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Problem Formulation Challenges

" Latent Factor Models: This research targets a spatio-temporal * Limited Reflection of Market Complexity. Single-value factor
framework that captures both cross-sectional asset variations and representations struggle to capture the non-linear nature of financial
individual temporal evolutions to model the underlying drivers of data, leading to reduced predictive stability.

stock returns. " Factor Inefficiency. VAE-based factors often ighore temporal

= Portfolio Management: The efficacy of generated factors is dynamics, succumb to latent space noise, and suffer from
assessed by converting predictive signals into optimal capital multicollinearity due to a lack of factor independence.
allocation weights to achieve maximized risk-adjusted returns. = Lack of Factor Selection. Existing models prioritize factor generation
= Algorithmic Trading: This task aims to optimize trade execution for over evaluation, failing to implement selection mechanisms
individual assets by determining discrete actions—buy, hold, sell— necessary to identify and utilize the most impactful signals.

to balance transaction returns against market risks.

Stock Data » Representation Learning » Factors Motivations & Designs

i CHR G AR TR S aps byl o = High-Dimensional Vector Representation: Captures intricate market
——— L o Secions | PRSEERE E complexity and non-linearity through high-dimensional latent
SN A QL i g vectors, overcoming the inherent constraints of traditional scalar-
v ol =, ﬂ \ § valued factors.
" gy < e CETEEE CRREREL S EETES “ 5 s " Dual VQ-VAE Spatio-Temporal Architecture: Integrates cross-
b O | R S e | W | sectional and time-series features using a dual VQ-VAE structure with
¥ SN e g o = A § diversity and orthogonality loss constraints to ensure factor efficacy
- X TEL WLLr and independence.
““rt, e Paching _ Encodor N " Codebook-Based Categorization & Selection: Employs discrete
O L IEL 9 o ? § codebook embeddings as cluster centers to categorize and
v i J" : s === o ¢ differentiate factors, providing a transparent mechanism for
Time —> T T oo Ao impactful factor selection.
Architecture of STORM
by tsatss sy ibse Time-series and Cross-sectional Modules

