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Traditional Factor Models. In financial

. kD. ion L .
trad Ing, faCtor mOdEIS are fU ndamental Stock Data — Representation Learning — Factors

. . . Price data of multiple Learn time-series and cross- Generate factors for
tools for asset pricing an d are wide Iy used stocks over time sectional latent features downstream tasks
to predict asset returns. These models ANV | Treees | o Sectons :

enhance pricing accuracy and risk », FT— ‘ ' \
management by identifying a set of key e
factors that explain excess returns.

Latent Factor Models, connecting the
factor model with the generative model,
the variational autoencoder (VAE).
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7 I Portfollo Management  Algorithmic Trading |

High-dimensional data Low-dimensional representations
(prices) self-adaptively (factors)
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Introduction - Challenges & Motivations
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¢ Challenge 1: Limited

. Reflection of Market
Complexity. Single-value :
factor representations
struggle to capture the
non-linear nature of _
financial data, leading to

- reduced predictive :

stability.
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Introduction - Challenges & Motivations

Historical data Future data
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Challenge 2: Factor Inefficiency. VAE-
- based factors often ignore temporal

Predictor / \. Encoder /
Predicted Optimal

factors factors

Y A\ 4

/ Decoder

\

' v

Predicted returns Reconstructed returns

dynamics, succumb to latent space noise,
. and suffer from multicollinearity due to a
- lack of factor independence.

. .
G .
----------------------------------------------------------------------------

---------------------------------------------------------------------------
. Y
.

;' Challenge 3: Lack of Factor Selection.

Fig from FactorVAE: A probabilistic dynamic factor model ~ :  EXisting models prioritize factor generation

based on variational autoencoder for predicting cross-

sectional stock returns. Duan Y, et al, 2022.

over evaluation, failing to implement :
. selection mechanisms necessary to identify
». and utilize the most impactful signals.
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Introduction - Challenges & Motivations

Learn time-series and cross-
sectional latent features

--------------------------------------------------------------------------------------------
. .
*

Challenge 1: Limited Reflection of Market

Time-series Cross-Sectional .
L stens Coshaee Latent Eeaturas . Complexity. Single-value factor representations
i i Al . struggle to capture the non-linear nature of
________________ . financial data, leading to reduced predictive
: Codebook Decoder \‘ ‘ stabil |ty
| oTmesseCotmbok 5 1 eeseeseesssseseserse st s sas s et sesas s e et et sanan e e nrrennes®
I 4 o |
: : i »  High-Dimensional Vector Representation:
I
' - Captures intricate market complexity and non-
! I
Patching Encoder . . . . .
\ B et o ! linearity through high-dimensional latent
| poregs 11 s e : he inh .
| s S e vectors, overcoming the inherent constraints
I == ' ' I -
e e Tl of traditional scalar-valued factors.
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Introduction - Challenges & Motivations

Learn time-series and cross-

e e $lh i s . .
N N : Challenge 2: Factor Inefficiency. VAE-based '
Latent Features Laiaot Feshrae . factors often ignore temporal dynamics,

I—— = ‘ | u succumb to latent space noise, and suffer from
________________ © multicollinearity due to a lack of factor

:'  Cadobook Decoder \: independence.

: eI IR §~ 'E : .............................................................................................

E ) S E >  Dual VQ-VAE Spatio-Temporal Architecture:

! ! Integrates cross-sectional and time-series

' Patching y ‘_.,.,E.?,“d',r : £ . _ .

] ! eatures using a dual VQ-VAE structure with

| S - ———F diversity and orthogonality loss constraints to

:\ 22 :l‘ ‘ : : ensure factor efficacy and independence.
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Introduction - Challenges & Motivations

Learn time-series and cross-
sectional latent features

--------------------------------------------------------------------------------------------
. .
*

Challenge 3: Lack of Factor Selection. Existing

m“m‘% oaures L”””m] models prioritize factor generation over
A ‘ ‘ ' evaluation, failing to implement selection

:  mechanisms necessary to identify and utilize
;’ -T-c:q.;;k- B \: the most impactful signals.
: il f.%: :_:::n : .............................................................................................
E P e E »  Codebook-Based Categorization & Selection:
! e E— Employs discrete codebook embeddings as
Vb 15 e cluster centers to categorize and differentiate
A ¢ === | factors, providing a transparent mechanism
:\ 0 :l‘ ‘ : . for impactful factor selection.
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Problem Formulation

