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Abstract

Abstract

Research on Neural Subject Model Based on Dirichlet's Prior

With the development of information technology, the Internet generates massive
text data all the time. How to discover specific information from massive data is an
urgent problem in the field of machine learning. The topic model is the key technology
to solve this problem. . Traditional topic models use Dirichlet distribution as the prior
distribution of potential topics to guide the generation of topic words. The unique
sparsity of Dirichlet distribution can help the model generate sparse topic
representations and improve the model's topic extraction ability. However, the complex
reasoning algorithm of the traditional topic model limits the generalization ability of
the model, and in the face of massive, real-time updated text data, the traditional topic
model cannot quickly reason about the topic of the document.

In recent years, with the development of deep learning, it has become a new
research hotspot to combine neural network and topic model for in-depth topic
extraction and fast processing of large-scale data. Among them, the topic model based
on variational autoencoder (VAE) is represented. This type of model requires the prior
distribution of latent topics to have a reparameterizable form, and the Dirichlet
distribution in traditional topic models cannot be directly applied to neural topic models
as the prior distribution of latent topics because it cannot be reparameterized, which
makes Neural topic models have poor clustering ability. In response to this problem,
some scholars have proposed the method of applying Dirichlet prior to the neural topic
model, but as far as the existing methods are concerned, there are still problems such
as redundant topic words and many repeated topics. Therefore, in order to obtain sparse
topic representation and improve the topic extraction ability of the model, this paper
studies the neural topic model and proposes two more effective neural topic models

based on Dirichlet prior. The specific work is as follows:
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1. Approximate the Dirichlet prior using the zigzag process based on the
Kumaraswamy distribution.

1) Aiming at the problem that the Dirichlet distribution cannot be applied to the
neural topic model, a topic model KNTM based on zigzag sampling is proposed.
KNTM is improved based on the Neural Variational Document Model (NVDM), and
the reparameterizable Kumaraswamy distribution is used to approximate the non-
reparameterizable Beta distribution, and then the Dirichlet distribution is approximated
by the folding stick process based on the Kumaraswamy distribution. In this way,
KNTM successfully applies the Dirichlet distribution to the neural topic modeling
framework.

2) On the basis of KNTM, a KRNTM model based on cyclic folding stick
structure is further proposed. KRNTM combines the generation process of the folding
stick structure with LSTM, and uses LSTM to model the long folding stick sequence,
which can dynamically assign weights to the folding stick process and improve the
stability of the model.

3) The effectiveness of the model is verified by experiments. The experimental
results show that KNTM/KRNTM can generate more coherent and higher-quality
topics than other neural topic models, and KRNTM has more stable performance when
extracting high-dimensional topics.

2. Approximating Dirichlet priors using a broken stick process based on the Beta
distribution.

1) Aiming at the problem that KNTM introduces errors when approximating the
Beta distribution, a BNTM model is proposed. BNTM directly samples the folded stick
variables from the Beta distribution to construct latent topics subject to Dirichlet prior,
which helps the model generate more sparse topic representations, and introduces an
implicit reparameterization method to solve the problem that the Beta distribution
cannot be reparameterized. Inference parameter gradients. Compared with KNTM,
BNTM can estimate Dirichlet prior without bias.

2) On the basis of BNTM, a BRNTM model based on cyclic folding stick
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structure is further proposed. BRNTM combines the variables sampled from the Beta
distribution with LSTM to more fairly assign the weight of the stick to the base
distribution of each topic dimension. This method can effectively alleviate the
performance degradation of the model as the number of topics increases.

3) Finallyy, BNTM/BRNTM is compared with KNTM/KRNTM through
experiments. The results show that BNTM/BRNTM has better topic extraction ability,
and also has better performance in perplexity, topic consistency and topic uniqueness

indicators.

Keywords:
Neural Network, Topic Model, Variational Auto-Encoder, Dirichlet prior,
Reparameterization
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) A AR o3 RS LE P R R R B GER (A5 S o THDHIE R L SR BT I
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Model) IEZ AR IRIZ A ) SRBEHR .



%1% 4

R AR S — ol P RAE SRS A B B R S TR A, e B R g 4 PR3]
225 [A) WU BIRYE E RS 0], BENS A ORI SO ES5 . (latent structure) FITR )=
WUE S, T E Y 3 R R 7 B SO I 0 S AR, e 8 SEBNS H AR SCRS HY
Hmbad . 78 SR, A% 58 3 RUR ) 35 A KA S 0, il TR
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TR EZHAT A B ELEAE TS T8 1 5630 0 A7, IX S b A 5
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A 3 A

1.2 EASM TR

BEE S SRR R, NTFFAEXT 3 B e i 78, I B E SR AT 55 42
LR, — B —NE BRI 5T 4T

20 T4 90 AR ScottIFE ASEH 15 T 75 BB /0 1) LSA HEAY, & it xe
A AL ] i) B 7 () B A 30 £ 1 S e R SRR H2 . BEJS, Hofmann!®l
fett PLSA HEMY, ik MR A b AR )77 U E LSA BRHBUFis 5, [#
I8 T B IIZRSA . Blei'#E PLSA BFURIIEAN F, St 1 BaKR] e 7 73 A 46
M (Latent Dirichlet Allocation, LDA) . 7E LDA H, AN SCRY 32 R0 MR 70 A7
WX T 7 — Dirichlet e, PJy— i 3 & 1) @A T /D8 LA F,
Dirichlet 73175 I 58 28 RE uta e & F B BAT 5 1Bk . X TAE Ut #%,
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1.3 WIANE

