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Abstract: Quantitative investment (abbreviated as “quant” in this paper) is an interdisciplinary field combining
financial engineering, computer science, mathematics, statistics, etc. Quant has become one of the mainstream
investment methodologies over the past decades, and has experienced three generations: quant 1.0, trading by
mathematical modeling to discover mis-priced assets in markets; quant 2.0, shifting the quant research pipeline
from small “strategy workshops” to large “alpha factories”; quant 3.0, applying deep learning techniques to discover
complex nonlinear pricing rules. Despite its advantage in prediction, deep learning relies on extremely large data
volume and labor-intensive tuning of “black-box” neural network models. To address these limitations, in this
paper, we introduce quant 4.0 and provide an engineering perspective for next-generation quant. Quant 4.0 has
three key differentiating components. First, automated artificial intelligence (AI) changes the quant pipeline from
traditional hand-crafted modeling to state-of-the-art automated modeling and employs the philosophy of “algorithm
produces algorithm, model builds model, and eventually AI creates AI.” Second, explainable AI develops new
techniques to better understand and interpret investment decisions made by machine learning black boxes, and
explains complicated and hidden risk exposures. Third, knowledge-driven AI supplements data-driven AI such as
deep learning and incorporates prior knowledge into modeling to improve investment decisions, in particular for
quantitative value investing. Putting all these together, we discuss how to build a system that practices the quant
4.0 concept. We also discuss the application of large language models in quantitative finance. Finally, we propose 10
challenging research problems for quant technology, and discuss potential solutions, research directions, and future
trends.
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1 Introduction

Quantitative investment (abbreviated as
“quant” in this paper) is an important part of the
wealth management industry, which is one of the
largest sectors of the world’s economy. Modern
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quant applies rigorous mathematical and statisti-
cal modeling techniques, machine/deep learning
techniques, and algorithmic trading techniques to
discover asset pricing abnormalities in financial
markets and profit from the following arbitrage or
investment opportunities. The core of quant trading
is quant strategy, which is a systematic function or
trading methodology used in financial markets based
on predefined rules or trained models for making
trading decisions. As shown in Fig. 1, a standard
quant strategy contains a series of components, such
as an investment instrument, trading frequency,
trading mode, strategy type, and data type. For
example, a stock hedging strategy hedges market
risk by going long in the most favorable stocks and
shorting the least favorable ones (or shorting the
corresponding index future/option instead).

Quant has been studied for a long time in
both academia and industry. Originating a cen-
tury ago (Bachelier, 1900), many researchers have
contributed to the development of this interdisci-
plinary area (Fig. 2), including many Nobel Prize
laureates and Turing award winners. Examples in-
clude modern portfolio theory by Markowitz (1952),
stochastic calculus for asset pricing by Samuelson
(1965), an option pricing model by Black and Sc-
holes (1973), vector autoregression by Sims (1980),
the ARCH/GARCH model and co-integration test
by Engle (1982) and Engle and Granger (1987),
the Fama–French three-factor model by Fama and
French (1992), local average treatment effect estima-
tion by Imbens and Angrist (1994), Shapley value
in cooperative game theory by Shapley (1953), and
deep learning technology by LeCun et al. (2015). On
the other hand, the blooming era of quant in in-
dustry started in the 1990s, and its evolution can
be generally categorized into three generations, de-
noted as quant 1.0–3.0 (Fig. 3). Quant 1.0 involves
a small but elite team applying mathematical and
statistical tools to analyze financial markets; we call
this the “alpha studio” model. Quant 2.0 involves a
large number of investment researchers working on a
standardized pipeline to find effective alpha factors
(Tulchinsky, 2019) out of the plethora of financial
data; we call this the “alpha factory” model. Quant
3.0 moves its attention from factor mining to deep
learning modeling, and aims to achieve strong pre-
diction models with simple factors by leveraging the
powerful end-to-end learning ability of deep neural

networks; we call this the “deep alpha” model.
Although quant 3.0 has demonstrated its suc-

cess in some strategy scenarios, it still has some
primary limitations. First, building a “good” deep
neural network is costly because of the heavy work
in network design, optimization, deployment, and
maintenance. Second, it is a challenge to read under-
standable messages from a model encoded by deep
learning black boxes, making it very unfriendly to
investors and quant researchers. Third, the good
performance of deep learning relies heavily on ex-
tremely large volumes of data, limiting its usage
to data-abundant scenarios such as high-frequency
trading. In response to these challenges, we pro-
pose the idea of quant 4.0, which defines the picture
of next-generation quant technology by practicing
the “all-in on artificial intelligence (AI)” philosophy.
Specifically, the proposed quant 4.0 concept consists
of three fundamental pillars:

1. Automated AI aims to build an end-to-end
automated pipeline for quant research and trading,
to dramatically improve efficiency and sustainabil-
ity by significantly reducing the cost of labor and
time for quant research work including data pre-
processing, feature engineering, model construction,
and model deployment. In particular, we introduce
the state-of-the-art AutoML (He et al., 2021) tech-
niques to automate every module in the strategy
development pipeline. In this way, we propose to
change traditional hand-crafted modeling to an auto-
mated modeling workflow in an “algorithm produces
algorithm, model builds model” manner, and even-
tually move towards a technical philosophy of “AI
creates AI.”

2. Explainable AI (XAI) attempts to open the
black box that encapsulates deep learning models.
Pure black-box modeling is unsafe for quant research
because people cannot calibrate the risk accurately.
It is difficult to know, for example, where returns
come from and whether they rely on certain market
styles, and what the reason for a specific drawdown
is, under black-box modeling. More and more new
techniques in the field of XAI could be applied in
quant to enhance the transparency of machine learn-
ing modeling, and thus we recommend that quant
researchers pay more attention to XAI. We must rec-
ognize that improving a model’s explainability has
costs. Therefore, it is important to research how to
maximize valuable explanations for investment with
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the least loss in performance possible.
3. Knowledge-driven AI differs from data-driven

AI, which heavily depends on large volumes of
data samples. Data-driven AI is more appropriate
for high-frequency trading or stock cross-sectional
trading, which has very large sample sizes. Con-
versely, knowledge-driven AI relies on reasoning from
a knowledge base or knowledge graph, and has the
potential to solve the quant problem in low-frequency
trading such as value investing or global macro in-

vesting. Therefore, knowledge-driven AI is an impor-
tant complement to data-driven AI techniques such
as deep learning. In this paper, we introduce knowl-
edge graph technology, which represents knowledge
with a network structure composed of entities and re-
lations, and stores knowledge with semantic triples.
A knowledge graph of financial behaviors and events
could be analyzed, and inferences could be made for
investment decisions using symbolic reasoning and
neural reasoning techniques.
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Fig. 1 Quant strategy components and classification of common strategies
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Fig. 2 Main academic contributors and their works that deeply influence the development of quantitative
investment (photo credit: Wikipedia)
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Fig. 3 The development history of quantitative investment in industry, from quant 1.0 to quant 4.0
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Moreover, with the rapid development of large
language models (LLMs), we study their application
in quantitative investment and their potential uses.

