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Figure 1: Probability Masses (Average 9975.22) of QB & Bin (n = J = 1 million, v = 0.0024849)
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The probability mass function (pmf) of QM(71, . .., Tr;n, B):

F

— | mr(ms + )
f=1

n! 1
vil. . yr! (1 +np)

p(y17"'7yF):

- y: the frequency of the f-th cell

- n: the given sum of F’ frequencies

- Ty the f-th cell probability (7y > 0, 7y = 1)

- [3: this parameter controls the variances of frequencies ( > — mins 7y /n) *
e QM(my, ..., mr;n,0) = Multinomial(71, ..., TF;n)

e Our parameterization is different from the original (Consul and Mittal, 1977).

*Rejection sampling needs 3 > 0
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Closure under the collapse of cells I

The probability mass function of QM(7y, . .., 7g;n, ) is expressed as

p(y Yp) = Hi:l Ayf (7, B)
Tyeooy An(l,ﬁ) )

where

Ap(z,2) = x(x + k)" 1k, k=0,1,2...,
is called “Abel polynoials”.

e Abel polynomials satisfy a convolution property (e.g., Charalambides, 2006, p.206):

n

An(z+y,2) = ZAk(a:,z)An_k(y,z), reR,yeR,zeR.
k=0

= QM is closed under the collapse of cells (H, 2009).
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Conditional distribution method '

Multivariate Y can be generated by the sequential sampling of univariate margins conditionally:
d
Y =MW1|Y2,....Yr)...(Yp_2|Yr_1,Yr) Yr_1|Yr)Yr

Theorem 1 IfY ~ QM(71, ..., mp;n, ) then

F
YrlYrp1 =yps1,-., Yr =yr) ~ QB(ms/(1 Eg f+1 Tg); ”—Zg:fH Yg. 3) for
f=1,... F

- QB(m;n, B) = QM(w, 1 — m;n, B): “Quasi-Binomial (type 2)”

- Note that § > — min ;¢ (p %f >

— min UFi To=i T
(1- Zg f+1 Wg)(n_25:f+1 Yg)’ (1_25:f+1 mg)(n— Zng-u Yg)
- Theorem holds even after exchanging the indices of cells.

— Faster to sample when 1 < o < ... < 7, see Ho et al. (1979)

e We can generate QM samples if we can generate QB samples.

21
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Multi-stage sampling I

Example (2-stage sampling) The first stage generates Zf ~ QM(Z _1Tg;n, B). The
second stage generates (Yl, ce ,Yf) given their sum. The second stage distribution is:

Theorem 2 IfY ~ QM(m,...,wF;n,ﬁ) thenfor f =1,...,Fandm =0,...,n,
J

.,Wf/(Zﬂ'

=
~§
L=
h<
I
3
Q
<
£)
\
I Mk”

f
- Note that 3 > — mmfe[F] o> mmhe[f] ﬂh/(Zni:mg)

e A recursive argument validates multi-stage sampling from the QM distribution.

e Multi-stage sampling may be faster:
— See Malefaki and lliopoulos (2007)

— It lowers the rejection rate of our sampling to be proposed.

22
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Rejection sampling from QB I
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04t
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. L 3 L 3 L
02k ¢
- ®
2 4 6 8 10
Figure 2: Dominating QB pmf by BB pmf (Average acceptance rate = 20%)
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BB distribution '

Beta(aq, as) distribution is defined by the following density function:

['(a1)l(a2) 4 4

f@):Iwh+ag

(1-p)*~' 0<p<l,

where a1, ag are usually required to be positive,
Y | p ~ Binomial(n, 7) then Y is called BB(a1, ao; n) distributed, with pmf

B n! ['(a.) T'(ay+y)(az+n—1y) B .
pBB(y)_y!(n—y)!F(a.+n) T'(ay) T(ay) , y=0,...,n.

e Both BB and QB distributions belong to the class of CCP distributions (H, 2009).

e To equalize the “cell probabilities” of BB and QB, it has to be

7r1:a1/(a1—|—a2), 6:1/(CL1+6L2)

24
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Largest difference between pmfs I

We need to find the minimum ratio of

peB(Y) _ I(a. + 1) (a1 +y)T(az +n —y)(a. +n)"
pos(y)  T(a. +n)'(ag + 1) (a2 +1)(a1 + y)¥ 1 (az + (n —y))»—v1

to decide the multiplication rate of pg g to dominate pg g.

Theorem 3 Suppose that n is a positive integer, and a1, a2 are positive real numbers. Denote the value
of y that minimizes Equation (8) by y*. Then y* = n whenay < asz, andy* = 0 whenas < a1. When
a1 = ag, (8) is minimized aty = 0 andy = n.