Observed Data

Stock’s historical price data p (open, high, low, and close) and
technical indicators d as observed variables x := [p, d] €
RN*WXD Then we use the D dimension data to predict the

stock’s future returns y; ;41 = W.
it
01030501

Downstream tasks Portiolio Management
» Portfolio Management: » Algorithmic Trading: trade on

constructs an optimal portfolio one single asset, aiming to , v

based on predicted returns to find trading signals, and & s

test the profitability of factor execute buy, hold and sell

models. actions. | Buy

Algorithmic Trading
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Method — overall Structure
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Figure 2: The architecture of our proposed STORM model

Then the learned factors will be used in downstream
tasks, like portfolio management, and algorithmic
trading.
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Overall Structure
Our designed STORM, which has a dual
VQ-VAE architecture that systematically
constructs cross-sectional and time-
series factors by capturing both spatial
and temporal dependencies.
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Method — s and cs modules
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Patching and Encoding

In TS module, observed data is divided
along the stock number dimension. In
CS module, it’s divided along the time
axis. Then we use Transformer as
encoders and decoders to capture
complex patterns.

Decoding and Reconstruction

“cl =;{0rtho-£orth0 + )ld'w-cdiv + ”x - X:SHE + Hx - x:.sHE

sglzt? (0] - 2 ()| + gzt 01 - 22 0|

+ sgtae 01 - 2560 + salzg 001 - 2o

“|

K

Z gk 108 Py k.

g=1 k=1

1 T
Orthogonality loss -> factor orthogonality. Lo = = [lf2()"&2(e) Ikl
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Method — Factor Module
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For the latent factor model, our proposed STORM with
the dual VQ-VAE structure and the factor module can
already learn the corresponding factors and then make
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Feature Fusion and Alignment

We use multiscale encoder and
contrastive learning layer to fuse and
align TS and CS features at fine-
grained and semantic levels.

Prior - Posterior Learning

Concatenate two latent features, which
are used to predict the future returns.
The factors are then be used in portfolio
and trading downstream tasks.

[.upost» O-post] = @re (Y, Ze(x))

[.upriorr Gprior] = @rp(Z, (x))

future return predictions. \_/ 5= a+ ZK ﬁkzk + e
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Method — How to apply to downstream tasks

Posterior
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Downstream Tasks

Portfolio Management Task: utilize the factor decoder
network to generate stock future returns y, and then apply
the TopK-Drop strategy to construct a daily portfolio by
selecting the top k stocks.

/TopK—Drop strategy: At trading day t, w, = [w?, wi, ..., w) 1] represents N

the portfolio weights for N stocks. Then, for day t and t + 1, at most

d stocks can be replaced. The replacement is defined as a stock whose

weight changes from 0 (not held) to a positive value (newly bought) or from

a positive value to 0 (fully sold). This constraint ensures that at least k — d
Qtocks remain in the portfolio, reducing excessive turnover. /

Algorithmic Trading Task: executes buy, hold, and sell actions based on predicted asset
states to balance returns and risks. We formulate it as a Markov Decision Process under
reinforcement learning scenario. The latent factor embeddings Z are integrated into the
observation set O = {Z, R}, and R is the reward function that guides the agent’s learning.
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Empirical Analysis

: Three Tasks: Datasets.
: v Future Return Prediction Task : Two US stock markets, :
: To evaluate the factor effectiveness and predictive power i from 2008-04-01 to 2024-:
\/ Portfolio Management & Algorithmic Trading :: 03-31, spanning 16 years. :
Financial downstream tasks to evaluate profitability of learned factor \‘: ;T?S’(())O :
Metncs ...........................................................................................................  Training: from 2008—04—015

o .1 t0 2021-03-31 :
; \/ Factor Correlated Criteria Test: from 2021-04-01 to

RanklC: correlation between the predicted rankings and the actual returns 2024-03-31
RankICIR: the information ratio of RankIC, measuring the stability of prediction :

. v/ Financial Standard Metrics ! For algorithmic trading
Profit: Annualized percentage yield (APY), cumulative wealth(CW) task, we choose 5 typical :
Risk: Maximum drawdown (MDD) and annualized volatility (AVO) individual stocks inside

Risk-Adjusted Profit: Calmar ratio (CR) and annualized Sharpe ratio (ASR) *. the US stock markets.
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e TN T Results on Portfolio Management

