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1.1 EETREER

JR4ERAE : Can we use the content of news analytics to predict stock price performance?
The ubiquity of data today enables investors at any scale to make better investment decisions. The
challenge is ingesting and interpreting the data to determine which data is useful, finding the
signal in this sea of information. Two Sigma is passionate about this challenge and is excited to
share it with the Kaggle community.

As a scientifically driven investment manager, Two Sigma has been applying technology and
data science to financial forecasts for over 17 years. Their pioneering advances in big data, Al, and
machine learning have pushed the investment industry forward. Now, they're eager to engage with
Kagglers in this continuing pursuit of innovation.

By analyzing news data to predict stock prices, Kagglers have a unique opportunity to
advance the state of research in understanding the predictive power of the news. This power, if
harnessed, could help predict financial outcomes and generate significant economic impact all
over the world.

Data for this competition comes from the following sources:
® Market data provided by Intrinio.
® News data provided by Thomson Reuters. Copyright ©, Thomson Reuters, 2017.
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3 reconnect [ ] L,

LGBMClassifier(boosting_type='dart', class_weight=None, colsample_bytree=1.0,
importance_type='split', learning_rate=08.1, max_depth=-1,
min_child_samples=212, min_child_weight=0.001, min_split_gain=0.0,
n_estimators=500, n_jobs=4, num_leaves=2452, objective='binary',
random_state=100, reg_alpha=0.8, reg_lambda=0.81, silent=True,
subsample=1.0, subsample_for_bin=200080, subsample_freq=8)

[Reconnecting]

Your kernel is now running in the cloud. Here are some things you can do with it:
* Use the Play button or [SHIFT]+[ENTER] to execute the current line of your script (or whatever's highlighted).
* Enter some code at the bottom of this Console tab and press [ENTER].

[Reconnecting]
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companyCount versus time
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relevance versus time
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volumeCounts24H versus time

100

75

volumeCounts24H

25 1 |
2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
Time

Pl 2.10 BEANBE =110 24 /N e B BB I R) AR 4L 6 R
R DL SRR, £ 2011 SR, ARpE B2 [R5 1 300 H 1K) 24 /NI STk A
ANBEPE 0 24 /N E R 2, DT I R S e R R
(5) FEIRI 18] 73 A7 7 B

Delay time distribution

7000000
6000000
5000000

£ 2000000

3

8
3000000
2000000

1000000

0 T T
0.0 0.5 10 15 20

Logo(Time delay in minutes +1)

Bl 2,11 SEIR I [] 73 Afi B I ()22 1056 3
LA SRR R0, AR I 18] A (RIS 1) DR o3 AR AR, 1 BT T e R JB S T
M BA EBE.

delay versus time

g8 & 8

[
o

Delay (minutes)

—
o

o

2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
Time

Bl 2,12 SEIR I (A BB N ()22 0 6 R R
M BRIk, AR N TR] BE I R AR A 5B B AR A& 5, 1t BT [ A A 25k
SRR o



(EZEH

CHEAE EATE) 55 LL BR

(6) HriEfE gt oA

Top 10 news provider
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Sentiment words count distribution
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XK LR, AT EIN—ME RS EEEE Y, e[-11, RN
SRR RNEGERMIERR, WA EREEEME BT 1.0, mFRINAK
SR GBI, AT RLy HAR 8 — AN BOR B 41 B BEAE (BEE-1.00 IR AN E
WA DR H AR e e 0B . T VPAk i (R B A BB — R, FRATTTH 5L

X = Z AN

Hepr TR G5« KRR G s R, U, 2 0/1 iR A, B

HilHE € T e S A ER E HIHMPE . A5, 1R E0HEON T IE R DL

H X A8 AIbRHEZ :

Score =

o(x)

3 HEZMERE

3.1 Market #IEFALIE

RS, BAVSBINEBIE AR ORE . EREES, AT
EHAT B TRAC B o B TUAL B SOA e ROURAE T8 B AN [F) AR 55 A B £
JEVERASFEITT AN . B AL B I Ry BB R e ERAE. &
PEgwid . BHEbrAEIL N FRIEILEE . TR .

