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r . | will reach out my hand to anyone to help me
e S o . ] get this country moving again
., 4 1 g £ % : A, i guess a smali-lown mayor is sort of like a community
" W, _.._- b organizer axcept that you have actual responsibilitios
’ 4 ' we have been blessed with five wonderful children who
“ we love with all cur heart and mean everything 1o us
» all the parts of the internet are on the iphone
3 ., no way no how no mecain, barack
O obama is my candidate
L \
\, g B - h N ¢ answering that question with
W s o } " specificity is above my pay grade
- o vy B \
- P " s R o he doesn't look like all those other
¥ i k BN presidents on the dollar bills |
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our entire economy

strong

912

is in danger
\

effort 1o protect the amencan
economy must not fajl

the mos! serious
financial crisis since
the great depression

fundamentals of
our economy are

president's
1ob to deal
with more
than one
thing at

once
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decent person and a person 800
that you do not have to be
scared of as president of
the united states 700
this is something that all of us will
swallow hard and go forward with
600
| think when you spread
who is the real the wealth around it's
barack obama good for everybody 500
he's palling around i ““&xu
with terrorists S
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1423':-\15@555& VL= Fsa
/ /
Ae) = lim ENEHAD - N@)[H) _ E(dN()[#H)
At—0 At o dt

o BWSEUVIRELAZT ( Hawkes process )

/ =5-1002%s) J {F PRI 73

N(t) =70+ )y (tt)),
o B AHEEZR(LT ( Maximum Likelihood Estimation )
£ = log L=t Al —nga )—/ ().

exp fﬂ
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Poisson processes:

A () = A nananEEIAs

Terminating point processes:
AN(t)=g"(t)(1 = N(1)) |TT T T L,

Self-exciting point processes:

) =p+a Y kolt—t) .1TT HI TTTT L,

ti€H(t)

Self-correcting processes:

A*(t) = et Ztienm @ .T T T 1 TTT L,
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i=1 {fu}t{t

,urT+ZZ/ Zﬂuu;g{t—t}-}dﬁ)
[n
,urT+ZZZawf glt — t]ldf)

w=1 i=0 j=1

= ilug,lu.{f,-}—
=1

= ilug,lu. (t:) —
=1

U

WUT 437373t (Gltiss — 1) - ftt—r}})

u=1 i=0 j=1

= Zn: log Ay, (t;) —
i=1

= log A (t:) - pr+ZZﬂuqu{t+1 t;) — f(t—t}})
=1

u=1 j=1 =7

f"“"xr’"“'xf’"“'nr’““'xr"_‘"xf"_‘"u

= ZIDEJ"H.{EE} -

EM algorithm for solving the maximum likelihood problem:

E{H}:Zlug (;1+iau,ng{ti—Ej}) (ijT-l-ZZ!I u, (G(T — t5) r;(n}})

=1 J_

U mn
PUT + 3D u,(G(T — ;) — G{'l'.l}])

u=l1 j=1

> Z (p log - -+ Zp .5 log = P 5 }) (ur,-'T + Z Zam (G(T —t;) — r;(n}})

u=1 j=1
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flg Analytics Workbench

(1] Pipe Network & City Map
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1966 2001 2001 2001 2003 2003 2004 2007 2008 2008 2009

01-01 02-17 02-26 07-26 11-26 11.27 09-09 01-30 01-0102-17 05-10

£ i N . 7. N NN

/S fresh A RN A AN

2001 2005 2005 2005 2005 2005 2007 2007 2007 2007 2007 2007 2007

09-21 01-25 0219 03-08 03-18 03-.25  04-1809-01 09-20 10-22 1103 11-14 11.30 r’

fan.Y N By Y (N f o

NN, NN o W

2004 2004 2005 2005 2005 2009 2011 2011 1

10-2811-08 02-17 09-23 09-Z6 10-04 03-1208-15 S
NA S

1. You can double dick row to show its shape info on Msp in highlight.

2. The DB Prediction Year: 2014
3. The Cache Prediction Year 2013

4, The Model Name for DB Prediction: logistic
5, The Model Name for Cache Pradiction: logistio