Strategi
rategies APYT CW1T CRT ASRT MDD] AVO]

Market Index 0.058 1.184 0.228 0.142 0.254 0.410 Resu,ts On Algorithmic Trading

0.332 0.238 0.176

Empirical Analysis

ot e L, =
LST™M L0020 +0.068 £0.114 +0042  +0.013 ATt cwr Rt ol cry APY]  CwWl i APY] CWT CRI
Transformer 0.076 1.244 0.433 o._r}gl 0.174 Buy&Hold 0.120 1316 0236 1.499 0.727 -0.117 0690 0184 0.214 1.784 01.569
0.028  +0.098 £ 0.161 T0057  +0.004
0075 1241 428 0223 0.174 LightGBM 0.135 1335 0333 1654 1,001 0042 0880 0038 0267 2068 0637
CAFactor £0.028 & 0.100 £ 0.165 £ 0043 +0.006 0.053 1200 0286 1386 0.754 0060 1262 0381 0178 1513 0893
FactorVAE 0.079 1.256 0.460 0.200 0.173 LST™ £ 0015 + 0053 0023 £ 0406 £ 0.69 £0.019 20429 =062 0122 10352 0822
hetoT E005 008 E0.145 £0.040  £0.007 Transf 0.083 1384 0614 1377 0782 0.079 LI 0458 0138 1397 0726
HireVAE .077  1.249 A48 0.216 0.172 ranstormer + 0,059 10200 0509 0207 0541 £ 0174 2 04 £ LA 0018 1033 064
£0.029 +0.104 £0.189 £ 0048 0000 N 0.135 1.305 0607 1.400 DEO2 0081 1.185 0.442 0,166 1475 0.534
2 DQ +0.075 4 0.583 + 0.673 £0.158 + 0.2 & 0106 20305 £ 043 = G085 40100 & 0107
STORM 0.188° 1.683 1.052 0.166 0.171 SAC 0.147 1383 (400 1598 L170 0056 1165 0353 0229 1856 0929
£0.055 +0.226 £ 0329 20050 +0.020 + 0021 $+0.111 £ 0198 01465 20335 £ 1210 +08 = 0994 0114 $0331 £ 05ES
STORM-w/o-TS e it 057 08 0475 - 0137 1372 0.356 1422 0719 0019 0954 0040 0216 1620 0569
STORM-w/o-CS 0.089 1.294 6.592 0 1116 6.167 + 0073 10071 1 0.059 0136 t 0,205 £ 077 = 0514 £ 0418 = ikl 1 0.232 £ (L105
TARE e a2 2 i4M3 240N STORM 0.229 1621  0.559 1893 1470 0173 1625 0.773 0.290 2154 1216
3 + 0,035 + 0,133 + 0.081 = 0. 184 + 45 & 0047 = 0284 2 0293 = (052 + 0.262 £ 0557
Improvement(%)” 137.97 34.00 128.70 2626 29 STORNw/oTS 0.199 1437 0627 15% 1294 0106 1212 0267 0254 1979 0964
e + 0.059 10214 * 0.187 * 0089 1 1.002 0120 =045 20138 * Dosl 10093 t 0503
DJ30 Dataset ———— 0.148 1347 0350 1534 014 0136 1474 0.541 0181 1650 0.648
Pl'oﬁt Rj.sk—Mj. Prﬁﬁt Rlsk ' - + 0.069 10154 1 0.106 0219 t 0.352 t &2 = 0500 £ 0328 = (051 102 t Sal
Strategies APY] CW] CR] ASR] MDD] AVO)] Improvement(%) 55782 17124 217 144500 20408 118987 26969 66594 B614 4150 30893
Market Index 0.063 1.201 0.147  0.429 0.219 0.288 Jem IBM INTC MSFT
LightGBM 0.069 1.221 0.288 0.430 0.244 0.160 Models ASRT ASRT MDD|  AVO] MDD AVO| MDD]  AVO] MDD AVOD]
g 4 £0.040 0140  £0262 0267 20047 = 0.007
LSTM 0.060 1.192 0243 0370 0.248 0.163 Buy&Hald 0.447 0.405 0406 0.237 0,199 0213 0635 0.359 0376 0275
Totormer 05 138 O 3 MR ME Theaw o i i e e
£0.013 &0 £0.067 =0 " £ 0. B2 EET 01 ! 2 !
CAFactor 0.059 1.186 0.233 0.382 0.252 0.153 LST™ £ 0,163 0,185 i 00i61 & 0,002 4 0,001 =i ;ul & 0,007 $010 & 0003
£0.015 £0050 0058 0092 s0021 0001 0.972 1.332 0226 0.010 010 0257 0.014 0182 0011
FactorVAE 0.076 1.246 0.352 0.480 0.225 0.159 Transformer + 0,748 L0607 0,000 0008 + 0003 s01M 2 0008 Y0104 & 0006
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I;A(. ] | -;! 20276 IL;IIIII'i L] iIIIIJI L] ill:l’.l.‘\ 01 £ 0004 + 0.8 l;Jul.I'\
STORM ?.1‘.?42 EE}J 10333 ll?;i.; On‘lgf ou’rﬂ? PPO 0.974 1.000 0381 0015 0011 0.511 0.019 1,353 0.017
STORM-w/0-TS U,UTQ‘; 1.259 0.52!‘ 0.623 0.127 0.142 £ 0.412 10,189 10018 £ 0.001 t 03 T01s 2 0007 L0036 £ 0001
£ 0.05 £0.192 £ 0.425 £ 0379 £ 0038 £ 0.008
L3446 1245 029% 0014 0,009 0.227  0.015 0210 0.015
STORM-w/0-CS 93101?531 }oz?s‘?u 005130% 91:5{‘161 9;:?& onl;'i? STORM £ 0,162 $O.A06 20016+ 0.001 £ 0001 20055 = 0002 + 0067 & 0,002
b o 1199 1.587 0,194 o011 0,008 0344 0.7 0244 0.015
Improvement(%) 94.74 2175 29659 119.17 52.00 8.50 STORM-wio-TS £ 0,904 20296 2009 20001 + 0,043 0081 & 0000 £ 0090 & GOM
1 - —— - STORM-w/o-CS 1027 0858 0327 0013 0,010 0312 0018 0295 0016
) Underline indicates the best-performing baseline method result; s + 0,326 £02% 40064 20000 01001 $01% 20008 LO090 ¢ 0002
Bold the best p among our proposed models variants); Improvement(R)  27.704 19144 8401 1111