Market train shape: (4872956, 16)

P 3.1 Market %45 K/
FEIRATH) Market (Tii37p) Bdladerd, —3LF 400 £ 550003, BFILRA 16
ANEME CRFE), AT B 4748 & /& returnsOpenNextMktres10 (AR 10 K
5 AR B0
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assetCode

assetName S5 =Bt e BIETR o f C)

universe

time 1D

S
e
R
retumsCosepreans |
retumsopenpreveant
hetumsCiosepredttoress | |
retumsOpenPrewirest |
hretumsCiosepreviants | ¢
retumsOpenPrevianto
eumsCosepretirests | ) 7L
nar

returnsOpenPrevMktres10

o |RRIOKR, W R3S . TiFHEIEES
returnsOpenNextMktres10 [H #7311 Atk returnsOpenNextMkires

F 3.2 Market £ a4 JE A48
[FINERT S EAR R, fAAEWMAERE, —FEaRiTE, —MEfENTE,
TERCHR TN 2 7, FRATT TR L0 S0 3 P Fh B0 3 AT A B R A

cat_cols = ['assetCode’]

num_cols = ['volume’, 'close’, ‘open’, 'returnsClosePrevRawl’, 'returnsOpenPrevRawl', 'returnsClosePrevMktres?1’
‘returnsOpenPrevMktres1', 'returnsClosePrevRaw1@', 'returnsOpenPrevRaw1@', 'returnsClosePrevMktres18’

‘returnsOpenPrevMktres18" ]
3.3 AN[FEHE R RE
3.1.1 SRLEEFAE

Giit % A& (variables) KEAT LA NHUE A& # (numrical) F153 2878 &
(categorical) o U {H A AR 72 AT LAY — 2831 (4L, X ESMEXT T ik, . K
A S ERAE A R W o 5 2R R T R AR R B = L.

GrRAR KA BT A N R R — K2 A P KA R (ordinaD: fik
HWERENGT, R LR BE R B AL, w DLBEI LR 2, S X
FREE: IREW. — M AER o H—RKRTFHIFLRE (nominal): HUEZ 8]
BT ZRN, U2, XA KRB ME KRR KRR IR
SEBAR RPN, B Lo, XA, B B, S RAR R RhRRRR
ok, HHAFAMAT . 20K BER—EHA LI, w85y
N A. B. AB. O.

FEFRATTIY Market %4t 1, 4328748 B 32 A assetCode (HE=ARAD), "B —
RINVFRFRARS, WTFEFR (BngAess: BACN. GEN. FN 445).,
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Top 15 asset code by volume |
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Trading volume lell

assetCode

3.4 WO R S
TGN S TTE— IRGIE B B R A . PRIk, JRATT 5 Zoxs Hdk AT
Giifitho T or RAUKE A, BATIE S 2 H AR RS, 002 one-

hot encoding 1 label-encoding.

There are 37808 unique asset code

K] 3.5 Market 3 o A 7] 55 A £

H AR one-hot encoding Hi b AL s MR TR T 3 S A8 AN I b 31 53 R KR 1) 1) AL
R R PR T RAHEER . EE R 0 1, ARFEMSEEAF L
e B0 (2GR A M BORIR Z 0, FRE B SRR K, B 5 it B %
Mo FHSEM, AT AssetCode —IA 3700+ AR KA, KH one-hot
encoding i IKITE, AEEEMGE ALK, RN N 1 5IT4.

PRIk, FATTESE T label-encoding I4ifi5% 75 30 . BA TR LA H H i LR,
PR B2 = ARG A B A EE oS, B & — N SRIX IR, JEAN TR E AR
fifEREME o BT DA label-encoding 2t i i RE P 22 Bk s, 6 T FRAT T OB HEANAELE
3.1.2 HERTEMLE

HUE AR B T LA AR B AR B (discrete ) AT 42745 B (continuous ).
BHUNAR R (discrete): [E A BEH] B ARB R BUR AL THAR, AU 2 (AT Es, e
RPN HUE 2 (B AN FE A HARKUE, 3 b AR & i) U — RO o B0 e . i 4R
RAR & (continuous): 1E— & X [ A AT ME R HUE, HHUE R ELL AW, A0
P EAE T AETC IR 381, BDRTHCERRAN B0 . dn By e, 28 7K.
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BUE AR S (VAR B i A AR . SORAE A LIRSS

(—) REEGN. LHETH

e KR AT, FAVR IS BB ER O A ek Bk PR, (B SCAT 15 W pL
il MRAEZHLE], Or AR T 1 SETThIBER B 5 A 5 2k (ETR){E 5 208
Pk 2 sGIE 30%, REEHE A o AR T 1 SROTIESRAE 5 0%k N RIA
P EGEE 50%, HHEEZ S .