~ | I - A . Codebook TS o . . . . .
: : Patching and Encoding: In TS module, observed data is divided
- = . LE
5 I: [] ° [] ’ [] []
N § : TS g 3 along the stock number dimension. In CS module, it’s divided
D {H:-:;,Hj = i ~._ L ;ﬂ:l}' : A a . .
W z!5(x) e 255 (x) along the time axis. Then we use Transformer as encoders and
_ | I II'-ll y —
Observed Dala x;, Ia Encoder [ DKEMN INoeXx 'S Decoder Recon. Dala x;,
e W h decoders to capture complex patterns.
i LAlGN FEallies }i’ E':' il TS l_-"' Y
il - - . ’ ",
o [chs] L i % Ipasr*}‘r{ﬂpﬂsrrﬁpast} d b k . d . . . ,
2 .- - . — Codepook Construction and Optimization:.
= = o 3 e
= 3 = B o T . . . . . .
(N,W,D) = & i% 3 @ ®—~ 27 . ﬁﬁﬁ:ﬂ pria 9 Diversity loss helps enhance representational capacity.
gu m a T [chs] . W 2y
e = _ _ il o . o
l £ o & ® & (N W H) { Infarence Orthogonality loss forces factor orthogonality.
Day Num < Ze(x) B | Frior FA L LSy, log pox, L 1 |€:(e) T, (e) — 1 HE
CS Lafent Fealures Factor Embeddings 82 ) v = Z Z © ’ ~ k2 E €)=
NEWTY FBEATEG AL SITRNRRTIGG zprfﬂr*ﬁffﬂprewuﬁprmr} i GK 1k Pg*k ng,k orthio K? : 2 KllF
g=1 k=1
: 255 (x) —Token index~,  Z5(®) g Decoding and Reconstruction
w 2 Fl 2
E . - e ::1;"1 - - E E Ly =AorthoLortho + AdivLdiv + |x - x:SHE + HK = Xesllo
- - g ™ ‘W 2 2
#
N g - ? § +|lsglze (0] = 25 (|| + [[sglzg ()] - 2 (0|
B Codebook CF cs _ CS 2 | cs 08 HJ
QII;_E-I.‘;EFJ,_.-,.:,' Data x.. CS Encoder C%5q C57 C5% CS5y - 105K CS Decoder Recon. Dafa x., T SQ[ZE (]{)] z‘i’ (x) 2 M Sg[z"-}' (}E)] Ze (J{) 9
Factor Module
E . tal R It Feature Fusion and Alignment: We use multiscale encoder and
Xperimental Results . . .
contrastive learning layer to fuse and align TS and CS features
dodel AAPL JPM [BM INTC MSFT f. . d d . I I
' APYT OCOWT  CRt APYT Cwl CRT APYT  CWT CR APYT  Cwt CR1 APYT Cwi CRT at IN e'g ralinedad andad sema ntlc evels.
Buy&Hold 0.120 1.404 0,383 0. 1.316 0% 0.145 1.499 0.727 0117 D690  -0.184 0.214 1.784 0,569
LightGBM 0.135 1390 0487 0.116 1335 0333 0227 L&54 1091 0042 0880 0038 0.267 2068  0.637 Prlor - POSter[O[’ Learn[ng CO N Cate N ate tWO |ate nt feat U reS’
LSTM 0.053 1.152 0.283 0.079 1.290 0266 0.1 1.334 0.754 1.6 1.262 0.381 0178 1.513 0.893
EOLELS £ -2 LI LI a0y £ LS L Hirad T i,141 i 1 I':':.“ ::t: :I.-EI1':I J.I!.-II.-.":I .I'-".n'l £ il :._i L II'1:-.-.' :l'.!-r-.-.'_' . .
Tastomer 000 0 0%2 G nmosed o oobd ner am oo umooss o o oms Which are used to predict the future returns. The factors are
DON 0.135 1.374 0.510 0.105 1.305 0.607 0.139 1.400 0.802 0.061 1,185 0.442 0166 1475 0.534 . . .
" S s wwn o e e b ke e e b i o e e thenbe used in portfolio and trading downstream tasks.
] ¢ (] (L g Tl t {034 i1l T 019K t 0057 t (143 : 553 e 210 e & = G99y = ifhi1l4 + .33 = (LSH5
PP} 0.137 1.379 0.496 0.128 1.372 0356 0,146 1,422 0779 0,019 0,954 0,040 0.216 1.620 0,569
£ LTS ¢ 0N 0213 ¢ 0028 £ 0Tl 1 @059 + 0,047 £ 154 t (L 005 = 0177 £ (L5514 = G418 = (&l + 0,242 = 0105
0229  LEST 0750 0174 1621 0559 0,296 18493 1470 0,173 1.625 0.773 0290 2154 1216
STORM NN L L:_:.:.--I. r B0nh :-.II.I'!_' :-J'.!-_:I T @081 t 0,099 '.II.:..-I t (LgdS e 06T i I!IT.I :.l:-_'lfl T 1% 1 II{-L-! ¢ 0597 . . .
STORM-W/o-TS 005 so2en 20274 20098 +024 +887 20015 +DM® 21812 £0130  :0.M5 =B 20060  £008) 20503 Results on Algorithmic Trading Experiments on 7 datasets from
