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Improved protein structure prediction using potentials from deep learning
AW Senior, R Evans, J Jumper, J Kirkpatrick, L Sifre... - Nature, 2020 - nature.com

Protein structure prediction can be used to determine the three-dimensional shape of a

protein from its amino acid sequence 1. This problem is of fundamental importance as the

structure of a protein largely determines its function 2; however, protein structures can be

difficult to determine experimentally. Considerable progress has recently been made by

leveraging genetic information. It is possible to infer which amino acid residues are in

contact by analysing covariation in homologous sequences, which aids in the prediction of ...
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Table 1: Experimental Results. Smallest costs are in bold.
) Algorithm TSP Time (s) Cost (m)
15 Cities 0.003 8755
. . 25 Cities 0.013 12541
Hill Climbing 25 Cities A 0.014 17567
BlEER 100 Cities  0.179 61802
a) 15 cities a) 25 cities 15 Citles 0.105 6200
: P . . 25 Cities 0.188 9221
o . S‘m“}f“ﬁd\A“neah“g 95 Cities A 0.190 13362
. | " .' g BaaR & 100 Cities 0.671 47231
oo o : 15 Cities 0.116 6567
) ’ . ) 25 Cities 0.335 10138

Evolutionary Algorithm 95 Cities A 0.398 12044

b CGEIB) B 100 Cities 1.268 52499
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b) 100 cities d) 25 cities alternative
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Table 1: Experimental Results. Smallest costs are in bold.
) Algorithm TSP Time (s) Cost (m)

15 Cities 0.003 8755
o e 25 Cities 0.013 12541
Hill Climbing 25 Cities A 0.014 17567
BIlEER 100 Cities _ 0.179 61802
a) 15 cities a) 25 cities 15 Citles 0.105 6200
Ce ) . . 95 Cities  0.188 9221
S . Simulated Annealing o2 0 A (100 13362

S K BitpliE k -
, : I g RIAGE 100 Cities  0.671 47231
. ot " . 15 Cities 0.116 6567
L s : . . 25 Cities 0.335 10138
. FVOI“tIOIff Algorithm o5 ciiies A 0.328 12044
B GB%) Bk 700 Civies 1.268 52499
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Table 1: Experimental Results. Smallest costs are in bold.
) Algorithm TSP Time (s) Cost (m)
15 Cities 0.003 8755
- 25 Cities 0.013 12541
Hill Climbing 25 Cities A 0.014 17567
Bl R 100 Cities _ 0.179 61802
a) 15 cities ( a) 25 cities \ 15 Cltles 0.105 6200
: Lo o . . 25 Cities 0.188 9221
o - Stmulated Annealing o cyii00 4 0,190 13362
: AR : BHR K 100 Cities  0.671 47231
. ot " . 15 Cities 0.116 6567
. R : : . . 25 Cities 0.335 10138
T, oL ‘Evolutlon‘zy Alg0r1t13m 95 Cities A 0.398 12044
by 100 citios A GEAR) HE 700 Cities . 1.268 52499

k d) 25 cities alternative )

Tracing the ellipse will obviously yield the best result. However, the local
search algorithms discussed in this paper does not have access to this intuition.
Another characteristic of this layout is the fact that finding near optimal solu-
tions are more difficult compared to random layouts, as there exists many near
optimal solutions in other layouts, whereas in this layout the optimal solution
seems to be isolated from solutions.
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Figure 2: Performance curves for the three algorithms for a TSP with 15 cities.
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e A smaller neighborhood means fewer neighbors to evaluate (so cheaper
computation, but possibly worse solutions)

e A bigger neighborhood means more computation, but maybe fewer local
optima, so better final result

e Defining the set of neighbors is a design choice (like choosing the heuristic
for A*) and has a crucial impact on performance
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The standard (unit) softmax function o : RX — [0, 1]%is defined by the formula

fori=1,...,Kandz = (21,...,2x) € RE

( ) e’
o(z);, =
% Zj:l e’
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The standard (unit) softmax function o : RE — 0, l]K is defined by the formula
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o(z); = fori=1,...,Kandz = (21,...,2x) € RE
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+ Hill-climbing can solve large instances of n-queens (n = 10°) in a few
(ms)seconds
* 8 queens statistics:
o State space of size 17 million
o Starting from random state, steepest-ascent hill climbing solves 14%

of problem instances Jﬁﬁﬁﬁ [J_[ @}5 ( %mu Iﬁl%i‘ih )

o It takes 4 steps on average when it succeeds, 3 when it gets stuck

sideways moves (M): random restarts:

M=100 — 94% solved instances 100% solved instances
for the 8-queens! 28 steps avg.
21 steps avg. on success

Amazing 64 steps avg. on “failure” %MEE ﬁmjﬁ%’f
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