ASCER T T VAE ) U R 4 Dirichlet 230 i ANREEE S EUL B IR &8, K47
Feit #2126 (Stick-Breaking Processes, SBP) 5| Af#£e 3Bk, FEH 7 P fp At
T Dirichlet S (£ 1R . BARBE LA AW

-+ Kumaraswamy KNTM LSTM#id CRNTM

DA ML T B eV | 3 gt i
. A Dirichlets% 46

FEFBeta

LSTM#it
»| BNTM BRNTM
1.2 KXHRAR

1. % T Kumaraswamy 74 (3 i AL Dirichlet 2656

1) 2R 7 3RAS 50 B A R 2 AR, AU EX Dirichlet 340 AE i £ 32
AR SE8 53 AT, $eth T Kumaraswamy #4142 A (Kumaraswamy Neural Topic
Model, KNTM) . KNTM H o] 241k 1) Kumaraswamy 73 AL fEh Beta 7347,
FHHE T Kumaraswamy 7345 4T 73 A ALk Dirichlet /556, 81X Fp 07 0 S2H
Xt Dirichlet 70 A H) 2 H 1k, FM# Dirichlet 5656 M FH £ VAE HEZE .

2) BFXF KNTM TEHTARAL G I A2 Hh RIS R IR R R, A SOR A A i it
FE5 LSTM MigE 4, #2117 Kumaraswamy {2 R (Kumaraswamy
Recurrent Neural Topic Model, KRNTM) . iZAAFIF LSTM X K74 7 41 K 4
IR 77, ZhaSHb A AT IRALE, fem BRI AR E M.
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3) TEERMBIEE FIIEE R A B, 4R, KNTM/KRNTM AT
HoAth 22 3 B AY B M TERLEE 2B S BT 38, b KRNTM REWS 4 3R AH
WEB LA RR R, R s, PR EALE B 3 .

2. AT Beta 70 A 4 IS A2 AU Dirichlet 5556 .

1) KNTM 1 i AT 2504k (1) Kumaraswamy 73 4 i 1B\ Beta 20 4fi, {HITfRlid
Mgl NRZE, Hn AR EMREE, N1 omZHb Dirichlet 7
A, ACEBAEHEET Beta 40 A0 TR IS R A U Dirichlet 5656 (1) BEALAR
&, 17 Beta #1241 H# (Beta Neural Topic Model, BNTM) , Jf5| N2
S EL BOHE B RS R BORR
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DA R A R I R 22 T R IR PR T )
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], BNTM/BRNTM 7EN R, 32 80— SOk A0 32 e — P4 s a2 BB )
Ko

1.4 XEZWH

P

A R, Bkl
B, k. REERNA T ACWHTE 5, 4 74 EERAE 7
M2 o HMER 1 B N AR 22 1 U (B SR, JCHZ BT VAE 1)
TR B o B IR T A SCIRT L N BRI T ARSI Z 4544
B, MHREIR AR ABEWHENG T VAE. RIS 4 N 45
HE S, AFE VAE RUIZRE AR Frietti& i R B a0, Az M 4 5
PR, =L BB R AR A
B =%, T Kumaraswamy 77 A 4R 3 @ KNTM. 48 &£ %} Dirichlet
SelG ANRER I FE MR 2 T RS A B ), R R T IR R A B T A Y
KNTM. FF7E KNTM BJ2&dl b, @ i is e s 2y i feoe vk, 12
1 KRNTM FERL . il S50 5 Atk Dirichlet VAE JE1T X LE
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HIUFE, JET Beta 70 A0 AU AR 3 AR BNTM. 1% KNTM/KRNTM 2184
Beta 70 A id #8251 N iR 22 DA R 5% i AR i AR 8 ME 24 85 BE IR I A, B HE TN R
BNTM/BRNTM 58, iZ A58 B 2585 PA Beta 353 Ai (AR I FEAA I Dirichlet
Jes, B E SR T HEE S B o i Jm i S0 3 AR A (1) 2
.

BhE, RESREE. KRR VAT EELSE, FERARKIIHFTT )k
T T RYE,
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H2E MREREEAR

A T BRSO T KRS N, B B gD SRR
A L AZ P 2% B8 S5 AR A%

2.1 Ao EHmLE

2oy B9itdas (VAE) R&—MiREAEMEA, i Kingmal 24 N E U,
TR BB A 55 T s S SR PR S T 2 20 A R X AR E 70 46 32 0F 7
NGIRISREE. 2016 £, Bowman 5 AJTHIGIRER VAE FESCAGURMIM AT, FIH]
HIR M i i 731 ) B AR B R s SOATE LR R 0 Ao BLJR VAE JF AR i A A 3=
AR, H AT e T K 2 T VAE HESL