Prediction Setting

Water system: Salt

Model: dmin_2012_9_27_17_54_4S -

| Cats Screening | i) Patter Anatysis | |52 Model Training | @ Risk Prediction = &8 User Management

I‘llho more models |

Failure type: Al Prediction: 2013 | J Evatuate Risk | | &) Update Database |
System Salt Esilure: | Al - Com from: ALL Com to: (2012 | -]
Region: ALL Measure:  Failure P Store type:  Cache Comection:  Correcte: -

Repopulsted pipes indude _iﬁd’;r_’? Risk level: 10% [ ¢ Retresh | | 4 More |+ |

Facility 1D snfigence Remark(C) Original Failure Prob.(D) 0
500221-11SE0BA-S00146-11SEDEA 0.9855275907007918 -
S00224-07SE110-500238-07SE11D n 0.991699375839538
S00745-11NWOSC-S00792-1 1NWOSC ® 0.28513787547404484
$00108-11SE02C-S00111-11SE02C na 0.9846209529472031
S00255-11SWO078-S00188-11SW078 n 0.9905221310324831
500220-11SE088-500210-11SE068 < 0.9239928068884117
S00070-11NE24A-S00088-11NE24A © 0.9884821033887%83
S00217-11SWOBA-505185-11 SWOBA m 0.9726092569228623
500035-11SE01C-S00350-11SE01D ® 0.97912754554558
S00320-07 SW1TA-S0032797SWITA kn 0.9853675513551241
S00338-11SW10C-S00310-11SW10C n 0.9857630770139901
S00181-11NW15A-S00184-1TNW15A w» 0.9746012899674713

20 - 50 of 12549 Water Pipes

Al “"i' ------------ L';I

25 | 50 | 100 | 200 M.t 123
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. burst @ leak Observe: installation date to 2011; Predict: 2012

 JI|Z e EEA

Observe: installation date to 2012; Predict: 2013

Installation date

| ee® = © o000 L el
QE_TJ\:U =m e

o TN #¥EREPR , [OSRY4HIE
sS2RIER ( B8t )

Prediction Setting
— * E Viater system St -~ Modet ) Use more models
‘ =~ Faluwe A Predction. 2012  Evaluato Risk () Updata Database
< - /\\\l_ = 3751£ ee 2
Risk Prediction
System  Sat Fadure A Com %om AL Cam to 2012 -
/'\
@ J\ D 5 Regon | ALL Moasurs: | Fadure Pr Storatype  Cache Comection’ ~_ Cormectec
I AI | Repopulated pipes. nchided - | Matedal ~ | Rakiest 2% - | G'Refosh | 4 More |~
Facitiy 10 iginal Roctified

:I: N/ E SO0197-1 1V 12A-S00812.1 1MW LA 150 %2 o
\ = SOU837-TSWITC-S00272.07SW1TC ) )
‘ I = x E S00114-115W136-50 120 152
SO91TE-11MW20D- S5 ” a4 a4
S0080%-11NE 11A-S00227-1 INW158 150 152
SOM52-0TSW2IC-S00235-0TSW21C 100 01
¢ ‘ S00040-11HW20A-S00026-1 1208 0 7%
S0326%-11MVWOAD-S00013-11NWDSO 150 130
S00615 11SW0SD. S00038 11SW138 ] &0
1910 SO0 115W138.500206- 115W1 28 140 %
S03008- 11 158.S00307- 1 1MW 158 100 100
il SORRTT-1INW14C-SE0305- 1WUC 150 152
< isiand One & dalsnd Two 500312-13MV14A.500 150 152

(\Rdﬂh S Ciear QAAIEY THAAI0A A0 < N “wy = »

0 125 of 12549 Water Pipts 28150 1 100 1200 12 '

Extract features window label inducing window

2011-12-31  2012-12-312013-12-31

| llag Anaiytics Woskbench

d| 8 Dats Screenieg | Wb Pattor Anshysis | iz Model Traiming | % Risk Prediction | 53 User Management
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SHEET MATERIAL USEFUL IN IMAGE TRANSFER TECHNIQUES

