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Input to another layer above
(image with 8 channels)

Number of output

X\ channels = 8

% e 5 55
E' & 0 Number

w \ * \ of maps = 8 . .
S| W DER-.18 BTV 3 & O DOFRFEP I 25 v] RE
A o & \ Number of input
A\ channels = 3
>

Image Size = 200
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http://static.googleusercontent.com/media/research.google.com/ja/
archive/unsupervised_icml2012.pdf 5




ZEJE 73 (deep learning)
Deep LearningiZ &k % & O RY 7 — 4 75 B $-) (Alpacatt)
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ZEJE %234 (deep learning)
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Framework of text mining in financial markets

Feature selection

Textual input

Machine learning
Input

Economic news;
blog; twitter.

Word A-Word® _Explaining variables:

Feature vectors

Japan's economic

growth has been
% W sluggish due to

i iy the effects of ...

Analysis of relationship between
textual information and price data.

yt+At f (XI t)

bloomberg.co.jp

Market data Forecast

(A) Support Vector Machine (SVM).
(B) Regression Algorithms.
(C) Naive Bayes.
(D) Decision Rules or Trees, etc.

orecast variables:
Trend; volatility

yt+At
<{Up, Side-away, Down}
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R. Schumaker, H. Chen, Computer, vol. 43, no. 1, pp. 51-56, 2010

2005 10H26H ~ 11 A28 H(GERM])
- S&P500D#E 4R
- HEX5IEFRI(10:30am-3:40pm)ND =21 — X IZPEE 2809iC

o . B
Binary Representation e .

Microsoft o ; i | Stock Quote Analysis

paper trail 0 ' 1 | Price at Article Release:

fourth quarter 1 : 1| $15.85

NYSE 0 B o Proper Nouns ; » DB 4 ™ +20min Actual Pnce:

profit 1 ' | $15.59

Eeuters 0 . . i -

Schwab 1 Textual Analysis ; ; Stock Quotation

AR COBRERRDLT | oskoBNEEORE

Model Building

FIR—FRYA—EiR SVR

Machine Learning Algorithm (MLA)

o [smmown | HERBARESATHS
Iror Analysis + ;1;52{ +20min Price zoﬁj\fﬁo)&mﬁ@%iﬂuﬁg
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R. Schumaker, H. Chen, Computer, vol. 43, no. 1, pp. 51-56, 2010

HHT A b

20054E10H26H ~ 11 H 28 H (53HR))
- S&P500DHE ks8R
- 20Tl 1%SL OB PR I iz 5t
- 77y REOWBIFEREERY ¥ —2 )DL

Epiloko 757> Koo !
I H6tk kD L UFpkiE

Return
ProFunds Ultra Japan Inv (UJPIX) 24.73%
ProFunds Ultra Japan Sve (UJPSX) 24, 59%)
American Century Global Gold Adv (ACGGX) 12.96%
American Century Global Gold Inv (BGEIX) 12.93%
AZFinText 8.50%)] |
Quantitative Advisors Emerging Markets Instl (QEMAX) 8.16%
Quantitative Advisors Emerging Markets Shs (QFFOX) 8.15%
S&P 500 Index 5.62%]
Lord Abbett Small-Cap Value Y (LRSYX) 5.22%
Lord Abbeit Small-Cap Value A (LRSCX) 6.19%
Quantitative Advisors Foreign Value Instl (QFVIX) 4. 99%,
Quantitative Advisors Foreign Value Shs (QFVOX) 4 96%,

Table 1. Simulated Trading results of the Top 10 Quants

S&P50084 D
77 v R TEIAL

Return
[[AZFinText 8.50%
Vanguard Growth & Income (VQNPX) B.44%
BlackRock Investment Trust Portfolio Inv A (CEIAX) 5.48%
RiverSource Disciplined Equity Fund (ALEIX) 4 69%

Table 2. Simulated Trading results of S&P 500 quants
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J. Bollen;H. Mao;X.-J. Zeng. Journal of Computational Science 2 (1), 1-8, 2011