2.1.1 HYmiges

H4ifid#s (Auto-Encoder, AE) J& Ml E BM& Mg iy, & n] DL
By NAE AR PV TERRAE, R P TERHE A A AR AR . [ G i AR 20 3 22
H4iidss (Encoder) AIf#RL#S (Decoder) A1k, FRAILEMWIE 2.1 FiR. gmit
RS 2 ST ANFEA T AERFAE, R AR R4 B R I 7R . RS 2% Be i R H
TETERRIE AR NFEA

H 425 7T DU THRHESREL, SHE40 PCA LM JEMLL, AmIBET
EARZE N 2 I AR SR M RFAE SR B RE 70 PT LAIRAR B8 A i) 3800 7 o 445 58 B2 19 A
AN E P AERUD G, SRSt m] DU B8O R 4R e . ldn, R 4E
FE4 1000 B SCARBERIE NN, FEBERA 10 A1 S, ERKRBILART,
[ i i 25 (T Bl 2 5 2 B SCAR R BE SR R 11 SUE S, RIS 1000 4 1 Hai %
B 10 4, SbBF, BAYmiDAMER] T IR R ER . BT MTRAESREL. R
Bidfe, [ gt Ak T LIARAE 5 21 0078 7ERFAE R T B0 A2 il
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Gihar  RRRIE SRR

E 2.1 BaimiEsErsE

X FHIAFEAx, B 2w i & i g i AT ARAD AR w] a0 2 s A -

h = O‘e(VVex + be) B T A D)

Hr W, Wy nl N gmtS s F gt 28 AL s bev by 70 A N 9t 25 A1 AEAS 25 1) Jf
B oMoy nl gL 28 AEeD a8 0GB 2. H 9S8 R BRI T -

n n
J(W,b) = Z L(x;,x;") = Z ;" — x;[|5 e oeeeeeeeeee (2.3)
i=1 i=1

ﬁﬁmﬁﬁﬁﬁﬁﬁ%ﬁ%(M&HW@MM@W)ﬁﬁWEE%O
2.1.2 ﬁﬁ?ﬁﬁ

D e S 2R 2 SR AN W] TR0 AR B J B M % 1) B vk, HAEEE R EOR,
EAEERZ R E MR I AT ER R, T2 05 IR 5N AR o 3
(Variational Inference, VI) FENIMARH . 227 HEBL %0 BARA K # 11
BLIGI A3, T2 FH — AN SR B A R Bl e, AR ke S 2% (R T B 1 i
4 S HAAG IR, B 5K A R UG AL IR 2 A E A B A RS o A AR
Mo HATAS 2 SR T o BRI B  E, H A T A B AR A

% B J 56 A i e
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AR HERE A, HH KL 0B (Kullback-Leibler Divergence, KLD) K&
WHSEJESip(z | x) 520 q (2) P AT IR RE o IS0 AT 22 e AR L S
KL B mBky, 2 HACE I A S, KL SUESET%F . [EREERE,
KL 8% BAAEXNTRAE, p(z | x) A0 Rlq(2) 70 A KL #UEASE T q(2) 0 A £
p(z | x)73 A KL 8UE, BIKL(p(z 1 x)|] 9(2)) # KLl p(z | x))-

2z 1 %) q)NETAZER, 2P =p,02.sPns Q=Gq1, G2, qn> -
BEZE A o0 p () Flq(x), WP, Q2 IAIf KL HEE vld it 15 .

D (plle) == ) p()logq () = ) —p(x)logp (x)

= =) p(I(logq () — logp ()

q(x)

X
= —Zp (x) logﬁ... N XD

LA 1S, Hp(z 1 x). q(2) NESAZER, KL #BUERE LT

SRR AR 5 6 43 A T A A e /M KL BFE ) R, {HLER T KL HOBE TG
WEWTT L, S BORLURE S X — 10, 1T\ C AR B T IR I 1 o 772
D(q(@)llp(z 1 x)) = Eq[log q (2)] — Eqllogp (z 1 x)]
= Eqllog q (2)] — Eqllog p (x,2)] + log p (x)
= logp (x) — {E,[logp (x,2)] — Egllog q (2)]} ++- -+ (2.6)
oy KL BUZE R T45T 0, rAA (2.6) 2 LA TR A&:
logp (x) > Eqllogp (x,2)] — Eq[log q (z)] -+« - vveveever (2.7
NS 3 i s SUAEYE (Evidence) , 473 MMIE SR R Log (p () FIUESE T
% (Evidence Lower Bound, ELBO) , it NL(q), NG
L(q) = Eqllogp (x,2)] — Eg[log q (2)] -+ -+ e e eve e (2.8)
Bt A 2 (2.5) KL B S/ Mb AT BLE S A 20 (2.7) ELBO W SR A SRR,
TR NN TR ELBO [ 8, RIAS /)43 75 BRI B b ik 5L
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A (2.8)

A
KL(g(2) || p(z| x))
A
log(p(x))
L(q)
v \
/ / /S / /S / / V4

22 KL#ES ELBO X&RREE
B0 AR o3 HERE o) @ () SR AT 2 B 7 vk, Herbris F ) 2 2 T 23 (Mean-field,
MPF) BRI, RN Nq (@)X R z FFTA 7 2 2 AL B SZ
E/‘Ja Eﬂﬁ%/@
q(z) = q(zl)q(zz) ees Q(Zn) tee eee tee eee ses tas aas (29)
FERXFEOLT, AR Rz E S WE DS HEER], &7 A ]

