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Review on the LDA - based Techniques Detection for the Field Emerging
Topic

Fan Yunman'® Ma Jianxia'
" (The Lanzhou Branch of National Science Library, Chinese Academy of Sciences, Lanzhou 730000, China)
?(University of Chinese Academy of Sciences, Beijing 100049, China)

[ Abstract] Based on LDA ,this paper reviews the development of the LDA model and several models which improve the
LDA for the filed emerging topic detection. It describes two parameter inference algorithms of variational derivation and
Gibbs sampling, and reviews the improvement of LDA in recent years,including the one modeling the evolution of the top-
ics , the one modeling jointly with the content of document and meta data,the one with online learning, the topic evolution
method combining LDA and citation analysis and so on;then compares and analyses different kinds of improvement models
in details. The paper also reviews several main visualization techniques such as NIH — VB, TIARA and VxInsight. Final-
ly,it discusses the key research problems of detecting the emerging topic by using LDA.

[ Keywords] Topic model LDA Citation analysis Topical visualization
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P R, A7 AR AT E P AR 51 SO AR R
OB R AR 25 5 , RS 0) J2 IR B A7 7 AN 1 7 X — ikt
SEATUCIE . PR, AR SO A5 10 25T T 4RA

D) B {7 B %) = BT 7 LDA ( Latent Dirichlet Alloca-
tion ) ], 423 32 IR AR rp (1) — S SEARE A, LG5 LD
LDA R 1) E 2 S5, I 43 i JLFP 2 AT AR
TR E N5 O R 51 F B RLX — 5 i 47
ST EJa A8 BRI AELE (Y Ia) A, O R ER AR R 1Y
RIETT 1]

2 LDA BB RHEEHH

2.1 LDA {EBIfEH

R R SUAR B HOAR I —Fb o B T SOAR
R AEH A IE 1) A — 306 SCRY M (Term Frequency — In-
verse Document Frequency, TF — IDF) & SCRY4E 67K i
PISCRS AT, LLERIR N 8 Y HE R {H2 TF — IDF JE A 1Y)
FEBEAEAEAE R g, T ELAS 2 LA U B 3R SOy,
B TRV 1 A B 32 % SCRY o Nigam 251 GBS F 3R
IR SCRY, 4 T — JC IR A B2 Y ( Mixture of Uni-
grams ) , AN —R SCREBRIE— > 288, ] DL SCEE R iy
P FE 5 XA T 5 ; Hofmann 285 #2 4 PLSI ( Probabi-
listic Latent Semantic Indexing) , T\ & — %5 SCRY H 4 14
WA T SR Y 224 A AL, 2R T2 B m) Ji B T
T Z IS 3 Blei % 1 LDA Ak SCRY 2
i DA 22 33 =X G A 1 S RZH A, A A IR T A
14 22 353 A1 1 B3 2H o

LDA J& SCRY | 32 UF 536 26 B 1) = )23 DL 37 77 AR
A —RSCRY LDA A A

(1) #hIBOCCAEAY I N ~ Poission(B) 5

(2) OO TE £ E oA 6, ~ Dir(a)

(3)forn=1 to N;

(4) P — 8 2, ~ Multinomial (0,,) ;

(5) #l B ELIA] w,, ~ Multinomial ( ®, ).

Hop, o F B J2 LDA RSB S5, 6 Al @ 2P
At S 8, N TS EOE PG AW
2RI HEWT VL, A 35 S (5 3 722 73 HHE T (Mean Field
Variational Inference ) ™ 1 i 15t P4 725 % #E W7 ( Collapsed
Variational Inference) " ; 1 F T /R B} 5k 4 52 4% R 9% 7
1% ( Markov Chain Monte Caro) f¥] Gibbs fili#E""" 7', Fjff
SRR A ER 1 s
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(1) X 3 A P A Y LDA

X RAEHDRE I [R5 245 5 B AR A 15 3 1
F RN L Bl B R e A e e, R EARER TR 2
DTM ( Dynamic Topic Model ) "', DTM ¥ B} [f1] 25 # 4k,
SR G e BT 8]\ 18 H A 4381, T8 1 RS 8] 7 5] 1)
SCATERF R (Slices) , TEREA P JE 80U AT A2 4 1Y, %
BB IA) R PN A SCAS e HR i 2 2 AR TR A A (]
A 1) 52 198y = AU TR 1) S 5 MRS i — A B ) R B
SHE 218

DTM 4R s 75 T B8 98 K F B 18] )3 51) %o 8 A1 k)
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Ed srEHEREA

ARRIATHERL, [A]F, DTM 778 W] 548 fe e i 1)
P15 Ay )i

¢DTM"”’ ( continuous time Dynamic Topic Model ) ]
JilAii 31z 5l ( Brownian Motion ) X 5 3 4 i £ A5, M
MK DTV Hp ][] 4102 B2 9 e X — ¢ R B3 2 %
JEEF) TR I A S — SRR R P Y [

TOT A4 ( Topic Over Time Model ) USUET DTM R
(A2, AN S 7R B P B ) s v A e T2 A B4
A R — A N R ) 2 A A G, 6 L B ST
R4 P A ) AR ] A

(2) X F R a] JE UK R ALY LDA

JZY LDA F- /55 %) ( Hierarchical LDA, HLDA) fE
i Xof TR Z (A ) JZ2 K R AT AL, HLDA i 215
JotfE TR ECH AR UZ I A R 1) [ A B)
B ERUECH o HLDA [k i /e T A RESNA 7] — =K
A R
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PAM 437 ( Pachinko Allocation) " F| F§ DAG ( Di-
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T A B8 A0 A D B F2 2 TR DR 2R o

(3)# A K Hy LDA

SO BT 8 T A, % T LR SR 1Y) 32 R S
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