T ORM- w08 0.148 1.521 0,641 0,103 1.347 0350 0.152 1.534 0.814 0,13 1.474 0,541 0,181 1650 0,648 Results on Factor eva/uation
£ s L £ 184 WL £ £ ., Db AT £ 1Y £ £ K2 o | R & 052N £ ] | £ shL .
Improvement(%) 55782 23062 45076 .E27 17124 2117 1065 144501 20408 1B 987 26969 66594 R&14 4,159 30.E93 tWO U . S . StOCk mada rketsl coverli ng
AAPL TPM IBM INTC MSFT SP500 DJ30 t h e
. Models . - -
s ASRT MDD] AVO| ASRT MDD] AvVO] ASRT MDD AVO) ASRT  MDD| AvVO] ASRT MDD| AvVOl RankICT RankICIRT RankICT RankICIRT
Buy&Haold 0447 0313 0269 0.405 D406 0237 0.679 0,199 0213 0,324 D635 0359 7T 0376 0275 Future Return Prediction in Portfolio Management Task ( DJ 3 O din d S PS OO) )
LightGRM 0,950 3 0,017 0921 0 0015 1,822 175 0011 98 0,553 0,023 1.4 037 0,017 . ~ 0.027 0.274 0.031 0.272
: :,'].:1 0.623 3 _:II: 0,012 0,801 0 ﬁ? Eulz T068 E 163 0 EI-.I E.sz-:': 0,149 0.010 L 1-:: n.:-tz 0,014 LightGBM 0%03?; 0%%8; 0%03015 0031?3 ( DJ 30 an d S PS OO)’
- £l '._IL-!I -2 || |. 2 £ CHly £, 185 £ DR !. AR | Fs 1 l\'.!':llll K £ Qe i | |! '.l\..ll WET 1R r LBd42 £l '.f"ﬁ & Qg l‘S'I“\i : -0 006 -~ -O 042 2 .0 004 - -O 056
ra—— 0.972 0.2 0,011 1,332 0.22% a.010 199 0,182 0010 0,604 0,257 0.014 1206 182 0,011 t 0. * 0.042 £ 0. £ 0. .
T:I or £l LL' £ 01ET £ CHG f AL £ O LD ! .-l 1L ] § 0. hHS £ [k i) S IR (R & LTHY |! '.':Ii SR e ! |! T & OEHlG Trarlsformer ?‘(?0305‘, :00304.‘_% 9‘00(:)3035 ?‘033435 a n d (flve
DON 0 Hi-ll- 0 :.H:L “":”;":. | I4|-|1=. 0212 0010 1.4 alliHl LI.Ih.:. |.] 0 u-u'aII &f}l:'d l:nil._-'-ll.i!: 0.014 L 1:,-'1 "Iiim?lu III.-II'II.HI Cara 0.037 0.356 0.040 0.380
. 1054 0292 0018 1044 0350 0014 1794 0157 0001 0527 0359 0017 1638 0229 0019 | & OeS Agn st : Eon
/Al £ 0.2 -uu- -H_ 2 'Il.--.lI?! ' 0276 3 -|!-..-Ua :J.*-rm.: 0,458 |”||?g..-| : ;Uh; -U'. 61 0091 s ul 004 % v 0,215 = 0005 FactorVAE (_')(?051% 005;1.3: 9(?051% (z)bs.ozsq Stoc ks)l S h OW th at STO R M
PP} 0.974 0,300 0,016 ].{MM) 0,381 0.015 13846 0,177 001 0,044 0,511 0.019 1.276 0,453 0,017 o 0.057 0.558 0.058 0.563 .
¢ 0412 ¢ 003 2 Doel] £ 0,189 t DLEB1A £ 0001 i 0,241 Ny g O 0e0Y s | &HY £ L0115 s D007 z 0299 & 0,000 & OOl HireVAE T 0.006 3T 0058 T 0.006 T 00553 Outperforms a” basellnes across
136 0282 0,016 1.245 0. 299 o014 2,107 0,137 0 D09 1. 189 0.227 0015 LET2 0210  0.015 0.062 0.673 0.065 0.668
STORK £ 0163 L ’ |.--.II.|I £, ] e t DLBlé £ 0000 i 0,302 £ (L0 ¢ i 0eDi ] 1 |.. 1.1 £ DSS s 0 H!_' y l..'-..-:l & 0, Ol g 0002 STORM 1.0018 :.0.155 1.0.038 1.0.287 t d : t' t : d :
allh-w/o TH :I.u:| :.:, :;I.|::|r,'::.' -I:Ilfljl:l II:.?EE- !D:II:;:.'- F'lll:l:l .1:-?-1 Flllljll ?ﬂ -Illl.‘lf,l.i:l |I:Iii!||I:eI.L| r.Il.!:lll:ull. -llm;ti' !I:'I;EI'}_‘:}'I F:ﬂhﬂ STOR‘\L“"‘;O'TS g()g(zlj' gﬂzl;%z) gtg(zlis gozlg% WO p re I C I O n m e rl CS a n S I X
R 1027 0.229 0.015 0858 0,327 8013 1.307 0,177 0.010 0,914 0,312 0.018 1401 0,295 0,016 R . : i . . . .
2 TURH-wio-Lo ¢ 0,928 s 0.0%0 = 0ubl] g 0,294 £ 0 D s 8,001 ¢ 0,405 ¢ 0,028 z {001 : 0407 £ 0,186 : (004 s 0224 £ 01,040 = 0.002 STORM-w/0-CS t 0.014 £ 0.118 + 0.016 t 0.156 Sta nda rd fl n a nCIa | m etrl CS.

Improvement(%)  27.704 1.184 19144  B491 15642 16561 11.111 952348 2076 lmpl'oven‘lent(‘.7'2)1 8.772 20.609 12.069 18.650




	Slide 1