G BN
q(z) = qu(zj) e e (2.10)
j=1

g A bR F 1 ) A B 07 aCf AT B 2% B2, sl A AR T+ 7 VA EAT
SESAW 3 8

213 T ERmES

VAE 1£ B a4t & 1 B2 2 KI5 LRI — MR B B AR, FEM AL
Iy HERR A S SR RS AL B (A2 00 3 A o AR E Bh % 5 2 B HEIH L G A 15 2B AL
EMEAERR, VAE A LLRYREAR e AR 73 I3 A1 rH RS 21, DA TR ST B
Zhgmhidas, VAE % U A RRAE ST .
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H2F MALBAEK

q,,(z|x>--—----@: z~p,(2)

2.3 VAE Wy REER

WK 2.3 iR, VAE EZMPEES AR SR E RIS, (x| 2), BEE
IR g, (z]|x), HBE M Ap v, xR IMAS &, 2R R IRMSER > Aip(2)
[RVEAEAS B o ST b SR B 1) AL B i T AE S Bz R Nz ) LSR5 3 43 AT
RS B RRMETH R, AR E 2z NERIAR D Mg, (z|x) T RAER S|, Rlz ~
0z | x), HHSHubRmMRmLaE. MRS ET =My,
xX~p,(x | z)-

5 LDA AN, VAE RH T B2t 25722 5 DIt (Auto-Encoding Variational
Bayes, AEVB) [1%: > 500 . 1% 5K W% B2 oR 5 A8 & m] A H A7 7E I 0 S 5 ik
( Differentiable Non-Centered Parametrization, DNCP) IR BB, IXHEA 7]
DL SR R RASRIHHE i plE . Z A0 (2.8) AI%1, VAE WL H
bR

logp (x) = L(x) = Eq, ;) [log pp (x 1 2)] = KL(4y (2 1 D) Ipp () -+ (211

A (21D W — TR MGy 10 TRz, AFFFA SR A T E A )L
FI N, X AT VBRI R E IR, B RS I M gy (2 | x) IS5
Sy fip, (2) RPTBRERIEEIE, X5 v] DU AERBY (M IE 205, SR ARIERE Y (1 4=
e 70, By ARG A& R4 il B B g 2% o

BERIARAL I PR AT NG 50 25 4R AF 100 0 A PR A Y B AR iz, (SRR IX —3d
FERATF0, XS H B AR R H R S, IR FE

11
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ZHA TS (Reparametrisation Trick, RT) , B[4 [aAs & 5 ok (1 ks
K, IR AN T I R B R B8 73 28 L, KR 2 RBEAR B0 A8 4
SHIIRFE, KX 2R SEAR BN E S SHIIR T G, B EzRN S5
A1, WA RUS H a0 R T
Z=p+6€ € N(0,1) werevereonnens (2.12)

Forb RS 53 52 i AT IS E AR HEZE e MR Tt i 7 20 A P B0 16 7
@ﬁﬁﬁﬁﬁﬁfﬁiﬁaﬁM%%%ﬁ¢%ﬁ%—ﬁ%,ﬂ%ﬁ%%ﬁﬁﬂ%
[y, BT ESHALAES VAE Befd & SRR S 5.

2.2 PR

YA KFEILFE (Stick-breaking Sampling Process, SBSP) & — ML FZR,
©A] L T O A FEAN B A AT R REA LA S0, ) DL T i AR 2 Gt A
TUBSY, AME £ BT SRR A B 2 N . ENRITIRIE R Z iR T
Beta 43 4fi fil Dirichlet )47 F{FEREH1TH o

2.2.1 Beta 2 f

Beta 4045 52 1 FL 747 0S5 th DL TR ME oAt MR 1 BB 23 7«
Beta 434 % %% B R 000

_T'(a+p)

1@ = rare)

KPR TE T Beta A7 I0TEE, MHARES, Ya = B = 101,

Beta 7 A B A 2] 20 A o

2 DU SR e b, AR5 S MR p (6 ) MG HBE A p (0) 15 A2 [FIAF ) 3 At
s U SE585 ARG 56 3 AT g MU SO 0 A1 o Beta 20 Afi FH IR 4T 158, JF
5 W AT B3I A, T AR e MB, H LN R &R

X1 = x)P L (2,13)

Beta(p | a, B) + BinomCount(m,,m,) = Beta(p | a + my,f + my) -+ (2.14)
EAR 3172, Beta 70 A BN ESHE A, BIAENLER 5 > F H
Kumaraswamy 731 {4 Beta 7347 [T 1L 5341 - Kumaraswamy 73 1ii /& A A2

12
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HaMbi)2k Beta 7341, HEUEVEHEIAE (0, 1) 28], Kumaraswamy 74 B A ]
SWBEZHNIE AN FERN, 5 Beta AL ERPY, X TR R €
(0, 1), HMERZEREMT:

f(x; a, b) = abxa_l(l — xa)b—l ciirenreneeeneenese (2.15)
H R A A0 -
F(x;a,b)=1-—(1-— XY i (2.16)
HEZHL AT
1
x~(1_v%)a.............................. (217)