2 Automated AI for quant 4.0

Automated AI for quant 4.0 covers the automa-
tion of the full quant pipeline. In this section, we
will first give an overview of the traditional quant
research pipeline and then introduce how to upgrade
it to an automated AI pipeline.

2.1 Automating quant research pipeline

Over decades of development, quant research
has formed a standard workflow as shown in Fig. 4
(blue part). This workflow consists of several mod-
ules, including data pre-processing, factor mining,
modeling, portfolio optimization, order execution,
and risk analysis. Data pre-processing is intended to
standardize the raw data and improve modeling effi-
ciency by resolving issues in raw data, such as miss-
ing records, extreme values, outliers, and differences
in scales. Factor mining is a task of feature engi-
neering (Zheng and Casari, 2018) that uses financial
and economic domain knowledge to design, search
for, or extract financial factors (features for down-
stream modeling) from raw data. Modeling is the
task of building statistical or machine learning mod-
els that use factors to predict market trends, asset
price movements, best trading times, or most/least
valuable assets. These models are evaluated through
back-test experiments. The final choices of models
must consider a number of factors including accu-
racy, explainability, and robustness, and find the best
tradeoff according to the ultimate goal. Portfolio op-
timization aims to find the optimal asset allocation
to simultaneously expect high return and low risk.
Although prediction models tell us what or when to
buy/sell, portfolio optimization specifies how much
to buy/sell. A typical portfolio optimizer attempts
to solve a constrained convex quadratic program-
ming problem which is extended from Markowitz’s
efficient frontier theory (Markowitz, 1952). Order
execution is the task of buying or selling orders with
optimal prices and minimum market impact. To
minimize the market fluctuation introduced by big
orders, algorithmic trading provides a series of math-
ematical tools for order splitting, from the simplest
time-weighted average price (TWAP) and volume-

weighted average price (VWAP) to the complicated
reinforcement learning methods (Nevmyvaka et al.,
2006), in which optimal order flow is modeled as a
(partially observable) Markov decision process. Risk
analysis is the task of discovering and understand-
ing risk exposure to better control unnecessary and
harmful risks in quant research and trading (Cole-
man, 2011). In this step, risks are measured in real
time and these messages and analyses are sent back
to help quant researchers improve their strategies.

In quant 4.0, we propose an automated quant
workflow using state-of-the-art AI technology, as
shown in Fig. 4 (orange part). In the following part
of this section, we will elaborate on three core mod-
ules in the automated pipeline.

1. Automated factor mining (Section 2.2) ap-
plies automated feature engineering techniques to
search for and evaluate significant financial factors
generated from meta factors.

2. Automated modeling (Section 2.3) applies
AutoML techniques to discover optimal deep learn-
ing models and automatically select the best model
configuration and training objective.

3. Automated one-click deployment (Section
2.4) builds an automated workflow to deploy trained
large models on trading servers with limited comput-
ing power and latency budgets.

2.2 Automated factor mining

Traditionally, financial factors with significant
“alpha” are manually explored and developed by
quant researchers based on their domain expertise
and comprehensive knowledge of financial markets.
In quant 4.0, we propose to automate the factor min-
ing process by formulating feature engineering as a
search problem and using algorithms to generate fac-
tors with satisfactory back-test performance at scale
(Fig. 5). In particular, based on the forms of ex-
pression, we classify factors as (1) symbolic factors
(Kakushadze, 2016), which are symbolic equations
or symbolic rules, and (2) machine learning factors,
which are expressed by neural networks.

Symbolic factor mining can be regarded as a spe-
cial case of symbolic regression (La Cava et al., 2021),
and this problem consists of four parts: operand
space, operator space, search algorithm, and evalua-
tion criterion. The operand space defines which meta
factors could be used for factor mining. Typical meta
factors include basic price and volume information,



Guo et al. / Front Inform Technol Electron Eng 2024 25(11):1421-1445 1425

sector categorizations, basic features extracted from
limit order books, and market sentiment scores
(Rashid et al., 2019; Abdul Karim et al., 2022). The
operator space defines which operators could be used
in the factor mining process. For example, in cross-
sectional stock selection, the operators could be clas-
sified as main operators for constructing symbolic

factors and post-processing operators for standard-
izing the factors for different trading environments.
Search algorithms aim to search for and find effective
or qualified factors as efficiently as possible. Viable
algorithms include Monte Carlo algorithms (Jin Y
et al., 2020), genetic programming (Chen TX et al.,
2021), and gradient-based methods (Biggio et al.,
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2021). Evaluation criteria measure the quality of
factors found by search algorithms. Typical evalua-
tion criteria include the information coefficient (IC),
information ratio based on information coefficient
(ICIR), and risk-adjusted returns. It is also impor-
tant to keep information diverse among factors by
filtering out redundant factors that are highly corre-
lated with others.

Although symbolic factors have their advan-
tages in simplicity and understandability, their rep-
resentation ability is limited by the richness of
operands and operators. Machine learning factors,
on the other hand, have more flexibility in repre-
sentation to fit more complicated nonlinear relation-
ships (Hornik et al., 1989), and thus they have the
chance to perform better in market prediction. In
particular, mining machine learning factors is equiv-
alent to the process of training neural networks
(Thakkar and Chaudhari, 2021), where gradients
provide optimal direction for fast search of solutions.
Most deep neural networks for stock prediction
follow the encoder–decoder architecture (Sutskever
et al., 2014), where the encoder maps meta factors
to a latent vector representation (embedding), and
the decoder transforms this embedding to some out-
come such as future return (Wang JY et al., 2019).
Not only the final outcome, but also the embedding
itself, could be used as a (high-dimensional) machine
learning factor (Wang ZC et al., 2021), and further
applied to various downstream tasks.

2.3 Automated modeling

Automation of deep learning is a complex prob-
lem due to the end-to-end property and network ar-
chitecture issues in modeling. The configuration of a
deep learning model consists of three parts, architec-
ture, hyperparameters, and training objectives, and
they jointly determine the final performance of the
model. Traditionally, these configurations are tuned
manually. In quant 4.0, they are searched for and
optimized using various AutoML (He et al., 2021)
algorithms. A standard AutoML system needs to
answer the following three questions: what to search
for (i.e., search space), how to search (i.e., search
algorithm), and why to search (i.e., performance
evaluation).