PR F IR WL, A E ST (close) FIFFHEAN (open) HIZE{EARE
HE£50%, BN REAE, FEEREIT 50%0) 57 il

In 16 lines price decreases by 50% or more in a day
K 3.6 i RS
(2 sRARERN . AFETTTH:
Hoe, JANGt TN RN EIEN, W B FTR.

time

assetCode

assetName

volume

close

open
returnsClosePrevRawl

0o O 0 ©O 0 O ®©@ @

returnsOpenPrevRawl
returnsClosePrevMktresi
returnsOpenPrevMktres1
returnsClosePrevRaw1@
returnsOpenPrevRaw18
returnsClosePrevMktres10 93e10
returnsOpenPrevMktres1@ 93854
returnsOpenNextMktres1@ 2]
universe 8
dtype: int64

K 3.7 SRRERIEST
SRR LA T 37 R I AT b, BRI SRR R B (raw return) 3750}
AT HIBRRAR -
(=) TrEERAE (ERPMEM TG ZBAT SO
AR bR : 29 BN RFAL AR AR BRI AT 22 K B AN M s B IR 25 0 AT I
PRAEACR I RO 7 o SLPriRAEr, 2% ARSFHERAR M AR, BRREA
FROEEIME, R SO ARHE 2, ATl 3 sSe B ik .
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7 vangia et G BALER) 57 T4 4R

N T G JE AR O FATHI TN &5 R A= s, AT 1 hritEdl
A R PTA JE B A R ME: 0, FRdEZE: 1 B SRTHERERL R
SICH R, ARTHE A FRIRE P

HARGIE AR T -

PIE A 7=—ZX

AR § =2 (4 %)
i=1

FRUEAL AN scaler = (X-X_mean)/X_std THE XA & PE/4AE 51 5 1) 3k
1To ARIXALPEH, KH sklearn.preprocessing.StandardScaler X HH B Hm 34T
FrUEAALEE .

3.2 MEEH

AR T, BT AL A 7E Kaggle - & _E2w'S & 3R GPU THEA,
B GPU THE R IA RIIEIRAL . T, RS 2 A A
T UL LS, 7 E G — LR T R R A I AR R R BEAT T 40 T B s

Gegorical \
inputs

Input layer Embedding Flatten Dense layer

Concatenate Dense layer Dense layer
Numerical
inputs

Input layer Dense layer Dense layer
BatchNormalization

3.8 FHIZR I L AR R HE L
AR N 28I T Keras FEMATHE » FIANF o HNE 4L, 43 R4k
A EMPUAIA . TR E, RITE%REE — Embedding (FRAZ),
W IR AR B [ e K/ N R &, n[[4],[20]]->([0.25,0.11,[0.6,-0.2]]; &5
Flatten J= FHRCKH N < H~F, H8 2 4E )% N\ —4E1L, Flatten /520 batch K/,
Wki[1,2,3,4,5,6,7,8,9,1011 %54k N[ 1,2,3,4,5,6,7,8,9,10]; 5 )5 ¥ Flatten /= F) % Hi4%

output
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NF—A~ 64 difar 1 e = 2
T EUE AR &, K Tk G, Je4id BatchNormalization /2, 7E4F4 batch
T Z A [ E R, A5 AR A T 0, HobrdEERR
FPKf BatchNormalization 2 % H — KA NS —A 128 4k, 64 4%t 41
R4
Concatenate Jz F T4 70 RAEUE AURAE AT ER G, 1B g (128 4),
i 64 YEATERE, RSN A AEREHREEAIN 1 451 output (T

model.summary

assetCode (InputLayer)

batch_normalization_2 (BatchNor

dense_8[@8][8]
dense_6[0@][0]

concatenate_2[8][0]

dense_9[8][0]