Hrv ~ Uniform(0, 1),

2.2.2 Dirichlet 47

Dirichlet 73 A th M- /E 2 7€ Beta 2345 (Multivariate Beta distribution) , #& Beta
AL m4E = P HIHEST, ST K 4E1 Dirichlet /04T, K288 5 ok £can F By

K K
rok_ a _
Dir(@l&)=M| |9,ﬁ"< L Zek=1 --------- (2.18)
k=1 k=1

k=1 I (o)
Hhad = {ay, ay,..., ax} N Dirichlet 73 AT IS4, al Ko AERAEH, BNk ) 7
A% E. AR (2.18) %1, ¥4 K=2 i Dirichlet 4> #iiE 1L A Beta 43 fii. 5
Beta 434 Al 35 3 A LN L5345 %t B, Dirichlet 434 5 2 390 A BN L3504 -

~

Dir(0 | @) + MultCount(im) = Dir(0 | @ + ) -+ - -+ (2.19)
Dirichlet 73 Afi 7£ @S MY ST Hy s E B A . BAN (219 H1, HEdE
Fr& Z TS, 00 5e 50 A S 30 Ae OR4F Dirichlet 23 AT TR, X &M A
AEARTH BT K T o PRI AE 32 RIS AL v, 2438 £ 5 DL 22 T1 93 A R U R B
K] Dirichlet 636 E 5 5 R
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2 MEBRAEKR

A N A

(a) #EZEBLH F Gaussian 9% () « GEM &% (Fh) FADirichlet 49%n
() HEEHRE, EaXREEE, deRSEE

(b) FEPTHTETF t-SNE P2 T2 R, Gaussian 9% (Z£) . GEM 376
() FaDirichlet 9% (&)

24 AESHTREEZREMSHIHFLATRML!

t4h, Dirichlet 73 A RA B, a1kl 2.4 (a) Fi7s, Dirichlet 434 £ 540
T BT s A A AE B S P PR AR, T % BE R A AR AE R R B Al ) 2%, JF B
JES TS RIFEIR /)N, 1X /& Dirichlet 4347 FTFRA MFEGIME. 1325 TixXFgee:, D
Dirichlet 7347 Ay 5650 1) 32 U AY 0] DAA: il BE R B ) R R . I R 2
Gaussian 73 1 2345 2 HUR B TUBOR MR R B2, AN Refl SR A /DK 38

i 2.4 (b) P, R Dirichlet 7345 H G AR & BAT BEAF SR RAIR, M
5 BRI N SCA PR HBE AR R ME R 8, T ARM Gaussian 4341 1) B AR & 4%
AR B 2R, A A R P 2 B R R

2.2.3 P

Pri IR 0 T ZE AR R — AL BN W o s A0 T LA S Oy A
FERAEE 2], ERRRLBERKE LT E, S BRPEMEIEHEN], E X A
J7 AT LR A i e 2 SE i 4

14
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|¢’3(1_¢’2)(1_(/’1)|
| T, | |

—

25 REETEE
e 2.5 Pos, BE —IRKEN 1 KT —HD b = {91, 02, ..., 9k}
X @i~p(m; 1), Vo, € [0,1]. FH—IRMRF EHTH—B LB N, AR T, T#EH
K =@ B IRAFIRIR T EHTH— BB A o, AR T, A B
Ty = @o(1 — 1), WIRMER R 2, BRI Er = 0,(1 - X2 m). 2R
BRI K 2 R 5

Ty 4 Ty oo T = Loveveevenve e n v eneeee (2.20)
fE LRSS, p(m ORISR RIE AT, AR ARSE. EIrR
AR, A [F] B I AT p (rr; T) AL A I AR R AN R 20 Ao S
FER— MM Beta 73 AT AR A Dirichlet 70 A FIREAS, Hp;(m;1;) =
Beta(x; a;, YN ;1 ;)i G Hrpid i AR IR [ ) A8 B e (1 A 5 25 2 o i R 331,
T (@) ) '
Dirichlet 73 AT fE NFF AT S, RIZS e AT AT NP iR 70 A, AT A R i (]
I BE AL AS x5 AT DA B BN (o, %, ooy X} BB MR R . X R A
K H T Beta 73 A HR AR

p(my, .., Tg; @) = - (2.21)

0
Beta(a,B) = f (1—-x)*1xF1d(1 - x)
1

1
= J (1—-x)*1xP~1dx = Beta(B,a) -+ (2.22)
0

R, A ExRM a, A Beta 904G, Ha = > 00, H(1— x) ~

15
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Beta(B, @), p(x) =p(1 —x). HAF (2.15) 7] %1, Kumaraswamy 4311 AAFAE
XFhXF AR, H2Z 5N, P Kumaraswamy 434 S 3E 70 A0 BT M I R A 196 2 I
JF 0] A8 3 R 1 I

2.3 KM 4

FEARGE AR X 22 T,y N KICHE A eyt At AR LA, RITHITES T2 g4 HE AN
SIS ASIN B) 20 B0 A L = AR A o (LR [ SR 5 AR PR 55 Hh O 5 AT I A0 B
FRIIN R — AR LA 7, TRIEMMZN IS« AN E e/ A aAf
LW Z B R FIIR, RS A AR R O AZ X 2% 1 4540 B SR B

