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Abstract

The sequence of dependent events is widely present in various fields, such as finance and social
networks, where strong dependencies between events make it difficult for traditional event se-
quence modeling methods to accurately capture their dynamic characteristics. To effectively de-
scribe these dependencies, an extended model based on the self-exciting point process is constructed,
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generalizing the self-exciting function to a sum of exponential functions. A distributed statistical
inference method is proposed, which divides the data across multiple nodes for parallel computa-
tion and then aggregates the estimation results. This approach addresses the high computational
cost and low efficiency of traditional maximum likelihood estimation in big data processing, provid-
ing a new solution for applying self-exciting point processes to big data. Simulation experiments
show that the distributed estimation performs consistently with traditional global estimation on
limited samples while reducing runtime by approximately 70%. In empirical analysis, the self-
exciting point process model effectively captures trends in Boston crime data and IPTV user on-
demand behavior data, improving computation time by approximately 95% and 64%, respec-
tively.
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Table 1. Common types of self-exciting functions
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Figure 1. Relationship between deviations of parameter estimates and thresholds and computational time and thresholds
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4.3. IRBEM

TEA/NT T, Bgh 2 e o8 AU AR T e SR I LA R . EkiB i iR AR R S
B R, AR5 HYE AN A RE A< §:(1000. 5000, 10,000. 50,000, 100,000, FTA FEAS) A1) FL A
1 2] 5 BriFe 80 AU R T S EUS T . R BRI WM I R i AR SHE
AIC =2k —2In (L) A1 DU 745 SEN BIC = In(n)*k —2In(L), b k ASEAH, n 2EEEEH. @i
HLA AIC T BIC (I I 45 0. M HON K, EMERHOY 0 (i) =D 3, -exp(-byt) . RRFE A
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Table 2. AIC and BIC values for different sample sizes
2. FEHAER AIC, BICE

AR
A 1000 5000 10,000 50,000 100,000 BT REA
i ?ﬁ\\

1 2600.3905 13049.0055 26177.4667 130611.9834 261624.6172 696634.1314
2615.1381 13072.6225 26199.0978 130560.4866 261458.2289 776764.6617

2 2600.8014 13040.0364 26155.9715 130495.6294 261388.2269 696045.0156
2625.3402 13068.5572 26192.0232 130539.7283 261435.7915 745065.9191
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BRI H RO 1By, FIRRER R FEARE LD, T Bm P A (i 2 R B LR, B T A HERA,
R AIC A BIC BIMESAE K MEEA B LI (>5000), AL M EUEY 2 Hr. IXEAEEY
MIFEARE R, B DAHERIE PRI P 4L
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FEA/INT, RRRAIE 3 Al A 4 R Al v B0 A REUE L . #E 3.2 1R 2EA |, BT i m = 1000,
HE K 200 ¥k, IR E] 3 T MBS B R E T, WA 2 Pos:

a Wil a, fhitth b L
40 40 50
30 30
20 20
10
0. 0495 0.05 0. 0505 0.6 0.8 1 1.2 1.4 0 2.8 3 3.2
40
40
30 30
20 2
10
0. 0495 0.05 0. 0505 1 1.2 0 2.6 2.8 3
60
40 50
# 40 30 40
5 30
o 20
& 20 20
10 10
0 ) 0
0. 0495 0.05 0. 0505 0.8 1 1.2 2.6 2.8 7.67.8 8 8.28.48.68.8
i i it i it
Figure 2. Frequency histogram of parameter estimates
E 2. SR ETHENMEESE
Table 3. Asymptotic variance
3. EmERE
5%
. = v (*10°3 a b
total_samples 2.9560 0.0132 0.0079 0.0103 0.0475
local_10 2.9942 0.0181 0.0115 0.0150 0.0541
local_20 3.0100 0.0226 0.0198 0.0253 0.0560
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2, 47 AL G A Rt (total_samples) % S BUR B B, 55 AT AR I X 4 Bk 10
(local_10)/)N X [A] {1 53 41 304 Rl v I S S EUIR B 7B, 58 =47 R0 X 7] 43 B 20 4>(local _20) /)M X
[ 43 45 A R S SEORR B - AR RS S Eh T 7 Z W2 3 Bios.

2 Y T A A Rl T AR G A R A TR BRI A R I T (A, REA Sl
TR RE RN, WG 7 AT R R e AT St . EEREA T, B 5kaeRbilr
R

5. SCUES 4T
#HL Y Boston T AR FRELE . HIBE R BMSCEEAR(IPTV) [ FH 7 s 4847 N EE 34T SEAE 04T o
5.1. Boston T AJE SE 3R

RS H 2015 4E 6 FE 2018 4E 8 F AR Boston 17 P IICIE K, 0k BURY s X 45 (48 Vi
[-71.1275,-71.0275], £/ i [42.2755, 42.3755]) P AL SR B0 (6 Sy se s Bt . 1285008 2 i1 % 183,767
Filgk.

