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Abstract

We have been systematically collecting personal lifelog data through the development of an app
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since 2011. Currently, 22 volunteers have participated in this project and have collected over
40000 effective lifelog data. Classifying these rich and chaotic data to provide people with clearer
and more organized insights into their lives is a meaningful thing. This article proposes a lifelog
text classification model, DTC-TextCNN, which extracts topic features from text logs by introducing
the LDA topic model; Using the DB-SCAN algorithm to cluster the geographical locations when
sending dynamics, obtain different geographical feature clusters, concatenate the extracted text
topic and geographical location features with the text dynamics, and input them into the TextCNN
model for classification. The experimental results indicate that incorporating the feature of geo-
graphic location into the model helps to better understand the background and environment of
text occurrence, providing richer contextual information. The classification method that inte-
grates geographical and thematic features compensates for the problems of semantic ambiguity
and global semantic loss in life log texts, and improves the level of understanding of text content.
Through testing on the Liu Lifelog dataset, it can be seen that the model can improve the accuracy
of lifelog classification.
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TR, FEEAZHAFNYE K, NIITFEAAERIE . Twitter A1 Instagram Z54E A2 844 _E ) HAdid k3
PR[L], [FIES B AR AR RO, BB AR R 3G, 45 A6 Fe 4 010 8 5 (v, 1SR iAE Bl
FmFEE[2]. KA HERN T OSSN EEMT I . BT, Lifelog &N TT£
U A . FEBSYT T TH, Lifelog A T A& IERE R AT 08, DL TR E S HL[3]; i AR
JiE R 11 Lifelog H0HE ke SN A A IR AE &2 & iKUK [1]; 38id Lifelog & BB RIS [4]. B4 S0
Jii, FIA Lifelog Fic s A BAE BXTAN NHIR G BLHEAT 734 [5] [6]: 8 HhER AR 10 HE A 5 A2 0031
R B A B HE AT N[7]: A NG B AA TS H B8 B )2 i 2L 8]« Lifelog #4745 F
BEME, NTREEHYE, MNHHETEESREAICNVE. Lifelog 68 KEX HEAT MR,
PR X B 47 A0t Ho o 2 — MR P 0 2072 B2, BATRE A A B AR H 5 5530

ERT, 5 B SCAR 2 218 25 2] S0k R 20 AP R DU (NB) [9], K i AT (KNIN) [LO]1F1 S 5 ) AL
(SVM) [11]. {HIXELTFVEZRE T SCABIE R LT XEE, SEGE S B IGEMERRE, [FIRAELER [H
FRAES i S ), SR Ay AN o I AR TR S S I SCAR A ROE S R T AT iz 260 E, Kim 4§
AFEH T TextCNN 153 AR [12], 1B R F A AR AR 0] SOA R SR AT R B, BUPG T ASEE I 8UR s
FEHFAE[13]K CNN 5 Bi-LSTM A, H ST 1 3OO 2 Ef 1 W B 55K H Rl 1] 1) H
5 R B B SCAR 7y FRE FE[14]; AK Sharma &5 Nl i fil & Word2Vec £, AR X CNIN A AL 34T Rl
KA 7 RHERAVE[15] . H T ARG H B R AATBE TR TG, BRI VAT . BLAE SUBER)
MR, A RISCAR 7 B R Z B T SUAR N ARG, @ 38 s 2 38 SCATE SLRE 1R iR SUAR I 43 83K
B AR TE RIS ARG AR 7S B SR U RS R A IR . B AR SO T Rl & 2 7 B
R AE R JEARRAE 1) A0 H 78 SCAC 3 2558 DTC-TextCNN, 3 it 1) FH FH P 25 34 1l B8 7 8 5 — 4% )M
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Figure 1. Lifelog APP interface
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Figure 2. Lifelog dataset
2. Lifelog #i#EsE

2.2. HiEE

ASCHEE Lifelog ZE 474 F 7 Liu 78 2011 45 & 2022 42 (7] & % Y 9000 4 4% Lifelog Hdk A AEIEIE,
78 5 e BRATTFRHOA Liu Lifelog #di . #¢ 1 B8 1 Liu Lifelog 7 3820 08 » Horb Num i — & 5dE 1
FF'5, Lon I Lat 4B PR IE S AS I BT Ab b AT B 1) 28 B N2 515 )5, Description N 7 BT R sh 4 (1)
SCARHIR, Behavior ABAMFTIEIEA], Time Fom K& MIHT ] .

