs for training generative 

models, they often lack experimental validation. By contrast, da

tabases like CoRE MOF125–127 and QMOF123,124 are rooted in 

experimental data but may not cover MOFs that are harder to 

crystalize and can suffer from potential bias of failed synthesis 

with insufficient experimental protocols. With this data limitation, 

how generative models can be designed to generate novel metal 

nodes and topology is an open challenge. In addition to previ

ously raised concerns about geometric and charge errors,128

recent work found over 40% of widely used ‘‘computation- 

ready’’ MOFs contain flawed metal oxidation states,129 under

mining their reliability for DFT-level modeling and generative 

Figure 5. Accomplished goals (blue) and open challenges (green) toward realization of generative-AI-designed MOFs
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workflows. These findings underscore the importance of struc

ture validation and repair pipelines that are not just for simula

tions but also for ensuring generative models are trained on 

physically meaningful data. Moreover, MOF chemical data are 

inherently multimodal and derived from diverse sources. While 

current efforts in generative AI focus primarily on crystal struc

ture generation, incorporating additional data modalities such 

as X-ray diffraction patterns could strengthen links between 

computational modeling and synthesis.130 Realizing this vision 

will require holistic datasets that integrate computational results, 

experimental measurements, and human-curated insights.104

One exciting prospect is the integration of physics-based 

priors into generative models. Imagine a generative model that 

inherently respects force-field energetics or DFT stabilities, 

which could be approached by combining energy-based 

modeling with deep learning, so that the model preferentially 

generates structures in low-energy configurations.131,132 Some 

initial work using score-based generative models with physical 

constraints is appearing in molecular domains133,134; for crys

tals, the idea of crystal symmetry and energy could be baked 

into the model’s training objectives. Community datasets that 

combine atomic coordinates124 with comprehensive energetics, 

including enthalpic and entropic contributions, could support 

transfer-learning workflows for adsorption84 and catalysis,135

thereby facilitating each discovery cycle and enriching the col

lective knowledge base.

Furthermore, this knowledge can also be incorporated post- 

training. Reinforcement-learning-based fine-tuning with phys

ics-based reward models and inference-time control using 

reward guidance are two promising directions. As available 

data will be run out for training generative models, inference- 

time scaling can be key to further improving model performance. 

As generative models produce candidates that push into un

known chemistry regimes, close collaboration with experimen

talists will be essential to identify which suggestions are truly 

synthesizable. Furthermore, experimentalists will be able to 

verify the properties of the proposed new materials once ob

tained. Looking forward, this paradigm shift invites new thinking 

on how success in GenAI-guided MOF discovery should be 

defined, whether through the accurate synthesis of predicted 

structures, the generation of experimentally testable hypothe

ses, or the continual refinement of foundation models with new 

knowledge. Establishing robust success metrics will be essential 

for benchmarking progress and guiding future trajectory of MOF 

discovery in the GenAI era.

In reflecting on the journey from early initial trial-and-error 

MOF designs to today’s AI-driven discovery, one is reminded 

of how data-driven insight can complement fundamental knowl

edge. Reticular chemistry gave us principles like ‘‘the topology 

can be decoupled from the components’’ and ‘‘infinite nets are 

achievable via strong bonds.’’2,136 Generative AI does not 

change those principles; in fact, it leverages them.24,25 Reticular 

materials provided an ideal playground for GenAI, as it is a 

domain with modular chemistry and a wealth of data, and AI, in 

turn, is giving back to MOF science by revealing how vast and 

varied that playground really is. As the field progresses, we antic

ipate seeing AI-designed MOFs setting new records: perhaps an 

ultraporous MOF that captures and catalytically breaks down 

methane from agricultural or industrial sources, a water harvest

ing MOF with high capacity and fast kinetics providing clean wa

ter solution for semi-desert areas, or a CO2-capturing MOF that 

works efficiently in humid air and makes direct air capture (DAC) 

economically viable. In fact, in recent years, companies like 

BASF and Svante are already advancing newly discovered, 

bench-developed MOFs toward industrial production.8 In 

conclusion, the MOF of the future might very well be conceived 

by an AI, but it will be the human scientists who guide the AI, syn

thesize the creation, and ultimately implement it in solving real- 

world problems. In that sense, generative AI is not replacing 

the reticular chemist. In fact, it is empowering them, much like 

a powerful new synthesis platform or characterization tool 

would. The reticular revolution has entered the digital age, and 

the prospects for innovation have never been more exciting.
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D., and Férey, G. (2002). Very Large Breathing Effect in the First Nanopo

rous Chromium(III)-Based Solids: MIL-53 or CrIII(OH)⋅{O2C−

C6H4− CO2}⋅{HO2C− C6H4− CO2H}x⋅H2Oy. J. Am. Chem. Soc. 124, 

13519–13526.

49. Alhamami, M., Doan, H., and Cheng, C.-H. (2014). A Review on Breathing 

Behaviors of Metal-Organic-Frameworks (MOFs) for Gas Adsorption. 

Materials 7, 3198–3250.

50. Inizan, T.J., Yang, S., Kaplan, A., Lin, Y.H., Yin, J., Mirzaei, S., Abdelgaid, 

M., Alawadhi, A.H., Cho, K., Zheng, Z., and Cubuk, E.D. (2025). System of 

Agentic AI for the Discovery of Metal-Organic Frameworks. Preprint at ar

Xiv. https://doi.org/10.48550/arXiv.2504.14110. 