HSEHMHA AIC, BIC HiEM £, RAREb & Runt 4 Bios:

Table 4. Order determination results of Boston crime data
5% 4. Boston JE SRR EM AR

- B}A' H 19 2 B 3 49 5 B
total_samples \ 341575.2436 341579.2436 341583.2432 341587.2434 341591.2436
AIC  local 10 320766.6849  320770.6852 3207746804  320778.6818  320782.6847
local 20 3207636427 3207715128 3207756848 3207785418  320783.1541
total_samples  341605.6079 3416298507 3416540032 3416783363 3417025792
BIC  local 10 3207970491 3208212923 3208455303  320869.7741  320894.0204
local 20 320799.0489 3208402006 3208515438 3208750186  320890.7760

B R R AR RO 1B e SR SO B HEAT 0 AT ARG T HE T SRS o K SRR 4 i 10 A
/NX 8] (local_10)#1 20 /X (8] (local_20) 73 5l #4770 A sUGe T, AR5 (7) it i Qe Rflioh,
FRHE(2) ()3, THE AL G Ui 4 R R AUSR At 11 (total_samples), 4% 48X K4 Al v f oA X 42
flih AT LG, g Rk 5 fios:

Table 5. Results of Boston crime data

%% 5. Boston JEFRIBLE R

ZH

e \ v a b SEATH RS SRR
total_samples ) 1.5484 0.6208 0.8146 33925.3244 167
local_10 1.5768 0.6203 0.8183 1709.3994 165
local_20 1.6002 0.6204 0.8220 898.2922 140

RIESLIG LR, JRIRSEAE 00 BN 5 FAMNAFAE R E R R R, BRAE DR SIUERFESE, T
BEIkL) 4 AEBIUARFAE, RUPURRAAA IR BB, R E TGN & B, §— U
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TR B E e SR AR DE N A B R R TN AR OR 1 /N USRS, TME S
SEBRAL IR (154) = B — B0, Bk 7 RERA O AL IR AR B B8

et B RE B A e RS HE IR IR PR T R BRI AR . TR, Gl M AR R,
PR B B E AR LRI T A RS, AT DA RO SR AR S I P AR RS SR, AT
PEARIUARA &5 . BRI, BURF AT BT X v SRR ) XM BEBEAT RS HET T30 i, H 0k
RN BUHEAT & Sy R B, SEORB I I B R S AR ISR N R S R, SR A 2
TG, FARICIR AR A RIEE ;T B A TR mT DU ROE BRI A “CH X, B RR R
SRS, BURFIE T AR A 2 AR AT JU AR TN AT, RSO R A KIS T A0 XSRS 15, AT $i2 e
thos 2 A B RS HE S

5.2. EERMHEB(IPTV) AR _BITH

ZHAESE A 2012 4F 302 N AE TR PR AR (IPTV) s 3 BUAT 3, 36658 A I ik it A
NSEBHE, B 4491 KRR ONICSR . EETEMEM AN R, S BUREEKER 45 R WK 6 PR

Table 6. Order determination results of IPTV on-demand behavior data
6. IPTV ST HBUIBEMER

" i 1B 2 By 3Hr 4 [y 5 B
e

total_samples 111109500 11137.9647 11141.9647 11145.9647 11149.9647
AIC local_10 10985.4917 11023.5218 11058.6351 11084.8657 11097.2463
local_20 10320.7874 10330.5008 10343.1570 10371.4490 10395.0043
total_samples 11130.1795 11170.0139 11186.8335 11203.6531 11220.4728
BIC local_10 11030.3605 11042.7513 11090.6842 11127.3871 11142.5542
local_20 10340.0169 10375.2062 10395.6959 10435.2693 10442.1957

H ERATR, WA R AR A ROy 1 e HAhThas Rk 7.

Table 7. Results of IPTV on-demand behavior data
F 7. IPTV SBITABIBER

e ’54& y a b 2 s B35
total_samples ‘ 0.0457 4.1902 4.5612 33.9636 156
local_10 0.0472 3.6815 4.6571 12.7093 122
local_20 0.0478 3.7363 4.5612 2.3761 137

I ORI R IPTV SR AT N BRI, 9 5R AN T B BGREZ, WA S AT A 7E B I 9%
B2, AR ARSI INAK R, RUIAMAT NSl AT MR MR T2 TR
1R SIERE, FSEE Dy 138, X b R AE 2, REHER I L AU AT i .

BRI I, SRR AT R TR T BRI FLME . EAEER T AR T A
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o I KR NREHED T, P BRSSP T I B AR S A B, W DR YT
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A SHEWT 7V, DA SRR o & R B AR A3 B g

£ E&WA
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