Search space is designed from the perspectives
of the three configuration components mentioned
above. Specifically, network architecture is config-

ured in a hierarchical way with various granulari-
ties, ranging from low-level operators, such as con-
volution kernels, to high-level modules, such as self-
attention layers. Hyperparameters, such as learn-
ing rate and batch size, control the overall train-
ing process. The search space for hyperparameters
is simpler than that for architecture since most hy-
perparameters are continuous (e.g., learning rate) or
approximately continuous values (e.g., batch size).
Training objectives specify the loss functions and la-
bels used for training models. In addition to classic
loss functions such as mean square loss and cross-
entropy loss, new loss functions specifically designed
for quant tasks can be selected. Labels define the
“ground-truth” target that the model aims to fit,
such as price raise/fall or future returns in different
holding periods.

Given the search space, we could use various
search algorithms to find the best model configura-
tion. As the simplest methods, grid and random
search algorithms (Bergstra and Bengio, 2012) are
straightforward to implement and parallelize. How-
ever, they cannot scale well to a high-dimensional
search space, because the number of potential con-
figurations grows exponentially with the increase of
the number of hyperparameters. An evolutionary
algorithm (Real et al., 2017) uses evolution mech-
anisms to improve model configurations iteratively.
It encodes the architecture of neural networks as a
population and performs evolution steps on them to
improve the model iteratively. Reinforcement learn-
ing (Zoph and Le, 2017) models the architecture
search problem as a Markov decision process. In
each step, a controller chooses an action to sample
a new architecture. Then the corresponding model
is trained and its performance is used as a reward
to update the controller. This loop is iterated until
convergence. Bayesian optimization (Falkner et al.,
2018) explores the search space using surrogate mod-
els to approximate the black-box objective function.
Specifically, it initializes a prior distribution using a
surrogate function such as a Gaussian process. Then
it samples new data points from the prior distribu-
tion (with importance), calculates their values using
the underlying objective function, and updates the
surrogate function accordingly. This process is re-
peated until the optimal solution is found. Gradient-
based methods (Liu HX et al., 2019) are very efficient
when the gradient of the objective function exists.
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However, for automated modeling, the search space
is usually discrete and the gradient cannot be de-
fined directly. One solution is to “soften” the ar-
chitecture and define an over-parameterized “super-
architecture” which covers all possible candidates
and is end-to-end differentiable (Liu HX et al., 2019).

The computational cost of an automated model
search is a result of two factors—the search algo-
rithm and model evaluation. Model evaluation is
usually a bottleneck in the computation because it is
very time-consuming to train a deep neural network
with a specific configuration to convergence. Several
methods have been introduced in previous research
to address this issue. First, the neural network train-
ing process can be stopped before convergence to re-
duce the evaluation computation time (Zoph et al.,
2018). Second, the model can select fewer samples to
accelerate the training process (Klein et al., 2017).
Third, warm-start model training can be used to
leverage the information from existing selected mod-
els (Liu CX et al., 2018) or information can be in-
herited from an over-parameterized “parent” model
(Liu HX et al., 2019) to accelerate the search loop.

2.4 Automated one-click deployment

Model deployment is the task of transferring the
developed model from offline research to online trad-
ing. However, it is not simply a matter of transferring
code and data; it also involves synchronizing data
and factor dependency, adapting trading servers and
systems, debugging model inference, testing com-
puting latency, and so on. In what follows, we fo-
cus on accelerating deep learning inference for high-
frequency trading and algorithmic trading scenarios,
where we propose an automated one-click deploy-
ment solution that uses techniques such as model
compilation and model compression.

During the development stage, deep learning
model functionality is the top priority for the un-
derlying framework, which strictly maps all the op-
erations to the computation graph. However, such
direct mapping introduces much room for optimiza-
tion at the deployment stage where the computa-
tions are fixed. As a result, the model’s computation
can be simplified and adapted to hardware features
without compromising its original semantics. Such
optimization, which can be categorized as front-end
optimization and back-end optimization, is one of
the major topics in deep learning compilers (Li MZ

et al., 2021). Model compression (Cheng Y et al.,
2018) aims to reduce model size for inference accel-
eration while minimizing drops in performance. In
this way, the compressed model can be regarded as
an approximation of the original model. At the micro
level, model pruning (Han S et al., 2015) and model
quantization (Han S et al., 2016) techniques can be
applied to reduce both the number of parameters
and the bit size of the individual parameters. Model
pruning removes unimportant connections and neu-
rons in neural networks that have little influence on
the activation of the neural network. Model quan-
tization converts the parameters from floating-point
numbers to low-bit representations. At the macro
level, the model can be significantly compressed into
a smaller model with simpler architectures via knowl-
edge distillation (Hinton et al., 2015) and low-rank
factorization (Zhang XY et al., 2015; Yu et al., 2017).

3 XAI for quant 4.0

XAI (Murdoch et al., 2019), as an attractive
research direction for decades, is critical to ensuring
the trustworthiness and robustness of AI models. For
quant, improvement in the explainability of AI can
make the decision-making process more transparent
and easier to analyze, provide insights to researchers
and investors, and uncover potential risk exposures.
In this section, we discuss how to leverage XAI in
quant 4.0 and connect these techniques to real quant
scenarios using stock alpha investment as an exam-
ple. We decompose XAI tasks into three dimensions,
stock, time, and factors, and show how XAI can
be applied to enhance the interpretability of quant
models.

3.1 Explanation on stock

Explanations can be provided for individual
stocks to illustrate their sensitivity to different fac-
tors at different times and their relationships with
each other. This can be achieved through various
XAI tasks, such as stock similarity analysis, lead-lag
effect identification, and sector trend evaluation.

1. Stock similarity: The ubiquity of correlations
between stocks and the commonalities shared among
correlated stocks present an opportunity for leverag-
ing XAI in quant modeling. By incorporating the
relationships between financial instruments, we can
improve the accuracy of our analysis and predictions
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beyond traditional methods that treat stocks indi-
vidually. Furthermore, analyzing the similarities be-
tween stock embeddings allows us to gain insight
into what the model has learned. However, the chal-
lenge lies in selecting an appropriate similarity met-
ric that is both flexible and effective. Metric learning
(Kulis, 2013; Kaya and Bilge, 2019) and graph struc-
ture learning (Zhu et al., 2021) are areas of research
that are relevant to solving this challenge. Develop-
ing a good similarity metric among stock embeddings
can enable creation of a graph structure by comput-
ing an adjusted adjacency matrix based on pairwise
similarity.

2. Lead-lag effect: In a lead-lag effect (Hou,
2007) (Fig. 6a), the trend of a stock is followed
by some other stocks with a lag in time. Investors
can profit by precisely identifying lead-lag effects on
the market (Li YL et al., 2022). However, identifi-
cation of lead-lag effects is difficult, because dupli-
cated trends appear frequently in financial markets
but only few of them are actually caused by lead-
lag effects. Strict identification of lead-lag effects
needs to be conducted via causal inference, which
requires counterfactual explanations (Bottou et al.,
2013). Nevertheless, counterfactual reasoning is usu-
ally infeasible in real-world financial markets because
the analysis is based solely on historical data.