Abstract

Sheet material is provided which is useful in image transfer techniques whereby an image of an original is formed on a suitable receptor.
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| REZFS
o BIIAZEMLE (CNN), FREEEMLS (DBN)
o LeNet (Proc. of IEEE 1998), AlexNet (NIPS 2012) etc.
o TEIBREZEMKIERIRecurrent Neural Network (RNN)

o LSTM (Neural Computation 1997)
e GRU (Gated recurrent Unit, 2014)

32x32 28x28%20 14x14x20 10x10x20 5x5x20 3x3x20 1x1%300

- C2-
e S e SO e ST b, ot
Neurons: 1024 Kernel: 5x5 ernet: Kernel: 5x5 ’ Kernel: 3x3 layer connected

G
i RG b

I e o o - — -
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Model Background History event effect
Poisson process At) 0
Reinforced poisson process 0 Dbt AlE)
Hawkes process At) Dt <t V(E 1)
Reactive point process At) Doy cemnllts) — sz{r, vya(t, t;)
Self-correcting process 0 exp(pt — ), o4 @)
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/ﬁ\ Hawkes process Recurrent Marked RNN process (AAAI17)
IJCAI13 O Temporal Point Processes

BEES : E5%
[ESN:ppLsd=cE=ray
2 , K&, CPU

AR, IR
/
FHFS  EAZ)
ERERIRES
o, HHE%

-

Time series RNN (many units are
omitted for illustration purpose)

Time interval of a Observation window Type 1O
time series: 7 days . 7*5=35 days | Type Il A
| A i Time series (synchronous with

One week '{

(_A_\

, . evenly spaced interval as index)
T T Y O O I

> t

I I
2 3 4 5 6 7 8 9 10 11 12 13 14 155 16 17 18 19 20 21 22 23 24 25
Week# i |

Event sequence RNN (need fewer
units to cover long-range dependency)
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_________________________

Event subtype
prediction layer

éﬁlﬂéﬁéﬁﬂﬁﬁ

j=1

|
|
LY (W eg(U?) — wihlog(u) - 10g(f(*‘f|hf 1))>
|
|
|

Event main-type
prediction layer

| (st = —
Event timestamp
prediction layer

| Embedding

mapping Iayer} e

A

A

Time series LSTM

A

Time series input

gl

[ Event dependency LSTM
T J

: Event embedding layer

A

Event sequence input

/AN G VAR VAR >
N\ A N\ N\ g
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Time series RNN

BEMAFFEA

Event sequence RNN

ST

Intensity RNN

hierarchical output

hierarchical output

model main-type subtype main-type  subtype model main-type  subtype main-type  subtype
Time series RNN 0673 0554 0582 0590 7 Time series RNN 4.37 4.48 4.26 4.41
£ Event sequence RNN 0.671 0.570 0.623 0.614 =  Event sequence RNN 4.24 4.42 4.21 4.37
% Intensity RNN 0.714 0.620 0.642 0.664 £ Intensity RNN 4.13 4.20 4.02 4.13
& Hawkes process 0457 0.387 — — m  Hawkes process 5.26 5.46 — —
©  Logistic prediction 0.883 0.385 — — é Logistic prediction 4.52 4.61 — —
RMTPP 0.581 0.574 — — RMTPP 428 4.32 — —
Time series RNN 0.853 0.522 0.738 0.608 Time series RNN 0.768 0.547 0.572 0.603
Event sequence RNN 0.821 0.543 0.770 0.621 & Event sequence RNN 0705 0597 0639  0.646
= Intensity RNN 0.905 0.614 0.805 0.661 ¢ Intensity RNN 0.825 0.661 0.684  0.708
5 Hawkes process 0.493 0.394 — — v Hawkes process 0.467 0.451 — —
® Lo gistic prediction 0.795 0.273 — — . Logistic prediction 0.846 0.286 — —
RMTFP 0.691 0.583 — — RMTPP 0.584 0.619 — —
Time series RNN 0707 0533 0571 0.605 Time series RNN 4.21 3.78 4.05 3.97
2 Event sequence RNN 0.703 0.555 0.651 0.610 Event sequence RNN 4.16 3.84 4.12 4.01
g Intensity RNN 0.765  0.616 0.662  0.663 Intensity RNN 412 357 421 411
T  Hawkes process 0473 0.386 — — < Hawkes process 542 393 — —
Logistic prediction 0.832 0.269 — — Z  Logistic prediction 4.5 4.24 — —
RMTPP 0.584 0.572 — — RMTPP 4.26 3.99 — —
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u [ Event subtype ‘ U(" Event main type Event subtype S
prediction layer prediction layer prediction layer
T4 i -
PET CHEG O cose  LMTE  MISC PAT CHG e COMM  LMTP  MISC PRT G T COMM  LMTF MISC U EVEH_‘ maln—type
prediction layer
(a) Intensity ARNN (b) Time series hRNN (C) Event hRNN i
— Embedding layer [ Embedding layer ]
(a) Hierarchical layer. (b) Flat independent layer.
& .82 & 72 & .82 & .88 ¥ .84
Y BEIEES  BE : S
ERROR TICKET ERROR TICKET ERROR TICKET ERROR TICKET ERROR TICKET

