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Abstract. Accelerating the discovery of new molecules with targeted properties is a central 

challenge in molecular design. In this contribution, we present an AI-driven molecular discovery 

framework that integrates Large Language Models (LLMs) for generative molecular design with 

Machine Learning (ML)-based screening to identify novel Liquid Organic Hydrogen Carrier 

(LOHC) candidates. Using the developed framework, LOHC molecules were systematically 

generated, evaluated, and refined iteratively, combining LLM-guided molecular generation and 
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ML-predicted hydrogenation enthalpies (∆H), under physicochemical property constraints such as 

optimal melting points (MP), desired hydrogen storage capacity (wt % H2), and synthetic 

accessibility (SA) scores. This approach enabled the discovery of 42 new LOHC candidates in two 

distinct campaigns, one seeded with experimentally known and another with previously 

computationally identified LOHCs, respectively. Although we began with different numbers of 

starting molecules (31 vs. 7 seed molecules), both runs yielded a comparable number of viable 

candidates, suggesting an influence of chemically intuitive seed molecule selection for success. 

Selected LOHC molecules, such as 3-methyl pyridine, 1-ethylnapthalene, 1,1-diphenylethane, and 

benzofuran, were experimentally tested and compared with benchmark LOHCs (toluene and 9-

ethylcarbazole) for hydrogenation using a series of commercial supported metal catalysts. The 

order of conversion into fully hydrogenated products at 200 °C was 3-methyl pyridine (100 %) > 

9-ethyl carbazole (86.4 %) > 2,3-benzofuran (74 %) > 1,1-diphenylethane (66.9 %) > 1-

ethylnapthalene (66.7 %) > toluene (57 %), further validating the AI-guided molecular design. 

This study demonstrates promise of LLM-driven molecular design in conjunction with ML-based 

screening for accelerated discovery and design of molecules.

1. Introduction

Generative molecular discovery is rapidly emerging as a transformative approach to navigating 

the immense molecular space (> 1060).1–6 Traditional brute-force molecular screening trial-and-

error synthesis is infeasible due to the vast chemical space.6–14 To overcome these limitations, 

generative artificial intelligence (AI), particularly Large Language Models (LLMs), has gained 
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prominence.15–20 Originally developed for natural language tasks, pre-trained LLMs can be adapted 

to generate and refine molecular structures from simple text prompts, enabling efficient 

exploration of chemical space beyond the constraints of conventional methods.1,21,22 In molecular 

discovery, predictive and generative AI play complementary roles.23–25 Predictive AI, employing 

techniques such as random forest regression or graph neural networks (GNNs), forecasts molecular 

properties and interactions based on historical data, enabling rapid screening without resource-

intensive experimental validation.7,9,26–30 In contrast, generative AI, including LLMs and diffusion 

models, creates novel molecular structures by learning patterns from training data and generating 

candidates that may not exist in known databases.2,3,31–35 These generative models explore 

uncharted regions of chemical space, guided by learned design principles or optimization rules.2,3 

While predictive models excel at accurately estimating properties within the boundaries of known 

structure-property relationships, generative approaches transcend these boundaries by proposing 

entirely new molecules. This synergy between generative and predictive AI holds the potential to 

revolutionize materials discovery, dramatically accelerating the design process by expanding the 

search space and efficiently filtering candidates, far surpassing the capabilities of traditional 

screening methods.
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Figure 1: Overview of the molecular discovery workflow depicting the synergy between 

generative AI, predictive AI, and validation.

As a representative case, AI-driven discovery of Liquid Organic Hydrogen Carrier (LOHC)36–39 

molecules was chosen, which provides a tractable and well-defined system for demonstrating 

LLM-driven molecular design and discovery.36,38,40–45 LOHCs are unsaturated organic molecules 

that chemically bind and release hydrogen via reversible hydrogenation/dehydrogenation cycles, 

facilitated by catalysts.38,39,46 Their liquid-phase stability, safety, and compatibility with existing 

fuel infrastructure make them a practical and scalable energy storage solution.37,39,47,48 Unlike 

compressed hydrogen, LOHCs eliminate boil-off losses and enable long-term storage and transport 

without degradation.49,50 In terms of research and development, comprehensive overviews of 

potential LOHC systems have been widely reported in the literature and exemplar systems include 

benzene, toluene, N-ethyl carbazole, and dibenzyl toluene, among others.38,47,48,51,52 At present, the 
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LOHCs face significant challenges and limitations that hinder their widespread application.48,53,54 