3. Sector trends: Sectors are groupings of stocks
based on common characteristics, such as industry
or market capitalization. The trend of individual
stocks can be influenced by their sector, making it
important to identify the contributions of sectors to
individual stocks. One way to accomplish this is
by treating a stock’s sector membership as a cate-
gorical feature and using feature importance algo-

rithms to determine its importance. Additionally,
investors can gain insight into the sensitivity of sec-
tors to different types of features by examining the
interactions between sector memberships and other
ordinary features. This can help in making more in-
formed investment decisions and understanding how
the model makes predictions. In the context of XAI,
interpreting the role of sectors can provide valuable
explanations for the model’s output.

3.2 Explanation on time

Explanations can be computed on individual
time points to illustrate a stock’s situation and fac-
tors at that specific cross-section, and explanations
across multiple cross-sections can be further com-
bined to provide insights for market features in a
time interval.

1. Extreme market: In stock markets, there are
extreme conditions where nearly all stocks on the
market experience severe price drops. Under such
circumstances, it is hard for quant strategies to ob-
tain excess return because the prices of all stocks
drop together, and there is little room for arbitrage.
Therefore, in extreme markets, it becomes crucial
to identify the stocks that are less affected by the
market downturn and trade them to earn excess re-
turns. To achieve this, we can decompose stock
returns from two perspectives: those contributed
by market trends and those contributed by stock-
specific features. The decomposition can be com-
puted by categorizing factors into market factors
and stock-specific factors. Then, the importance of
these two types of factors can be computed via fea-
ture importance algorithms. We need to select the
stocks where the importance of stock-specific factors

4

Fig. 6 XAI examples in quant: (a) lead-lag effect in Chinese stock market; (b) influence of breaking news
across time; (c) interaction between size and momentum factors. (a) is reprinted from Guo K et al. (2017),
Copyright 2017, with permission from Elsevier. (b) is reprinted from Hu et al. (2018), Copyright 2018, with
permission from ACM. (c) is cited from Wang J et al. (2021)
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outweighs that of market factors.

2. Calendar effect: Calendar effects (Sakalauskas
and Kriksciuniene, 2009) are market patterns related
to the calendar, such as days of the week, months
of the year, and event-related periods such as the
U.S. presidential cycle. They are caused by mar-
ket participants’ expectations of future development
and can strongly influence market trends. Therefore,
identifying and using calendar effects is important
in quant for adjusting investment strategies. Fea-
ture importance algorithms can help identify these
effects by computing the importance of calendar fac-
tors, such as categorical features for weekdays and
days of the month. If model predictions heavily rely
on these features, it may indicate potential calendar
effects.

3. Style transition: Style factors are used in mul-
tiple factor models such as BARRA (MSCI, 1996) to
describe the intrinsic features of stocks such as size,
volatility, and growth. In such models, exposure
of stocks to these style factors contributes to their
returns, and the return contribution per unit expo-
sure, also called factor return, differs across style
factors. Moreover, the return of each factor changes
over time because of the transitions in the market’s
preference for different styles. If such transitions can
be accurately recognized, investors can adjust their
strategies accordingly to focus on stocks with large
exposures to the dominant style factors. To detect
style transitions, we can regard style exposures as
factors and compute their contribution to stock re-
turns using feature importance algorithms. We can
then observe the distribution of factor contributions
across time and detect shifts in this distribution as
signals for style transitions.

4. Event influence: Breaking events usually have
a great influence on stock markets (Fig. 6b). In-
vestors need to have a good understanding of the
influences of breaking events to reduce the negative
impacts or profit from the events. Usually, an event
is associated with two pieces of information: occur-
rence time and specific contents. Event contents can
be encoded as relevant features using natural lan-
guage processing techniques (Hu et al., 2018), and
the effect of an event can be computed as its impor-
tance concerning market trends after its occurrence.
In addition, we may compute causal explanations to
show the causal effect of the event.

3.3 Explanation on factors

Explanations can be computed on each factor to
illustrate the sensitivity of different stocks to the fac-
tor at different times. The explanations can be fur-
ther combined to show the interactive effects among
factors for specific stocks.

1. Factor type: Factors can be categorized in
various ways, such as by data source (e.g., volume-
price factors, sentiment factors, and fundamental
factors), financial features (e.g., momentum factors,
mean-reversion factors, and lead-lag factors), and
time scales (e.g., tick-, minute-, and day-level fac-
tors). Feature importance algorithms can be used
to compute the contribution of different types of
factors to portfolio returns, helping investors gain
a better understanding of AI-generated investment
strategies.

2. Factor interaction: Deep learning models are
good at capturing the complicated associations be-
tween factors, allowing weak factors to be combined
to form strong factors. Such interactions reflect in-
triguing patterns among factors and provide new in-
sights into finding new factors, and feature crossing
techniques (Luo et al., 2019; Tsang et al., 2020) can
be used to reveal such interactions.

3. Factor hierarchy: The semantic similar-
ity among factors can be depicted hierarchically,
using techniques such as hierarchical clustering
(Müllner, 2011) to create factor evolution graphs.
These graphs show factor relations by grouping to-
gether factors with higher similarities in lower-order
neighborhoods.

4 Knowledge-driven AI for quant 4.0

Knowledge-driven AI is an important comple-
mentary technology to data-driven AI, especially in
low-frequency investment scenarios such as value in-
vesting and global macro investment. A knowledge-
based system consists of two parts, a knowledge
base and a knowledge reasoning engine (Hayes-Roth
et al., 1983), which correspond to the problems of
knowledge representation and knowledge reasoning,
respectively.

4.1 Knowledge representation

The goal of knowledge representation is to en-
code human knowledge in machine-readable forms.
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It is the foundation of knowledge-driven AI and it
determines the modeling method for downstream
knowledge reasoning tasks. The semantic network,
first implemented by computer scientists in 1956
(Lehmann, 1992), is an early-stage knowledge base
concept (Sowa, 1992). Since then, logic-based knowl-
edge representations such as fuzzy logic (McNeill,
1993), expert systems (Jackson, 1998), and frame-
based languages (Minsky, 1974) have been exten-
sively studied and achieved great success. With the
emergence of big data, various knowledge standards,
such as the resource description framework (RDF)
and Web ontology language (OWL), have been pro-
posed to meet the growing demand for knowledge
exchange. These techniques are further extended to
satisfy large-scale applications in practice, leading
to the development of knowledge graph techniques,
which have become one of the mainstream methods
for building knowledge-based systems in data-driven
scenarios.

