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#EHR
20221 A 12 A | FEA®

BT Al ERRTHLT, REITLARRESKEHE

WA A IE 2017 SF AR E R & 12 B Al BT FRHAR, AP LR 4
AAFH, AP RRNGER, LA S, 4B ER, A/ 7N, L
EMEFFEM, AEFLOREG LSRN EASE, EARSEE ML A8
RIERG Al HR, REZRAFRATGEAZRE, ZEHHH,
RERRRMEAE R, AFFI, REE. BH/ERES T L, $E2EME
89 LARFI AR, do “Al BEA ol g 3T T G IAET AL, “hafTi| FARER Y ] F
RER?, “laff AL EESH, AFERNEL” F, XLEHRRLRERF
S8 F | WA R, KNEIHME A BFLELITLARRELYE,

REBHGEELET LS, XK PFXZRFAGMAR, REBHERRALE
WA A R M Al AT R E e aIR £ F 0 RTH . 2017 F Ak,
WM TH A ELR K S, KFH 2 Al AL FRAIR 2 A& T Kk b
1, EF Al RAESLETRESEARLNE S, 23WFSEL, BEMN
MBIV EINT KAFRLE = Bty deil, SHEES SRR AL E. &
FRALASEOHREER, BRFRABEIIINTF . TEHR, #k 2
ANFRET —FREL, RERFRTHLSMEAR, KMNEFAE T H
£, T RRTR K BF FAUAG BT 00 69 5] 20, A A1 64 B % VA B SR AR B iR o 77

BFARENEIH: BNEMAEERXEZREL, EE/NNSEREERE
B F AR AR A R Mk Al ALAF I s . HIST 4% A 5% 2 BAY 2 M %, HI%
ZH 1) ARBEFNEXELEZF2) ENEFORXLZBAER, TRA
NGERBRMBEFIER, RAEENNEHEAE, B3t “FTHAELA N
TAFM” P, REST 4 A A FAY 2 R %1240 F 40 713 8, B2k
FRFHEREZNGXZEE, BREFRHRALLG T EL. ZNF I X
HREREENNE, SRRABEAFFTEZIRENE. A2 HFLEETE
it 1) JEMESRE. 2) BH AR T XEBNRESF T &K, HANBLEE S
AEF ) 1) MEBREFRGXEZR2) TR BMEFHLETLXR,

RIeER, FER B, HBH¥R, R FFI AN L8

AR 2RISR kR S KB AR, 1 57 NS 4. DRM
Rk BRI B, 8 3R AY 2 R & A2 A R Z 0 A2
B BB AAY 2 MBI RILE R K R A2 A, TR R B HATEIKE F R &M
OPD #ARME I NER Ay BILF I HFEF L, BATH LR RHIPE
MG BEA T ZNETH L HAENZGOER, ADD #F 4% 5 — A #4835
BREK, FRIEETPOLTIKEZ L 5T R AR LMRE, ARERILS
W RBAEA, RAHEEANGERAFTNER LN, IGMTF FL L TEHAWE
M&ZEAR L AR 2B 49 % £13 8, BT % Ui gFpmal,

TR ARRESKEY: bEEME, $H454, GNN FATiEHK

Hid ik Al AR, BAMBEZITLAREREW S KALY: FE24EALT
Ad, RERTET®RE; MEXHKEFG XREIZE, KIE A KT,
AP G5 I F s, 22 A PR T 2 TR SREAE,
BEBEARFRALT; BAVEREFEE M TREELE S AR R =; @7
RBER, MEHRABAZTET ., Al ARSI A HIRh 252K,
FEHGRIZFZRATE, AINHBA R Z A2 8 R A 8 |AE T Ko

AIeRT: ATHARIEHET HABEAN D L84, THRELARKRTRE
o AL RRBAR A A LME RIS F A Aa = AT 500 b B Ao 77 kb
ARE—B, FFRAFRZARE R TR EA, 1 E &L 20K 5 #E,

AR
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F78
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Bk A Al BT FR

BF#pRy e

HIST 8 4P £ 1 4 i it DRMIX & % 3] ALie 4 A
TRAZ H#t X5 3] OPDZEILF S kL B
REST* # ¥ 3E3) ik it ADD $¢ 48 1§ 3%

B HM Y =Fr X

IGMTF# % % it ] /5 7]

EERHCRARES T

QlibAlIF Lz F 6

TTIOH K Ag ARtE ALk ik

HANS G R 5 2] AR

ForRR: WAL AL, ERAR
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EXHF

FHEL AT AL BT FTIE oottt ettt ettt ettt ettt ettt ettt ettt ettt ettt et n e 4

R iy s L - OO 6
HIST: XA @E &S EAVERMLEM (2021 F 10 A ) e 6
TRA: HAEKF T (2021 9F 6 ) oottt ettt en et nerenn 7
REST: % R FAIEFHEAL (2021 5F 2 D oottt ettt ettt 9
P ZFRME) = F T TER (2020 F 2 ) oottt ettt ettt ettt 10
HEBFAEBNTEE T (2019 55 8 A1) oottt ettt ettt aaens 11
TTIO: HEHARIARKALIL F (2019 4F 8 A1) oottt en st en e aenenans 13
HAN: 2 FHFHIEGRZ LI ILEFAN (2017 4F 12 F) oottt 14

RIGHER, HER D, HIEEBAITEFFITNR A .ot te et te e te e anas 16
DRM: FEF 3 423ETa R B F 2 ISR (2021 5 7 FA ) oo 16
OPD: BBFEIRMFHERD (2021 5F 3 FA) oottt 17
ADD: (#8337 FUN B ZAL B Ao HILE (2020 4F 12 A1) oo 18
IGMTF: BAP2 R4 M % LI AL T (2021 5F O FA ) oottt 21

FAB A B R B LT R BT KRR ettt 23
BT TR oottt ettt ettt ettt ettt ettt A oA s A e A e A e e s s e ettt et et et et et et et et et et ettt eeeaeas 24
D o OSSO PP UPRROURRRPPt 24

BT R I AE B oottt ettt ettt a ettt ettt a ettt ae et et enens 25
HIST: 2 A@Z &6 R E MR (2021 F 10 A) o 25
TRA: ZHAERF T (2021 4F 6 F) oottt s ettt ettt en et 25
REST: AR FHIRFIEAL (2021 9F 2 ) oottt n et n et eae s eaens 26
B2 Z MG I ST 50K (2020 4F 2 1) oottt nn 26
HEBFAEBNTEE T (2019 55 8 A ) oottt ettt eaens 26
TTIO: HARIGARMACH L (2019 5F 8 ) woriieeeiceeeeeee ettt ettt ettt eaeneanas 27
HAN: 2 FSEHIB R E L SIILETAN (2017 4F 12 F) oottt 27
DRM: FEF ] 424ETa R E B F 2 MIEAE A (2021 5F 7 FA) oot 27
OPD: BBWFEIRMFHERD (2021 4F 3 FA) oottt s 28
ADD: (#8347 FUN A ZAL B Ao HILE (2020 4 12 A1) oo 28
IGMTF: BAP2 R4 M % ST ELFE 5] (2021 5F O FA) oottt 29
Qlib: Al BALIETE TS (2020 FF 9 ) oottt sttt an e 29

BT W2 B TE ARG YR IR — 3, 1 F e —A 7% 2
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A& B R

L P R e A {0 (NI et N 3 4
& 2: KFFRFZS FT(AIIRE)LETEIL oottt et te et te e eae s enaeneeneas 4
Bl& 3: BETHIE Al BALI T HT T ettt et ettt e ettt e e e e teeteeteete et e e etesbeesteeteeaeesteeteeeeanas 4
Bk 4: BBEEHFE Al BT I DI ITTERAAD (it eeee ettt ettt et e te e anas 5
S T o (RO I - 2 LSRR 6
Bl B:  HIST A2 2B A T BE AT ettt ettt ettt et e et et e e te et e et e et e eteebeentesteeteestesaeesteeteeseeeeetesnneanas 7
B % 7: Predictors+Router 1242, TREMEKEX HE X, Router it A X HEKX, 97 V% Predictor.................. 7
3 R I =N 2 3 SRR 8
Bl O: TRA TE T 1 HE IR iRttt 8
3 O R N Y N @ 1 I - GO 9
Bl 11 REST FIZEZEHM] Lottt bbb bbbttt 10
Bk 12: REST £#1: BARR LA TN & A0 p ML E 0 Hrarmma, H &R 0@ mim .. ... 10
Bl 130 S ST SE AR oottt h £ttt 11
Bk 14: ARG XVEALEME=ASLEARELHHE 11
B& 15: AEHBERNTEEF T FIBMIL ettt 12
Bl L16:  FE BB T B et 13
BAL7: BAEZBAFL (HAND Z5HI bbb 14
Bk 18: FINEAFF T8I HAN DR EIFL oottt 15
Bk 19: FAERNIEAA Deep RiSK MOUEI FIZEZEHM] ... ...ttt 16
B% 20: FAERNEAA Deep RiSK MOUE! A7 K B EL .oviviiiiiiieicieee ettt 17
B % 21: Oracle Policy DiStillAtion HEZR ......c.ocvciiuiiiieeetee ettt ettt ettt ettt ettt e st e et se et se et s 17
B & 22: 3%ALF I EF R A2 BAREHHK 9 K EHE (Policy Optimization) ZR5 ...oviieceeeeeeeeeeeeeeee e 18
B& 23: BARKH A B AL (Policy DIStllAtion) ZR2 ..ot 18
B % 24: ADD 49 DiSentangIeMENt AEZZ ..........coiuiiirieitieeteteteet ettt ettt e ettt e ettt ettt et s et neerens 19
Bl 250 ADD K BB .ottt 20
B%& 26: 31N A &1 Self-Distillation 89 ADD 45 K B EL....cuvieieeeeeeee ettt 20
B & 27: #3%¥%5% Data Augmentation, - Dayl A2 #i 45 4EFe Day2 7 F4FAERR S, FEBAEA e, 21
B 281 IGMTI B ZEZE A Lottt 22

BT W2 B TE ARG YR IR — 3, 1 F e —A 7% 3
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Bk B AFIE Al AR TAT R

2021 A “HER” B)—F, b DTEARSARKRPFLARZGER LHFT, SHEK
PAFARETFT T EKF AR S BARZNAT LT, Al RE LB B XMFZ—,
REFWRREHALE, SHRARMKEYT E, Al BATRAEN T L LRGBS I,
ARFWRIE — A Z >, Fa8TrME AR T @egSE, £E ARG, 3T
el R IR, AN AT AR WHiE, R PAERRF LGHES AT S
TR 2 IR 5 LR KM EkE . sRFAIE,

WA TR QAT WA EFIR) RHs) Al AR ERLRIRS D THRITH.
2017 Ak, A BAF IR 3 B T A & K-F 3753 Al 24 8RATR 0 B2 B R TF s ob o1,
EP AR ELEZTASMARGE S, 239F S50 EL, ARXIMERIITHERT
THRFRE bty FHEBHE A RRAB ARG . 0 TH, 8 7SR HE 2021 F&,
VA IE 500 A0k A5 A B A, £ PIE 500 15508 % A FALICE F 42.6%, FiLAR
Ak HF 18.2%; K-FH ~ 25 F (AL FAIE F 16.3%, FHABFIL S F 9.3%.