An optimal LOHC molecule should possess a combination of properties that ensure efficiency, 

stability, and practicality for hydrogen storage and transport.36,37,40 LOHCs must exhibit a 

gravimetric hydrogen capacity (wt % H2) above 5.5% to ensure sufficient energy density for 

transportation applications36,48 and an optimal enthalpy range (40 – 70 kJ/mol per H2) for efficient 

low-temperature cycling between the hydrogenated and dehydrogenated forms.36,39 In addition, 

both the hydrogen-lean and hydrogen-rich states should remain liquid at room temperature to 

facilitate handling and storage.36,39,48 LOHCs must undergo hydrogenation and dehydrogenation 

without molecular degradation36,37,48,55and have low toxicity to ensure safe and practical 

implementation.56,57 These challenges highlight the continuous need for novel LOHC molecules 

with improved stability, thermodynamics, and catalytic performance, motivating the search for an 

accelerated and data-driven molecular design approaches to LOHC discovery.36
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Figure 2. Schematic representation of hydrogen production, transportation, and use in chemical 

manufacturing using toluene/methylcyclohexane cycle as an LOHC system.

Recently, we have established a computational screening approach to accelerate LOHC 

discovery.40 In this massive in silico molecular screening, we systematically  processed 160 billion 

molecules from the ZINC1558 and GDB-1759 molecular databases, leveraging cheminformatics-

based selection criteria and accurate quantum chemical calculations.40 This approach led to the 

identification of 41 novel LOHC candidates with enhanced hydrogen storage capacity and 

favorable thermodynamic properties.40 To address the accurate data deficiency of LOHCs, we have 

developed the QM9-LOHC dataset that includes 10k dehydrogenation reactions calculated using 

the high-accuracy G4MP2 quantum chemical method.60 This dataset supports ML-based prediction 

of hydrogenation enthalpies and facilitates data-driven LOHC molecular discovery. Paragian and 

colleagues42 screened over one million PubChem61 molecules as potential LOHC candidates using 

RING62 approach for structure generation, OPERA63 for phase property predictions, and ML 

models for dehydrogenation enthalpies. They identified 14,000 feasible LOHC pairs and selected 

37 promising candidates based on hydrogen capacity, synthetic accessibility, and key molecular 

features analyzed via sparse linear discriminant analysis.42 Despite these advances, many viable 

LOHC candidates may still be overlooked due to the scale of chemical space and constraints of 

the applied screening methods.40,42,64 

Building upon this foundation, this present study integrated generative AI (LLMs) and predictive 

ML using Random Forest (RF) regression into an iterative molecular discovery framework, where 

LLMs generated new molecular candidates from seed structures, and an ML model trained on the 
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QM9-LOHC dataset60 predicted the enthalpy of hydrogenation (ΔH) for rapid screening. This AI-

driven design process enables efficient generation, evaluation, and refinement of candidate 

molecules without the need for the costly step of finetuning the LLM. Despite differences in the 

seed sets used, both approaches converged on a similar number of viable molecules, leading to the 

discovery of 42 distinct new LOHC structures that satisfy key thermodynamic and MP criteria. 

From these, 4 LOHC molecules (3-methyl pyridine, 1-ethylnapthalene, 1,1-diphenylethane, and 

2,3-benzofuran) were selected and compared with benchmark LOHCs (9-ethylcarbazole and 

toluene) for the hydrogenation reaction at 150 °C and 200 °C using commercial catalysts.  Based 

on the experimental studies, the order of conversion into fully hydrogenated products is consistent 

with computational predictions. These results demonstrate that a well-curated data set of molecules 

(seed set) is more critical than its size, permitting computationally efficient molecular generation. 

By combining LLM-driven molecular ideation with ML-based screening, this framework 

accelerates in silico discovery and materials selection processes for targeted experimentation to 

complete the discovery loop.

2. Results and Discussion

2.1 Generation of LOHC Molecules

In Figure 3, the computational molecular discovery workflow that combines generative and 

predictive AI tools in an iterative loop to develop new molecules from system prompt is shown. 

We begin with carefully selected seed molecules, either experimentally known or computationally 

discovered LOHCs, that guide the LLM to generate chemically valid and structurally diverse 
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Simplified Molecular Input Line Entry System (SMILES) strings. The seeds define the initial 

chemical space and help the model focus on structures that are realistic for hydrogen storage. The 

LLM samples multiple variations for each seed to explore substitutions, ring patterns, and 

functional group changes.