A knowledge graph typically consists of two
parts: ontology and instances. The ontology serves
as the knowledge graph schema, specifying the types
and semantic meanings of the entities and relation-
ships (Kendall, 2019). Meanwhile, instances de-
note the relationships between entities, usually rep-
resented as semantic triples that contain a subject,
predicate, and object. In practice, knowledge graphs
are often very large, containing millions or even bil-
lions of entities. As a result, knowledge acquisition
techniques are necessary for automatically construct-

ing the knowledge graph. This is typically achieved
through knowledge extraction and knowledge graph
completion (Ji et al., 2022).

For quant, a financial behavioral knowledge
graph should capture information from three key as-
pects: (1) fundamental information about financial
entities, (2) financial events taking place between
these entities, and (3) the causal relationships be-
tween entities and events. This knowledge graph can
represent a range of entities, including financial enti-
ties, concepts, and events, with relationships catego-
rized as relationships between entities, relationships
between events, and relationships between events
and entities. Knowledge constituting a financial be-
havioral knowledge graph can be acquired from vari-
ous sources, and the most challenging part is extract-
ing useful structural knowledge from unstructured
data. Specifically, the challenges include accurately
understanding and extracting information from raw
data, discovering facts from contradictory informa-
tion, extrapolation from incomplete data, and align-
ing data with different update frequencies. Fig. 7
provides a fictitious example of a financial knowledge
graph, where various entities such as public compa-
nies, securities, sectors, individuals, and events are
characterized, along with relationships such as sup-
ply chain, capital chain, and behavioral relations.
The information used to build this knowledge graph
is drawn from diverse sources such as news reports,
litigation documents, financial statements, research
reports, and sectors, and extracted using natural
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language processing techniques, including natural
language understanding and information extraction.

Moreover, we can leverage the power of LLMs
to perform knowledge extraction given some properly
edited prompts. In this way, no specific models are
needed while maintaining good extraction accuracy.

4.2 Knowledge reasoning

Knowledge reasoning involves analyzing, infer-
ring, proving, and making decisions based on existing
knowledge and data. Different methods can be used
for reasoning, including symbolic logic methods, neu-
ral methods, and neuro-symbolic methods.

Symbolic reasoning can be performed deter-
ministically or probabilistically. In deterministic
symbolic reasoning, inference rules are applied to
given facts recursively until the desired conclusion is
reached. On the other hand, probabilistic symbolic
reasoning (Ng and Subrahmanian, 1992; Richard-
son and Domingos, 2006) represents logic rules more
flexibly by modeling the distribution of fact triples
based on existing facts and rules. Neural reasoning
methods employ deep learning models to learn de-
cision rules with nonlinear associations. The model
can be trained using a knowledge graph structure
described by semantic triples and the attributes of
entities and relationships. During the inference pro-
cess, the trained model predicts the fact of the input
semantic triple. To do this, entities and relation-
ships are first represented by entities in embedding
spaces (Bordes et al., 2013; Trouillon et al., 2016;

Xiao et al., 2016). Then, the possibility of semantic
triples holding true can be computed directly from
these representations (Bordes et al., 2013), or lever-
aging the structural information of the knowledge
graph (Guo LB et al., 2019). To further enhance
reasoning capability, symbolic and neural reasoning
methods can be combined through neurosymbolic
reasoning. This can be achieved by either inject-
ing logic structures such as ontological schemas into
the embedding framework (Wang YZ et al., 2021),
or using neural knowledge representations for logic
reasoning (Rocktäschel and Riedel, 2017) and rule
learning (Wang WY and Cohen, 2016).

For quant, the knowledge representations can
be incorporated into existing factors as external in-
formation and used as input to deep learning models
for better predictions. Fig. 8 demonstrates a typi-
cal pipeline of knowledge reasoning in quant. In this
pipeline, events and relationships between stocks are
represented as semantic triples, with entities and re-
lationships embedded as vectors. Neural reasoning
is then performed on these semantic triples to com-
pute the embeddings of events, relationships, and the
entire knowledge graph. After training on historical
data, these knowledge representations can be used to
generate trading decisions in investment strategies.

There have been several other studies investi-
gating the use of knowledge reasoning in quantita-
tive finance. For instance, Ding X et al. (2016) pro-
posed a method to improve event embeddings by
incorporating relational and categorical knowledge.

Fig. 8 Knowledge graph reasoning for stock prediction. Reprinted from Cheng DW et al. (2020), Copyright
2020, with permission from ACM
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They retrieved external information about the en-
tities in the semantic triple representing an event
from a knowledge graph and used it to compute the
event embedding. Similarly, Deng et al. (2019) ex-
tracted events from news texts and used entity link-
ing techniques (Sil and Yates, 2013) to align the ex-
tracted information with the knowledge graph. They
generated event embeddings using TransE and com-
bined them with volume-price data in a temporal
convolutional network (Bai et al., 2018) to predict
stock prices. Feng et al. (2019) leveraged funda-
mental information, such as sector categorizations
and supply chains, to build a knowledge graph, and
used graph convolution to compute the embedding
of each stock. They then used these embeddings to
predict stock returns by minimizing the stock rank-
ing loss. In another study, Long et al. (2020) used
node2vec (Grover and Leskovec, 2016) to generate
stock embeddings based on a knowledge graph and
computed the similarity between stocks using these
embeddings. They enhanced the original factors by
using the factors from the top-K nearest neighbors
for each stock. Finally, there are other studies (Ang
and Lim, 2021; Xu et al., 2021) that also use knowl-
edge graphs to generate better stock embeddings or
to perform event-driven investment.

5 Building quant 4.0: engineering and
architecture

Sections 2–4 introduced the three components of
quant 4.0 from the algorithmic perspective. In this
section, we review quant 4.0 from a system point
of view and study how to put all these components
together in one system. Fig. 9 illustrates the archi-
tecture of our proposed quant 4.0 system framework,
including the offline system for quant research and
the online system for quant trading.

5.1 System for offline research

The offline quant research system aims to im-
prove the efficiency of quant research. It contains
several layers (hardware layer, raw data layer, meta
factor layer, factor layer, and model layer) and mod-
ules (high-performance computing clusters, data sys-
tem, cache system, data pre-processing, automated
factor mining, knowledge-based system, large-scale
data analytics, AutoML, and risk simulation).

The underlying hardware platform for offline re-

search is a high-performance computing cluster con-
sisting of many computing nodes that are mounted
with shared storage and interconnected in a high-
bandwidth network. The combination of multiple
nodes aggregates the computing power distributed in
individual nodes to support large-scale quant com-
puting tasks.