51. Li, H., Eddaoudi, M., O’Keeffe, M., and Yaghi, O.M. (1999). Design and 

synthesis of an exceptionally stable and highly porous metal-organic 

framework. Nature 402, 276–279.

52. Furukawa, H., Ko, N., Go, Y.B., Aratani, N., Choi, S.B., Choi, E., Yazaydin, 

A.O., Snurr, R.Q., O’Keeffe, M., Kim, J., and Yaghi, O.M. (2010). Ultrahigh 

Porosity in Metal-Organic Frameworks. Science 329, 424–428.

53. Campbell, M.G., Sheberla, D., Liu, S.F., Swager, T.M., and Dinc�a, M. 

(2015). Cu3(hexaiminotriphenylene)2: An Electrically Conductive 2D 

Metal–Organic Framework for Chemiresistive Sensing. Angew. Chem. 

Int. Ed. 54, 4349–4352.

54. Editorial Staff. (2016). Frameworks for commercial success. Nat. Chem. 

8, 987.

55. Ho, J., Jain, A., and Abbeel, P. (2020). Denoising Diffusion Probabilistic 

Models. Adv. Neural Inf. Process. Syst. 33, 6840–6851.

56. Lecun, Y., Bottou, L., Bengio, Y., and Haffner, P. (1998). Gradient-based 

learning applied to document recognition. Proc. IEEE 86, 2278–2324.

57. Hinton, G.E., Osindero, S., and Teh, Y.-W. (2006). A Fast Learning Algo

rithm for Deep Belief Nets. Neural Comput. 18, 1527–1554.

58. Krizhevsky, A., Sutskever, I., and Hinton, G.E. (2012). ImageNet Classifi

cation with Deep Convolutional Neural Networks. Advances in Neural In

formation Processing Systems, 25 (Curran Associates, Inc.).

59. OpenAI (2024). GPT-4 Technical Report. Preprint at arXiv. https://doi. 

org/10.48550/arXiv.2303.08774. 

60. Vahdat, A., and Kreis, K. (2022). Improving diffusion models as an alter

native to GANs, part 2. NVIDIA Technical Blog.

61. Pyzer-Knapp, E.O., Manica, M., Staar, P., Morin, L., Ruch, P., Laino, T., 

Smith, J.R., and Curioni, A. (2025). Foundation models for materials dis

covery – current state and future directions. npj Comput. Mater. 11, 61.

62. Yao, Z., Sánchez-Lengeling, B., Bobbitt, N.S., Bucior, B.J., Kumar, 

S.G.H., Collins, S.P., Burns, T., Woo, T.K., Farha, O.K., Snurr, R.Q., 

and Aspuru-Guzik, A. (2021). Inverse design of nanoporous crystalline 

reticular materials with deep generative models. Nat. Mach. Intell. 

3, 76–86.

63. Fu, X., Xie, T., Rosen, A.S., Jaakkola, T., and Smith, J. (2024). MOFDiff: 

Coarse-grained Diffusion for Metal-Organic Framework Design. In The 

Twelfth International Conference on Learning Representations.

64. Radford, A., Narasimhan, K., Salimans, T. & Sutskever, I. Improving Lan

guage Understanding by Generative Pre-Training.2018 https://cdn. 

openai.com/research-covers/language-unsupervised/language_under 

standing_paper.pdf.

65. Duan, C., Nandy, A., Liu, S., Du, Y., He, L., Qu, Y., Jia, H., and Dou, J.H. 

(2025). Building-Block Aware Generative Modeling for 3D Crystals of 

Metal Organic Frameworks. Preprint at arXiv. https://doi.org/10.48550/ 

arXiv.2505.08531. 

66. Kim, N., Kim, S., Kim, M., Park, J., and Ahn, S. (2025). MOFFlow: Flow 

Matching for Structure Prediction of Metal-Organic Frameworks. In The 

International Conference on Learning Representations.

67. Kim, N., Kim, S., and Ahn, S. (2025). Flexible MOF Generation with 

Torsion-Aware Flow Matching. Preprint at arXiv. https://doi.org/10. 

48550/arXiv.2505.17914. 

68. Li, N., Pang, J., Lang, F., and Bu, X.-H. (2024). Flexible Metal–Organic 

Frameworks: From Local Structural Design to Functional Realization. 

Acc. Chem. Res. 57, 2279–2292.

69. Schneemann, A., Bon, V., Schwedler, I., Senkovska, I., Kaskel, S., and 

Fischer, R.A. (2014). Flexible metal–organic frameworks. Chem. Soc. 

Rev. 43, 6062–6096.

70. Guillerm, V., and Eddaoudi, M. (2022). Material Design and Reticular 

Chemistry: Unveiling New Topologies through Face Decoration of Edge 

Nets. Ind. Eng. Chem. Res. 61, 12641–12648.

71. Guillerm, V., Jiang, H., Alezi, D., Alsadun, N., and Eddaoudi, M. (2025). 

From Elementary to Advanced Design of Functional Metal–Organic 

Frameworks: A User Guide to Deciphering the Reticular Chemistry 

Toolbox. Adv. Mater. 37, 2414153.

72. Guillerm, V., and Maspoch, D. (2019). Geometry Mismatch and Reticular 

Chemistry: Strategies To Assemble Metal–Organic Frameworks with 

Non-default Topologies. J. Am. Chem. Soc. 141, 16517–16538.

73. Yang, J., Zhang, Y.B., Liu, Q., Trickett, C.A., Gutiérrez-Puebla, E., 
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