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» Google DeepMind?} AlphaFold MEEZ2 AFE4 oliA| Google DeepMind dismantles Nobel-winning
- 9171 Ol Z Gemini, Al 2, 24 |, RNt SO = XHH{X] AlphaFold team in strategy shift

Landmark project that solved protein folding gives way to a wider race to build Al
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DeepMind chief executive Demis Hassabis, left, and director John Jumper won a Nobel Prize in 2024 for their work
using Al to predict the three-dimensional structure of proteins © Alastair Grant/AP

Madhumita Murgia in London
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Accelerating American Science
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DOE Genesis Mission

Energy Department Announce
Genesis Mission Science and
Technology Challenges to
Accelerate Al-Enabled American
Innovation and Leadership
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The U.S. Department of Energy today announced 26 science and technology challenges of national importance to advance the Genesis

WASHINGTON—The U.S. Department of Energy (DOE) today announced 26 science and technology challenges of national
importance to advance the Genesis Mission and accelerate innovation and discovery through artificial intelligence (Al).

Building on President Trump’s Executive Orders Launching The Genesis Missiont and Removing Barriers to American Leadership In

Artificial Intelligencew, the challenges span DOE's discovery science, energy, and national security missions. Each was selected for its

potential to deliver measurable benefits for the American people and to accelerate advancements through the Genesis Mission’s Al
platforms, world-class facilities, and public-private partnerships.

2x3ca|edfRI3ocoNoaswn

“These challenges represent a bold step toward a future where science moves at the speed of imagination because of Al. It's a game- . .
changer for science, energy, and national security,” said DOE Under Secretary for Science and Genesis Mission Lead Dr. Dario Gil. “By Da rio Gl |
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The White House Office of Science and Technology Policy Michael Kratsios. "We look forward to expanding the list of challenges 24 E}A} Tl§ 2 E'l' E1 §u =%

across Federal agencies to bring even greater impact to the Mission.” 25 i'gu 7|9 glk_} ?_I»é_il.’ A ﬂnﬂ ol ot i}ﬂ
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deliver science and technology breakthroughs that will benefit the American people,” said Assistant to the President and Director of
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MatLLMSearch (ICLR 25 Al4Mat)
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LLEMA (ICLR 2026)
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