K 3.9 BRI SC R S B8R shape
EEITEN R EM A MR B, 7] DA IR 2 LB — 2 ) shape.

sigmoid

sigmoid: y = 1/(1 + e™%)
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relu: y = max(0, x)
3.10 sigmoid 5 relu ¥ MR %L
TER RO T, bR T o — Z 1k $E sigmoid, HARFZEBIEH relu fE V3R
ATTRA 0D B
ARSI, 158 Adam 7E RFRATHILALES o

model = Model(inputs = categorical_inputs + [numerical_inputs], outputs=out)

model.compile (]optimizer= ' adam'|, loss=binary_crossentropy

3.1 fRALER5 loss BRIEL
loss PR, RNERA I H Z %5 sigmoid 1E AR R %L, TEIIZRmP2E
2RI, JRATTE R R BE SRR BT w A be IR FETT A ek E (RIR
177 1% % MSE) 1ENFRATTIY loss BREL, K4 sigmoid BEITEST, 233 o'(2)
£ z BURFRIMER AR /D, IXREAEAS w A b SR AEH 18 (Bon * a * o'(2)iX
— I35 T 0). Binary_crossentropy (3 @AM BREOD, X w Ml b [ FHH%

H o'(z)X—I, BERFIEH 2 o(z)—y X—Tiszm, BISZiREZREm. bl
RZE R, BUEEHER, ZiRZE/NEE, BCE RS H S .

C= —%Z[yln a+(l-y)In(l-a)]

ac iZ( 2)-y)

ZHELLN T B s
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Total params: 56,671

Trainable params: 56,649

Non-trainable params: 22

3.12 SHEN

3.3 VLS TmNEE

Train on 3665668 samples, validate on 487296 samples
Epoch 1/3

Tsinghua University «%ﬂ ﬁ%{%‘ I%JL]\}E» ;ﬁﬁéﬂé%@*&%

3665660/3665660 [ 1 - 267s 73us/step - loss: 0.6826 - val_loss:

0.6831

Epoch 080681: val_loss improved from inf to 0.68306, saving model to model.hdf5
Epoch 2/3

36656608/3665660 [ ] - 266s 73us/step - loss: 0.6821 - val_loss:

0.6849

Epoch 08082: val_loss did not improve from 0.68306
Epoch 3/3

3665660/3665660 [ ] - 265s 72us/step - loss: 0.6816 - val_loss:

0.6823

Epoch 08063: val_loss improved from ©8.68386 to ©.68228, saving model to model.hdf5

K 3.13 It e

Market E#i ST MY 2 556, FATH 1710 FEEE S OREAE, JIgk=
H1, FEIS 3 > epoch, MNHKCL) 13 4p8f . FMISE R, BEASETTH, ARSI

BRI EAE B A AL

predicted confidence predicted confidence

10000 12000
w000 10000
8000

6000
6000
4000 4000
2000 2000

0+
-0.75 050 -025 0.00 0.25

-075 -050 -025 000 025 050 075 100

(a) FoiE£E (b) MiEE

K 3.14 SRS 5 BN E (S B A 1B

3.4 HBER

M AT, U HES: TOP 12%
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1 Entered Competition

Two Sigma: Using News to Predict Stock Movements 3 5120,9_(?9
Use news analytics to predict stock price performance 2490/2022
Featured

TWO SIGMA

3.15 E I 28 B4 15 1O
22 X 23 AT R AT S4B B A FH IR A2, A Market $C0E EAT TR0, ]
TIEH, A T4 R AR A RORA KB . BTbL, LIRS, FRATRA
lightGBM £ 74

4 Boosting J73%5-LightGBM =&

4.1 Market BIRISIET T2

B R AE LR S TR0 BT 55 w0 28 X 23 A5 Y (¥ BT 3 AR R 4y — 30 BR
RAHL, T8 IR AR AR A B T, T 5 SR e s el Ok, N J=) T
RFE, RN T 25 SRR s 1