25
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Efficiency of rejection sampling I

By symmmetry, we only consider the case of a; < as. Acceptance ratesaty = 0,1,...,n are
[(ay +n)T(az +1) (a1 +y)Y az+n—y)" v W)

(a1 +y)C(as +n —y) (a1 + n)n—1 P

Then
n—1
I'(a. + 1)I :
E(p(Y)) = min pBB(Y) _ pBB(N) _ (a. + 1)I'(a1 +n) <CL +n) —: (a1, az, n).
v po(y) pos(n) T(a.+n)(a1+1) \a1+n

o lim,, o r(ar,az,n) = O(n™2)

26




wEEa T« BURERTOBER LI B DR S 18 7 Y Z LKA KB T T A 7N — LR DR

Table 1: Average Acceptance Rates: 7(0.1/3,0.9/3, n)

B
2—1 2—2 2—3 2—4 2—5 2—6 2—7 2—8 2—9 2—10
10! 0.13 0.06 0.03 0.02 0.03 006 014 029 0.50 0.69

10%2 || 000 0.00 0.01 007 026 051 071 084 092 0.96
103 || 012 034 059 077 0.87 094 097 098 099 1.00
10* || 081 090 095 097 099 099 100 1.00 1.00 1.00
10° || 098 099 099 100 100 100 100 1.00 1.00 1.00
10° || 100 1.00 100 1.00 100 1.00 100 1.00 1.00 1.00
107 || 100 1.00 100 1.00 100 1.00 100 1.00 1.00 1.00
10% || 084 084 084 084 084 084 084 084 084 0.84
10° || 0.00 0.00 0.00 0.00 000 0.00 000 0.00 000 0.00
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Algorithm 1 (Rejection sampling from the QB distribution) The following procedure generates a

sample from QB(a1 /(a1 + a2);n,1/(a1 + az)) for a positive integer n.

When 0 < a1 < as, When(0 < as < aq,
1. Generate p ~ Beta(al, a2) 1. Swap as and a .
2. Generate y|p ~ Binomial(n, p) 2. Generate p ~ Beta(ay, as)
3. Generate u ~ U(0, 1) 3. Generate y|p ~ Binomial(n, p)
4. Ifu > p(y) then goto 1 4. Generate u ~ U(0, 1)
5. Output y. 5. Ifu > p(y) then goto 2
6. Outputn — .

28
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Motivation

* Counts of keywords sometimes helps
* (Ex.) Google SVI (Search Volume Index)

* Have to find nice keywords.

* From news (text) data, we want to extract topics
(defined by distribution of words) that may affect
market sentiments

* Construct topic score time series SC;

* Investigate if SC; improves volatility forecasting



Illustration: topic score and

realized volatility

Realized volatility of 2008
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“Bag-of-Words” model

* We only focus on word frequencies, and neglect
other information (order of words, dependency and

SO On.

* (Ex.) Adocument D = “Itis fine today” can be
expressed D = {“it",“is”, “fine”, “today”}.

* Usually we exclude so-called “stop words” such as

llaH’ I(the”’ Ilfor”’ etC_

* In this research, after morphological analysis, we
choose nouns only, and remove numerals, suffixes,
non-independent words, pronouns and symbols.



Latent Dirichlet Allocation Model

* A standard method for topic modeling
* Often abbreviated as LDA

e Distribution of words follows multinomial
distribution (gives likelihood)

* Dirichlet distribution gives a prior distribution of
words frequencies

* Word distribution ¢, characterizes a topic z, and
each document d consists of many topics of which
distribution 6.

Typical MCMC cycle for LDA

l. Fork e {l...Z}:
e Generate a word distribution for each topic, ¢, ~ Dirichlet(¢|f),

2. For each document d € D:
e Generate a topic distribution for each document, 6; ~ Dirichlet(f|a),

e for each word w; € d:
(a) Generate a topic from a multinomial distribution, z; ~ Multinomial(6,),

(b) Generate a word from a multinomial distribution, w; ~ Multinomial (¢, ),

where &, B denote hyper parameters of a Dirichlet distribution.

This algorithm is for a single document. We do this day
by day for Reuters news, and want to ensure some
continuity of topics along time axis.



Multiscale Dynamic Topic Model

* Proposed by lwata et al. (2010)

* Parameter ¢, , of word distribution of topic z at
time t has some time dependent structure.

S
®¢ , ~ Dirichlet Z At,Z,S&)\t(i)l,z
s=0

. &)\gi)l’zz distribution of words over topic z with scale
sattimet —1

* A 5 s: weight for scale s in topic z at time t

Dirichlet parameter in detail

. &)\g)Lz indicated the word distribution (w.d.) from
epoch (t—1)—25"1+1

* IfS =4, sruns through 0,1,2,3,4.

*s =4 ->wd.comesfromt—8tot—1

s =3 ->wd.comesfromt—4tot—1

s =2 -w.d.comesfromt—2tot—1

e s = 1 »>word distribution comes att — 1

: o ~(0
* s = 0; assume uniform distribution for a)t(_)lz



Illustration of Multiscale Word
Distribution

iH, X i
Iniln, sa. L
1 all; o | P,
t-1z / 1
1.zl
I, &0,

t-8 t-4 t-2 t-1 w

Word distributions are likely to be smoothed as the time scale
becomes long.

lwata, T. et al. (2000) Proceedings of 16t ACM SIGKDD, p.663-672.