Wik1l: #FFHE 500 B A LEFEA Bk2: KFRAELSFTAIFR)LGER

e R ARHIE (BH)

-  Ft AR S () 75%

2.0 X o1 75% 2.0 o n
4 7 1E5004% 3% 7% A(007994.0F — K FEHEF (A LHE)(BZ19506.0F

. o HEB00 4 2 48 60% 18 PRS00 A A Ak 60%
1.6 45% 1.6 45%
1.4 30% 14 30%
1.2 15% 1.2 15%
1.0 0% 1.0 0%
0.8 - -15% 0.8 -15%

[Te) o — [{e} [Te) (o2} - < ™ (o2} © N~ — [{e} o~ o o~ - [Te) - [{e] (o}

N — - — — — N N N N N o — o - - o N N o o -

o) © D = N N < © @ = & m Y o A& o © o «& T 9~ o

< Q Q < < Q < < < i < e Q@ 9 @ <@ <@ G <@ Q@ A

o o o o o — - - - - - [« [« [} [} o o o o - - -

N N N N N N N N N N N - - - - N N N N N N N

o o o o o o o o o o o o o o o o o o o o o o

N N N N N N N N N N N N N N N N N N N N N N

Er F R R T AL AE, AT SR B A AR R B, HR A ] B E: SRR A A, BHEAE SRS B A AR 4, KR

2020-03-25 % 2021-12-31
TR Wind, #&FRL

2019-03-07 £ 2021-12-31
FARE: Wind, BRI

P BT RAM TR T LA R? BT HLAEORFEEK, EKRFRAZETRAS
ANFFe TEMR, MBBHREAFRAET —MFREL, AELRRATHLAEAZR, &M
ViiFVAE P RS, T RTK S A AT RS 8 82, Aefila) BF AR RARE IR T £,
BAVA I DAL 2R T AR AT R, EFE 12 B, #miE &4 R KD
Wi TP B AR LKA FH Lk

B&3: WMKBHE A ZRBETHT

ALK B R4 Bk AR A 2B REL
HIST B 22 1 % 3 1L % BT ®R W E 5K £ B Y% % 2021 4% 10 A

TRA X B X5 3 % BT &k PR PRI 202146 A KDD 2021
REST % % F {385 & i F IR E IR BAivzM%, ZE&AME 2021 F2 4  WWW 2021
M ZFM a9 =5 3 58 X % BAF®R Rkl 2020 %2 A
AeRHCRNRESE B AL S S B TRIE JEESE 2019 ¥ 8 A4  KDD 2019
TTIO H AR A FRIEAH & % BAF®R E N 2019 ¥ 8 A4  KDD 2019
HAN SR & 4 5 g B KB & &AL 2017 12 A WSDM 2018
DRM F B 5 ) R e A A T A [ A 42 | % 2021 %7 A  ICAIF 2021
OPD 5%ML5 3] SE kR % HERH FALF ) 2021 %3 A  AAAI 2021
ADD # 4 3% 5% R, ERR. FE R 2020 ¥ 12 A

IGMTF B AP 22 R %1 A] % B 19 5 7 i 1A A 3 B b2z F % 2021 %9 A

Qlib Al L& -F & R A - 2020 ¥4 9 A

AR IR AR AR, RRITR

B W FE AR PITIFE W RIRG 19— %, 1 ok —A2 [ 5, 4
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Bk4: MBETHE Al ZRIEKFOH TF RNKS

FR AR GitHub 3.3k

HIST BAb%2 | % % A% https://github.com/Wentao-Xu/HIST

TRA R H A X5 3 https://github.com/microsoft/glib/tree/main/examples/benchmarks/TRA
TTIO #ARAGAFMALH- & https://github.com/Elitack/IndicatorOptimization

OPD 3%t 3] ik % https://seqml.github.io/opd/

IGMTF B 44 & % 0 % i 18] 5 71 https://github.com/Wentao-Xu/IGMTF

Qlib Al 2K+ 6 https://github.com/microsoft/glib

TR R M BHIZ, GitHub, &%

12 B Rk 2 EZTEANR, L PR AT F M, L4 5 BT RMEHEAR

HER S #ABIEE, WEFI AN, AERMEED, KRAMRA, TRFTORHEE

R CEIE” fo “HR7, AARSOLEME. TSR ERGAIBER, KEZHAAFER

WV BAPZER L%, &AW, HRELRAREER. AFF3]. REAE. BBEIE

SRTE TR 5 AMEGERE A, 4o “Al BA b fT B 3T HME T, “hofT5] S

ﬁ&%7+mﬁ$”“ﬁﬁ£A&%$# HFBHAE R F, TEERALRERT A
B, BHAFEA,

$i%ﬂ%&£ﬁ%mi%&ﬁﬁ%ﬁﬁ#mﬂﬁﬁﬁﬁ;%%ﬁﬁﬁﬁ%ﬁ%&ﬁﬁﬂ

ARREAY ., ALEMT

1. BhRit®7 A .%x‘}]ﬂ‘%flfﬁm 1 RT u R B T2 A I A ) R AU BT 20 T 0 7 e L
B HRIRE, LR ZHIEE RSB TG,

2. Rkt HEMNFTEOFR. 5ETFRT, A arAaiE Rl (AL 40: % Al 540
#F-F 4 Qlib 4R35 ) (2020-12-22), AL ARFEF o ALPFENBRIGHA, A5 .
FABYER, BT PIFAM 4 B R

3. REBEPITLARRENGS KLY, »AlR: BESBALTLA®, TARTHTFHEK;
ME LG AeAe 5 REAEIEE, R A KY, AN ERTNMERS, REE
GG AR E B BRI RS REAE, BEERTARTAT; BAVE R LIz & ) F T
RAL&ES T BERAMNRx; @TRAER, AEHKBALSKT,

BT W2 B TE ARG YR IR — 3, 1 F e —A 7% 5
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F R REAEA £ 8
HIST: A& L440RFPERERK (2021 5 10 A)

HIST B 4% 22 W % 2 J% 57 50l 48k B 5F 5 = P L k52 /2 2021 4F 10 A A4k £ 4 T arXiv -+ 4,
F—AEH 2 P L KAk AT IR B A A A XuWentao, % ZFE & sk AT AL E
5 A5 B % R Liu Weiging (X1 F) .

FRERBEABIREN R, PEAREAEGEMES R, BAEMETHRERNXE
FEEBALEEREY, ZARRARETELZBANZEAL HIST, FAMNEENRZ XX RZFME KX
* R 0912

HIST M 4 69428 A4 & — N2 2D 35 Fe = S TR A 3 -

1. REZ4r% % (Stock Feature Encoder): 3 AFIEA t L EZF X604 H A H
Fa ki, "X E. vwap 3 6 MNEREEMEF, @id GRU R&F R M B -F45 845
gﬁ];ﬂ] )(t,Oo

2. R XX FZA3 (Predifined Concept Module): X TR EMEIT LI E L5, HER
Z )8 2 X B M, Hr N AR 4E G XU, &y th Rk S T YOO A BB 4 A 0 1 = X0,
XOOR &M BT PS4k 2 X B W& EEE L, it X0 5X0065 £ 4 X1, Xt K&
ENEFFRAERT XA RLRBENE L, VIOREMSHKE XERSMEGIKE,

3. B X ¥ A3 (Hidden Concept Module): £ FE# BT+ Rtk 2 X B W& @EH
A X, MEREREXE RS, AR X, Hyd B T YO AR i N G 25 69 1%
HEXU XK AR EN BT P A ra X B W &M 1E 8. 3T Xt X018y £ 5 X2
X2 R EZMEF P AT XATa KB W5 FAF1E & VIR E TRk 2 X B W24
B, A2Reasak e X B M AR KR Z A,

4. ABEAE B3 (Individual Information Module): £ FEMHEF+ ReEE XfkXE
R & RRBREIE L, HEAZEML ., i X2, B AR E NP2, V2R AR A S
By 5% E N E . YO, YElfayt2iamiF 2] Y, @i AR R, 3 RS TN pt

B £5: HIST R4

Yy

Pt = {p},p}, ...,pﬁ}]

_‘.-"l: Hidden-3 Q
' Q
-~ O~ O
Hidden-1
B Hidden-2
Hidden Concept
Module =T F Industry-1
\.:"Indus% :
[\ ggectmul
o oN—0
Bussiness-1
\
Stock Features Encoder Predefined Concept
1 Hidden Concept
[st=tststsiy ] | OO0 s

J

##& K Xuetal. (2021). Hist: a graph-based framework for stock trend forecasting via mining concept-oriented shared
information. arXiv, &%

£

T B WA IR BRI PRI AG—3 7, 1 Fue—A [ 7%
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R I, SR (2017 £ 2020 ), AR XAfela X B &9 A AL £ I, HIST
A2 P 4E 100 427 3% 300 fZ Ze69 Rank IC. % kik 5 & F LSTM. GATs SR L 5 A,
ERXEALZMRREGBESLEZ2FFAL (edgHmd. BOEAF).

BA6: HIST #3kh 69184

-
) S
: ~ s
The hidden coneept “g, ™ i
. - ' -m
of high-speed train *——-—_;*__e i -169
© -
-
“a
- e 14
i “ @
fq_' - e
- e ;L) L
> w 9
N > B
=, o
- “w
- ) ‘w5
S 0o
- . ]
T 67 _—
a X s L
- - @ The hidden concept (i
-, ; o
o, of jet fuel s
- S
~ T e
The hidden concept of w0
. “w
state-owned enterprises -
=
NEPEJEESYLARRRERFARREEASREARANEYRR A NEERIVREESRE
Stocks

FHRE: Xu et al. (2021). Hist: a graph-based framework for stock trend forecasting via mining concept-oriented shared
information. arXiv, & &%

HAVRA, ZHARG T SRR S G, AL E TN
1. BREZRAATAFEEEGKE, §I2XBAYZERERN,

2. REZRRHITHRFMARGISE, HIEXBAZR LR,
3. BREZAFRFFENE, HLEERLTN,

XA REAZH ERRAE, ERREALAIINTHG L LA,

TRA: XH#XF3 (202156 A)
TRA X 548 X 5 5]  BLAT 50 B sk AR IR 2 2021 55 6 A & T arXiv, 4k 2021 5 KDD
HIRHFEZE SR AAREEIN, ERF—FHFRMMEFIZMNEF DA% I A Lin
Hengxu #=B+4£47F %2 5 Zhou Dong (& % ).