i Improvement of STORM over the best-performing baselines.
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~"Table 4: Factor quality evaluation task results®. :.‘ . EJistribution of Counts for Codebook Embedding Indices’
' » 7 To further show the quality **
on RanklC and RankICIR - 2%
— — b7 .- of learned factors, we ?‘;;j
odels RankICT RankICIR] RankICT RankICIRT . . . g
Future Return Prediction in Portfolio Management Task . represent In Flgu re 3(a) the % ;.,f
ightGB! her- VR S S o ictri i * odebook Embedding
Lgscan I distribution of factor usage o ST
Transformer OPE,S 0..3.1'0; 0:?;3,3' 0:.3.443 : : |n downst ream taSkS ) ’\'L‘JI ’1-‘30' ’516' ‘JQQ'
CAFactor O:JE,? 0“3553 D?{EH 038401 - . ' (a) Codebook Embedding Index
FactorVAE 0052 0543 0056 0520 : RankIC and RankICIR vs Codebook Size
HireVAE fl;'{%f ﬁ;"‘% ”-,f% "Tf‘,?% ¥ . Metics e
p— soe o oass s .: INFigure 3(b), we show the o ML o
STORM-w/o-Ts 957 %902 0% 20983 :: itivi Loss
momecs U owi om o i1 Sensitivityresults of i
Improvement(%)' 8772 20609  12.069  18.650 hype rparameter COdEbOOk :;ix
, :: size. This variable balance
: We compare STORM with other:: the factor di " g W g e @b P
: . e TacCtor aiversity an odebook Size |
- latent factor models, and use  :: ati | Y it Figure 3:(a) Dist ,b(b: " fks < for codebook
: ) - representational aualitv. igure 3: (a) Distribution of counts for codebook
RankIC and RankICIR metrics to P G y embedding indices. (b) Hyperparameter
“*ShOW the factor correlations. S experiment results for different codebook sizes. .

. .
. .
-------------------------------------------------------------------------------------------------------
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Conclusion and Future Work

Summary

Propose a spatio-temporal latent factor model to lear ;

both time-series and cross-sectional factors Future WOI"k

Ensure the factor orthogonality and diversity e More side information

Factor selection in financial trading « Exogenous factors
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