JR G HRAE -

2 & 306 UF FE B % A ‘returnsOpenNextMktres10's  'universe'iX i/ TURFE,
HEAE Market JRAGRFAESERE b, REX P IURFAE R . BARRFIE DT -

['time', 'assetCode', 'assetName', 'volume', 'close’, 'open’,

'returnsClosePrevRaw1’, 'returnsOpenPrevRaw1’,
'returnsClosePrevMktres1', 'returnsOpenPrevMktres1',
'returnsClosePrevRaw10', returnsOpenPrevRaw10',
'returnsClosePrevMktres10', 'returnsOpenPrevMktres10']

IR -

1T A A B 4G Market FFAEREAT F, 2 3 SO0 45 R BB R R, HIIX
EEVIIWNG €70 i1 S 1O A NS U 354l i

XH, Hl'returnsClosePrevMktres10's 'returnsClosePrevRaw10'. 'open's 'close

VUANFRIE 43 AT 5 R 10 K. 15 K 20 K% (mean). % KfE (max). ¢
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/ME(min) T, /EY Market 20405 (0 Jm 3R AE . BARRRELN T

['returnsClosePrevMktres10_lag_5_mean’,
‘returnsClosePrevMktres10_lag_5_max’,
‘returnsClosePrevMktres10_lag_5_min’,
‘returnsClosePrevMktres10_lag_10_mean’,
‘returnsClosePrevMktres10_lag_10_max’,
‘returnsClosePrevMktres10_lag_10_min’,
'returnsClosePrevMktres10_lag_15_mean’,
‘returnsClosePrevMktres10_lag_15_max/,
‘returnsClosePrevMktres10_lag_15_min’,
'returnsClosePrevMktres10_lag_20_mean’,
‘returnsClosePrevMktres10_lag_20_max’,
‘returnsClosePrevMktres10_lag_20_min’,
‘returnsClosePrevRaw10_lag_5_mean’, 'returnsClosePrevRaw10_lag_5_max’,
‘returnsClosePrevRaw10_lag_5_min', 'returnsClosePrevRaw10_lag_10_mean’,
‘returnsClosePrevRaw10_lag_10_max', 'returnsClosePrevRaw10_lag_10_min’,
‘returnsClosePrevRaw10_lag_15_mean’, 'returnsClosePrevRaw10_lag_15_max/,
‘returnsClosePrevRaw10_lag_15_min’, returnsClosePrevRaw10_lag_20_mean’,
‘returnsClosePrevRaw10_lag_20_max', 'returnsClosePrevRaw10_lag_20_min’,
‘open_lag_b_mean’, 'open_lag_5_max’, 'open_lag_5_min’,
‘open_lag_10_mean’, 'open_lag_10_max’, ‘open_lag_10_min’,
‘open_lag_15_mean’, 'open_lag_15_max’, ‘open_lag_15_min’,
‘open_lag_20_mean’, 'open_lag_20_max', ‘open_lag_20_min’,
‘close_lag_5_mean’, 'close_lag_5_max’, 'close_lag_5_min’,
‘close_lag_10_mean’, 'close_lag_10_max’, ‘close_lag_10_min’,
‘close_lag_15_mean’, 'close_lag_15_max’, ‘close_lag_15_min’,
‘close_lag_20_mean’, ‘close_lag_20_max', ‘close_lag_20_min']

M 4.1 FE 4.2 ATLATE A, Market 20 J5) SRR T F000 25 R 1) 5
M o

predicted confidence

B Predicted confidence

8000
True market return

7000

6000

5000

4000

3000

2000

1000

] T T 4 o T T
-1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 100

Bl 4.1 RSN Market 405 J5) A0 R FI0 45 21

21



(EZEH

Tsinghua University <<%EI|:l 'f%‘ &ﬂ» %ﬁéﬂé TE\%

predicted confidence

6000 1 B Frediciton

True data
5000

4000 1

3000 1

2000 4

1000 4

0 T T T
-1.00 —0.75 —0.50 —0.25 0.00 0.25 0.50 0.75 100

Kl 4.2 AN Market £ic4 = SARFAE 5 1 FI000 45 R

4.2 News H#Ei1%EEL

H T LightGBM FERL & T3 T AR A, BE 8 1R 47 b J2 B HE AR E 5 v SR b 2
Wi, FESEHTA22, FATE I Feature Importance FEHL Al T 4FAE B B