BT A% 69 KRR 5 T %042 L H X (Trading Patterns), 127 % 4 & R E—F R 5
X, RHBXGEEFTHME, Bldef ARTH, PTFAIKTELHENKEA 2017 F
AR, BRAIFE X HAE KX KA 2019 F 4 R . i%#F % #2 & Temporal Routing Adaptor(TRA)
A, AARARR L HRX, AHFMFEXTIEASZA0E 5N S

B%7: Predictors+Router £, RRAMBRKREAXHEKX, Router RHXHHEX, £ H)I% Predictor

Predictors

Router

T
samples [TAQOOOAQA

WAtk R Lin etal. (2021). Learning Multiple Stock Trading Patterns with Temporal Routing Adaptor and Optimal Transport.
KDD, 4 2% 7

BT W2 B TE ARG YR IR — 3, 1 F e —A 7% 7
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TRA A WO R 2 &EHHE Attention, HWE G X TF:

1. WMAABFEEAFD X, BhiEid LSTM BRRIEKE h,

2. IFJE Attention 89T, HFhEEZLZAMME, BiXA KAFMNE, THHRREMA
MED v Pys Pav s Pr (FARIREFME),

3. HHEEFTMERMNEE, EAAERAI(ERBREZEIARLSA)FHRENE (KEQE);
FAFEARGE X — B A G AN R £, MRIEELEE e (B A T KE XK,

4. EMERID FHEBREhAREEE eWEEN R a (KERE), 17—ILTFE
RBEEDZR Qs AGARERY, (TRIREFER) Lmi-FY, JFERLKE
FRMAAD; o

H£8: TRA R

Prediction Errors  1'7" =741 1

memoy () () O ()]

read write -~ prediction
yioo¥ |9
R Y Y
il S | /AYA
Routing Adaptor router ‘ oY z predictars
Attention
Hidden Q
LSTM
Input O

xt-T x(-T+1 xt

#4t& K Lin et al. (2021). Learning Multiple Stock Trading Patterns with Temporal Routing Adaptor and Optimal Transport.
KDD, 4 #4750

B%9: TRAEZEN A

a; = n(h;, e;),

L expa)
1= Sum(exp(ay)’
pi =q]yi

FA4Hk R Lin etal. (2021). Learning Multiple Stock Trading Patterns with Temporal Routing Adaptor and Optimal Transport.
KDD, # &%

WO, ATHEEEARE P EANAHAMNES, MR HEFEMETA, ARFH qF
A, X —iZAZMR A RMAEH (Optimal Transport, & 4% OT). OT &-F A T Mk RHE
AR AT B AR, R R AME FIARKE, AR LEE X WGAN #2848 T
OT %E‘?@o

TRA #F % %% Cuturi £ 2013 4 NIPS #4212 8. & 32 & 4% K & & % #9148 X Learning Multiple
Stock Trading Patterns with Temporal Routing Adaptor and Optimal Transport, #:# 7
TRA+OT @948 K b &L, 4o F BT

WER BT P AL HAH NXKER, NAHAHE, KARMEHKZ. Poyiir kg
Pik KREF AR I BRI R K a9BEER L4y ifTKk P& Lk KA AT AN E K 4940 K18
P i it KR AL B R AZ B, KAL B AR A % ML P Fo L 49 Frobenius WA (4E1% 3t 5 7% 4R
KFAI), HREMAHPHITAA L, LP#HA AR HEXMLBILY v R EK, v
M % g d A%, MIEAHR 1N, BPads B RR X HAE X a9 s E &,

£ TRA 89k KA P 3EA OT EMA, HARMARBEREE P AZENRE q 49,
HARRAEIF q AT R4 P, #B % q &P EANHTME,

BT W2 B TE ARG YR IR — 3, 1 F e —A 7% 8
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B£10: TRA+OT #Hik &

in (P, L),
mPln( )

N
s.t. ZP,-k =vw #N, Vk=1..K
i=1
K
ZP,-k =1, Vi=1.N
k=1

Py € {0,1}, Vi=1..N,k = 1..K,

min E(X, ) € Ptrain [{(Xi;y'i;g: T, 1//) - AZK= Plklog(qik)]
@ll’ll/ lYl) k=1

FAFK IR : Linetal. (2021). Learning Multiple Stock Trading Patterns with Temporal Routing Adaptor and Optimal Transport.

KDD, % #&4F5

ZAF R VA 16 MEGE A @ A EN B F A FIE 800 MmO R AT H B LR AP, £
TRA+OT A & #, FAMN 2% A ALSTM #= Transformer # &, 4 % 25, 90 #14 (2018
9 HZE20204 6 A), MILEAZER TRA+OT %A MRA IC RS =wmb k.,

EAVRA, ZHLHE AL “THAEEARTHNE” 98P, 4R Attention
MAF R, KBk, MBFI R AT ERRTGESL —HETTHFERIR SR,
B KA IE F ) HENATRBIR. BRI T XA, RASH LT, IR 2T
WNAETRRAEF A, ik Attention £ Fei £, BB, Optimal Transport -F# AL E T f 4L
R Y RIRAT, AR A % Attention 89 A

REST: XA FH4EshEmk (202152 A)

REST % & F IR 3) L IR AT 50 b i gk B AT R An P lh K52 /2 2021 55 2 A & A T arXiv,
Ak 2021 F WWW BEIR7 4R KAk, F—FE 270 KF-Bk B4R L
4 XuWentao, % =A% & RAFRALE S 5] SR % R Liu Weiging (31 ) .

HREHRAHBEALRBUTHE: 1) FHEN AR EZOH0EZETR GeEHIREANRN
E@FR, MEEBANEHM); 2) FANNEY M FHEIREANKREB 4
). BATRRE K A EH B ZAYMEA (Relational Event-driven Stock Trend
Forecasting, REST), Afifs Lk |5,

REST MM EH X4 T :

1. F44 8% % (Event Information Encoder) : R 45 43038 & F 4% 4 t Fo TR JF 7))
wH Rk, it %Kiz &N E (Type-specific Encoder) /3% % e, # R Z i & 0t
itk 3 HayFEH, @id LSTM 32 F4-43 & %45 hit,

2. JREET %A% (Stock Context Encoder): #i NG 4 ) £ F455 e o i £ F 4R
WVvEAy, BP AL EHRBVASTHALEE AR B, FHklk. A&, vwap
X GANFENTIE, efov & il LSTM B84, FRRE 69 ETHA he,

3. FIEHMARKEHH %A (Learning the Stock-dependent Influence): *F Fiz Z i,
B hithe hie 03, B2 ZAVERL, F2t B FHAEESRE I OUL5RE Dite FL
Fb TR SR F 4G Dit A B AR AR I3 A A, 4T ) F 42U 5% AR 15 DY £ R F 4HE &HE,
133 4% ohf2 E4EF Holo

4. 3 FHERE R (Learning the Cross-stock Influence) : £ Bl 471k, £ & 1k 4.
A, ETHXAFELMERZIAL, ¥ HIZZAHBRLEFIREINXZEE,
3 He BAYZE R %0940 & %3k GCN. H Ht % £ 454 24 2 RAFMILE plo

BT W2 B TE ARG YR IR — 3, 1 F e —A 7% 9



[ L HIE

HUATAI SECURITIES

MZMSEZMS#%Lﬁ&ﬂ&%?ﬁRl%&QQW%%OMT&)#1%%5 - (¥
iE 500 X &) F4E, MK REST M4 £ LR S ekt &0, R4 AMMA
BA REEFHZ LR EREER REERENXZGEHIRHEA, mﬁ‘%if

=MAAA (2018 ) REST MMk Hi% £ 40t BB £ 1K, MEM B ML L LALE L
LWEE &,

E4&11: REST R&4#

(a) Event Information Encoder. | (c) Learning the Stock-dependent Influence.
|
fl b Bvent L \ Effect of Event
ty [ Waa| Wizl \ ven 7€ Event Voo T ~~. Information
‘ , ' \\ / Information | / il - "3)dist=0 N HEi Dense > pf
ty | Warl Woplw ~—\ Type-specific /.- g2 -~ e O C | H !
2 | Wz1{ Wazi - Lype-spi L 4 LSTM — h! I N e Looooodeaa- Stock Trend
Encoder N1l | \ Predicti
/ R | rediction
' ' ' / / \1 : 2 . | t “‘
tn i Wm? ani - A A?in "{\ | Le—@—s dist=1 [ Hy “'\I‘ H?
i Y [ \l «f
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, !
. /i/:} o ! \“I Effect of All Event
e \ e |- el — LSTM —— h? \ /. ! il 3 )dist = 24:—.].]5!, Wl Information
i 1 “—4+5 \
1 1 A\
Hlsrol ical Eve enrs / e — he i i ; i
i i i N ! Concatenate
v} 3 % || o | v:"—- LSTM — hY Stock Contexti | 14— 2+ 4
' : RO - 73 dist = 3—‘—“H3L
Feedbacks of [N L
Historical Events - s
'
(b) Stock Context Encoder. | (d) Learning the Cross-stock Influence.

#At& K Xuetal. (2021). REST: Relational Event-driven Stock Trend Forecasting. arXiv, % &%

B%12: REST £4#: ZRELHFARRAMA TN F S AP N2 rhh @i, HiEEY bl Sy

[ The net profit growth in the first quarter of 2018 is 38.35% ]

Ground Truth | +0.85% N Ground Truth | -1.25%
ARIMA -1.83% ARIMA +1.13%
Event-driven -0.45% Event-driven | +0.04%
REST +1.15% WLY REST -0.80%

(000858.57)

ﬁ Industry Business ﬁ
KCMT Indus LZLJ
(600519.SH) (000568.57)

Ground Truth | +2.22%
Downstream
ARIMA -1.68%
Tongwei |:> Event-driven -0.27%
(600438.5H) REST +1.31%
E: RERA: Ak (000858 CH) , #5346 (600519 CH) , %% (000568 CH) , 8 # Aty (600438 CH)

FAHk R : Xuetal (2021). REST: Relational Event-driven Stock Trend Forecasting. arXiv, # #&#F%

EAMIKK, ZHARYZELBRTREFI RN TEHIRF R T ki, AEFHIR)
FRM T EERAE— LAY, TREREFHBENELAFAALEHE. REAFI P
HIRIRAY 2 R T AR F AT FE L, BAZ2RATUEREHEREZAGXREE,
REST R % Fix st He vt 2 77 KA EA K, A FIFHE LA, ZEREH
IR % T ik w09 B,

B E MM Gy =M 58X (2020 52 A)

Z M 5] 3 KR RL AT 50 B Bk BRI feiE 4 K2 2020 SF 2 A AR K AT arXiv, % —4k
# AL KF Chen Chi, % —AFHAMBEFILAEF I AZH AN TR Zhao Li (Rz).