Each generated molecule is screened using an ML model, trained on QM9-LOHC dataset to 

predict hydrogenation enthalpies (ΔH). Details on the ML model are provided in the methods 

section.  The screening step also filters invalid structures. It assigns priority to molecules that stay 

within known LOHC chemical classes while expanding the space with new motifs. Only molecules 

that fall within the desired thermodynamic window (40–70%kJ/mol per H2) and meet 

physicochemical criteria (melting point ≤ 40 ºC, wt  H2 ≥ 5.5%, synthetic accessibility (SA) score 

≤ 3.3) are retained. The workflow then feeds these retained structures back into the generator. This 

feedback step helps steer the next round of sampling toward chemistries with improved ΔH values 

and higher hydrogen capacity. Each cycle expands the pool of candidates while keeping the search 

focused on feasible LOHC designs. This refinement process repeats for up to ten iterations or 200 

unique molecules. These unique molecules and their enthalpies (∆H) are validated using first 

principles calculations, ensuring efficiency and accuracy in identifying LOHCs. 
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Figure 3. Workflow implemented in this study. The workflow has three main components, shown 

with the green, purple, and orange shaded regions. The green region is the LLM agent which 

contains the GPT-o1preview model (accessed via Argo API) and the custom system prompt. The 

orange region shows the ML part, which contains the dataset and the ML predictive model trained 

on that dataset and used to evaluate the generated Simplified Molecular Input Line Entry System 

(SMILES) strings. The purple box shows a generative loop that starts the process with the seed 

SMILES strings, prompted into LLM agent, and then generates, validates, and refines new 

SMILES strings. ‘Sys. Prompt’ refers system prompt, ∆H (RF) denotes reaction enthalpies 

predicted by Random Forest model, MP denotes melting point (predicted using the OPERA63 

model), ‘wt % H2' represents hydrogen storage capacity, and Target # represents the user-defined 

target number of SMILES (set at a maximum of 200).

2.2 Selection of LOHC Molecules 
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To down select the promising LOHC molecules, we imposed additional criteria for filtering, 

including practicality and synthesizability. First, both the hydrogen-lean (HL) and hydrogen-rich 

(HR) forms were required to have MPs below 40%°C. Second, we imposed a synthesizability filter 

to gauge the likelihood that these molecules can be feasibly prepared in a laboratory setting. We 

retained only those molecules that either (a) demonstrated an SA65 score below 3.3 based on our 

previously established cutoff for practical synthesis65 or (b) were already in the PubChem 

database.61 The SA score factor reflects complexity and likely number of synthetic steps required, 

while a PubChem listing indicates prior knowledge or availability of the compound. Additionally, 

all halogen-bearing structures were removed due to their susceptibility to undesired reactions (e.g., 

elimination) under LOHC operating conditions.40 By combining these two criteria, we prioritized 

LOHC structures that were both thermally suitable and synthetically feasible.

Using the molecular selection workflow (Fig 3), 42 new LOHC molecules were identified, 

schematically shown in Figure 4. Note that additional details of these molecules, including their 

melting and boiling points and SA scores for the hydrogen-rich and -lean forms, are presented in 

the Supporting Information (Table S4). These molecules exhibit a broad spectrum of physical and 

thermodynamic properties, emphasizing how structural variations can profoundly impact key 

performance indicators. In most cases, the MPs of both hydrogen-lean (HL) and hydrogen-rich 

(HR) forms are below 40%°C, indicating that they remain liquid under ambient conditions. Among 

these, 11 molecules have MPs below 0%°C. Notably, 7 (2-methylpyridine), 16 (styrene), and 36 

(propenyl benzene) melt at -54.9%°C, at -30.1%°C, at -28.3%°C, respectively, thereby minimizing 

solidification risks in colder environments. Although their boiling points (BP) span a wide range 
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(~130–150%°C to > 300%°C), each of these candidates remains liquid at room temperature, further 

underscoring their use as an LOHC. 
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Figure 4. Schematics of structures (entries 1 to 42)/important properties of LOHCs identified in 

this study. All molecules are available in PubChem. Labels: Physical state (Liquid = L; Solid = S 

at room temperature), boiling point (B+, B–), enthalpy of hydrogenation (∆, in kJ/mol H2), and 

hydrogen storage capacity (𝓗, in wt %). Note: Each molecule exhibits properties (see Table S4, 

Supporting Information) that qualify it as a promising hydrogen storage candidate based on 

thermodynamic and physicochemical characteristics.