MCMC cycle for MDTM

1. Foreachtopick =1,..., Z:
(a) Draw word distribution of topic ¢; ; ~ Dirichlet(Zf:O Atz (Z)f(i)l_:),
(b) Draw a hyper parameter of prior of topic distribution «; , ~ Gamma

(Cat—1,z,¢),
2. For each documentd =1, ..., Dy
(a) Draw topic proportions 6; ; ~ Dirichlet(«;),
(b) Foreachwordn =1, ..., N; a:
1. Draw topic z; 4., ~ Multinomial(6; ),
1. Draw word w; 4 , ~ Multinomial(¢; ;, ,,),

Weights {At,z,s} and hyperparameter a;_, , are estimated in an
outer loop of this cycle, by stochastic EM algorithm and fixed
point iteration method.



Construction of topic scores

* Topic scores are made up by estimated topic
proportions 6, ; ; (percentage of topic i included in
j-th document at time t)

D¢
SCLE — Z Ht,j,i
j=d

* SC}: score for topic i at time t
* D;: number of documents at time ¢t

* 0; ;i i-th element of the topic distribution within j-
th document at time ¢

Word distribution (June 2, 2008)

Topic 1 Topic 2

Nikkel 0.109 Yen 0.208
Average 0.107 Present 0.069
Continued rise 0.043 Weekend 0.053
TSE 0.038 Temporary 0.040
Center 0.037 Higher quotation 0.038
Mutual fund 0.035 Feasible 0.036
Domestic 0.032 Session 0.034
Tokyo 0.032 Rebound 0.033
Opening 0.031 Late 0.030
Major 0.027 Holidays 0.024

* We consider 20 topics in all.
* Word distribution in Topic 1 and Topic 2
* Only top 10 words are shown



Data

* High frequent data of stock index (TOPIX)
* January 7th 2008 — December 28t 2012, T = 1223

* Generate 1 min return and calculate daily realized
volatility (RV;) and realized quarticity (RQ¢)

* News data taken from Reuter Japan’s web site
* Language = Japanese

» 298,205 documents, 24,227 non-overlapping words
excluding stop words

Forecasting models

* Heterogeneous Autoregressive (HAR) model
v'Baseline model, Corsi (2009)

* HARQ model, adding realized quarticity (RQ;_) in
the coefficient of RV;_4
v'Bollerslev, Patton and Quaedvleig (2016)

* HAR + topic score (HAR-SC)

 HARQ + topic score (HARQ-SC)
* In our paper, we did AR vs. AR-SC and ARQ vs. ARQ-SC
comparison which will be omitted here.



HAR vs. HAR-5C

* HAR-SC model is defined by
RV: = Bo + B1RVi_1 + B2RVi_q)t—5
+ B3RVi_1t—22 T )/SCt 1+ U
1
s 2i=i fVe—i
* Omitting ySC;_ reduces to HAR model

where RVi_jjt—n =

HARQ vs. HARQ-SC

* HARQ-SC model is defined by

RV, = Bo + (B1+B10RQ 2RV,

+ B2RVi_qjt—5 + B3RVi_1jt—22
~+ ySCt—l ~+ Ut

1
1] =i RVi

* Omitting ySC;_4 reduces to HARQ model

where RVi_jjt—n =



Out-of-sample forecast losses

HAR 'HARQ 'HAR-SC HARQ-SC
MSE (RW) 1.000 0.5562 0.9658 0.5369 ¢-(aD
MSE (IW) 1.000 0.8408 0.9678 0.8175 scD
QLIKE (RW) 1.000 [1.3781 0.9891 1.3439 sc®
QLIKE (Iw) 1.000 [1.1529 0.9883 1.1292 |sc(®

MSE: L(RV,, X,) = (RV, — X,)?

QUIKE: L(RV,, X,) = RX—‘f —log (RX—‘f) 1

IW: increasing window in regression
RW: rolling regression with window size 400 days

Discussion

* SC;_4 is estimated based on information up
tot — 1. So no cheat.

* We need some preliminary analysis to search
promising SCY).

* Forecasting performance depends on the
choice of error function as well as the choice
of regression window.



HAR-HARSC: another complication

* HAR-HARSC model is defined by
RVy = Bo + B1RVi_1 + B2RVi_1)t—5
+ B3RVi_qjt—22 + V15Ci1
+ V25Ct_1jt—5 + V3SCt 1)t—22 T Ut

1
=j5C
h+1—j t—1

where SCt_jit—p =

HARQ-HARQSC: yet another
complication

* HARQ-HARQSC model is defined by

2
RV, = Bo + (B1+B1RQ DRV,
+ B2RVi_1)t—5 + B3RVi_1)t—22
+ ¥1S5Ct—1 + V25Ct_1)t-5
+ V35Ci_1)t—22 + Ut
1
h+1—j

where SC;_jjt—p = =i 5Ct—
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