G EZTMBA I AETF X B E Y it £ 2, A ESFATHALL LT
MM, REAEE—, BRROBRFXA, ZHAAREBEFMNG_HFEIEX, RAZEH
A, SRR REREREI AR ARRTEEIRES B,

2 F

B ] 14 5E AR BTIP

Y REIRG 15— %, 17 Fok—A2 )1k, 10
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ZHhEIERAERE T

1. —OERAZJRET X B Y 6B X R F AR A £ 4 FPoIa) RE &9 R EALA,
MNEEKEHH A s=1. 5. 10, 20 X, 5 A F ] RE B R E Fe9HE., £ t %],
BNTRATRTAF, ¥ HAMETAH O

2. ZHRA: FIRRABRKXR FHEZEIRE. £tER, FENTHRALL 67 L
K% E LSTM, It BRI E heo ABH T2, RAEEHIH, HE&F
AR B TEREHAIT AR, 1FEEREMOr. £ RERSFAMNLZIE, £ RN
iR E R EIE LSTM, 2 & 7 AUkl 2 A 89 BT A3

e ARRAIRF &, VA Aphal0l A& EF, MXLREx, @A (2017 F) =W
FARXEAMRTENA—NEA, SRAL0FRKEE, BEEHTF,

BA13: —HFIRXIER

2. Second-order Sequential Model

1. Input Generation

##4& K : Chen et al. (2020). Trimming the Sail: A Second-order Learning Paradigm for Stock Prediction. arXiv, 4 4475

HAVRNA, ZA X ATE TRARSEXFZIAFHERILZY, TERLLAL® “FTHNER
B A 7 8900 15 B, B AR 4% ) Attention AL B 3t . M 3] 38 X 6942 4 i1 T TRA,
1 TRA 69 B 2 A2 B st tm i 69424 (d= OT 8951 N) Mt — %,

EeHeoBNEREF I (201948 A)

A B CRNEEF DAL HRKEF A F £ K5 £ 2019 F 8 A &1 X% T KDD B

FJE/E IR LIRS, F—1EHAFELKS Chen Chi, % _ME AWM BHEIEF

JmFZBA TR Zhao Li (R ),

GARELE LR B EBNRLFIRZIAN, GAREAL2BRLEHEIEE LM
(Matrix Factorization) B K, B AL 22 KT AR EARALEE (Intrinsic

Properties), MGt HIENEEEE LA THRENMXE. REKZHAXELSKRES
W1z &AF B 0 R AR akE, TN BALE .

Bk14: Xe2BGFIXREALAN=EXL2FLRE LGRS

cladadad g =

fund manager preference

- é— D -

“w ) @ 5
-~

- - 2

. = o

VY Pi X O ) 147} é
S [

- S Uﬂé

[V} o ]
» & @

qj r

##t& % : Chen et al. (2019). Investment Behaviors Can Tell What Inside: Exploring Stock Intrinsic Properties for Stock Trend
Prediction. KDD, 4 &4F %

£

T B WA IR BRI PRI AG—3 7, 1 Fue—A [ 7% 1
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BENEEMATETEENFFE? BIEET ATENLLZRHCESE, FiiT5]
PIAF ViATASLZE I AREZ | 9HFLY, B3 X2 FFRAFRETFH. BRRE
NEBETAR KAMNEEZ S, LR pi g Kems, pRELASZZI A KA
N EE T AT, o REM R £ KANRNAES W L& &R, pife q 89 ARF T RAUEZEP.

FEMED RO B ARAR . RMMLALR A, FRRMEY pife q, HALFEFE vifRAEep; o)
REFFFRTR D, FREITHRKRH, LEolpERAER B H A5, BRI AER
Llﬁ%—‘r_%] *]’/Lt:r o

BE Z 3R B 45 A7 S N (Static Inputs) F=3) A% A (Dynamic Inputs) #2345, 4 %)

kl:ig'é}] EAEBEHN (METEALAE) AEZNHN. %?ﬂ#&#@k*ﬁ’\éﬁ#ﬁ%ﬁi\i’a:

1. W AH IR Zidk—fnt A 49 Alphal0l BT,

2. BHBIAAYER L B EiEE, MERERMNILE,

3. NG LARL, INAETRE, BRIEFRPERLERE ARG IERE, R ENHIA
#3h & % 4E Z (Dynamic Representations) .

AWM ME T XA

1. BRALHAKEHLN K ARE, THEREALEEEAE Q (FRTATXL q) 4
HE, EA ST T A S (Market Representations) .

2. Btk —ge e g AL, @it LSTM &, 3 8]k & % & 4269 700 S (Future Market
Representations) .

3. B Q LSk, FEME]NEREEARTHEILGAXE

4. ¥ D5 ZHE, Eids &W«m%,ﬁ%ﬁﬂﬂ“%mmmo

BR15: AEHEBARERFIRALHAE

STATlc INPUTS £ I
Properties : 1
|

Correlation D :

) 3 | | MarketState | i : 5
Dynamic | Market et i | Future Market i i
Return Rank Representations ] | Representations | Stock 1
i | MarketTrend | ! : pepey

! predictor |

:‘ ; Dynamic i 5
DYNAMICINPUTS | stock Dynamic Inputs % ExistingDNNs | Representations Z - '

#4t& K : Chen et al. (2019). Investment Behaviors Can Tell What Inside: Exploring Stock Intrinsic Properties for Stock Trend
Prediction. KDD, 4 44 5

A A BRAKRER, MMURERAEMH A LSTM FHA A4, A Mean Average
Precision (MAP) #= Mean Reciprocal Rank (MRR) # #4547, K BN IL 5 SEATAL Z
RIFEN, FFFRAVFEA, mﬁ,‘%f'm-, = AA A (2013 £ 2016 5F), aAL a4
A 09 IR B ) R s R IR T R AR A, ) TR AL B NG S R AR L

BAVAA, ZHAROEZ LA T @ :

1. AARFETALHOCRENMEN T N UEXAEFCRE &—MAA THE AL E LK
THERF. BARBIEESBER, FLALBCELEBRAKREZRIE, 53N EE
MLEL, FIT MBRAEF B NS 6958 2555 5 .

2. BARFETEALBCELELSANTHREANER L., LT AW A R T,
FAEfa 69 Alpha kiR, B iE NS4 B ST HRERAGH T AL T MK, ZHA R
AR BBERREAEEER TN, A THRENEEEFRETHIREGIXE,
FRTAMN, IHDSERNEAEHLELOTX, MILHSERN RN LI,

BT W2 B TE ARG YR IR — 3, 1 F e —A 7% 12
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TTIO: BAR#AEMHAKELE (201958 A)

TTIO ¥ AR IARMAL F R4 50 b sk LA IR . LGB K FAF KA 2019 5 8 A &4
K% T KDD BIir# B2k 5 MR RIA KRS, F—1EH R LEZE RS Li Zhige, % —M#
& %4 K% Yang Derek.

HRBARIGARG T 7 E3 23R E “C— AR, 2R —ANARRIBIRERR R E T TR
RETE. e # % (Bias) Ei%k#&ikﬂ ZHyut Bk A hE B R, AR B AAAR R L F 0
IR K. B A L2 RIEBARBIFZATHRA, 45 REBKRER AT R 8454
T # (Affinity) &4k, %4 %48 & Technical Trading Indicator Optimization (TTIO) i
VAR AL AR FAT AR

S AT A S AR BT EAE A ABIE G915 R AR ? BRI AR AELRG T Ly £4RE, AL
HEEEZENFE, AEASHCR LM A, HELAS-LE =% B (Fund-Stock Bipartite
Graph), #miz flB# AN\ (Graph Eembedding) K, FERZ6# N (BPram & iL),
L P BN, N AR BV A R A5 AR ST R A

B NG BARE LT X4

1. RFELAEHCHE—SHA, T%ﬂv’a G=(,V, E) AP UAIRET R UMRHES
VAEXETEVvHRGES, bR E S A EGAAE wisi KA E | £ 4| é’J
Hakesl,

2. ¥=pBPAGPAEMAFHASEE, MEREZT EEAFAT T BT ARE | A
HAAE, REZIBAS | WESBMENRET G Wis, A2 | RRE IS BEN
ﬁ#%g%mwﬁfik%ﬁwikﬁkmﬁaﬂ%+%mwawmﬁgéﬁﬁ
REMETE, B2 —ZFREN AT AFT FRIFPREOATEXR, TERLA
@%*$ﬂ%iTx%%o

3. KA Skip-Gram H &) AP 2 M A g, gU)BF L E u £ XS E =5 B P aH A,
Skip-Gram %R T 8 KRix 5 &2 a4 A (Word Embedding), 43 &2 & Kk
ARJER G KR, B AT RHAD T, BARSHE A R KT R Z 5 R EALGT A
Jp 5 p AR JE R B 0 F AR F

Bk16: X&-MRE-—_NHE

Fund-Stock Bipartite Graph -

— 000068 2%

Fund
I ocosee 3%

28% OF@eeel — 000822 13%
ot —~ Do—

- 000911 18%

L B
oo 7

. 680166 25%

B coosss 5%

600578 9%

17% OFe0e11

16% OF162208

19% OF180001

12% OF61084
B co0611 4%
. .:s o

9% 57160314

AR R Lietal (2019). Individualized Indicator for All: Stock-wise Technical Indicator Optimization with Stock Embedding.
KDD, 4 &A% 5%

FEREZGRAGBNG, ETHRNMENGRE TR L%, FREREHRBGAGH T LS,
HAE R R G ay B AR IGARTAM AL Z B . MBBRMET XA
1. RF‘ T #H M % (Re-scaling Network): AN AL & i 698 N A @i, @id ) £ a4y F ZAP e
M4, BRI T ROREAEEHA W, BHEIRE I BRGSO REEARE
i=wTgi. A rj#t{T softmax 12—4k, 32| ')Hf-ﬂcb'aﬁ Qljo

BT W2 B TE ARG YR IR — 3, 1 F e —A 7% 13
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2. HARIAREMLE R (Optimizing Indicator via Weighted Re-scaling) . #4245 # K 1547
lij )2 — AR E aj 4B, fF 2 %206 9K IGAT I’ M489 B AR L A& & KLU HRE 9
BARBARER FME 8 IC LA max|corr(lf, R)[

AA AR AR Z e, YA EMA, MACD., Bias ¥t # K454 A At $ o 3R LLAL AL 60,4
1% B Bt K3 — AR IR, g BN A48 A 2 RS RGN E, R BT,
= A7 A (2014 £ 2016 ), TTIO 2% IC AR B £ 3, 5Kk AAFNEE P F,

HAMINK, ZAF LT EAKH N (Embedding) #AK 3| AR ZHM B, EH% AR A K
ET AR RAMG T AL —, THEHRGL LR ELGGE, AMEEALEEEWE
WM& H, R R EZAAELE, K EAEFCHRAEOREZMXZAAEELEG ETLXER,
AL B Z AT GBS RSN BEN ELEN O T, BT 2R THRRIGIRMNL, SAE
TRASTRZEELE, Pl NMARRTIRERMES, ATHANEARTAMEL Th L
Ty R FR

HAN: A TREKEGFEEFIRERN (2017 512 A)

HAN S5 B 52 5] 2 AR AT 70 W sk R [ Andb 78 K52 /8 2017 5F 12 A &4 &4 T arXiv,
HAk 2018 5+ WSDM M 4538 & fe i 4B 4235 B IR A3 IK, $ —1EH R M BAFIZM B 5 3
Y52 5] & Hu Ziniu, % —AFH R sk BAF TR LS & 3] 3 A % R Liu Weiging (%) o

ZAE AR R A EE S M4 (Hybrid Attention Networks, HAN), R &Z %30 8 A F4F
HIFHBGIETAN, o LBILEF A Attention 53 1) AR HHPRFRGXZ,
2) TRHHARFHETIXA.