Table 1. Liu lifelog data
%= 1. Liu Lifelog #3E

Num Lon Lat Description Behavior Time
9485 123.517748 41.744032 Rest at school Rest 2022/2/27 12:32:45
International
6015 123.480839 41.696514 Software Park Work outside 2019/4/18 12:28:17
meeting
Eating in . . .
5053 123.445885 41.737401 Hunnan Eating outside 2018/7/18 18:12:30
6054 123.400992 41.748622 On the way to On road 2019/10/25 14:40:42
the studio

WAL S Liu Lifelog #d v n] R0 5 W, BURAAAEA — B, ATEEESE R, BT IIZR] Rexs g
BOSCR = AN R o DR, 0 2000 B 1247 Pl A B A TT B8 i B0 RO 1%, AR ORAE B )1 o 2
B U M SRR B AR SCAAS R

o MiRA(A: H IR ZE R R BAAE A R ESRRSCE, TARBATARAT SCARRA, XLl
S Description SCAFEBUONZS,  [RICERATE B 5 B F i S8 SO N S 1id % .

® JHERAR SRS LUSCRR IR 0. B3R, AR T 5 DLACEL & 1) — SRe R 4T, 0 HTML A28, %
TP S5, XRS50 T SO R U A LR X, FER TN IN A M %

® KN MR SCAEIE T T RN 280N, TR BT RS A B He 32
PHRIE ARG . 2SR, [ — AN ml e AR R NS B, i “Rest” Al “rest” o i
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MR R EAN], BALEFCR XL RA TSR L. m&, BAFE T 8 ML) Lifelog %,

B ork in school. work outside. chores. rest. onroad. meal outside. entertainment. tourism.
3. DTC-TextCNN #&#&!
3.1. DTC-TextCNN & &4EZS

N T AR Lifelog 4738 Hh Hed 43 25 1) 3, FRATTHRH T DTC-TextCNN SCAZ3 570, B S6 FH F R Afi
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Figure 3. DTC-TextCNN model flowchart
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BEME I $E 1715 2 1A A8 5 R [20]. 3T Word2Vec, FEAN B3l # 4 I SR A — AN 8 4 1) e, JX k)
IR TR S R R, A EATRT LA FH A il 22 I 4 S50 i 25 TSRS (3N

4T LDA BRI S5 35 8 ) 5= A0 Word2Vec J5 i I Zh 1] [ B A N SCAR - 823 13N . Word2Vec
M EFHE LN E R, EAEREFEENERIE N GFEAE . ML T, LDA BEAIIZR 3 UFE 1A
TR T ENETE RN SO 1 A R R RURRAE S U HOMERE T A IR A R E . Bk, FRAITESCAR K
BFSINT LDA B Al 1) = AR AE AR A R U RAE B, DR KRR .

3.3. DTC-TextCNN {&#I& 5

F-F7E Liu Lifelog v, FIric 35 i £ 8 5 202 5 SO ARE R, B I a0 A0 2 A LR K AR B B
TR LN AN B, SR 2R R . DRI SR SO 2 2 10 77 i g S AF bt Liu Lifelog %1
PEHEAT 4325 CNN AH LT FoAth 7R B 22 ST AY DL R 28 L fR 43 25051, S SCAR IR e 34 2 Lk it
FIFAR . RIS, LEXHESCAHEIT 70257, TextCNN 2 LA i i ab FRAR Y 76 ik 47 S 6 B0 E I LA e 4 11
I3 RRER[21].

i DB-SCAN S H ki AT M BAL B REAEBR I, FEA SO, BRI E 58 Rl & P & [R] FD
BHERREGN RS B L ARENEERENERSH, MinPts 1IN0 5. REEH 4R
W4 2 fios, b Cluster FECARREHIALERE id 5.