Beyond phase behavior, all 42 compounds shown in Figure 4 feature ΔH in the desired 40–

70%kJ%mol⁻¹%H2 range. The entries in Figure 4, 16 (styrene) and 18 (benzofuran), sit near the 

upper end (~64–65%kJ%mol⁻¹%H2). Despite this higher ΔH, both remain attractive: benzofuran 

has previously been shown to undergo efficient hydrogenation, even before its relevance to LOHC 

applications was established.66 Benzofuran is also a key structural motif in bio-derived 

compounds.67 Styrene’s very low MP potentially operates at sub ambient temperatures, 

compensating for its higher enthalpy requirement by. By contrast, entries 30, 25, and 28 (all 

belonging to the phenylethyl- or phenylpropyl-pyridine family) exhibit lower ΔH values (~48–

50%kJ%mol⁻¹%H2), potentially enabling easier dehydrogenation at moderate temperatures. 

Meanwhile, gravimetric hydrogen capacities (wt %% H2) run from about 5.5 % to nearly 9 %%, 

with 4 (benzonitrile) standing out at 8.9 %.% H2, the highest among this set.

Finally, synthesizability and availability were assessed using PubChem listings and SA scores, 

indicating that all 42 molecules are likely available in known databases or accessible via standard 

synthetic routes. Notably, each hydrogen-lean (HL) and hydrogen-rich (HR) form meets our 
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practical synthesis cutoff (SA <%3.3, as discussed in our prior work40,65) or appears in PubChem, 

minimizing potential barriers to laboratory or pilot-scale validation. This combination of low MPs, 

balanced ΔH values, and synthetic accessibility underscores their commercial potential as next-

generation LOHCs. 

2.3 Experimental validation

Five LOHC molecules, 4 (benzonitrile), 5 (3-methyl pyridine), 12 (1-ethylnapthalene), 18 (2,3-

benzofuran), and 33 (1,1-diphenylethane) were selected for experimental validation and compared 

to toluene and 9-ethylcarbazole as benchmark LOHCs. These molecules were selected based on 

their high wt %% H2 (above 6%), low MPs (all below 0 °C), and their availability in PubChem. 

These molecules were chosen as representative candidates spanning different chemical classes to 

demonstrate the viability of the AI-driven framework; other promising candidates, (e.g. 

benzonitrile; 8.9 wt% H₂), remain targets for future experimental validation. One of the most 

studied LOHCs is 9-ethylcarbazole.68 This heterocyclic compound can theoretically take up 6 

moles of equivalent hydrogen (5.7 %). However, it converts into 4 partially hydrogenated 

products.69  Schemes of the hydrogenation reactions for all the LOHC molecules are shown in 

Figure S5. Hydrogenation catalysts were chosen according to literature.70 10 wt % Pd on carbon 

and alumina, 5 wt % Pt on NU-1000, as an example of metal-organic framework, and 5 wt % Rh 

on alumina were employed as hydrogenation catalysts at 150 °C and 200 °C for 12 h at 300 psi of 

H2. Table 1 shows the conversion of 3-methyl pyridine into 3-methyl piperidine and toluene into 

methyl cyclohexane at 150 °C and 200 °C for 12 h, respectively. All 4 catalysts exhibited greater 

conversion of 3-methyl pyridine compared to toluene to fully hydrogenated product, with 
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Rh/Al2O3 being the most active catalyst at 150 °C. At 200 °C, full conversion is achieved for 3-

methyl pyridine using Pd/C and Rh/Al2O3 and almost full conversion for Pd/Al2O3. Comparison 

with other substrates (1-ethylnapthalene, 2,3-benzofuran, and 1,1-diphenylethane) using the most 

performant catalyst, Rh/Al2O3, at 200 ° C is listed in Table 2. All three substrates are fully 

converted to either fully or partially hydrogenated products, with 74% selectivity for 8H-

benzofuran. 9-ethylcarbazole converts into fully hydrogenated product (86.4%). However, the 

catalyst also converts into the de-ethylated product (9.2%). The hydrogenation of benzonitrile 

leads to the formation of dibenzylamine with high conversion using the Rh/Al2O3 catalyst in 

comparison with the Pt/NU-1000 (Table 3). The order of conversion into fully hydrogenated 

products at 200 °C is 3-methyl pyridine > 9-ethyl carbazole > 2,3-benzofuran > 1,1-diphenylethane 

> 1-ethylnapthalene > toluene. Recycling experiments show that Rh/Al2O3 maintain a high 

activity (Table 3).

Table 1. Results from hydrogenation experiments at 150 °C (300 psi H2) and 200 °C (600 psi H2) 

for 12 h.