Features importance

assetCodeT
returnsOpenPrevMktresl
returnsClosePravMktresl
returnsClosePrevRawl
volume
returnsOpenPrevRawl0
dose_to_open
returnsClosePrevRawl0
returnsClosePrevMktres10
returnsOpenPrevMktres10
returnsOpenPrevRawl
open

dose

sentimentNeutral

sourceTimestamp

50 100 150 200
Feature importance

Kl 4.3 REAE S EPEVRAG
AT UL H, 7 0 AT sentiment %o 45 AT — & BRI . T LA, AT News
Ked e BY sentimentNegative. sentimentNeutral. sentimentPositive = AMEFEAE Ny
FEARRFAE o RFAE S 1 % 58T R B 7 B 1 S b v, 7 — e FEE B2 R —
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P [A] e 3 -

AR 2 P AR R PR T IR, 2008 R fEHL, B 2009 i P HHEEE AR E
AL T I B AT e ity 234 1 2010 4 1 A 1 H 2S5 HIEHE.

EREHIRE:

LA E ALy “object”, Hl“other”FE; 4HHE ALy int64” B “float64”,
PRI .

A&, VIR TI280E Sy B, SR pd.merge 7K BT K T 37 JR) #S S A1E
AT ALK R & o (AR, T3 B A [ B e AR — — X R A&,
M7 2 5% 2 IS SO K Z o e BT AR 20 A, FRATIAS HE Ty i oxt T il
AL PE SO SN B35 7 BZE 0. DR, 3 HELAE T 1 040 MR [ o0 it 5 e A e
AT AT S bl S REAT 3 P R AL JiE 5 3 37 1 98 20 A T I e o o ) el
A .

HARYE R A ARG a0 F .

market_train_df = pd.merge(market_train_df,new_df,how="1left"',on=["time’,
"assetCode']) # JRUA market HfE & Brids i market $id
market_train_df = pd.merge(market_train_df,news_train_df,how="left',on=
['time', 'assetName']) # market £#ifl& news £idE
Z R Ja SRR
['time’, "assetCode’, 'assetName', 'volume', 'close’, 'open’,
‘returnsClosePrevRawl’, 'returnsOpenPrevRawl’,
‘returnsClosePrevMktres1’, 'returnsOpenPrevMktres1’,
‘returnsClosePrevRaw10', 'returnsOpenPrevRaw10’,
‘returnsClosePrevMktres10’, 'returnsOpenPrevMktres10’,
‘returnsClosePrevMktres10_lag_5_mean’,
‘returnsClosePrevMktres10_lag_5_max’,
‘returnsClosePrevMktres10_lag_5_min’,
'returnsClosePrevMktres10_lag_10_mean’,
‘returnsClosePrevMktres10_lag_10_max’,
‘returnsClosePrevMktres10_lag_10_min’,
'returnsClosePrevMktres10_lag_15_mean’,

23
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‘returnsClosePrevMktres10_lag_15_max’,
‘returnsClosePrevMktres10_lag_15_min’,
‘returnsClosePrevMktres10_lag_20_mean’,
‘returnsClosePrevMktres10_lag_20_max’,
‘returnsClosePrevMktres10_lag_20_min’,
‘returnsClosePrevRaw10_lag_5_mean’, 'returnsClosePrevRaw10_lag_5_max’,
returnsClosePrevRaw10_lag_5_min', 'returnsClosePrevRaw10_lag_10_mean’,
‘returnsClosePrevRaw10_lag_10_max', 'returnsClosePrevRaw10_lag_10_min’,
returnsClosePrevRaw10_lag_15_mean’, 'returnsClosePrevRaw10_lag_15_max/,
‘returnsClosePrevRaw10_lag_15_min’, returnsClosePrevRaw10_lag_20_mean’,
‘returnsClosePrevRaw10_lag_20_max’, 'returnsClosePrevRaw10_lag_20_min’,
‘open_lag_5_mean’, 'open_lag_5_max’, 'open_lag_5_min’,
‘open_lag_10_mean’, 'open_lag_10_max’, ‘open_lag_10_min’,
‘open_lag_15_mean’, 'open_lag_15_max’, ‘open_lag_15_min’,
‘open_lag_20_mean’, 'open_lag_20_max', ‘open_lag_20_min’,
‘close_lag_5_mean’, 'close_lag_5_max’, 'close_lag_5_min’,
‘close_lag_10_mean’, ‘close_lag_10_max’, ‘close_lag_10_min’,
‘close_lag_15_mean’, 'close_lag_15_max’, ‘close_lag_15_min’,
‘close_lag_20_mean’, 'close_lag_20_max’, ‘close_lag_20_min’,
‘'sentimentNegative’. ‘sentimentNeutral’. ‘sentimentPositive’]