200842 H28H ~11H28H ? 9,853,498 tweets (#J1F )
- —=YR2THS
— 3.2)5tweets/1H

ODIFPREEZBHS L T StweetsiZ ) 253 #i

—  “ifeel”,”i am feeling”, “i’m feeling”, “i dont feel”, “I’m”, “I am”, “makes

me” Z&¢e
Google-Profile of Mood States (GPOMS)$&%k(H ¥R) ZHliH
— R 7a7 4 — I BRAEPOMS)@.LFIE D6 R EENRN— R

(RIS TARRERZS ) THRFEZR] TIRAXFVY XV o
B | FOT2RELOE R A

o PR, Bl MR, MR EBE. 6
— POMSODOT72RBUTBIE S 596455 DFEE LD v F
« Go0gle(2006)D4,5-gramItid 55 (254 55) 2 6

[R= 7R
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57 BRI (DJIA) & DO PR

J. Bollen;H. Mao;X.-J. Zeng. Journal of Computational Science 2 (1), 1-8, 2011
ok
.+ GPOMS#5%c LDJINA & DGranger
JRL Ry TS TH R WE IR EE =E
Lag OF Calm Alert Sure Vital Kind Happy
d: 0.085° 0272 0.952 0.648 0.120 0.848 0.388
— 20084FE2H28H ~11H3H  2aas | o268 [0OTZ™] 0953 osi1 039 0991 07061
e 3 days | 0436 0.022%* (L9581 0349 0418 0,991 0,723
— N 4 days | 0218 0.030** 0,998 0415 0475 0989 0.750
WZ%J 7"))2 9 El &@DJNA 5 dg: 0.300 0036"* | 0989 0.544 cl.sgs 0.996 0.173
3 6 days | 0.446 0.065* 0996 0691 0.682 0994 0.081"
& 0)%1‘4‘:75)& o 7“: 7 ::1:;: 0.620 0.151?} 0.993 0.381 G.?IS 0.999  0.150
(p-value < 0.05: 5%, p-value < 0.1: %)

« Self-organizing Fuzzy Neural

Network(SOFNNIT & % FHIETIL,

- Al 200842 H28H~11H28H
T A b 20084E12H1H~19H

— FFmtko I 86.7%
- DJIAZZF T3 73.3%

JIA
DJIA_,
DJIA_,

AR

TR,
N
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Japan's economic
growth has been

h W sluggish due to
S — I¥ the effects of ...

e Sirasarm r— T B

I

bloomberg.co.jp

Dictionary

D F1k%: Bag-of-words

(Keyword lists)

%ﬁﬁmmﬁﬁﬁ
Japan's economic growth Japan 23
has been sluggish due to » Economic 18
the effects of ... Growth 9
Sluggish 3
Effects 12

HiZEMIOBREIZ E 5995 ?
f5)) Japan, US, America, ...
grow, rise, drop, ...




Word2veclZ Kk % BHiED 7 uid

Textual input Feature selection

Economic news;
blog; twitter.

Explaining variables:
Feature vectors

bloomberg.co.jp

HEED i 28

—0.232 0.0432 —1.054
—1.054 —0.104 0.109
0.158 0.458 0.389
- -1 o ] = |
0.403 —0.0034 —0.232
0.389 0.109 0.403
—0.063 —0.713 —0.713

R 0.5 HUBLE 0.4

REE 0.1
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Word2veciZ X % HGED 7 it Z
Lipe Japwth has been sluggish due to the effects of ... "Bconomic] &

A e > BEEONIHICIS

—

(0s) BiEH % i)
et
sluggish due to
the effects of ...
—  [growth | {.ﬂ@’lmmu
FEA FF—HFIC THEAMT—FIT
B3 % A i3k 3 % A HiGE
RS (B ko) (BE ko)
_ R et | ()
TX¥AMT—%
—0.232 0.0432 —1.054
—1.054 —0.104 0.109
0.158 0.458 0.389
[gapen ] = | Economid = 5 gowtn | = |
0.403 —0.0034 —0.232
0.389 0.109 0.403
—0.063 —0.713 —0.713

JALUE 0.5 JRLLEE 0.4

MLE 0.1
TX A MTF—=FONT, FitkITHR 5 HEEDLLTO S HEER IZHE S &
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Word2veclZ X % HigED 7 i FE D4

Textual data (QOAERZD DOREF = 2 — A IE

Kal

e financial news from 2003 to 2013

o 24.5GB

Vector representation: 200 dim.