Catalyst         3-Methyl pyridine conversion (%) Toluene conversion (%)
                                  150 °C 200 °C             150 °C 200 °C
10 wt % Pd/C 35.8 100.0             16.2 45.3
5 wt % Rh/Al2O3 58.9 100.0             24.9 57.0
10 wt % Pd/Al2O3 38.5 96.8 7.0                   45.6
5 wt % Pt/NU-1000 29.1                 75.4                          5.8 39.7
None   0   0 5.0                     9.0

Table 2. Results from hydrogenation experiments using 10 mg Rh/Al2O3 at 200 °C for 12 h at 600 

psi H2.
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Substrate  Fully   Partially       Other (%)
hydrogenated (%) hydrogenated (%)

1-Ethylnapthalene    66.7  31.3 -
2,3-Benzofuran   74.0  26.0 -
1,1-Diphenylethane   66.9  33.1 -
9-Ethyl carbazole   86.4    4.4 9.2

Table 3. Recycling experiments using 5 wt % Rh/Al2O3 and 5 wt % Pt/NU-1000. Results from 
hydrogenation experiments at 200 °C (600 psi H2) for 12 h.
Catalyst         3-Methyl pyridine conversion (%) Benzonitrile conversiona (%)
               #1 #2 #1 #2
5 wt % Rh/Al2O3 100.0 100.0             98.1 97.9
5 wt % Pt/NU-1000 75.4 0 0.5 0.5
a conversion to dibenzylamine

Conclusions

This study demonstrates that combining LLM-driven molecular generation with ML-based 

screening provides an efficient path for discovering new LOHC molecules. The workflow 

identified chemically meaningful structures, evaluated them with rapid predictive models, and 

refined the candidates through an iterative loop that focuses on thermodynamic and 

physicochemical targets. Using this approach, 42 new LOHC candidates were discovered and 39 

of them were validated using high-accuracy G4MP2 calculations. Four of these molecules were 

tested experimentally and showed hydrogenation performance that aligns with the AI predictions. 

These results show that a small but well-chosen seed set can guide LLMs toward novel and viable 

LOHC designs. By combining pretrained generative models with modular screening, this 
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framework enables efficient exploration of chemical space and can be readily extended to diverse 

molecular discovery tasks.

In the present work, the LLM was guided solely through a system prompt and seed molecules 

represented as SMILES strings, without access to an external knowledge base. An alternative and 

potentially complementary strategy is retrieval-augmented generation (RAG), in which the LLM 

is provided with relevant chemical context retrieved from a structured database at generation 

time.71,72  For example, Zhang et al. recently demonstrated a RAG-based framework for solid-state 

hydrogen storage materials, where a knowledge base of over 30,000 literature-extracted entries 

was used to inform LLM-driven candidate generation and iterative refinement.73 Incorporating a 

similar RAG approach could enrich the chemical context available to the LLM, potentially 

improving the diversity, novelty, and relevance of generated candidates, and represents a 

promising direction for future work.

LOOKING AHEAD, SEVERAL DIRECTIONS CAN FURTHER STRENGTHEN AND EXTEND THIS 

FRAMEWORK. THE WORKFLOW IS INHERENTLY MODULAR AND NOT RESTRICTED TO 

THE LOHC CANDIDATES PRESENTED HERE. BY ADJUSTING THE SEED MOLECULES, 

FILTERING CRITERIA, AND ML MODELS TRAINED ON THE RELEVANT TARGET 

PROPERTY, THE SAME PROTOCOL CAN BE ADAPTED TO DISCOVER FUNCTIONALIZED 

LOHCS, ALTERNATIVE HYDROGEN CARRIERS, OR MOLECULES FOR ENTIRELY 

DIFFERENT APPLICATIONS SUCH AS ELECTROLYTES, SOLVENTS, OR ORGANIC 

SEMICONDUCTORS. FURTHERMORE, THE ITERATIVE DESIGN LOOP IMPLICITLY STEERS 

THE LLM TOWARD FAVORABLE REGIONS OF CHEMICAL SPACE, AS ACCEPTED 

MOLECULES FROM ONE CYCLE SERVE AS SEEDS FOR THE NEXT, PROGRESSIVELY 

NARROWING THE SEARCH TOWARD STRUCTURES THAT SATISFY THE 
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PHYSICOCHEMICAL CONSTRAINTS. WHILE THIS DOES NOT CONSTITUTE DIRECT 

MOLECULAR OPTIMIZATION, IT PROVIDES A PRACTICAL MECHANISM FOR 

DISCOVERING STRUCTURES WITH TARGETED PROPERTY COMBINATIONS, AND THE 

FILTERING THRESHOLDS FOR PROPERTIES SUCH AS MELTING POINT AND HYDROGEN 

CAPACITY CAN BE SYSTEMATICALLY TIGHTENED OR RELAXED TO FURTHER GUIDE THIS 

PROCESS. ADDITIONALLY, INTEGRATING CATALYST PREDICTION INTO THE WORKFLOW 

WOULD PROVIDE A MORE COMPLETE PICTURE OF THE LOHC DESIGN PROCESS. 