FRT NG o oMM LMTP MISC PRI NG i1 oMM LMTF MISC PHT CHG Dc CoMM LMTP MISC

1) i-hRNN (k) t-hRNN 1) e-hRNN  (m) i-RNN n) t-RNN
(d) Intensity RNN (e) Time series RNN (f) Event RNN 0 (k) (1) e (m) i (n)

& & & &

& .86 & .99 &&1.99 & .78
A A A A

& 80 ¢ .99 & 60 & .60
ERROR TICKET ERROR TICKET ERROR TICEET ERROR TICKET

(0) eRNN  (p) Hawkes (q) Logistic () RMTPP

FEORBEE

71 86
£1.58
.56
.59
70

68

PRT (NG IDC  COMM LMTP  MISC PAT GG IDC  COMM LMTP  MISC FAT  CNG DC COMM LMIF  MISC

(g) Hawkes process (h) Logistic (1) RMTPP
TR KRS
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TABLE II: Statistics of event count per ATM, and timestamp
interval in days for all ATMs (in brackets).

type total max min mean std

TIKT 2226(-)  10(137.04) 0(1.21) 2.09(31.70)  1.85(25.14)
PRT 9204(=)  88(210.13) 0(0.10) 8.64(12.12) 11.37(21.41)
CNG 7767(=)  50(200.07) 0(0.10) 7.29(1549)  6.59(23.87)
IDC 4082(=) 116(206.61) 0(0.10) 3.83(23.85)  5.84(30.71)
COMM  3371(-)  47(202.79) 0(0.10) 3.16(22.35)  3.90(29.36)
LMTP  2525(-)  81(207.93) 0(0.10) 2.37(22.86)  4.41(34.56)
MISC  1485(=)  32(204.41) 0(0.10) 139(24.27)  2.54(34.38)
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Event Ff. 7%
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model precision recall FIl score MAE
Poisson — — — 4.76
SelfCorrecting — — —_ 4.65
Markov Chain 0.530 0.591 0.545 —
CTMC 0.516 0.554 0.503 5.16
Logistic 0.428 0.375 0.367 451
Hawkes 0.459 0.514 0.495 543
RMTPP 0.587 0.640 0.607 431
TRPP 0.607 0.661 0.626 4.18
ERPP 0.559 0.639 0.599 4.37
ATRPP 0.615 0.688 0.634 3.92
AERPP 0.599 0.672 0.617 3.98
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TABLE 1V: Prediction evaluation by accuracy and MAE

Lo ics

SN -+ L3RR

(2PN Z15E

(mean absolute error) on MemeTracker dataset. 0.20 AERPP ATRPP
model accuracy@10  accuracy@5 MAE LWHBRKSparse
Poisson — — 1.63 0.15 SEE
SelfCorrecting — — 170 _ Full
Markov Chain 0.563 0.472 — S
CTMC 0.513 0453  1.69 kv,
Logistic 0.463 0416  1.72 5 0.10
Hawkes 0.623 0.563 1.68
RMTPP 0.679 0.589 1.55
TRPP 0.681 0.592 1.52 0.05
ERPP 0.673 0.586 1.56
ATRPP 0.694 0.598 1.43
AERPP 0.678 0.589 1.45 0.00
FRNSE BN LY, FEIRERIEE (mTUE(E |
“’ﬁﬁflﬁk[l]H’JEErl'%ﬂJ
BIERE | MemeTrackerfiRE | 1724 ERABEYE , BUIE S HEGEE
# (meme cascade ) , AENERKEmemeicA—RIEESMH
SEOGENE | 1B EHSEZRIAIS00NER (TR ) | RE L{EEII3100/5 cascade
FHFF | LIE Mmeme s XY EREEFcascade
BIEIES | 1xmemefE500 NS R E/ IR B REN