VYA - b3y + HjE =7
(L3216 [hAF] LS EEZRNT
THE] EVWHOERZR LICHGEZ -5 TR L

NEAL HAEE

£ 4=T4
RAV

. hae—S

. XTIV
A Ry 3

JRIDLEE
0.572
0.514
0.511
0.500
0.497

EnHrEms. EnbLtt s
LHZTHRLTY,

a a2 —~¥HBHEIZ

HEER]OBREZ22E 35
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Word2veclZ X % HigED 7 i FE D4

o mRlfabk+bHLh

1 5F 0.440
2 N7 )VinbE 0.436
3 BBH 0.428
4 a4+ ”7 0.411
5571 0.407

o smRbfEkE + B

1 B 0.476
2 ilmie  0.469
3 JHY 0.440
4 N—)l 0.432
S VAT IV IZYART 0.432

R F + BRM

1 ¥/ 0.593

Q1 = Qo Do

1
2

V-

ra%

1)
i

£ 7V + W

et iE  0.535
PRI 0.481

0.550
0.549
0.483
0.459

3 MBeH  0.475

4 %ﬁﬂikﬁa@ 0.469

5

HAH %

0.458

i

26



&i@@ot% 77— Ko< yF o7k ANTH

xLH 2

BEDSE

A — N+BERZT—4 OHLY
N—F R PRI ARITIEE TR WD

« LI L. WD « JUIREYHR DEIZERE L

ok

o Rl HEEREIDOBAGRTE

bt (word2veclZ X B HGED )RR T, &ph

R TOBRGEDOREZRZ BEIMNIZHZE TZ S5 L
AW A4

27



&S th 35 TOAIFE A O i F B

AEHOF —T7 — R
OO
1

1
Lyl AT FAYIHALR, YRFIVIY R
)

z3ab—3v | AxdigyIal—vay




ANTHRBIZ KA1 7 )03V X LD

- NLiEEYy—NZH#RE 7/ L2585
- SRERTRBRETOT R M iz 5.

AN Lihgd— .
- Pl
MR AE A 1 = A :>
P
FIX7va haj
(A —F—. WEE® \
/ \
T S N
10 [ (|
= _ il = Pl
VA VA N VA VE A 4 VA= VA N
~ s

\-——’

BIR ER R, AUGRE GHRRFE [GHR btk W35, AN, 2012.



w o=

© ~N o O A
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STEFED T ILOY R L x JFEFED /NS A—4

I—J)LTUYAR: REMNFORE

HLBand: BE D& EE(EGRIE D ERH

MACD (Moving Average Convergence / Divergence): £iE
LU RDEEZTDRBENITFHD LLE

Envelope: (BT £P%ED LLE

Psychological line: ELBREMETHHDLEE

RSI (Relative Strength Index): {E LTS &{E TIRD L3R

Bayesian: EDEEE/N\2—2 DR

THOZAILSFHEEE: RSIEBETIDES
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BEF— BNy 772 | A L5t & % ol
§ (105447)
20054 !
1 GoldenCrossLong 12.92
2| BaysianWide 6.35 JRa—
3| HLBandShort 3.78 | (L0RTDOEHE)
: i A0 — -
=
20| PsychologicalLine -1.15 35
21| RSINarrow -1.26 o0l
22| RSIWide -1.64 i
! L . BayesianNarrow
23| RSI -4.40] i R A—> ‘Bay%man . m
24| Envelope -4.48 oelemtldle PLWide P GoldenCrossLong
i 2.0 - Technic.aIKunE -
N0R% i 1.5 GoldenCross i m RSIWide
3| Envelope 12.61 E 0.5 _1E_§| S—— .MACDSE?rt.TT-IT-g:LZaIKunShort -
: | )R | RSINarr U2 GloldeTCrossShort ,E,UIZO \
19| HLBandLong -0.07 M OE 1.0 | Envelope a b
20| PsychologicalLineNarrow -0.79 05F pL" PLNarrow h
GoldenCrossLong : JRY
22| MACDLong 123 | o mRLC e (FISDIEERE)
23| HLBandShort 2.02 | BUs— m WACD
24{ GoldenCrossShort -5.64