B£17: RAEZEN AL (HAN) &4

Qutput I
L Trend
[ Discriminative Network ] Prediction
Temporal
Attention
Bidirectional
GRU Layer |__ Sequential
Modeling
News-level
Attention
[ Word Embedding Layer ] L News
. : . Embedding
e ] o] |
' in a News W1 Wa Wa ! _J

##FR B Huetal (2017). Listening to Chaotic Whispers: A Deep Learning Framework for News-oriented Stock Trend
Prediction. arXiv, # &4F %

HAN R %443 77 X4 T :

1. #H%%4 (News Embedding): ¥/t s Bt # MR i 9359 39:5% £ Word
Embedding & (Word2Vec), #&*FrA 1#3E K48, [FEEFEE nio

2. #IEHEEESH (News-level Attention): A48 s Bt 4943 L ARBEREEXE
Attention 2, ¥ J 4R B HRFHEG AR, R KFFELERFTRE do

BT W2 B TE ARG YR IR — 3, 1 F e —A 7% 14
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3. F7)## (Sequential Modeling): H/Nit s & B 1~N 6L E#HE &= diy day ...\
dni% E34 GRU &, #2314 B #FEKSh A,

4. wRpEEH (Temporal Attention): /Nt s 4 B #IF 12K A % £ Attention &, %3
TRBRAAFHETIXE, WmRKAFEICERFEKRE V.

5. A% (Trend Prediction): AR s 9L S EFTERE VEE MLP &, 33 Lik/
TRRIE = £,

WOk, AL T A 5 3] huk] (Self-paced Learning Mechanism), 7)1 57 3k iT 2
A AR, B R T AR, AdRANGZE, I FF T8 HAN MK HHK
E(w, v, Nk FR=, 5HMA:

1. #TFAA v 5RIE HAN BRE G RMR, AP viIENTE VIR0 R 1, REF | FHA
REHHF,

2. BHAAv; Ny aFFIENLR, AREFvAAL BFRVvROGHEHN, JEMNL
FENBONE, JR4E HAN KB KOO R LBIEAF ) MHFE AR ASF ), AR
R, BASRTRALSS,

B T IERALI A K EH X, RAS VAL NGB, N BREME, e 7 #7338

R, RARG BT,

B418: BIANA P4 HAN R & FH

n
min  E(w,v,A) = ) viL(yi, HAN(xi, ) + f(05.1)
w,vel0,1]” =
1 n
flid) = 52 Y @ = 201)
i=1
1
. . . —Li+1 [j<A
v; = argmingE(w™,v,1) = A

0 ;>4

FAHk R : Hu et al. (2017). Listening to Chaotic Whispers: A Deep Learning Framework for News-oriented Stock Trend
Prediction. arXiv, % &4 %

TR ATR T ' A #T i 42 A HEHIER, 2014 £ 2017 SFRF )G 135 425250 & 5
MR ZARRAGEN, s AR ZH, A ERRITHIES =0 £ RN B AR, ARALAK.
VEIRAY 2 M s SR IFHIE IR A3t B, 4% 8, 9N AR (2016 - 5 A £ 2017
F3H), Mk TFEa, HAN 69FM EAE L &, MENSIASFLREETF,

BAVINA, TR R SRS TRAED BT AR RN — £55 %, R
HEREAT 9024 B P T T R S, 1A o S ST R BB A 3 SR T
HAN 2 1 6 5040 2 R Y 3 46 SR 60 B 513 &, FUR 2 3 ) AURLIR 3R S0 M 09 2 R 13
5 AL S HIE 8 A2 IR

BT W2 B TE ARG YR IR — 3, 1 F e —A 7% 15
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KRR AR S, KEHEZANEF I AN 4
DRM: REF J LA EFAEREER (2021 57 A)

DRM iR B % 5] R e A 5F 50 b Mk 2aF 12 T 2021 45 7 A &4 T arXiv, ## 2021 4 ICAIF
AIFREEBERABERIL, £F % —EF A MM B ITAES 5 2] 8% 3] £ Lin Hengxu
Fal4£5F % ] Zhou Dong (& % ).

FEH A BT ERAAET, ZARATRAFLILERG R T, #0882 1) HEHE3R
HERMBREFRREGHFELE, 2) FHANZRALERERENGX ZE L, 3) &t
K BOAEAKE TR L.

RER AR (Deep Risk Model, DRM) #37 X4=F :

1. #HmA (X): 104 BarraUSE4 RA4& BT t-T £ t-1 B A FRE.

2. Wmd () KAKERERET (¥ K=10) t B RTHE.

3. MLEH:
a. TXAGRUR%L, #IJHRBRENHAFEE;
b. EX% GAT+GRU M#%, ¥ IR ERMXEEZL, XF GAT ABEEHI M4,
C. HANIZITFC A% (LF#EE) 33 K2 ANAAEHET.

4, WK FE
a AMFAAMBEREYHRL, yARKR20AMAHBARGERIKE, FPEESSF5;
b. B¥AARNECRTHH E4sERQGEeyE, FNTHEBKRRAT VIF, ATHRKSE

FEMH

FER RSB KNG B FRES, 5 BarraUSE4 89 R A&, Tk, BREFREF#ITS T
Goeya, FERTKEE, MERITHF 244, FERMD T £4ESH. Z2FXIETIIA
R 5] B F e R e A A A b R 45 Barra USE4 K A2 A 72 =il 2 79 (2017 5F 1 H £ 2020
F2 A) R24zH 1.9%.

B%19: FAEMEAA Deep Risk Model F 45

GRU - ——————— —+ GRU — GRU —l

e e

GAT GAT ‘ GAT ‘ I

b - - 4 1 2
— e e &
1 2
Xyt-T X1-2 X1t-1 f3r 3¢
Xop-1 Xzp-2 X2p-1
- - - fo: )|\ fae
X tT Xnt-2 Xn,t—1 |

I T/ T /FC+Norm |
GERUN— — — — — — — — | » GRU —— GRU —T

WAtk R Lin etal. (2021). Deep Risk Model: A Deep Learning Solution for Mining Latent Risk Factors to Improve Covariance
Matrix Estimation. ICAIF, 4 %47 5

T B WA IR BRI PRI AG—3 7, 1 Fue—A [ 7% 16
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B%20: FAEAMLHA Deep Risk Model 3% & &

o T =1 Hh=1 ||Y,t+h||§

FAFK IR : Linetal. (2021). Deep Risk Model: A Deep Learning Solution for Mining Latent Risk Factors to Improve Covariance
Matrix Estimation. ICAIF, 4 & #F %

BAVAR, ZAR T ERFREFE I FINRIEAL A, A 3 TN Fo R P TR 2 AL Z F70) 9
oS REFIAMBTN LA RS RAF &K, LRERMN L85 RAAZTET
%7 Ko RANIEHA Deep Risk Model 5k A 53R 47 2 W 44 1248 L 20 P12 8, KRR
APEM GBI ER X FEF L, BIMEKHRENLR=H R T EEE, HIRAT A
A RS o

OPD: BAFIpATHERSH (202153 A)

BALFE ] H AR AR A MK BF A LiERERFET 2021 5F 7 A &EAH T arXiv, 7
#2021 F AAAl IR A TH MDA FABI, F— R MK BT IR F ] M%)
4 Fang Yuchen, % —4F% R M BAFIEHLE F 5] M5 %4 % % Ren Kan (AH4R).

%G 2 E A TWAP. VWAP %, S I HAREATR A FHE A, @iy s)
BEBANTE: 1) BRETHERIIK, F3HRBGHERI; 2) A 52 RARE
i X AF BHAT R, T\%féiﬁi%i’%‘é’a%ﬁ M, 1% #F 742 4 Oracle Policy Distillation (OPD)
BAR, LU LRmAE A,

OPD t94w B2 . AT £ HABHATRFE ST A AEH Student, AX T LA
BATIRALE ) YR B A Teacher, ¥A Teacher 3] § Student (% %% 48, Policy
Distillation), 4% Student #93)4 £ 4% Teacher.

B #%21: Oracle Policy Distillation 14

4  Market info. (price and volume)
| n
£\ )
I\ Y
Py !
n l' ‘\ /
i (W) &
NS b
Y
LML
Wi 'i
| - - t | Ttime
- |‘
. g
Imperfect i Perfect i S
information §.__.|_r_1_f_o__r_r_nat|0n : 2
........... i s
Policy ... L s
istillation : =N
-----—------_ Teacher o
g e X
action reward actm% ireward
( Market Environment —

#A4Hk R : Fang et al. (2021). Universal Trading for Order Execution with Oracle Policy Distillation. AAAI, & % #F 5

P Fokeg P AR BRIX Q HBARETHHKE, pA t WA BN G A 94 &
W), e tiF R EhHE, tHATERAE L TRRE, FLARXHE LW EBRALEE S
HEAHAQHAHRT, RAMERLLH 3 qp:
T-1 T-1
argmaxztzo (Ge+1 " Pev1) s t-z O Q

BT W2 B TE ARG YR IR — 3, 1 F e —A 7% 17
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mALE ] ey KA e 6 kA (State, s). #1 (Action, a) %% (Reward, R). 3%
3] B BARA S S — AR E Bl B RS a=1n(s), A% (Policy, m). &
LIRS D MRk Bk By A Rk L (Policy Optimization) #= % 94 %48 (Policy
Distillation) #3 4. # ¥ % =1L Policy Optimization # B AR R HAL K 5 K&, o2 E
F R AT, XT2ARSRANLBHR Fah ok HEFIR- WA, o TR T,

B£22: BRFIELE RADFHHHRBMAL (Policy Optimization) 4

price normalization
—_———
i =20 (PE) g ()

Q p

Ry = —a(a,)?
Ri(s¢,ar) = Rf (s, ar) + Ry (s¢, ar)

= (p{“ - 1) a; — o (ar)?

p

T—1

arg max[E [ Z V' Ry(s4. at)}
4 t=0

# 4tk K : Fangetal. (2021). Universal Trading for Order Execution with Oracle Policy Distillation. AAAI, 4 & #F %

F k& 48 Policy Distillation B A @ik HHFE . e TR, Stdap M AE R4 Bk
B 09 Teacher 324032 ) A 89K K fesh 1, s Aea 9 A AL B B ¥ 4038 %49 Student
TRALFE A GRS Fsh . MK HE a4 LR 4L Student #93h4F a AT AE4EUL Teacher
W Ed.

