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Majority of Energy Goes to Waste(-Heat)

Sankey Diagram of U.S. Energy Consumption (2022): . B Lawrence Livermore
4 g 9y et F? ( ): 100.3 Quads National Laboratory
et Electricity

Solar Imports
1.87 12 A

Electricity
Nuclear :
3.05 Generation
37.7 24.3
04 4.29 Rejected
: Residential Energy
12.3
67.3
5.17
0.98 7.97
Geothermal 3.35
0.21 0. 0.16 Commercial
0.02 9.57
3.65 ' 0.88 6.22
- 0.04
Industrial 5.9

/ 0.99 26.7 oro
0
/ 1.29
Biomass

4.88 : Transportation| 21.7
0.2 . 27.5

D2R2group.com




Thermionic Energy Converter (TEC)

Anode

Vacuum gap

Cathode
Heat Input

 No moving parts
 Power output scales with area
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TEC Efficiency
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Question: Which Electrode in a TEC Requires
Ultra-low Work Function?

Anode

Cathode
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State-of-the-Art Low Work Function Surfaces

WEF < 2 eV typically require alkaline coatings or non-steady state conditions
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P.Schindler, et al. ACS Energy Letters 4, 10 (2019)
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Data-driven Approach, Part I: Work Function Database

No large databases of work functions in literature (except for elemental crystals and 2D materials)
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P. Schindler, et al. Adv. Func. Mat. 34, 19 (2024)
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Work Function Database
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Data-driven Approach, Part ll: Featurization & ML
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Physically Motlvated Surface Descriptors
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For topmost 3 layers:

4 elemental features x (min, max, average) x 3 layers )i/r
= 36 Eionization
nmendeleev

+ structural features: packing area (n_ . / area) x 3 layers,
+d,,andd; ;+6,.,and 6.

= 43 total features — pick top 15 features with RFE
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Model Performance with Surface-based Descriptors
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P.Schindler, et al. Adv. Func. Mat. 34, 19 (2024)
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Promising Candidate Surfaces with Extreme WFs
, WF > 8 eV WF < 1.7 eV :
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Graph-Convolutional Neural Networks to Predlct Surface Properties
ALIGNN Framework: e
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MatFold: Cross-Validation Protocols to Probe OOD Generalization in MatSci
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ML Driven Screening: Novel Ultra-bright and Air-Stable Photocathodes
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E.R. Antoniuk, Y. Yue, Y. Zhou, P. Schindler, W.A. Schroeder, B. Dunham, P. Pianetta, T. Vecchione, and E.J. Reed. Physical Review B, 101 (2020).
E. R. Antoniuk, P. Schindler, W. A. Schroeder, B. Dunham, P. Pianetta, T. Vecchione, and E. J. Reed. Advanced Materials, 33, 44 (2021).
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Ultra-low Work Function

Evacuum S —
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Thank you for listening!

Questions?

For further information and references:

www.d2r2group.com

Work function (eV)

Open Access: Full database and ML model (click on “Resources”)
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