TRAINING ML MODELS ON CATALYST PERFORMANCE DATA COULD ENABLE 

SIMULTANEOUS OPTIMIZATION OF BOTH THE CARRIER MOLECULE AND ITS CATALYTIC 

SYSTEM, BRIDGING MOLECULAR DISCOVERY WITH PROCESS-LEVEL DESIGN. THIS 

INCLUDES COMPOSITION, METAL–SUPPORT INTERACTIONS, AND REACTION 

CONDITIONS. FUTURE EFFORTS SHOULD ALSO ACCOUNT FOR TOXICITY, 

ENVIRONMENTAL IMPACT, AND SCALABILITY OF SYNTHESIS TO ENSURE THAT 

DISCOVERED CANDIDATES ARE NOT ONLY THERMODYNAMICALLY FAVORABLE BUT 

ALSO SAFE AND INDUSTRIALLY VIABLE.

ASSOCIATED CONTENT 

Supporting Information

Additional detail is provided in the Supporting Information, including an overview of the 

G4MP2 method, seed sets with calculated and experimental hydrogenation enthalpies, 

comparisons for down-selected molecules, chemical and physical properties of new LOHCs, LLM 

and ML performance analyses, design rules, hydrogenation schemes, and synthesis details for 

Pd/NU-1000. All code used in this study is present on GitHub:  

https://github.com/HydrogenStorage/LLM_LOHC
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Methods

Selection of Seed Molecules: To initiate the LLM-guided molecular generation, selected seed 

molecules based on the design rules established in previous work40 were chosen (Figure 5; Text 

S3; see Supporting Information). Note that this group contains experimentally evaluated LOHC 
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candidates (Expt-31; known ∆H values) as well as molecules identified from prior computational 

screening (LOHC-7).40  The latter consists of the molecules discovered by using high-throughput 

screening, quantum chemical calculations, and practical down-selection. This dual selection 

strategy balances experimentally validated structures with computationally curated discoveries, 

allowing us to assess whether the LLM can generate novel candidates that align with empirical 

and theoretical insights in LOHC chemistry (Figure 5).
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Figure 5. Overview of the seed molecules used to prompt the LLM. The top panel displays eight 

molecules selected from the Expt-31 dataset, which consists of experimentally known LOHCs. 

The bottom panel shows seven molecules chosen from previous work on LOHC design.40 
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Machine Learning (ML). As part of the workflow, a ML model capable of predicting 

hydrogenation enthalpy (ΔH) directly from molecular structures (e.g.: SMILE strings) was 

developed (Figure 3, orange box). This ML model was trained QM9-LOHC,60 a high-fidelity 

computational dataset containing 10,373 dehydrogenation reactions.60 The dataset includes 

reactions with hydrogen storage capacities of 5.5 wt % H2 or higher, and ΔH values computed at 

the G4MP274 level of theory (Fig. 6a). For model training, each molecule was represented using 

2048-bit Morgan fingerprints (ECFP4).75 The dataset was randomly split (80:20), with 80% used 

for training and 20% reserved for testing. Then RF regressor76 to predict ΔH was trained using 

default hyperparameters, and 100 trees were used in the model. The trained model exhibited good 

predictive accuracy, achieving mean absolute error (MAE) = 4.67 kJ/mol, root mean squared 

deviation (RMSD) = 7.35 kJ/mol, and coefficient of determination (R²) = 0.93, with a high 

correlation between predicted and computed ΔH values. A parity plot shown in Figure 6b, 

comparing G4MP2 computed vs. ML predicted ΔH confirmed its reliability for screening newly 

generated LOHC candidates. This ML model was subsequently integrated into the iterative 

molecular generation process to prioritize molecules within the optimal ΔH range of 40–70 kJ/mol.
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Figure 6. Distribution of (left) computed hydrogenation enthalpies (ΔH, kJ/mol per H2), and ML 

predicted ΔH vs. ΔH values using G4MP2 (right). The histogram shows the range of reaction 

enthalpies (ΔHrxn) in the dataset, while the scatter plot illustrates the predictive accuracy (R² = 

0.93) of the ML model against G4MP2 values.