B4£23: BAiFHHKEE%ERE (Policy Distillation) ¥4

Ld = _Et [logPr(at = &”ﬂ'g, St;'ﬁdj, gt)]

#A4H kR : Fang et al. (2021). Universal Trading for Order Execution with Oracle Policy Distillation. AAAI, & 3 #F 5

OPD B A ST VA £ AAF L5 4 T B 3 69385 . A4 A FiE 800 A A% 699 4 & M
AR R % OPD B A, J 53848 TWAP., VWAP 4 45 % ikt irafib, £ % 2%,
B (2021 5 AZ6 A) OPD A ki, A5 S I4R ER B4R,

HAVRNF, 0% A Rk %18 Policy Distillation 5| AR 2R 5 #95%s ] . Fuk
A48 0914 KT B Google DeepMind £ 2015 4 11 A #2 7 X 4 T arXiv, 4 2016 4 ICLR
HREIES S KABENK. FARKEIRMKEF A AP IS, RREETAK A
KA KE D 450958405 IR (Teacher) 45 2.4 AE 8948R (Student), OPD #F %
BT mEfe KRB GOBRAIHSZRAT N L RKBNFOEA, RRREABERES
LB AR H # E Ko

ADD: #IEHZANR EKS T FHiks (2020 F 12 A)

ADD #4838 5% 5% 70 1 ik AT 12 F 2020 45 12 A A4 T arXiv, % —1F# &8sk AR
R 4% 3 & Tang Hongshun, % =15 & fdk ZAFIRALE 5 51 W4T %’ Wu Lijun (X
R
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EERHBOH LA RILIK, HBHBBBARATUAETRERT (X), H X FRFKLB7ZE
5l 813 6BAB, AR REHYEBER (X), £ 5RANHARAAAER LI,
%A 74% 3 Augmented Disentanglement Distillation (ADD) #4238 7% M & 5% 3, LK i 42,

Augmented Disentanglement Distillation £ # Disentanglement f##84E 3 B sk b, E MK
i F F 3% w Self-Distillation B A 4G4 %%, 55 2L Augmented 3 4% 38 5% 7 fk

#4248 Disentanglement f#484E% . BBERNERARKE TFTHFELORBFKSFLE
THKBEFELE, 5 2 MR E (Encoder). 1 AN %E (Decoder) #= 4 ASFM %
(Predictor) .
1. %HABOLEHMDE (Excess Encoder) #7445 (Market Encoder), & #r
N A RAE BT X, Hy b 97 9 A8 5 4% 4E (Excess Feature) A= 7 3% 4¢ 42 (Market Feature) .

2. MR A EMMAE (Reconstruction Decoder), #rA\AAZFAFIEFT F4E4E, M
A& BB ETX.

3. MMBEA2NAETRNE BFIKLE TN B, T HIETME) F= 2 AT 5 (3
RABFICE N, S RT IR EANE)e H P
a. ABIKEFANSEAERE, MBI, Wl A DTSN,
b, THAEANE R 9 XBR MR TIHHIE, d A KEHKR T @A,
C. MHABFKEZAMEADEHE, MANTHFIE, B AANAR T E TN,
d. AT HKEAMNE A REBRA, MR, Ml KREKREK T A,

SN B A9 AN Aok R B, e E R EEFANAE /o do B H M 2B 700 5k R 4T,
MARAVETIE . HRNAZAERN LR ERTERIK, mTHLANEGEERT

2k =
At 2o

B #%24: ADD # Disentanglement 1£%&

(" Adversarial Market Ad -

" Return Predictor

\ Lol Ll sosoe

Encg
Excess Excess |/
Encoder Feature
X

Market

Market
Feature J\

4 " Adversarial Excess |
{__Return Predictor Advg

w4tk K : Tangetal. (2020). ADD: Augmented Disentanglement Distillation Framework for Improving Stock Trend Forecasting.
arXiv, &/

Disentanglement #BAERRK AN HLNGF X, 2B ABLTRGHE KK
1. REAHE L AAEFRAN B MK Lees R IFTHFAM B AR K -Laav. LR FMIRK Liec =R
Z An,
a BABEMMEMXEX Lee A TEAAE I E: AFENALTKE Ye 2T E NS
FRM AN PEABEAL 5 Pree(fe)9 MSE, A% K&Kk T @) Ym A= ol & 700 & 70
K &3 77 ) Prem(fv) 89 X L CE.
b. R XA E AR K -Lagy A XFHFAM B WK Laov 9 R E o Ladv £ T 8 756G Ao &
B ANRAR HUK B Ye Ao 3T A2 FUIL 5 FUN B FHUN A I AR B 5 Adve(fv) 49 MSE,
AR KT T @ Yv AT 3700 5 N 8 70 K &3k 7 &) Advwm(fe) 89 X LE CE.
c. MABFTMMAK Liec: RAERF X Ao T MAFE A R JEB BT X4 MSE,
2. MK HE Lo HATHIMN ZE R K Lagvo
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AERXF TR, 20T “AFEZH7, LANEE AR, LBII%. RAHKIRA:

1. HABRBIAAMER ERFMEH XGREE, HEREFTHKEH XGE L, FHL
BN E, WA RAFAE

2. ML ERE A T A B 0 FUK B IE AT T S 45 4R, R ERIEE &

3. TN & 69 A UK S TN B AT L B TR B A TR AE A .

E#425: ADD #i%.#

Lpre =MSE(Preg(fe), Ye) + CE(Preas(far), Y ),
Lagy = MSE(AdvE(far), YE) + CE(Advry (fE), Yar),
L ree = MSE(X, X).

min El = EPTE — A% L:Ad'u + Ho* L"Rec:

Opnc,0pre.f0pec

min Lo = Lage-
Oady

WAk R : Tang et al. (2020). ADD: Augmented Disentanglement Distillation Framework for Improving Stock Trend Forecasting.
arXiv, &A%

XA~ 28 Self-Distillation 8 &G4 K 7T OPD 3L 5 3] F ik A 5 F CA B Rk &1,
1% A )| 44247 69 Teacher B4 5] § Student # A )%, ADD #A %P, HHERa¥K EL—%
A FHIEE D 44769 % 7 B 4E Teacher, 48 Data Augmentation 4 K 4 #% & 18 4L 48D

(AR s X NEL), D =DM R HKIEE, E#H#4EE EER Teacher “&1g” hay
iR, 5l F %A & Student I .

Self-Distillation #) EARR G XA L AMERK HEK L P Lgs B REA, S EATH

ABITBA, BAAMNREBRKRGLD BAANAERE. MELH TR T. £F:

1. wdiFH ICHENE [ AXHAHARE. wREARSH A IC &BIK, £AFRMREE
BK, R2ARE wd & K.

2. wsikTH MSE #ik (MSE AaR ) HHME [ AXHBFH I MREHFARE. R
EAIE MSE &5, AFFMEEE K, AT wsi i Ko

3. WEATRAHZNE | AXHBFHIAMEFEARE, £ wdFe wsi b9 heixFa,

4, A E—##3% XN e9 R %A Teacher, ik HmADLE he £ R HHKEED L% Student
WALE, MR ER hse B AMGIMEKN Las £ hiAe hs 49w MSE, H AR EH L—
% XA Wil

B%26: 3|\ A& Self-Distillation # ADD & % % #

ic — il
d]:,ﬁda.y ( Bday)*zL

maxr Zcmzn
MSEpmar — MSE]

wsg = ﬁ&ample + (1 - ;Bsamp[&') * )
MSCmar — MSCmin

wg:a*wdj+(lfa)*w8{.

Lpis =Y > w! «MSE(ht], hs!).
]
min  L1=Lpre — A * Ladgo + pt* Lrec + & * LDis,
OEnc,0pPre,fDec

min Lo = L Ady-
Oadv

W4tk R Tang et al. (2020). ADD: Augmented Disentanglement Distillation Framework for Improving Stock Trend Forecasting.
arXiv, &K

RG22 Augmented B 5%, HIBHEBOBRRLERE S RBH AL ERA )%, A
FARKRLBFEGAARH NS B GRBRRIE (P AT IHHIE fI, ZLEMDE, REL
73 “BE” BHRBRFER,
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B4%27: #3¥EHE% Data Augmentation, ¥ Dayl ABHi4FiEfe Day2 F HHirard, FEBHEL
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075 " day 2 day1
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H .
:
0.25 i
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excess returns
S ..
L UTREX
—_—u..
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-0.50
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market returns

AR R : Tang etal. (2020). ADD: Augmented Disentanglement Distillation Framework for Improving Stock Trend Forecasting.
arXiv, &R

A ARBAMEE®R, AidkE 60 A H BFHMIL. RXE. vwap A B-F, AR L
W 25 B AL 3t BE 28, 45 % & B, = A (2016 £ 2019 5F), ABHUIK 5 FM £ 9 IC 4= Rank
IC 4k F 3+ R 40, 7k 35 TN 5 49 E 4 F fo F1 score % F 3 FE 40, VAAR S0 35 T 38 4 32
HAE R, RS RS T B,

KAV R, Z 55000 & 5647 2 Augmented Disentanglement Distillation iX = A~ % 414 :

1. Augmented 4B, KABHERAP A RBAE AL SEA D%, £ BIGLIRAAR T
H) 2R AT, LAY SIMEANR, AR RH HBINN LA K%
TRV RAT I, BAERF T L E, W ADD #F %A AL 32 7 XA RO BAE AR 95 4R
FRBEIN, LELEQARMBOLES, RITT RN FILAHF KGNS .

2. Disentanglement *f 5 f#AB1E R . #4885 % 4E5 %) (Representation Learning) &4
KA R84 AY I % . Bengio ¥ A T 2013 F & & 47 L ¥ Representation learning:
areview and new perspectives, =& X425 3 &9 B AR — AW AFAE 8 K AL AR AR S AN
kR E. FREFEAIL IS, Max-Planck % #& & 4.5F 7% P #= Google Brain
722018 F 11 A &4k & % L ¥ Challenging Common Assumptions in the Unsupervised
Learning of Disentangled Representations, it 454 L W B 55 F 69T, #iF
#2019 4 ICML B FRHLE % 5] K& B L.

VIEAR 5038 % R RIEE M B T P RIBUFIE, & MAR T E . RIESNE TR a4
ARFMBEAT I E, RERALESFIE (RA+T ) i (RH) REBR P,
ADD A 5L ¥ 84869 A 5| NI R AL E TN, 20 B T 09 K A ALAR sk AL FUIL 5 45 2 Ao
T B AR, A (RET ) FoirnE (RHTH) TR, ZHELE, AR

3. Distillation *t & %212 %418, ADD #F % %, Teacher %43 % 4= Student %% 25 &9 | 4 45 45

—#, RHARA B A Self-Distillation. 4 A AMBHEARR S AMIRZ X OH ARE,
Gl AR FRHA, KR ERA TR LK AR,

IGMTF: BAZ2R%& M % e nEF7 (202159 A)

IGMTF B #b % R 2 0 % 50t 8] 5 50 4F 50 b sk A IR fe P ol K32 F 2021 4 9 A 56K
T arXiv, H—1EER P4 KF-ME RIS A4 Xu Wentao, $ =& 2%
BB IEALE 5 ) M FH AR R Liu Weiging (X1 7F) .