[1] M. Gomez Rodriguez, J. Leskovec, and A. Krause, Inferring networks of diffusion and influence, SIGKDD 2010
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TABLE V: Prediction evaluation on the MIMIC dataset.

thosis{éi‘)ver NOS

AMI infe@:wau. init
model accuracy MAE
Poisson — 0.562
SelfCorrecting 0.579
Markov Chain 77.53% e
CTMC 73.62% 0.583
oy, Logistic 69.36%  0.643
| Hawkes 78.37% 0.517
wna I.nsplant Compl kidr\igntransplal KDD16 RMTPP 82.52% 0.546
Hepatic engéphalopathy TWiﬂyRth IRPP 82.26% 0.513
* EventEap% ERPP 7823%  0.521
(a) Liver Diseases Attentional ETRPP 8523% 0497
AERPP 83.96% 0.503

fFHm#Diagnose CodeMBRFRKE ( TEE) —
( EBEBRIXEEEM IR T XEUEBRINFE )

#iESE | MIMIC-III (Medical Information Mart for Intensive Care III)
40000fm A (EESR ) , 152001-2012%F

SCIOEE | REBEAJi2MZr9937&Rm A Ni2FS! , 600114k , 1003&1E , 2370
BJERFS | AR, ARE, (O, ME

SF5 | )25 F5) ( Diagnose Code )




| ETFXIFINEEFIIER-WGANTPP
3 . 1 . = = |fw 1) — w 2} m))|
fir o] 1 0 - S o -+ 32| !

l,m=1

min-max¥d# el 4 pkEs IEM : WGANHR1-Lipschitz &4
NSy EIRVIESR
”‘S - ,OH* = min, Z?:l ||'Iz - y.:r{z‘]“ﬂ

F=4E2E Generator g
&EZZ RNN

YN HLEM4FS
Lt FHREREL
a4z K F5

1€ 4 pllx = min Zi:l i = Yo(iyllo + Zi:n—{—l Is = 7o)l

=plle=>"" Jti=ml+m=-n)xT=>"" g,
SRR R T LUE = o
T MLES THERS) 14 |, TRk

1T SRENGANHEZE)) || 25 . T
1IN SZEX HEZE) |25 g WEEES Er____---i!---
#1528 Critic f HEFBERNR : .
*Eﬂﬂé:_ﬂt RNN *i 1 gﬁg@;‘é&jﬂ JP’; T__h _____ i >
>0 £ A|~ : T t, T, T, ot Ty 15 T
PN B4R ERkERHIHI b) || - ||« distance between sequences

4 trEAFRIRC



| BB SER(EIMEaERE) -(HEEUE

Data Generated by SE Data Generated by SC Data Generated by NN
Data Generated by IP g ~Real SC ] F=Real 5C 1 Real SC
mReal SC [ NN Y BlelP NN J IP  ©NN
1.0021P SE +WGAN {' 1 OSE_+WGANE s\ SE *WGAN
6 [N \ 6 " pon 4
= —y = ,.J{ I =
= 0.75 £ I = [ &
o} - = v I fras}
30.50 £ o Lo M % = .l,' h ] 4 £2
= - ” v I ‘u' v - [ ] ‘i : B
\
0.00 0 b 0! . 0
5 10 0 5 10
timea time time
Data Generated by IP+5SE+5C Data Generated by IP+5C+NN Data Generated by IP+SE+NN Data Generated by SE+5SC+NN
al SC A eereal SC 2 Fereal SC F] bereal SC
g#IP =NN " 4#IP ©NN At 4wIP wNN 1 #IP =NN \
#SE *WGAN P *SE -twm?\ 2 »SE iWGAN‘ *’ 1 6@SE *WGAN ’ 3
. B fi By i % 4 1 3 ! ru » s F
Za ! Iy =3 ‘ L) oy by 71 w1 1
[ ; -
-’.«"" LSO NI L F % o R Aa *‘} = 2|
2 . —d -
..-h 1 1 oo ™, 1 1' 2
-rp ‘\ \ A
ol : : L ol i i » 0 : : b 0
1] 5 10 L] 5 10 o 5 10
time time time