2.3.1  TEARPRE N4

A2 N 255 — e Ak RIS e B0 RO A 22 R 45, DR D9 HL BT IR 9 X 5 ST g
1) 2 N B E R (5 S AU, S A 2.6 Fras.

h </\ —— e —— h —— h -——— h -— > Bz

t-1 t t+1

| ]
® © © © -

2.6 {EHBEMEKRE=E

TR SR BRI S, Horh BB 4 R R
BT BT ST B B, o B TP RO A 04 7 P U FU 514 1 e o 3
s R, MAR (223) . AR (224) FTHL, RNN 4 H7 %106 R
BT ST IR, AT £ 2R A .

ht = 1/)(xtW1 + ht—1W2 + bl) v (2.23)

16
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Ve = SOFtMax(0y) ++«ee v vereee e veesnnnes (2.25)
Hrhyp () NBOERE, Wy Wo MW NI SRS ESERE, by b, N E AR & .

TEARFRpRZE N 2% ey, [T — 2 A% AR A AT D RIS N , X b B3 AT 1R 0 2% 4 4 —
5 T AT DAOR R AR AR TR AR OC 2R 5 53— 5 THD AT LB I S0k =2 Ok b B 35 1 25
SRR BT AR E T KEN LT UER, 1558 TR A IEER
2R, AN N 2% BN 78 43R F P S IR SIS IS, X A A0 B ph 42 ) 5
HAT RUFI P AR B J B 5 @R T o BP0 A N 25 2 IR FE AR I 25 1 — b, G
SHONZRod 2R FH BB ) S [l A5 3 500, FEAREREK P AT, A4 2 7= R 1%
£ (Gradient Exploding, GE) EiBfiEH4 (Gradient Vanishing, GV) i,

232 KEBCIZMZ

FESEBRIL ] o, AR IR 28 AR AR 2 R D o ) B AR 1 K S BB LT 2K, RIS
RATCVEMHT )7 B 3R 200 (E 2o BT AN 8, A3 T KA L2 M
£41%(Long Short Term Memory, LSTM)R AR YA PR 28 WX 25 55 #A 112 A E0

LSTM 5 B E W 28 A4 2, AH T IR PR #0220 25 48 F SR K AT AR 1645 15
LSTM #i# T $ 0k (Cell State, CS) fREKMIKIHINER. FIORERSS
BT B, XA LUFAIE LSTM A LML B8 K35 B HLAR D T HonIRES
FALTANE W 2% (1) — AL 1577, F K IME BAL R B AT 21, ORAE 1 2% 1K 3
WAZRETT. BeAh, LSTM SIN T I TR B, erilid ] ek izl 6 (5 S i id
. fE LSTM HAAE=RITT, Zrl e 2 5 Aok h L35 B s

(Forget Gate, FG) « $R7E#HE B T A7 BE IR HI AT (Input Gate, 1G)
AR BT IR A B IS H T (Output Gate, OG) o KAE I IZ 45 11 4
LB 2.7 Fros:

17
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> >® + >
T
v i,
(——*@» © -
HE] AT f LR f
v v tanh 74
KR SH, T T T T

&
>
=

2.7 KERHAICIZMEREE

LSTM {1552 R U 5 MR SR 1R 9545 L S 157
Mo TR SE B L 2R H, A A, it — T 0 A 1
Z IR B 2R TERA ey | R R BRET LI TEIR
Cocar O FRAH G T ERZIBTEREC,oy M FIT R

F, = WX, Wy + He_qUy 4 by) e veeveeveeveevee (2.26)
Hrbp (Y FoRWE R EL WU BRI S A by FoR B
R KA IAZ 4 0 L I 1T LA G (A% T B i K S B0
PR R B FEHRKE RL

LSTM (195 SR UE £ 0 B BU TR A . it A 1T e
SRR, FOK tanh A BRI AL G BRI L R R 4 2
X} TEAR A T

L =YX Wy + He_qUy 4 by) eevvveveeveeveeeee (2.27)
C, = tanh( X, W3 + Hi_ Uz + bg) -+-+evvvveeeeee (2.28)
Ct:FtQCt—l+ItOCTt""""""""""' (2.29)

Hop(ORREIERE, Wy Wiy U, MU RRTTNGRNHERES S, by bR
i B AL B

LSTM (¥ f5eJa — 0 i At 4 1 Z BOCIR S H (4R, XM e 2 2 T
18
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TR CAF 3
0, = WX W, + Hy_ (W) - venverwvreve e e (2.30)
Hy = 0p O tanh( Cy) cwe v v eevenveene (2.31)
LSTM fil# e 1 F7 A AR ) Tr) @, b5t B 76 LSTML sk A < 451l
4 Cho % NMOHRH T 25K S LI T TG 3RS0 (GRUD |, lid e X E

ITEFAIIfRIAL LSTM R 2% (0 iH T2 s Lei 2 AR 1 s 28 (I 542 H T fdf
AT (SRUD , SRU AMKIG 2 AT B [E]25 1) 58 B E 4, AT SR B RAT i h 5
XA RIICIZ P 251421 (BILSTMD K P3-NJ7 [ AH [ () LSTM B InfE—#e, X
BN ZI FIRHR AE TG A RS 2, BT LSTM RJ LUSE 45 4 S 4B 17
AR R