LLM Agent. To implement the generative component of the workflow, an LLM-driven 

molecular design agent capable of proposing new LOHC candidates was established (Figure 3, 

green box). This agent was built using Argonne’s Argo interface to GPT-o1preview model, to 

systematically generate molecular structures based on provided seed molecules. The LLM agent 

was constructed with a system prompt that explicitly defines its role, instructing it to act as an 

expert in molecular design specializing in LOHC. This prompt ensures that the model focuses on 

functionally relevant molecular motifs rather than arbitrarily generating structures. The core of the 

agent consists of three steps:
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Seeding the Prompt with Known Molecules: The LLM is provided with an initial list of known 

LOHC SMILES strings, serving as guiding examples to ground the generation process in known 

chemistry. These molecules establish the structural space in which the LLM operates and generate 

chemically consistent candidates.

Generating Novel Molecules: The LLM is explicitly prompted to produce 30 SMILE strings, 

that are unique, chemically valid, and distinct from the provided list. This step ensures that the 

agent expands molecular diversity while maintaining relevance to LOHC chemistry.

Structured Output Collection: The generated molecules are returned in a JSON format, 

containing only a structured list of SMILES strings. This was followed by parsing and integration 

into downstream validation and screening steps. If the LLM deviates from this structure, its 

response is discarded, and it is re-prompted to ensure compliance with the required format.

The generated molecules serve as inputs for further refinement and validation in subsequent 

steps of the workflow. The full system prompt is given below:

You are an expert in molecular design, specializing in Liquid Organic Hydrogen Carriers 
(LOHCs).

The user provided these known LOHC SMILES:

{', '.join(initial_smiles)}

Your task is to generate exactly 30 novel LOHC SMILES strings in a structured JSON format:

{{"SMILES": ["SMILES1", "SMILES2", "SMILES3", ..., "SMILES{NEW_LOHC_BATCH_SIZE}"]}}

Ensure that the new SMILES are chemically valid, unique, and not already in the provided 
list.

Do not include any additional text or explanations. Respond only with the JSON structure.
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Iterative Generation and Refinement. The LLM-generated molecules go through a multi-stage 

filtering process to ensure chemical feasibility and suitability as LOHCs (Figure 2, purple box). 

This iterative workflow was designed to generate and refine molecular candidates during ten 

iterations. The process continued until either 200 valid SMILES were collected or 10 iterations 

were completed, whichever came first. To account for variability in the LLM responses, each 

iteration was given up to three attempts. If no new molecules were generated within an iteration, 

the LLM was re-prompted to ensure that the search space was sufficiently explored. The first 

filtering step involved a chemical validity verification, where each generated SMILE string was 

processed using RDKit to confirm their chemically valid molecular structure. Chemically invalid 

molecules suggested during this this step was discarded to maintain structural integrity in the 

dataset. Next, we applied hydrogen storage capacity screening, where the wt % H2 of each 

molecule was computed using Equation (1), which quantifies the hydrogen content as a percentage 

of the molecule’s total mass before (MWH-lean) and after full hydrogenation (MWH-rich): 

%𝑤𝑡 𝐻2 = 𝑀𝑊𝐻―𝑟𝑖𝑐ℎ―𝑀𝑊𝐻―𝑙𝑒𝑎𝑛 
𝑀𝑊𝐻―𝑟𝑖𝑐ℎ

× 100               (1)

At this stage of screening, only molecules with wt % H₂ ≥ 5.5% were retained. Candidates that 

passed this threshold were then evaluated for hydrogenation enthalpy (ΔH) using a trained ML 

model, with only those falling within the desired 40 ≤ ΔH ≤ 70 kJ/mol per H2 ranges being 

selected.36,39 Further, MP predictions were incorporated, as LOHCs must remain in the liquid phase 

under ambient conditions for ease of handling and transport. Using Leruli's MP prediction platform 

based on OPERA77 model, molecules with MP > 40°C were filtered out. Duplicate removal was 
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enforced at multiple stages, including after generation, filtering, and before final dataset 

compilation ensuring that the final LOHC set contained unique and chemically distinct molecules 

from initial seed set.

At the end of each iteration of the workflow, the molecules that successfully passed filtering 

were merged with those from previous iterations and used as an updated prompt for the LLM in 

the subsequent cycle. This process allowed the LLM to iteratively refine and expand the chemical 

space, generating increasingly viable LOHC candidates. Upon completion of ten iterations, the 

final dataset was compiled, containing SMILES representations of all validated LOHC candidates, 

alongside their predicted ΔH values, wt % H₂, and MP. The details of the workflow and generated 

data are described in the GitHub repository: https://github.com/HydrogenStorage/LLM_LOHC.