AR R TEARBIE RN - (FE&IESE :
. IP: Inhomogeneous process o BN RIIRESREIERK20000F5

- SE: Self-exciting process - EEREEO0,15]

- SC: Self-correcting process - POR=3CBAS

« NN: Recurrent Neural Network process * IP+SE+SC, IP+SC+NN,
IP+SE+NN, SE+SC+NN




time

time

intensity

I N AT FZY1VAN S5C ﬁk& '?“5!:'&
| IR SER (IR ERE) - ESLEUE
sc MIMIC 5 Fereal SC MEME g real SC HES
104ip #NN A Isp;a -m.'r.nu ::-':s -w:;nu
#SE +WGAN !y 4 ﬁ v "
?Jo.s k é_‘} \ ,-:':"4 -“'II" \ "‘
T 0.6 1 % 2 : H 2 ! s \1
2 = = -
£o.4 0 AR £4)4 saprberl o LR -
0.2 ./’. frf. s \ 11 F.-'"" ¥ - e ;,.v-”“{ W 1.\
"‘,‘/ \'. e 1)
o0 5 10 - ° 0 5 10 ° 0 5 10

NYSE

L]

=]

w=real SC
«=1p NN

¥ 1\

L]

-3 .~
%

#5E *»WGAN

A
il

1
1

"i

‘-1
\

Figure 3: Performance of different methods on vannus real-world datasets.
Table 2: Deviation of empirical intensity for real-world data.

MIMIC : EjT#iEsE
MEME : tT3zZ&EdEEE
MAS : 3Zak5 | FBEESE
NYSE : BREmiznHiEsE

Data Estimator
MLE-IP MLE-SE MLE-SC MLE-NN WGAN
MIMIC 0.150 0.160 0.339 0.686 0.122
Meme 0.830 1.008 0.701 0.920 0.351
MAS 1.089 1.693 1.592 2.712 0.849
NYSE 0.799 0.426 0.361 0347 0.303
ESLEIEEE ARXIVigX :

time

S. Xiao, M. Farajtabar, X. Ye, J. Yan*, L. Song, X.
Yang, H. Zha: Wasserstein Learning of Deep

Generative Point Process Models,
arXiv:1705.08051, 2017




| &HGAN:FRIEST, FIERERg(AAALLS)

Predicted sequences

MLP

\ seq2seq
v Generator gg
A Y
.
-



[ ]
dinl

AT sE

el

Wi E (AAAILS)

(hELRRAIELIVIRE

Inhomogeneous Poisson process (IP) Pa.Dew. — 10 =8 ll2

: » 67Tz
A(t) = a; (2m0?) " Texp (= (t — ¢;)*/o? N
2 ai (2mof) " ex ) IS B
Self-exciting process (SE) [2] Pr.Dev. = |[§ — ]|
== " tz' —T; - " T — T; g
O S SIS SAE S
ti<t "
.
Self—correctlng process (SC) [3] MIMIC https://mimic.physionet.org
At = t — . i https://github.com/HongtengXu/HawkesProces
( ) e){p(’i}‘ 27) HIEEEl s-Toolkit/blob/master/Data/LinkedinData.mat
L — 4 - https://github.com/HongtengXu/HawkesProces
gﬁ:r %}J”;Eé*%gg - IP+SE+SC IPTV s-Toolkit/blob/master/Data/IPTVData.mat
NYSE https://github.com/dunan/NeuralPointProcess/t

ree/master/data/real/book order

[1] John Frank Charles Kingman. Poisson processes. Wiley Online Library, 1993.

[2] Alan G Hawkes. Spectra of some self-exciting and mutually exciting point processes. Biometrika, 1971 37
[3] Valerie Isham and Mark Westcott. A self-correcting point process. Stochastic Processes and Their 345 Applications,
8(3):335-347, 1979.




dinl

Table 1: Deviation of parameters and prediction for ground-truth and learned model by applying different methods on the

AT sE

L\E‘J

ZEER (AAAILS)

synthetic data generated by different point processes.

