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Abstract Distributed Agents and Workflow Evaluation: Scaling and Comparing LLMs
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Property Prediction Estimate CO, adsorption (mol/Kg -Pa) MOF Trans- 1 NVIDIA RTX 6000 GPU user requested 100 stable MOFs. 33 additional stable MOFs need to be generated.
former

Acknowledgements

(| 1 | Al 5cientist Response: | have generated 33 additional stable MOFs by utilizing the
following tools: _ | o This work is supported in part by the National Science Foundation OAC-2150500 award.
1 Linker Generator (x 3): | called the linker generation tool multiple times with past
history of successful linkers for CO2 adsorption.
T 11 2.MOF Assembler (x 2): After generating the linkers, | employed this tool multiple
times to assemble 230 MOFs using the generated linkers. References
3. LAMMPS Simulation (x 2): | ran a LAMMPS simulation on the generated MOFs to
assess their structural stability.
4_MOF Transformer (x 2): Finally, | predicted the CO2 Henry coefficient, void fraction, [1] Yeonghun Kang, Hyun Park, Berend Smit, and Jihan Kim. Moftransformer: A multi-modal pre-training transformer for universal transfer

a”f a‘:t'_:ﬁEfE'ibt’:gS;rFacf area for the assembled MOFs, providing insights into their learning in metal-organic frameworks. ChemRxiv, 2022. doi:10.26434/chemrxiv-2022-hcjzc. URL https://doi.org/10.26434/
potenuaLror capture.

t 1
||||.

chemrxiv-2022-hcjzc.

2] J. Gregory Pauloski, Yadu Babuji, Ryan Chard, Mansi Sakarvadia, Kyle Chard, and lan Foster. Empowering scientific workflows with
federated agents, 2025. URL https://arxiv.org/abs/2505.05428.

3] Xiaoli Yan, Nathaniel Hudson, Hyun Park, Daniel Grzenda, J. Gregory Pauloski, Marcus Schwarting, Haochen Pan, Hassan Harb,
Samuel Foreman, Chris Knight, Tom Gibbs, Kyle Chard, Santanu Chaudhuri, Emad Tajkhorshid, lan Foster, Mohamad Moosavi, Logan
Ward, and E. A. Huerta. Mofa: Discovering materials for carbon capture with a genai- and simulation-based workflow, 2025. URL
https://arxiv.org/abs/2501.10651.

Figure 2. Example human scientist prompt with MOFAI response.
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