The data layer collects an extensive amount
of financial data and provides data management
and query service for upper-layer applications. Be-
cause financial data are heterogeneous and multi-
modal, the data layer incorporates different types
of database systems such as SQL (Codd, 1970),
time-series (Namiot, 2015), NoSQL (Gessert et al.,
2017), and graph databases (Kaliyar, 2015). Addi-
tionally, to accelerate data access, a highly efficient
distributed storage system is required for the large
volume of financial data. For high-frequency tick
data, in-memory databases (Tan et al., 2015) can be
used as data caches to store frequently accessed data
and reduce data transfer time between hard disks
and memory.

The factor mining system consists of a meta
factor layer, a factor layer, and a factor base that
connects them. The meta factor layer pre-processes
raw data with various modalities into meta factors
with unified formats and appropriate values to meet
the demand of factor mining for unified input for-
mats. The factor layer builds an automated factor
mining engine based on the automated factor mining
pipeline. It is backed by some key techniques in dis-
tributed execution and computing acceleration. The
factor base is an integrated platform for the stor-
age, computation, dependency management, back
test, tracking, and analysis of all factors. The gener-
ated data are committed to the factor base in various
forms, including computed values, symbolic expres-
sions, and model configurations for machine learning
factors.

In parallel with the factor mining system,
there is a knowledge-based system that leverages
a distributed graph computing platform to pro-
vide knowledge-driven AI capabilities. The platform
serves as a knowledge base to store a large finan-
cial behavior graph, which serves as the foundation
for downstream financial knowledge reasoning and
decision-making through an inference engine. Un-
like traditional domain knowledge bases, the finan-
cial behavior knowledge graph in quant 4.0 has the
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potential to grow to a massive scale with billions of
nodes and edges. Therefore, a flexible and scalable
architecture (Lu et al., 2014) is necessary to effi-
ciently store and manage large-scale dynamic graph
data.

The modeling system is in charge of the auto-
matic generation of machine learning models, and
the corresponding risk evaluation and back-test sim-
ulation procedures before they are deployed in real-
world environments. The AutoML module imple-
ments automated model generation algorithms on
large-scale distributed deep learning systems. By
using deep learning frameworks and computing or-
chestration tools on parallel computing platforms
with communication backends, the AutoML module
implements algorithms such as neural architecture
search (NAS)/HPO (Jin HF et al., 2019), mixture-
of-experts (Fedus et al., 2022), and large-scale pre-
training (Shoeybi et al., 2020). The risk and simu-
lation module involves XAI algorithms and market
simulators to identify and analyze the potential risk
exposures of the models before they are deployed to
real-world trading environments.

5.2 System for online trading

The online trading system focuses on deploying
investment strategies for real trading and executing
post-trade analysis, and its major goal is to achieve
low trading latency and high execution efficiency.

The deployment layer involves a computation
scheduling module, an automated deployment mod-
ule for deep learning models, and a hardware accel-
eration module. The computation scheduling mod-
ule arranges a reasonable and efficient computation
order for factors based on their intrinsic data depen-
dencies, and forms a directed acyclic graph (DAG).
The automated deployment module for deep learning
models implements the one-click model deployment
algorithms discussed in Section 2.4, as well as kernel
libraries that provide implementations of common
functions that are highly optimized based on hard-
ware features. The hardware acceleration module
aims to improve the computation efficiency of data
processing and model inference using special hard-
ware technology such as field-programmable gate ar-
ray acceleration and high-level synthesis (Cong et al.,
2022).

The execution layer converts trading decisions
to actual orders that are executed in exchanges, and

its goal is to reduce the trading latency as much
as possible. The latency can be decomposed into
two parts: transmission latency is the delay of signal
communication between trading servers and market
servers, and computation latency is the delay be-
tween received quotes and sent orders. To reduce
transmission latency, the trading system is usually
deployed on servers that are co-located with market
servers. To reduce computation latency, a trading
system must be optimized in a full-strategy pipeline
from data collection to order execution through var-
ious software and hardware acceleration techniques.

The analysis layer monitors the execution of in-
vestment strategies and performs analysis for further
adjustments. It involves a post-trade risk control
module that is responsible for ordinary performance
monitoring and a post-hoc XAI module for explain-
ing strategy behavior from the perspective of AI. The
post-trade risk control module performs return and
risk attribution, with a goal of analyzing a strategy’s
performance and revealing the intrinsic risk structure
hidden by machine learning black boxes. Further-
more, the post-hoc XAI module provides thorough
risk analysis by analyzing all strategy components in
terms of importance and sensitivity, together with
appropriate visualizations.

6 LLMs for quantitative investment

LLMs such as GPT-4 (OpenAI, 2023) and
LLaMA (Touvron et al., 2023) have shown remark-
able intelligent capability in many areas, and we be-
lieve they have great potential in quantitative finance
(Wang SZ et al., 2023; Zhang HH et al., 2023). In
particular, LLM techniques such as supervised fine-
tuning (SFT) (Wei et al., 2022), prompt engineering
(Liu PF et al., 2023), and retrieval-augmented gen-
eration (RAG) (Karpukhin et al., 2020; Lewis et al.,
2020) (Fig. 10a) can help incorporate finance do-
main knowledge and quant into LLM agents (Sumers
et al., 2023; Weng, 2023) (Fig. 10b) to tackle complex
problems.

LLM techniques are also widely applied in the
financial domain (Liu XY et al., 2023; Wu SJ et al.,
2023; Xie et al., 2023). They are usually trained
on a financial corpus and evaluated on some gen-
eral financial-related tasks such as question answer-
ing and analysis report writing, rather than quant-
specific tasks such as alpha mining and predictive
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Fig. 10 LLM-relevant techniques: (a) RAG pipeline (Karpukhin et al., 2020); (b) architecture of an LLM-based
autonomous agent (Weng, 2023) (LLM: large language model; RAG: retrieval-augmented generation)

modeling. In this section we introduce different roles
that LLMs can play in quant research, including
as a quant copilot, financial analyst, and feature
engineer.

6.1 Quant copilot

An LLM can act as a quant copilot to commu-
nicate with the quant research pipeline and human
quants can improve their research efficiency using
this agent. For example, Wang SZ et al. (2023) pro-
posed Alpha-GPT (Fig. 11), an LLM-based agent
that attempts to understand the ideas or intent of
quants and generate creative, insightful, and effec-
tive alphas. Human quants can play with Alpha-
GPT using natural language iteratively to discover
“good” alphas. This agent system is implemented
with a domain-specific prompt engineering frame-
work that leverages the power of LLMs. Specifically,
the agent turns the user input into a comprehensive
prompt according to predefined templates, which in-
clude original input, user intent, relevant examples,
and other specifications. Then the agent calls the

underlying alpha mining system to discover the most
valuable alphas according to the user intent. In this
example, an LLM acts as a mediator that smooths
the communication between the human and quant
pipeline, liberating quants from the tedious work of
translating their intuitions into computer-readable
programs and configurations.