4.4 LightGBM =&Y

4.4.1 BEEN

LightGBM A AT T — MEEH) boosting HEHE, EAPRMIIIZRAE.
RANAEE R . S IR R SR . UK L 38 R AT DU AT AR RS 5 B, IR AAS
Al LM GPU i, LightGBM 4@ & ik E 3%

LightGBM 24 DL R4 5. T Histogram [ SR S0E . R PRI
Leaf-wise (M T4 K 5mg . Hrf, Histogram BLJ7 ISR A AR R . Jed0iE
2 [T SR B U B k A8, RIS AG & — AN SRR N k (R 1o 38 5 5 ae
I, AR B UL S A AR 2R S BT B BRG T, il — kR fS, B
HEEMT REMGIIE, KA E 7RSI, TR E
RHM i Level-wise H2d — B rT LAFI N 73 R F — R 0T, B 5 1T 2 24
TRl WIFEHIR R AT, ARG MAE . HEPR FAR 2 1) 5 2408 2 4
K, BT RMZE, 1M Level-wise SLyEANNIX 43 %3 45 [ — 2 ) -1,
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HRE(S BRI ) 5 T 4 R
AR TIRZ LI, SBOMEMCERCT . Leaf-wise N2 —ME N
RO BRI A, 3R B2 R KI— AT, REHR,
NLIEIR . [F] Level-wise AHEL, 7E7>ZERBUH TS LU T, Leaf-wise A LAR#AIGEE
LR, RBIHEIFRREE. RN, vl Leaf-wise H% A REK IR TR R
B, PEAES A, LightGBM 1E Leaf-wise 2 B3N T — AN RIRERR #1, 7EARIE
I RCR I I B 1R 04 . LightGMB RBEARUHE 2840 R 1A

LightGBM architecture

Leaf-wise growth

Loadnad o

4.4 LightGBM HE%E
4.4.2 SHIEE

FATFI A GridSearchCV fll RandomizedSearchCV J51:%&% 5 7 JLUIREILZSE,
RAEFE T W T ASE AINZ A Light GBM B8, 4% B J 1Y 25 SR H-F- 15

YE N % confidence 845 -

params_1 = {
'task’: 'train’,
'‘boosting_type': 'ghdt’,
‘objective’: 'binary’,
'learning_rate": 0.19000424246380565,
'num_leaves'": 2452,
'min_data_in_leaf": 212,
‘num_iteration": 239,
'max_bin": 202,
'verbose': 1

params_2 = {
'task’: 'train’,
'‘boosting_type": 'ghdt’,
‘objective’: 'binary’,
'learning_rate" 0.19016805202090095,

25
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'num_leaves': 2583,
'min_data_in_leaf': 213,
'num_iteration": 172,
‘max_bin": 220,
'verbose': 1

}
b, BORUIZRERES, X ASE N AR S R AL Y AR R RN

FIBCE R LK.