24 AT/

REANG T ARSI KA REAR, ML =10 B RS
AR T A2 o HEF A B B DL K VAE IR iR . HIRA4H 7 Beta 5340 .
Kumaraswamy 4347 #1 Dirichlet 734 (91457, FEAER T Hra@fai i 72 R kA it
i WIGNATIEA A M REE, UKL i JRBESE . A
TN S AR VY B AR A SR T R SR
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% 3% AT Kumaraswamy 57 69474 2 42 A KNTM

% 3% HT Kumaraswamy 7375 KT iE E T KNTM

BT A midas (VAB) FIPRE 3 U A BRI 7E 3 M e 38 0 A BA 7]
HEEHUHIENR, TS Bt Dirichlet S5 B AR BA M M T DL i Ao
ROt AR ) R BE 7, AR DR E I B S HUGAS RGN B i 48 32 R A
AR BN 1 ) R H T — b T HT R AL IE (1 R KNTM, A8 ] DLUR A
Dirichlet Je M 3RAF MBI T KR A TikE KNTM RIRE N, Amit—2HR
T ETFREAFTREEN EEER KRNTM. AERLERINT: EaahT
KNTM [{HEB AR Z5 4 RN 28 T IR T R IR I F2 DA . KRNTM
IR SE R A R BR AR LI SC AR 50 UE MY R R

3.1 KNTM EiAY

N T fi# 4k Dirichlet 2650 AN i B4 N H FEHE T~ VAE (1042 32 R B 1) 1] 4,
AT — R 3 AR T ——Kumaraswamy #148 F A (KNTM) . H
2.2.3 A, MAEREN R (m; ;) = Beta(x; a;, X5y o)), AR RE
P& B AL AR B A Dirichlet 73 APl (5B T-iX 261451, KNTM 7£ NVDM HEZE
AT R, AT E SR Kumaraswamy 30T ES A Beta 4
A, JFH L Kumaraswamy 53 AT 4 A i #2443 Dirichlet 7347, MM
Dirichlet Za38 R FH 2 3E T VAE M4 A F. @i X fpor =, KNTM #] LA
FIH Dirichlet 7347 FIM B4R, BB AR BOE MM B i) £ R R . 2 Rk, A
TN SRR . REHEFR A VAE 454 =S5 A4 KNTM REAY

3.1.1 AREE

25 BB DA SR HE R, R SO B 5 SR BN, KNTM ML
Kumaraswamy(a, b) A5 A AT AR I FEM & E B3 A1 0,, 2 Ja Moy Kke—
D FE Rz, I INIZ TR ELAR] AT TP RAEAT B B x g, BRI RN R RIA] A
SRS 45 b, SRR SR, KNTM AR AE B R 40 R BIw
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% 3% AT Kumaraswamy 57 69474 2 42 A KNTM

D) RFEERIRI T A Ay~ fop (Kumaraswamy(a, b))
@) WHAESLWEB46, = softmax(WTA,)
@ WA HAAx g0, € [Ny

- RFE—AF lizy, ~ Multinomial(6,)

- AR X, ~ Multinomial(B,,, )

Hrp fop (VFRITHRELFE; Multinomial (1) R 7~ 2 Wizl A .

3.1.2 FHHEH

AL FEAHE R H )2 @ A0S 45 8 SCA K € RY, $R 3 SCRITE A 1)
2416 € RE, 4552 — 4R M Kumaraswamy 34 A & = {@1, @3, ..., @_1}> 1T
= ie[1,K-1] , p;~Kumaraswamy(p;a;, b)) , 2 % (a,b) =
{ay,ay, ..., Ag_1; by, by, .. b JEHPHE LS £, 0O TF R, Hohp IR 4% 1S5
Kltt, ¢r BLRoR vt MR

¢~Kumaraswamy(a,b), (a,b) = f,(¢p 1 x) - (3.1)

R W) LA AR] HH A A 73 AT A R AR AR il 1 2.2.3 WT N, Tt
REREA B T R B R [ &, eI R AR R ARSI, HEARER 7 R
HRIEAERALRS, HAYERE 2 mn, R RN+ 20, HARSHBAELL B K
USRS, RIUEAE AR o DRIEAS SCR BT (1477 30 SRS A 14 PR 2 At
freesd, Rl

i

(1, k=1
(pkl_[(l—(pj) 1<k <K
A =4 i<k N VD)
K-1
1- Eli,k —K

BRI LA A, T
1i6:

A softma 25 B 50 R 1)

Hrhw e REKFIRTTINGR I St e e A
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% 3% AT Kumaraswamy 57 69474 2 42 A KNTM

25 8 ORI X, Xp, ooy Xp b He A g BLE NN TR, U SCRYEE AT BRALLAR 2R
WF Frs:

D
L(p,v) = logp(x) = ) loglp(xa | p.V)]
d

=d§D:fP(/1d)n

=1
Horp A FoR S d R SR TR A6 B 3 R A1, BB S 1m] 2 B ) RN 2 gy, WIRZA] ) 56
1¢ﬁ%$p(xdn | Ad,p, V)ﬁD—FFﬁ/ji\‘