Model Estimator Conditional Wassestein Estimator
MLE-IP MLE-SE MLE-SC MLE-NN Seq2Seq SS CWE

= | IP 0.03 (3.0e-5) 0.45(5.0e-4) 0.67 (3.6e-4) 0.36(3.5e-2) 0.31(2.6e-3) 0.21(5.6e-2) 0.09(5.2e-3)

8. SE 0.31 (4.6e-5) 0.02(3.3e-4) 0.29(1.5e-5) 0.24(7.8¢-3) 0.19(2.3e-3) 0.15(3.9¢-2) 0.02 (4.2¢-3)

Ej SC 094 (7.4e-4) 0.82(7.4e-4) 0.04(8.8¢-5) 0.10(2.6e-3) 0.12(3.3e-3) 0.09(3.5e-2) 0.07 (6.4e-3)

= | IP 0.48 (1.3e-4) 0.79(8.9e-5) 0.93 (3.4e-5) 0.72(5.8¢-2) 0.68 (6.6e-3) 0.64 (3.4e-2) 0.45(5.2e-3)

8' SE 1.55(6.7e-5) 0.94(1.9e-5) 1.52(3.7e-4) 1.29 (4.5¢-2) 1.27(6.2e-3) 1.24(8.2¢-2) 0.96 (9.1e-2)

& | SC 0.58 (7.3e-4) 0.76 (3.1e-5) 0.33 (9.9e-4) 0.44 (3.4e-3) 047(5.2¢-3) 0.40(6.2e-3) 0.36(6.3e-3)

= | IP+SE 0.48 (6.2e-5) 0.36(3.6e-5) 0.32(6.7e-4) 0.23(2.3e-2) 0.21(3.4e-3) 0.18(2.7¢-2) 0.08 (8.3e-3)

8 IP+SC 0.76 (5.3e-5) 0.88 (3.6e-4) 0.87 (62e-5) 0.28(1.6e-2) 029 (7.5e-3) 0.23(6.2e-3) 0.11 (6.7e-3)

gf SC+SE | 0.51(7.2e-4) 0.69(2.6e-4) 0.55(6.3e-4) 0.32(6.3e-2) 0.35(7.5e-3) 0.29 (4.6e-2) 0.15(1.2e-3)

%' IP+SE 1.65(5.4e-5) 1.41(2.3e-5) 1.83(53e-4) 1.03(59e-2) 093(3.1e-3) 0.89(7.5e-2) 0.76 (6.8e-3)

o | IP+SC 1.03(3.0e-4) 0.98(3.2e-4) 0.95(09e-5) 0.43(3.9e-3) 048 (6.2¢-3) 0.40(4.9¢-3) 0.31(3.8¢-3)

n‘j': SC+SE | 1.62 (4.5¢-4) 1.43(2.3e-5) 1.28(6.7e-4) 0.89(8.2e-2) 092 (4.6e-3) 0.85(3.1e-2) 0.63(2.7e-3)

Table 2: Deviation of prediction for real-world data.
Data Estimator

MLE-IP MLE-SE MLE-SC MLE-NN Seq2Seq ) CWE
MIMIC 0.25(2.5¢-5) 0.15(5.3e4) 0.26(7.3e-5) 0.19(2.3e-2) 0.17(5.3e-3) 0.16 (4.1e-3) 0.10 (2.5e-3)
LinkedIn | 0.24 (3.1e-4) 0.19 (4.8e-4) 0.17(9.3e-4) 0.14(9.1e-3) 0.14 (4.1e-3) 0.12(8.9e-2) 0.11 (9.4e-2)
IPTV 1.46 (3.4e-5) 1.24(2.8e-5) 1.52(8.1e-5) 1.21(2.8¢-3) 1.19(4.2e-2) 1.13(8.4e-3) 0.95(4.9¢-3)
NYSE 2.25(4.1e-5) 1.96 (6.5e-4) 2.34(7.3e-5) 1.57(4.8e-2) 1.55(2.9e-3) 147 (7.3e-3) 1.23(2.8e-3)
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