%% AR BN ANBREATZERGHDEXER, ZHRXME IGMTF (instance-wise
graph-based framework for multivariate time series forecasting), # v Z 82X TFEM#HE

MGEZEARLZELRF A X REE.
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IGMTF #9377 X4 F :
1. #A (X): SamiEF7, SEARZGXAnXdER, P nAEEAK, dADE

RH 8, i), CEHFEETZ NS H n=862, 321 #= 8,

2. fd (p): HEATZ ML,
3. R4

a. ISR E (Training Instances Encoder): & Al GRU+MLP R %3t &4 &
X #AT %A, FEHANE (FAHZ EA N A1 £52, | A MLP fird #1480,
s A 4w aE X (Inference Mode), T4 5 2| A4 #ik.,

b. J#EHA%MDE (Mini-batch Instances Encoder): & GRU+MLP R %3t t &
ZIAE AR XU AT 020, 13 2] N hi(n AN | 428 2 ) o b 3 B 91 4542 X (Training Mode) ,
I =S/

c. IHAFARHE (Training Instances Sampler):  E A= h £ L& 4% K¥H1E, F
2|E (A ZE A | 5 2) A=ht (1 £@E). HHEPHA B 2 Aeht 69 R7ZIEH,
BB RAAGAT K AR, BRI E Pa9iX k AN, F2RAFE 690 AF KN
et (mAM™M14d=, £+ m=nXk),

d. BEALH3 (Graph Aggregation Module): 5 et (m AN 4& &) F= ht (n 4|
) MAZRMAREIESD A, AAARER et E4 AN,

e. FMAEH (Forecasting Module): ht#=h! f ##t4&, @it Linear &% 2| HUNA pt.

LAMBEMBER, ARVASEERXEE LWEE.,

B %28: IGMTF M4

---------------------------------------------------------------------------------------------------------------------------

y (a) Training Instances Encoder . (c) Training Instances Sampler
! »[ GRU H MLP H Sampler

Input Features of Inference Mode
Training Instances

Sampled Training |
Instances Embeddings 1

’

Training Mode g

[T —{ v o v | RE ] T ot }—{ i {5

| Input Features of Mini-batch Instances | Time Series Predictions |
", Mini-batch Inst - Embeddi : . y
kun alch tnstances (b) Mini-batch Instances Encoder ecdings (e) Forecasting Module

s

FAHk R : Xuetal (2021). Instance-wise Graph-based Framework for Multivariate Time Series Forecasting. arXiv, 2 #4F 5

¥ IGMTF B F3G8, B, ILES2E L TITEF I KIEEGAN, FREAE A Q)
AR AEA) | 2k AAb 22 B 8 B2 B B )3 VAR-MLP, 783744 4 W 44 5 4% %o Bt 18] B 2 F0 AR A,
R 2T, IGMTF X R2H T8, BREMAiLE Pk, SAFRMEMEEZRES.

KMIKA, ZARG T LR A ZERLENS LN FI5A, BT EMIEEEX R
Z 8 AL TR H RN R FINSHFAERFERTZNNEXER, maE A =2 VAR,
B ik K SRR EBMME X R, HHLRHF I FAGBRIK. BARPEREFIERNL
TENTERAMDERRGZEIARS L. RIPEERBVLEREZIIK, LEEEE
MAFERLZNYFE, BNER%EHRAEETZEA,
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FIMB A ERFRREPITLRES KRG
@t 2017 SF AR BAF IR Al LT AT e midie, RNRAERZITLARLE
N RAAH,

BEHBAETLE, RARTETRME. L/LF, BAVME FTELRKR B S8 HK, $i&
T T B T AEHE B BT B 2 b AL BB, AT H P, B
HWIRA TR X, TAHAEERETIZENE Apha BF. RRLERRBERNT E. 17k
AARARRF,, LARKAR K7, KR AR, &5 ERGE S,

A BB, REMAZKRE T AR ABCT @, BALTBARE, Fik
X% . Beta HH FAMH, B AARBATL, LRAHRTHTEE, mARERANFF
IRF) ., HAEF AR F G ERGARARES T, REAFER, i AHK
BT RBRVAING R, 2R R R T 4T 21

MEXSHIE D EHBEIE, KEBEALE, LLF, BT R EZE RS
2, AmBATKR S BRARAGBLE, MNELHHHEFf G XLBIEE. Al BRAE
R BB AP AR TR B AP 4o REST % & F 43850 F= HAN S5 33852 5] A L,
BAZEIRT A&, MALADAROFEIRAKBEERY, FHERFWORTFHE, LXK
W Al WELTRHR KIE, EHATREGEZG Al ARBAR T EEEET, Ayt iET
Al 8K a943%, HKEAE,

HHFAMMER TN E TS, REEAGE AR ESE. R TREGFA, 4= “Al 42
Al A 7 3F T IHAE T, AT 5| FEAF I ERLERY, el Ao EE/. HIFE
B9 E” &5, HRALRERFT LB, BHAGFM., MEEAFRLEK, 8V —&KBF
%3, IR SHEETBERRERT G PR (ETARLELEEZME L) LT AN R B,
B HARATHE, AEANMOYBRESALIFLANE R, RTHRE EMGFIA, FRLHRA
WA E A AR A AR 2,

PR REBRAE, BEERFRAT . RINBHUBFR, F—ERXKEHET4,
BB B RIS AT RE, BE R L, MR EHAREFELRSE, PEAHFHEK KRS,
PLUKFELSHERFRIESEFRAADAAEIARD ., ER‘FRKIARN, RITHH
AT B H Ak K

BAAZREAREZEANANTRES AERANFE. ALA%N 9 BT, BiVEN%Li
EENMH A LERR GO T R, S8 4 BAFRERRA. BEW “Ea” FARETS,
A&EUTERZL. B, AEAR “47, BAERLETFRAGBER, BEEN A
2017. 2018 SF4 i, =& A MA G E AL FE A 2014 £ 2017 F K %

FERWNE, MILEGNEFS), AEPIRRRATIF. B4 T EEREAERZEH>H
HA, mEWNZRAERIEEREZNLZ, 2 INHASARNZIE, REKEZH£Z
28R, REIZ, IREZEAELE] ZWMEXR, ERBRZITHX L LREHNES
ik, BAVAKR, EFGERA G RERGFALT, BAPEREFREEDIEKETRL
&) B 69 R R AT o

MY RERL, WEHRABALRY. RENZER&FZEAME S, REGILAFR R E
BRSFATLEER, BAFRERT. Plim Kt Em R T#x RS E ST ayidis,
AT FEIRNTRANGRZE, RAEA T FEARIFZLELR, BBEAERTSHMA
M) AB B 35 AT T G AL 5 6915 8o X 2 T Bt AL At R AE R kAL B F B 09 AN R AR A
R Al ERFRGETHLAEERIT EH0ER, §TEHERZFRITE, KIHR
AL Z A fE 8 AR B 69 AR Ko
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Rx: RX#E
HIST: A& L440RFPERERK (2021 5 10 A)

HIST: A Graph-based Framework for Stock Trend Forecasting via Mining
Concept-Oriented Shared Information

Authors: Wentao Xu, Weiging Liu, Lewen Wang, Yingce Xia, Jiang Bian, Jian Yin, Tie-Yan
Liu

Abstract: Stock trend forecasting, which forecasts stock prices' future trends, plays an
essential role in investment. The stocks in a market can share information so that their
stock prices are highly correlated. Several methods were recently proposed to mine the
shared information through stock concepts (e.g., technology, Internet Retail) extracted
from the Web to improve the forecasting results. However, previous work assumes the
connections between stocks and concepts are stationary, and neglects the dynamic
relevance between stocks and concepts, limiting the forecasting results. Moreover,
existing methods overlook the invaluable shared information carried by hidden concepts,
which measure stocks' commonness beyond the manually defined stock concepts. To
overcome the shortcomings of previous work, we proposed a novel stock trend
forecasting framework that can adequately mine the concept-oriented shared information
from predefined concepts and hidden concepts. The proposed framework simultaneously
utilize the stock's shared information and individual information to improve the stock trend
forecasting performance. Experimental results on the real-world tasks demonstrate the
efficiency of our framework on stock trend forecasting. The investment simulation shows
that our framework can achieve a higher investment return than the baselines.

TRA: X HEXFJ (2021 F6 A)

Learning Multiple Stock Trading Patterns with Temporal Routing Adaptor and
Optimal Transport

Authors: Hengxu Lin, Dong Zhou, Weiging Liu, Jiang Bian

Abstract: Successful quantitative investment usually relies on precise predictions of the
future movement of the stock price. Recently, machine learning based solutions have
shown their capacity to give more accurate stock prediction and become indispensable
components in modern quantitative investment systems. However, the i.i.d. assumption
behind existing methods is inconsistent with the existence of diverse trading patterns in
the stock market, which inevitably limits their ability to achieve better stock prediction
performance. In this paper, we propose a novel architecture, Temporal Routing Adaptor
(TRA), to empower existing stock prediction models with the ability to model multiple
stock trading patterns. Essentially, TRA is a lightweight module that consists of a set of
independent predictors for learning multiple patterns as well as a router to dispatch
samples to different predictors. Nevertheless, the lack of explicit pattern identifiers makes
it quite challenging to train an effective TRA-based model. To tackle this challenge, we
further design a learning algorithm based on Optimal Transport (OT) to obtain the optimal
sample to predictor assignment and effectively optimize the router with such assignment
through an auxiliary loss term. Experiments on the real-world stock ranking task show that
compared to the state-of-the-art baselines, e.g., Attention LSTM and Transformer, the
proposed method can improve information coefficient (IC) from 0.053 to 0.059 and 0.051
to 0.056 respectively. Our dataset and code used in this work are publicly available:
https://qithub.com/microsoft/glib/tree/main/examples/benchmarks/TRA.
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REST: XA FH4RshiLk (202152 A)

REST: Relational Event-driven Stock Trend Forecasting
Authors: Wentao Xu, Weiging Liu, Chang Xu, Jiang Bian, Jian Yin, Tie-Yan Liu

Abstract: Stock trend forecasting, aiming at predicting the stock future trends, is crucial for
investors to seek maximized profits from the stock market. Many event-driven methods
utilized the events extracted from news, social media, and discussion board to forecast
the stock trend in recent years. However, existing event-driven methods have two main
shortcomings: 1) overlooking the influence of event information differentiated by the
stock-dependent properties; 2) neglecting the effect of event information from other
related stocks. In this paper, we propose a relational event-driven stock trend forecasting
(REST) framework, which can address the shortcoming of existing methods. To remedy
the first shortcoming, we propose to model the stock context and learn the effect of event
information on the stocks under different contexts. To address the second shortcoming,
we construct a stock graph and design a new propagation layer to propagate the effect of
event information from related stocks. The experimental studies on the real-world data
demonstrate the efficiency of our REST framework. The results of investment simulation
show that our framework can achieve a higher return of investment than baselines.