Table 2. Geographical location clustering results
2 HIBUERIELER

Description Lon Lat Cluster
Rest at school 123.517748 41.744032 80
Eat with students 123.509232 41.742581 80
International S_oftware Park 123.480839 41696514 351
meeting
Eating in Hunnan 123.445885 41.737401 4

SCA B 3.2 H R LDA SRR 4A RN, (7 LDA HIE, Aookd - £
HOAR A - . A, TR AT KRR 8 Fh, PRI E SR K
BN 8. Bt PIGHE LR “ L - WiE” S AT LU EE MBS T HEIOMRE, TRRE
EIE R R O A, 33 T AT e S b — AN NP S, DA S B R
AR R R R, BTN A 2K — R R A, AL AR 2% R R
S, BT % E IR . R RGN T R AT, SR T S
PR, ARIFTR. b p(w |2) A8 RIS | BB . KEm ) S B
5T AR L9 PR 5 S Word2Vee 7 I 46 A6 60 o AR A8 o 6 3
B, AR, RV, KT Word2Vee 7 I EA IR, Vo, M BAEEHE

AT N E R R B R B R R AR A B 4 P

p(wiz)
QNti = 10 (1)
"X p(wlz)
Vtopic, = Zliewm ><Vwi (2)
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Figure 4. Topic Vector Generation Process
B 4. FE@EEMIITIE

KB R RSCAE R, EGERFAEEAEDHE, A DMAFREREZ NI ERE, K5
G Jmy B KA 2 BRI 2 35 ORFAE il AR R AT 02K, R 3 TEARHEIA T DTC-TextCNN #7Y
HIBE RS, Hrp OdE % R S HEE NS 1R

Table 3. DTC-TextCNN model structure
%2 3. DTC-TextCNN 1&E&IZE#y

Layer (type) Output Shape Param
input_1 (InputLayer) (None, 120) 0
embedding_1 (Embedding) (None, 120, 150) 762,300
convld_1 (ConviD) (None, 120, 512) 230,912
convld_2 (ConvlD) (None, 120, 128) 57,728
global_max_poolingld_1(GlobalMaxPooling) (None, 512) 0
global_max_poolingld_2(GlobalMaxPooling) (None, 128) 0
concatenate_1 (Concatenate) (None, 640) 0
dropout_1 (Dropout) (None, 640) 0
batch_normalization_1 (BatchNormalization) (None, 640) 2560
dropout_2 (Dropout) (None, 640) 0
dropout_3 (Dropout) (None, 640) 0
dense_1 (Dense) (None, 6) 3864

4. EWEER

AT 2.2 TR0 Liu Lifelog 208 25475256 4% Liu Lifelog s 4 14 18 8:2 (1 LAzl Bl ML &I 43 B
HAHEAE B 5 43 9 N ZRBa AR 4E . 48] Dropout 1E ML A [22], PABT LSRRI ZhE b 04,
PErm AR WA R v RE . 3 RS — s 2 I 8 I R BE SR AR T O L, (R 1525
FnfasE[23]. 7 4 7R T DTC-TextCNN A5 7 {5256 IR 15
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Table 4. DTC-TextCNN model experimental environment
% 4. DTC-TextCNN 18RSI IF1E

Factor Contents
Activation Function Relu
Cost Function Categorical_crossentrop
Learning rate Auto
Optimizer Adam
Epochs 30

18] DTC-TextCNN %} Liu Lifelog % 45 7 25 ) SR HERT 2y 60.9%. Ak, FRATEREAT T HAL & i
A EAS BB SCAE B DC-TextCNN B!, DL R AL & 48 UM B D-TextCNN A4, X 4>
BRI T BOE 45 2 R AER R 2 N 57.9%H1 50.1%. iR AR 6 45 A 5 fior. ALV S, mia T
T R AE AN B A B A AE () DTC-TextCNN RERS A R0 e AR W B 11 73 SR AR

Table 5. Experimental results of DTC-TextCNN model
7 5. DTC-TextCNN #ERISLIGZER

Model Accuary
DTC-TextCNN 60.9%
DC-TextCNN 57.9%
D-TextCNN 50.1%

5. &

Xf Lifelog ##E 1)9r BAE TAER A, FOVER LT e HEARNE T, SMEH P14
TEMARA RS, WA PRI, E3). MESEE, XEMEIRE S ZR A T R A 7 E
U I N FH P BRERAT N ARG o FEASCH, FRATTHRH T DTC-TextCNN #E8YH]Ff# 1k Lifelog 413 - %
oI ZAE RS T A B AE RSO TS . AT AR, A R a8 A Lifelog %X
i o FE I HERF 1

Xf Lifelog s rU e e — A = s, AT RUEE S LR &S, REMZREEA S
RS E R A R S, W, Xt Lifelog HEAT /028, A5 AT I (@IS R A OCENAS . DLZETRATT)
DL H 2 & AFE www.lifelog.vip, [FIE &AL CEIRE AR H. FEAEZNEEHFRS S5
TUH 2z H, FIERATT— & S [ B8 A7 A 3 ) S 4 B 2
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