ALVE R, BATERAIMES B A5 object A5/ regression, i & T binary, Ef
AR AMES BN T R, SRR B, i T BATHT 10 i s 2l
THIET 0, Bl ZNEA, HE ONRIAES, SRS IEE %,

FITEL, FRATRAT 555 4 Binary, B4R 0 ENGIRIR, | AENIERHK, (AILLE
4+ returnsOpenNextMktres10 KT 0, it Y N 1; # returnsOpenNextMktres10 />
F 0,12 Y N 0. Light GBM ] LLf#i Ff predict_proba 15 H J& T B AN 25 AL,
TSR UERAS, BSEEI T I R ah R, RIZIRAT A TS 2 2

4.5 HERRAR

TERHIE TR T KRETAEfE, FATH LightGBM 7 12 AR H 7 MHK4E -
3%0.95, MR35 $) Leaderboard 17330 0.72210 (Top 2%)-

1 Active Competition

Two Sigma: Using News to Predict Stock Movements E 35/2198
Use news analytics to predict stock price performance . op 27
Featured news agencies, time se nance, money

TWO SIGMA

5 HIBAT L5 REMS

£l
* 5.1 BHILIHE
FBA R 52 iR TIIE
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(CERefE BALRE) 55 T 458 HR

. KE. I

FNAEAI(NN 2 boosting 77E) RHE
T, mERL5HZ

VrERE. THIE

T H SRR A s 2T EDA

I B G

BA S

ZIIRT 2019 1 A 8 HEW, REmTamky, HITVN “THU E5H
#E” 1t Leaderboard FHER A — & Ny, WA N: Topd%, HA 2800+ RN
fie =TT (G HLE ) AR/ T T A AURATT AR A [R) A A2 X

ANEEEE, BATHIHRA IS T AT

a7 - THUESEH

Your Best Entry 4

a- 0.72210 2

Your submission scored 0.72210, which is an improvement of your previous score of 0.70475. Great job! & SR

88 .23 Hao Wu

89 23 11444

90 23 The Beautiful and the Damned
91 -1 Johannes ComPro
92 18 Du4Al

93 25 Jayz

94 24 3 Idiots

95 23 Andres Hernandez
96 TK2018

97 24 Linchen Zhang

98 ~20 scutxiaohang

99 »25 John Wakefield
100 25 hoo
101 25 CODEKITTY
102 v25 Guang Yang
103 25 Smilence
104 349 xiong youcheng
105 26 Renjie Qian
106 549 Coreylevinson
107 65 1h23
108 27 icwangjimmy

109 -27 hirOfumi

112 ~210 Daytona DING

113 28 Blazers

. | 0.72194 110
k 0.72046 72
B 0.71993 63

%A 0.71983 83

P 0.71918 68
4 0.71914 44

n s I | 0.71804 50
2 0.71716 52
ﬂ.- 0.71701 122
8| 0.71699 36

4 0.71683 32

0.71671 124

2 | 0.71667 74

¢ 0.71613 18

tH 0.71561 58

B 0.71533 48

3 0.71522 41

o 0.71507 2

k3 0.71461 85

2 | 0.71458 90

2| 0.71434 65

S 0.71417 72

2 0.71384 7

D | n b | 0.71342 29
il 0.71283 54
19 0.71279 55

] 5.1 Leaderboard 15t
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FE B AT E el 7 T, FRAT T2 25 8 AR — A B4 & S Rb Uk RN TR L 3%
FELEFRR AR, T 0 5Kl R SR TS BRI A B, IR T 2707 LA
MR, I ESRRE  RAT DL R S5 4 BiiieqT, JF H e GPU I, iX
Hzn PATHIB R B R AL R PR Y 1 B v 5K

A BRI IR LB DL SRR R 22 2], AE N TR RE S B2 4m s, A — 41
AR A TS BUERIR 2 SR, R T ol fRAR G, iz @40 1
R BEX — AR Gb 1A% 5 2] (R ACD IR o BLTE 0 7= b S i AT RN S 88 2 2
Mg, PRty SE4F BRI B0, 10 R 3 Sk B 2 IR AE, SR MR
BATRR, RN TR AR EE R — R TS

WAL LEEE, BB T AT A R . s, IR 2 A5 RO AR
IR RARYEIE A B Ot TR . BRI, 724 )5 BORMIT AN AR 2o, ARt 5t
ARERL, IR DA ST RE, AR ECA I T B AT BRI &, R RAIN
A IHRE

B e, SRR P2 TN BRATRIAE T R A I BA S 5 I S0
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