B ER W, %‘(&E%FJZ sthplE TRHR &) W3, SilEE, 2012.
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is not small

Tick Size i

%o
Trading share of Market A for various /PA

Tick-size of market B (APB) is fixed at 0.01% of Pf.
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trading volume share faster

Market A is taken
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BRI R BEORBL(10086H 5 F =—Y = bWy I2L—Yay)

» Dow Jones plunged about 1,000 points (about 9%) only to recover those losses within minutes.

e CFTC-SEC report says

» ...HFTs and other traders drove the price of the E-Mini S&P 500 down approximately 3%...

e ...During this same time cross-market arbitrageurs who did buy the E-Mini S&P 500 simultaneously sold
equivalent amounts in the equities markets, driving the price of SPY also down approximately 3%

*U.S. Commaodity Futures Trading Commission and U.S. Securities & Exchange Commission
Picture source: http://money.cnn.com/2010/10/01/markets/SEC_CFTC_flash_crash/index.htm

Dow Jones Industrial Average

index

Asset 2 $

Down DOW 9,869.62
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ETF Arbitrage May Be Driving Market Volatility

By Caitlyn Grudzinski | 08/02/12 - 10:47 AM EDT

NEW YORK ( TheSireet) - Since their creation in 1993, ETFs have opened up a new channel of arbitrage for market participants and

Arbitrage is a style of trading, which can profit from a market imbalance,
a price difference among similar assets.

Index-futures / Index =
ETF (exchange-traded fund) Average stock price

@ - |

Underlying stocks/ |
Average Spots

Sell :

® =

e 4 ]

simply be due to macro events tﬁat gf?ect the whole market.r
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Arbitrage promotes spreading of shocks

The price of Asset 2 | decrease
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Arbitrage promotes spreading of shocks

The price of Asset 2 | increase
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Effects from trading styles of other assets

<<\
™
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Mechanism of shock transfer
Speading of shocks by arbitrage

« The stronger fundamentalism at Asset 1, AFI > AF1
« (a) When the fundamental price of Asset 1 & [ dropped,
« Local traders at Asset 1 place se// orders to follow it

« (b) Asset 1 becomes comparatively cheaper, pl > INDEX,
o Arbitrageurs sel/ Asset I and buy Asset 1 & 2

(?‘) (b) The price of Asset 2

7
S
Q@
Asset 1 C
Asset 2 Q B
Asset I -
INDEX o
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VaR Shock of JGB market in 2003

Crash of 10-year JGB price (VaR Shock) JGB 10 years

e Many banks started VVaR based risk
management in 2003

« Banks w/VaR based risk management
might sell risky assets when the
market prices’ fluctuations are high.

* They simultaneously started selling

Japanese Government Bonds (JGBSs).
Jan. Aug.

2003

Dec.
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Experiment O : The effect of VaR-based Risk
Management in a single-asset market

Price change
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-200
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T : time (step)

/ T : time (step)

Single-asset market is destabilized by the introduction of VaR-based
Risk management.



Experiment 1 : The effect of the proportion of VaR
traders on a G-asset market (G=1,2, 3, 4)

50000
45000 r : the proportion
40000 of VaR traders
< mr= 0%
35000 I mr= 1 %
I/
30000 ! WMr= 5%
Total number of ! r=10 %
- /1
spikes among 20 22999 / ‘ Wr=20 g
simulation runs 20000 ) . 2 -
1 / /
15000 ! ) ’ /
1 ; /I /
10000 L / / /;
;B ! ’ /
5000 Sk z A ’
P /
0 i B2 " E A .
1 2 3 4

G : the number of stocks

The multiple-asset market is destabilized along with the increase of
the proportion of VaR traders.
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