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1 Type Smallest Positive Value Largest value Precision
Questions

float 1.17549 x 10~-38 3.40282 x 10738 6 digits
double  2.22507 x 10°-308 1.79769 x 107308 15 digits

* logsumexp

LogSumExp(x; ... x,) = log ( Z e"")

i=1

— log ( Z eXi-Cec)

log(%) = log(e¥) — log( e"v) i=ln
2o N =log (¢° )’ e)

=x — log(Z e*n) (1) i=1

i=1

™M=

= log ( Z e""‘) + log(e®)

i=1

=log(2e"’c) +c
i=1

It turns out max(x; ... x,) works really well.
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