6.2 Financial analyst

An LLM can act as a financial analyst to gener-
ate judgments, ranks, or scores that can help build
useful alphas. For example, Zhang HH et al. (2023)
used an LLM (i.e., ChatGPT) to evaluate whether
the sentiment of input news is positive or negative
based on domain-optimized prompts (Fig. 12). If
the sentiment is mostly positive, the related stocks
are considered good to buy, and vice versa. In this
way, the LLM behaves as a human financial analyst,
providing insights that can then be used to inform
trading decisions. Similarly, Lopez-Lira and Tang
(2023) studied how ChatGPT could predict stock
returns by prompting it to classify sentiments into
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Fig. 11 The Web-based user interface of Alpha-GPT (a) and the internal workflow of Alpha-GPT (b) (Wang
SZ et al., 2023)
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PPrroommpptt  ((EEnngglliisshh))::  Forget all previous instructions. You are now a financial expert giving investment advice. I’ll give you a news summary, 
and you need to answer whether this news is GOOD NEWS or BAD NEWS for the listed company. Please choose only one option from 
GOOD NEWS, BAD NEWS, NOT SURE, and do not provide any additional responses. The news content is: "The company continues to 
promote the upgrading of its traditional filter business product structure, demonstrating its resilience in a fiercely competitive market. Looking 
ahead, we are optimistic about the company's solid foundation in the mobile optics business and expect forward-looking layouts such as 
HUD and AR to open up a second growth curve." The listed company is Zhejiang Crystal Optoelectronics Technology Co., Ltd.
Response: GOOD NEWS
EEllaabboorraattiioonn  ((EEnngglliisshh))::  Based on the news, the company is continuously pushing for the upgrade of its traditional filter film business and 
demonstrating resilience in a highly competitive industry. Furthermore, looking ahead, the company is optimistic about solidifying its 
foundation in the mobile optical business and expects future growth through forward-looking initiatives such as HUD and AR. Based on this 
information, I believe this news is GOOD NEWS for the listed company.

Fig. 12 Prompts and LLM responses when using an LLM as an information analyst (Zhang HH et al., 2023)

three categories, with the results aiding in trading
decisions. Steinert and Altmann (2023) also used
LLMs for sentiment classification, but went a step
further by having the LLM directly produce senti-
ment scores rather than choosing from predefined
categories.

Different from the lightweight prompt engineer-
ing methods in Zhang HH et al. (2023), Lopez-Lira
and Tang (2023), and Steinert and Altmann (2023),
BloombergGPT (Wu SJ et al., 2023) implants finan-
cial domain knowledge through a much heavier pre-
training process. Specifically, it trains a brand-new
LLM on a large-scale financial corpus and evaluates
it on sentiment analysis tasks that are carried out
using prompts. The LLM demonstrates superior
results over other general-purpose LLMs on these
finance-related tasks.

6.3 Feature engineer

An LLM can also act as an “feature engi-
neer” that compiles the input data into latent “fea-
tures” (embeddings) for downstream quant predic-
tion tasks. Actually, before the LLM era, the
encoder/decoder architecture was popular in natural
language modeling. For instance, the encoder-only
Transformer language model BERT (Devlin et al.,
2019) is widely used as an upstream feature engineer,
and its outputs are usually used as feature inputs for
many downstream NLP tasks, such as question an-
swering (Rajpurkar et al., 2016) and sentiment classi-
fication (Socher et al., 2013). There are also a num-
ber of references discussing how to embed natural
language features in financial investment scenarios
(Ding X et al., 2016; Hu et al., 2018; Du and Tanaka-
Ishii, 2020; Li W et al., 2020; Ying et al., 2020;
Xu et al., 2021). These works aim to build effec-
tive quant prediction models mainly from financial
text data such as news, reports, or user-generated

content (UGC) from social media using various lan-
guage models. The evolution of LLMs has further
broadened this approach, enhancing their ability to
produce more informative embeddings. With the
rapid growth of model size, the reasoning power of
LLMs has been improved dramatically. Ding YJ
et al. (2023) (Fig. 13) used LLaMA-7B (Touvron
et al., 2023) as the upstream feature engineer that
embeds financial news and predicts stock returns in
downstream tasks. Specifically, it generates daily
global market embeddings from all news headlines.
Then, this global embedding is aligned with each
individual stock via an attention mechanism to gen-
erate stock embeddings. These global embeddings
are then tailored to individual stocks through an
attention mechanism, creating embeddings for each
individual stock. These stock embeddings are then
used by downstream models that predict future stock
returns.

Fig. 13 LLM-generated embeddings of news headlines
for stock prediction (Ding YJ et al., 2023)
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7 Discussion of 10 challenges in quant
technology

In this section, we summarize 10 challenges in
the development of next-generation quant technol-
ogy. As shown in Fig. 14, these challenges include
computing and data infrastructure, investment mod-
eling, risk modeling, market simulation, and cogni-
tive AI technology, and provide new research direc-
tions for researchers interested in AI technology and
quant. We believe that some problems might be
solved in the next couple of years with the rapid de-
velopment of AI technology, while others may remain
challenging for a long time.

7.1 Exponentially growing demand for com-
puting power

With the rapid development of GPU technol-
ogy and parallel computing technology, AI models
have been scaling up year by year. The rapid growth
in model size not only improves model performance,
but has also led to a paradigm shift that is deeply
affecting the technical roadmap of AI research. Ac-
cordingly, as an important domain going all-in on AI,
quant 4.0 relies heavily on ultra-large-scale comput-
ing power and related engineering technology. Quant
4.0 investment research requires super-computing in-
frastructure as a fundamental support for large-scale
factor mining, large-scale modeling, and back-testing
and evaluation. We note that quant 4.0 demands
much more computing power than what we could
ever imagine, owing to multiple demanding work-
loads including large-scale automated factor mining,
large-scale deep learning, rolling training, model en-
semble, feature selection, and NAS/HPO. Given the
expensive and limited computing power, we attempt

to provide a few suggestions on future directions,
including research on faster algorithms, online learn-
ing, and large-scale pretraining.

7.2 Alternative data technology

Alternative data, a concept opposite to conven-
tional financial data, provides a much broader space
for quant research. Although the concept of alter-
native data has appeared for a decade and is getting
more and more popular in quant industry, it is still
in the early stage of industry application. On one
hand, data acquisition is difficult owing to intellec-
tual property and privacy protection issues. To this
end, we suggest research on certificate techniques for
data asset ownership, data encryption techniques,
and federated learning techniques for the credit as-
signment, safe transfer, and utilization of alternative
data from multiple parties. On the other hand, data
aggregation is also difficult owing to the heterogene-
ity in data. Hence, it is important to develop better
data mining techniques for tackling such heterogene-
ity and differentiating signals from noise.