Ng

p (xXgn | Ag, p,V)dAg -+ (3.4)
=1

K
p(xdn | Ad,p,l/) = Z Qdk 'Bkﬂxdn ciieeenseeeeees (3.5)
k=1

Hor 0y RN d R S SR LRI By, 2275 IS A T2 LK) B3] 70 A
gi b, W TR SR xg, AR5 K BR HUN R TR

Ng

Ly00,p,v) = Z E, log[p(xn | B,8)] — Dk, (MVK (a, b)||Dirichlet(d))

n=1

- (3.6)
Hrpasg Dirichlet 3 ATHIEZSE T (3.6) I, A SCRECE HAh
Dirichlet VAE 15 54 [5] () i AL 8 B2 32 43 DU i 5095 ( Stochastic Gradient
Variational Bayes, SGVB) it iZ I 1H

S Ng

1
Eqp(wxmd)[l"gp (x1vg 18,0)] = gz 2 logp(x, | 6, p) -+ (3.7)

s=1n=1
Hrh STRIRG R RIE KPR
STF2ER (3.6) W55 0, ¥ Dk, (MVK(x; a, b)|| Dirichlet( a)) 43 it NAEAH
N S | Kumaraswamy 434 5 Beta 434 KL H#EE A1

K-1 K K
EDKL Kumaraswamy | f,(a;|x), Z fo (a;]x) ||| Beta| a;, Z a;
=1 j=i+1 j=i+1

- (3.8)

RN FHY4EREk € RE-1 L, Kumaraswamy 7375 Beta 7747 1 KL HUE
Al RN R TR
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% 3% AT Kumaraswamy 57 69474 2 42 A KNTM

Dy (Kumaraswamy(ay, by)|| Beta( p; i)

ak — U 1
= 2By~ — ) + log(axhy) + log B (e i)
ar by
b -1, 1b§: ! B(mb) (3.9)
bk (nk ) k m=1m + akbk ak 'k '

Hrra, . b~ n 77 5l& Kumaraswamy 7341 fil Beta 73 S50, y2RKHLH
B, w(-)XFK Digamma K%L, B(-)fX3 Beta K%l
KNTM 52 % (1) 3 e Bk A2 A 550925 3.1 Flows

£y 3.1  Approximating inference for KNTM.

Initialize variational neural network parameter p and v
Given hyperparameter {@, K }
While epoch < EPOCH do
Draw an unnormalized topic proportion
Compute the parameter a and b of the distribution
Sample: 1~p1(@; a1, b;),where p denote Kumaraswamy distributions
Assign: Az = @q,1 = 2
While i<K do:
Sample: ¢;~p;(¢; a;, by)
Assign: Ag; = @; ]_[j<]-(1 — (pj)
End While
dak =1 =355 2
Compute the topic proportion 8; = softmax(W7T21,)
For each word token x4, n € [Ny4]

Compute a word p(xgn|04) = softmax(67B;, )
End For

Update neural network parameter with their gradients
epoch = epoch + 1
End While

3.1.3 VAE &#)

5 HAth Dirichlet VAE —#f, KNTM &5 NVDM HEZE, [AA] LLA VAE )
AL ARPE KNTMo. KNTM K385 2041 q (01.p | ) VE NI 2%, M SCAS Fh HEFR I AE
PSR- 401, Fp (x| O1.p, BYTE MRS A8 AL SRS B AR GO FE . 1R
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PIREAR ZE R TN 3.1 Pl

a Topic-Word Matrix

Stick — breaking Construction

L
L

20-9) )
. . i . >
‘”,_._.’(";’:)("‘”" Softmax (6. /)
— Topic Distribution @
MLP
b
X x'
J L J L J
Y Y Y
Encoder Stick- Breaking Sampling Decoder

3.1 KNTM &#r=E

TDEs KOO - F MRS AT BB A Dirichlet )47, X2 2 T4 A (1 3540
Jele /A BT Dirichlet 7 ANREESHA, A REEHRK AR AL A0 T
VAE HE42, A SCEA B4 M Dirichlet 23 A7 H 5% SCRY— 32 S0 AT AR AT AL
AR A LA Kumaraswamy Jy5: 537 (4R 43 A 204 Dirichlet S5, FFEAT R
gt B S O AR RAE, I AR A2 6 Kumaraswamy 73 A (Multivariate
Kumaraswamy, MVK) , Bf:

A~ MVK (3@, B) +v vvevevveveeveven s (3.10)
Hrha, by MVK 53 Hi (1280, AR (2.21) FA1, AR 51E5 Dirichlet %t
BOARARA) R A3 AR o ARSI N — N HEBE N 25 kM) i Kumaraswamy 77 4f, $ii A\ 3
PR Rx € RY, 28 ailiid £ JZB%n% (Multilayer Perceptron, MLP) 3K1%,
ZHbIEa ) RAql FA3 5.

K
b; 22 I TR RN < A )
j=i+1

Hrnp ()& softplus HAHRE: WREWIIZRHIFEFESH, RN E S L.
ERGES e J5LUG 10 SO - R A ABEAT 2R AR e, 15 B A1) LA 6, F1EH
XA softmax AR HOR B Y SCA X o BB R SCRIRTRNC BN v, RS & P AL
FE R N R B35 2 TB] (R 3 AT SR R B S s I LR T3 A 0 S tH v 4
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