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Property 1 (Mass shift irreversibility)

(Yi0(t) )L is monotonically increasing.

Massmovesto the right
> s

Conseguencevass shifts are irreversible
A prevents the model from triggering early
A prevents the model from false alarms
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Converge towards 0,1 extremes
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Mass Convergence

Property 3 (Sparse mass concentration)  The inequality
derived below reveals that, as the loss decreases, small
p; () will quickly converge towards zero.

(8) .
max Y;(k,t) < minmax Y;(k,I) 2 min max Yio(k,1)
e <t k o l<t k
[Le Cam Ak e_}‘z'?cr?l [
< * ’.!,CF,E 2 - 2
=" i mpx G 23 s 03
k l :
! . - Z': pi.cr(_?)
def . [Zj:l p’i}cr(ﬂ")] € [ g=17t }
= min max

l
Jj=1

o l<t k k!
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e | | |
o Property 3 (Sparse mass concentration) The inequality
derived below reveals that, as the loss decreases, small

p: () will quickly converge towards zero.

g (8) .

19 max Y;(k,t) < minmax Y;(k,1) 20 min max Yio(k 1)

Q?Q k <t k o<t k

”«‘.0 Le Cam Ak B_Ai?"*'! L

°o' < . 1,0,l 9 . 2

16 S i P2 pel) (13)
A k l :

YA l : —|225=1 Pi,o (4)

= ﬂgﬁ IIII?.X X j_lpz,cr J)

A detectioncannot be split into numerous small; ¢ contributions
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As the modelearns to countevent occurrences

A B ¢ converge towards 0,1 extremes
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