BREMAE Mg EX (20202 A)

Trimming the Sail: A Second-order Learning Paradigm for Stock Prediction
Authors: Chi Chen, Li Zhao, Wei Cao, Jiang Bian, Chunxiao Xing

Abstract: Nowadays, machine learning methods have been widely used in stock
prediction. Traditional approaches assume an identical data distribution, under which a
learned model on the training data is fixed and applied directly in the test data. Although
such assumption has made traditional machine learning techniques succeed in many
real-world tasks, the highly dynamic nature of the stock market invalidates the strict
assumption in stock prediction. To address this challenge, we propose the second-order
identical distribution assumption, where the data distribution is assumed to be fluctuating
over time with certain patterns. Based on such assumption, we develop a second-order
learning paradigm with multi-scale patterns. Extensive experiments on real-world Chinese
stock data demonstrate the effectiveness of our second-order learning paradigm in stock
prediction.

EABLBNEEFS (201948 A)

Investment Behaviors Can Tell What Inside: Exploring Stock Intrinstic Properties
for Stock Trend Prediction

Authors: Chi Chen, Li Zhao, Jiang Bian, Chunxiao Xing, Tie-Yan Liu

Stock trend prediction, aiming at predicting future price trend of stocks, plays a key role in seeking
maximized profit from the stock investment. Recent years have witnessed increasing efforts in
applying machine learning techniques, especially deep learning, to pursue more promising stock
prediction. While deep learning has given rise to significant improvement, human investors still
retain the leading position due to their understanding on stock intrinsic properties, which can imply
invaluable principles for stock prediction. In this paper, we propose to extract and explore stock
intrinsic properties to enhance stock trend prediction. Fortunately, we discover that the repositories
of investment behaviors within mutual fund portfolio data form up a gold mine to extract latent
representations of stock properties, since such collective investment behaviors can reflect the
professional fund managers' common beliefs on stock intrinsic properties. Powered by extracted
stock properties, we further propose to model the dynamic market state and trend using stock
representations so as to generate the dynamic correlation between the stock and the market, and
then we aggregate such correlation with dynamic stock indicators to achieve more accurate stock
prediction. Extensive experiments on real-world stock market data demonstrate the effectiveness of
stock properties extracted from collective investment behaviors in the task of stock prediction.
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TTIO: BAR#AEMHAKELE (201958 A)

Individualized Indicator for All: Stock-wise Technical Indicator Optimization with
Stock Embedding

Authors: Zhige Li, Derek Yang, Li Zhao, Jiang Bian, Tao Qin, Tie-Yan Liu

As one of the most important investing approaches, technical analysis attempts to forecast stock
movement by interpreting the inner rules from historic price and volume data. To address the vital
noisy nature of financial market, generic technical analysis develops technical trading indicators, as
mathematical summarization of historic price and volume data, to form up the foundation for robust
and profitable investment strategies. However, an observation reveals that stocks with different
properties have different affinities over technical indicators, which discloses a big challenge for the
indicator-oriented stock selection and investment. To address this problem, in this paper, we design
a Technical Trading Indicator Optimization(TTIO) framework that manages to optimize the original
technical indicator by leveraging stock-wise properties. To obtain effective representations of stock
properties, we propose a Skip-gram architecture to learn stock embedding inspired by a valuable
knowledge repository formed by fund manager's collective investment behaviors. Based on the
learned stock representations, TTIO further learns a re-scaling network to optimize the indicator's
performance. Extensive experiments on real-world stock market data demonstrate that our method
can obtain the very stock representations that are invaluable for technical indicator optimization
since the optimized indicators can result in strong investing signals than original ones.

HAN: X TFSRBEHEBOREFIRERN (2017 F 12 A)

Listening to Chaotic Whispers: A Deep Learning Framework for News-oriented
Stock Trend Prediction

Authors: Ziniu Hu, Weiqging Liu, Jiang Bian, Xuanzhe Liu, Tie-Yan Liu

Abstract: Stock trend prediction plays a critical role in seeking maximized profit from stock
investment. However, precise trend prediction is very difficult since the highly volatile and
non-stationary nature of stock market. Exploding information on Internet together with
advancing development of natural language processing and text mining techniques have
enable investors to unveil market trends and volatility from online content. Unfortunately,
the quality, trustworthiness and comprehensiveness of online content related to stock
market varies drastically, and a large portion consists of the low-quality news, comments,
or even rumors. To address this challenge, we imitate the learning process of human
beings facing such chaotic online news, driven by three principles: sequential content
dependency, diverse influence, and effective and efficient learning. In this paper, to
capture the first two principles, we designed a Hybrid Attention Networks to predict the
stock trend based on the sequence of recent related news. Moreover, we apply the
self-paced learning mechanism to imitate the third principle. Extensive experiments on
real-world stock market data demonstrate the effectiveness of our approach.

DRM: RE % 3] HEEERNE R TR #REHER (202157 A)

Deep Risk Model: A Deep Learning Solution for Mining Latent Risk Factors to
Improve Covariance Matrix Estimation

Authors: Hengxu Lin, Dong Zhou, Weiqing Liu, Jiang Bian

Abstract: Modeling and managing portfolio risk is perhaps the most important step to
achieve growing and preserving investment performance. Within the modern portfolio
construction framework that built on Markowitz's theory, the covariance matrix of stock
returns is a required input to calculate portfolio risk. Traditional approaches to estimate
the covariance matrix are based on human-designed risk factors, which often require
tremendous time and effort to design better risk factors to improve the covariance
estimation. In this work, we formulate the quest of mining risk factors as a learning
problem and propose a deep learning solution to effectively ““design” risk factors with
neural networks. The learning objective is also carefully set to ensure the learned risk
factors are effective in explaining the variance of stock returns as well as having desired

BT W2 B TE ARG YR IR — 3, 1 F e —A 7% 27



HUATAI SECURITIES

(D LRI %

orthogonality and stability. Our experiments on the stock market data demonstrate the
effectiveness of the proposed solution: our method can obtain 1.9% higher explained
variance measured by R2 and also reduce the risk of a global minimum variance portfolio.
The incremental analysis further supports our design of both the architecture and the
learning objective.

OPD: ZWUFIRATHERS (202153 A)

Universal Trading for Order Execution with Oracle Policy Distillation

Authors: Yuchen Fang, Kan Ren, Weiqing Liu, Dong Zhou, Weinan Zhang, Jiang Bian,
Yong Yu, Tie-Yan Liu

Abstract: As a fundamental problem in algorithmic trading, order execution aims at
fulfilling a specific trading order, either liquidation or acquirement, for a given instrument.
Towards effective execution strategy, recent years have witnessed the shift from the
analytical view with model-based market assumptions to model-free perspective, i.e.,
reinforcement learning, due to its nature of sequential decision optimization. However, the
noisy and yet imperfect market information that can be leveraged by the policy has made
it quite challenging to build up sample efficient reinforcement learning methods to achieve
effective order execution. In this paper, we propose a novel universal trading policy
optimization framework to bridge the gap between the noisy yet imperfect market states
and the optimal action sequences for order execution. Particularly, this framework
leverages a policy distillation method that can better guide the learning of the common
policy towards practically optimal execution by an oracle teacher with perfect information
to approximate the optimal trading strategy. The extensive experiments have shown
significant improvements of our method over various strong baselines, with reasonable
trading actions.

ADD: #IEHZMAA L ELS AT HIE (2020 F 12 A)

ADD: Augmented Disentanglement Distillation Framework for Improving Stock
Trend Forecasting

Authors: Hongshun Tang, Lijun Wu, Weiging Liu, Jiang Bian

Abstract: Stock trend forecasting has become a popular research direction that attracts
widespread attention in the financial field. Though deep learning methods have achieved
promising results, there are still many limitations, for example, how to extract clean
features from the raw stock data. In this paper, we introduce an Augmented
Disentanglement Distillation (ADD) approach to remove interferential features from the
noised raw data. Specifically, we present 1) a disentanglement structure to separate
excess and market information from the stock data to avoid the two factors disturbing
each other's own prediction. Besides, by applying 2) a dynamic self-distillation method
over the disentanglement framework, other implicit interference factors can also be
removed. Further, thanks to the decoder module in our framework, 3) a novel strategy is
proposed to augment the training samples based on the different excess and market
features to improve performance. We conduct experiments on the Chinese stock market
data. Results show that our method significantly improves the stock trend forecasting
performances, as well as the actual investment income through backtesting, which
strongly demonstrates the effectiveness of our approach.
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Instance-wise Graph-based Framework for Multivariate Time Series Forecasting
Authors: Wentao Xu, Weiging Liu, Jiang Bian, Jian Yin, Tie-Yan Liu

Abstract: The multivariate time series forecasting has attracted more and more attention
because of its vital role in different fields in the real world, such as finance, traffic, and
weather. In recent years, many research efforts have been proposed for forecasting
multivariate time series. Although some previous work considers the interdependencies
among different variables in the same timestamp, existing work overlooks the
inter-connections between different variables at different time stamps. In this paper, we
propose a simple yet efficient instance-wise graph-based framework to utilize the
inter-dependencies of different variables at different time stamps for multivariate time
series forecasting. The key idea of our framework is aggregating information from the
historical time series of different variables to the current time series that we need to
forecast. We conduct experiments on the Traffic, Electricity, and Exchange-Rate
multivariate time series datasets. The results show that our proposed model outperforms
the state-of-the-art baseline methods.

Qlib: Al ZAEF-FE (202059 A)

Qlib: An Al-oriented Quantitative Investment Platform
Authors: Xiao Yang, Weiging Liu, Dong Zhou, Jiang Bian, Tie-Yan Liu

Abstract: Quantitative investment aims to maximize the return and minimize the risk in a
sequential trading period over a set of financial instruments. Recently, inspired by rapid
development and great potential of Al technologies in generating remarkable innovation in
guantitative investment, there has been increasing adoption of Al-driven workflow for
quantitative research and practical investment. In the meantime of enriching the
quantitative investment methodology, Al technologies have raised new challenges to the
guantitative investment system. Particularly, the new learning paradigms for quantitative
investment call for an infrastructure upgrade to accommodate the renovated workflow;
moreover, the data-driven nature of Al technologies indeed indicates a requirement of the
infrastructure with more powerful performance; additionally, there exist some unique
challenges for applying Al technologies to solve different tasks in the financial scenarios.
To address these challenges and bridge the gap between Al technologies and
quantitative investment, we design and develop Qlib that aims to realize the potential,
empower the research, and create the value of Al technologies in quantitative investment.
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