Computation of Enthalpies. In order to validate the ΔH predictions using ML, quantum chemical 

calculations using Gaussian 16 software78 using accurate G4MP274 method were performed. The 

G4MP2 is a composite method based on the G4 theory that utilizes MP2 perturbation theory to 

enhance computational efficiency. The minimum energy molecular conformers were first 

determined using the Universal Force Field (UFF) method in RDKit. The G4MP2 approach relies 

on geometries optimized at the B3LYP/6-31G(2df,p) level of theory,79–82 followed by a series of 

high-level single-point energy calculations. The Zero-point energy (EZPE) corrections are derived 

from the B3LYP/6-31G(2df,p) computed vibrational frequencies, scaled by a factor of 0.984 to 

account for anharmonicity.74 We confirmed the nature of each located stationary point on the 
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potential energy surface by the absence of imaginary frequencies. Additional details about the 

G4MP2 method is described in the supplementary information (Text S1).

Catalytic Hydrogenation of LOHCs.

Four catalysts were tested for the hydrogenation of 3-methyl pyridine and toluene. Two 

commercial catalysts, 10 wt % Pd/C (Sigma Aldrich), and 5 wt % Rh/Al2O3 (Degussa) and two 

home-made catalysts, 10 wt % Pd/Al2O3 and 5 wt % Pd/NU-1000. Pd/Al2O3 was prepared using 

the incipient wetness technique by adding a sufficient amount of a solution containing palladium 

nitrate solution (Sigma Aldrich) to Al2O3 support (Sigma Aldrich) and Pd/NU-100 was synthesized 

as described elsewhere.83 Screening of all the catalysts and control (no catalyst) were carried out 

in 48-well plate using the Screening Pressure Reactor (SPR, Unchained Labs Inc.). 10 mg of 

catalysts was dispensed in 1/2dr shell vials with 100 uL of either 3-methylpyridne (#5, Figure 5) 

(≥ 99.5%, Sigma Aldrich) 1-ethylnapthalene (#12) (≥ 95%, Oakwood), 1,1-diphenylethane (#32) 

(≥ 97%, Ambeed), 9-ethylcarbazole (≥ 97%, Sigma Aldrich), benzofuran (> 99%, Sigma Aldrich), 

or toluene (≥ 99.5%, Sigma Aldrich) in 1 mL dodecane (≥ 99, Sigma Aldrich). The multiwell plate 

with vials was then covered with a pinhole graphite gasket and a stainless-steel pinhole plate to 

ensure gas diffusion but to minimize cross-contamination between the vials. Initially, the SPR was 

flushed with 500 mL/min N2 for 15 min at room temperature, at an orbital shaking of 150 rpm and 

pressurized with H2 initially to minimize evaporation of the reagents and solvent. The reactor was 

then heated up slowly (10 °C/min ramp rate) to either 150 °C or 200 °C. Under the given conditions, 
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the pressure of the reactor reached around 300 psi or 600 psi, respectively. After 12 h, the shaking 

was stopped, the reactor was cooled down to room temperature and was flushed with 100 mL/min 

N2 for 15 min. Aliquots were transferred into filter vials (Whatman Mini-UniPrep Syringeless 

Filter, 0.2 µm). Aliquots were analysed sequentially by a GC Ultra Gas Chromatograph system 

equipped with a Tri Plus RSH autosampler, an ISQ MS detector, and a FID (Thermo Scientific). 

The column used for the MS detector was an Agilent J&W DB-5 column (30 m × 0.25 mm × 

0.25μm film thickness) while the column used for the FID was an Agilent J&W DB-5MS column 

(30 m × 0.25 mm × 0.25μm film thickness).  GC data were analysed using the Thermo Xcalibur 

2.2 SP1.48 software. The following method was used:  a 0.5 µL split injection S5 with a split ratio 

of 100 run under a constant gas flow of 1 mL/min.  The oven temperature profile was as follows: 

initial temperature = 30 °C, hold for 10 minutes, ramp at 20 °C/min, final temperature = 250 °C.  

The conversions of the substrates were determined based on the sum of the peaks. For the recycling 

experiments, the spent catalysts (Rh/Al2O3 and Pt/NU-1000) were washed 3 times with toluene 

and one time with pentane. After drying the catalysts were re-used.
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Data Availability Statement

All data associated with this study are publicly available. The repository includes SMILES strings 
of the starting materials, the trained Random Forest model, workflow scripts, and representative 
output files. The code and data can be accessed at https://github.com/HassanHarb92/LLM_LOHC 
and are archived at https://doi.org/10.5281/zenodo.18853735.
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