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AlphaFold 1 (Nature, 2020)
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AlphaFold 2 (Nature, 2021)
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AlphaFold 2 (Nature 2021)
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AlphaFold 2 (Nature 2021)

“We find it helpful to execute the network multiple
. {# BRecyclingi#17 2 & A1 Z-F10 times, each time embedding the previous outputs as

50 additional inputs.”
@‘I'If 4 N 8 144 e \r:i(?h\
- > 2 )’ s (singlerepr. (te)] —» S - g
ReCYC“ngEEﬁ%D%a:l_*-%*J-L*mﬁEP E’\] félj&{ﬁl_l— —(t>_>§ fepregesn?)ation = —b%
(post estimation)(algR, AF1)IIZxRY45RIR (048 N )
)\éliégéi%fﬁi} ”éﬁ:‘ Evoforiner Structure . ‘mr.:
(48 blocks) module | __ ! <% ,
(8 blocks) N o
® i I * " A I ¢ ‘ : s%
(+)—> "1 repre(::):ri\%ation — e :‘ tepre(.i»’:ri:t)ation i 3D structure
. J \. J
[ « Recycling (3 times) J

ZREMIRBEREER, fBBSERILEATUNERS, N2 EEHNES

Jumper, J. et al. Highly accurate protein structure prediction with AlphaFold. Nature, 2021.




AlphaFold 2 (Nature 2021)
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AlphaFold 2 (Nature 2021)
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AlphaFold 2 (Nature 2021)
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AlphaFold 2 (Nature 2021)
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