7.3 Financial knowledge engineering

As we introduced in Section 4, knowledge-driven
AI will play an important role in future quantitative
finance. Researching new knowledge representation
methods, building complete and reliable knowledge
bases, and developing new knowledge reasoning and
decision algorithms are crucial problems in knowl-
edge engineering for financial investment. Given the
limitations of popular knowledge techniques, it is
necessary for researchers to explore more efficient
and more sophisticated methods to better represent
and leverage different types of knowledge. Before the

17 Spatiotemporal 
modeling

13 Financial knowledge engineering

14 Financial metaverse & 
world model simulator

Quant modeling

AGI research

Data & knowledge 
engineering

Infrastructure

16 AI risk graph &
systematic modeling15 Cognitive AI & 

causality engineering

12 Alternative data technology

18 Universal
modeling 19 Robust

modeling 1 End-to-end
modeling

10

11 Exponentially growing demand for computing power

Fig. 14 The 10 challenges in quantitative investment technology
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wide application of knowledge engineering in quant,
a number of technical difficulties need to be solved
in the future, including development of more sophis-
ticated knowledge representation methods, a more
advanced knowledge management system, and next-
generation knowledge reasoning algorithms.

7.4 Financial metaverse and world model
simulator

In quant research, it is very important to un-
derstand the underlying logic and micro-structure of
financial markets. Unfortunately, empirical studies
using historical data usually result in biased conclu-
sions because they do not provide experimental ac-
cess to all relevant information. The financial meta-
verse aims to build a simulated financial market par-
allel to real-world financial markets and use it as an
experimental environment to simulate situations in
real markets. Technical challenges in building such
a financial metaverse include fine-grained data col-
lection and demand for computing power for high-
precision simulation.

7.5 Cognitive AI and causality engineering

Cognitive AI has been regarded as the future di-
rection of artificial general intelligence (AGI) (Alat-
tas et al., 2021) by many domain experts. Different
from perceptive AI, which is applied mainly in high-
frequency and high-breadth trading tasks, cognitive
AI gives quant opportunities to touch those high-
capacity but low-frequency investment strategies, in-
cluding value investing, which holds a position over
months or even over years. Meanwhile, causal infer-
ence (Yao et al., 2021) and causal machine learning
(Pearl and Mackenzie, 2018; Schölkopf et al., 2021)
have been regarded as one potential technical route
toward AGI (Bengio, 2022). For investment tasks,
understanding the true causal relationships among
numerous factors is extremely challenging, due to
the difficulty in enumerating all possible confounding
variables (VanderWeele and Shpitser, 2013). There-
fore, we propose a potential solution through causal-
ity engineering, which aims to build and maintain
a large-scale causal diagram database that stores
and manages all known/inferred causal relationships
among variables.

7.6 AI risk graph and systematic modeling

The rapid growth of various types of finan-
cial big data creates opportunities to model and
analyze financial risk systematically, ranging from
macroeconomy to micro-market. We propose the
concept of AI risk graph, a special financial knowl-
edge graph for modeling financial risks at different
hierarchical dimensions. An AI risk graph should
be able to represent the causal dependency and risk
transfer among various economic entities. Such a
graph could be used to systematically model vari-
ous types of risks at different levels by computing
the conditional probability of risk for a specified ob-
ject in certain conditions. In addition to current risk
models such as BARRA (MSCI, 1996), complex risk
measurement for investment is required to exploit
nonlinear risks.

7.7 Spatiotemporal modeling

Traditionally, stock strategies are developed ei-
ther along the time axis (called time-series model-
ing or temporal modeling) or along the stock axis
(called cross-sectional modeling or spatial modeling).
Specifically, cross-sectional modeling compares only
the relative strengths of investment signals within
the same cross-section at certain time points, and
time-series modeling treats each stock individually.
A technically difficult but practically feasible idea
is to merge cross-sectional modeling and time-series
modeling in a unified framework, to use the advan-
tages of both sides. In this way, spatiotemporal data
mining techniques (Wang SZ et al., 2022) can be ap-
plied to model financial data.

7.8 Universal modeling

Because data volume and computing power are
growing rapidly, the large-scale pretrained model
has become one of the mainstream AI paradigms
in practice. Successful examples (Brown et al.,
2020; Chen M et al., 2021; Radford et al., 2021;
Ramesh et al., 2021) have demonstrated the effec-
tiveness of large-scale pretrained models on a num-
ber of application domains. Many successful pre-
training models have exhibited universal power to
help improve many downstream tasks with differ-
ent task training and data sources. We expect that
this phenomenon could be reproduced in quant ap-
plications. The pretraining-fine-tuning paradigm in
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AI has demonstrated its success in natural language
processing (Brown et al., 2020) and computer vision
(Dosovitskiy et al., 2021; Wang WH et al., 2022). By
pretraining a large model on as much data in a self-
supervised manner, one can obtain a model extract-
ing the common information across various tasks
and use it to achieve superior performances on a se-
ries of downstream tasks compared to task-specific
training. We think that the pretraining-finetuning
paradigm can be transferred to quant scenarios for
a number of reasons, because many finance predic-
tion tasks have sufficiently large volumes of data and
may share common patterns. However, there are
still several difficulties in applying it to quant, such
as the low signal-to-noise ratio and potential leakage
of future information.

7.9 Robust modeling

Robustness is the biggest issue in quant model-
ing. Typical challenges for obtaining robust machine
learning models for quant data include the extremely
low signal-to-noise ratio and the non-independent
and identically distributed nature of quant data. To
address these problems, we suggest that researchers
consider the following research directions: (1) causal
effect modeling (Guo RC et al., 2021) to explore the
causal effect between factors and financial decisions;
(2) continual learning techniques (de Lange et al.,
2022) to improve out-of-distribution generalization
(Liu JS et al., 2021) and thus to increase model
robustness; (3) model ensemble techniques such as
bootstrap aggregating (Breiman, 1996a), boosting
(Schapire, 1990; Breiman, 1998), stacking (Wolpert,
1992; Breiman, 1996b), and Bayesian model aver-
aging (Hoeting et al., 1999) to improve prediction
stability by combining multiple single models; (4)
ensemble model diversification such as model ran-
domization to expand single model diversity and in-
crease the robustness of the ensemble model; (5)
multi-modal learning for incorporating diversified
data from different sources and patterns to improve
model robustness.

7.10 End-to-end modeling

As we introduced in Section 2.1, the traditional
quant research pipeline consists of a number of steps,
and each step has its own optimization direction.
Hence, the optimization goals of these steps are

somewhat different. For example, a “good” factor
with high information coefficient does not necessar-
ily contribute positively to the final model output in
a complicated nonlinear relationship. Therefore, it
is natural to consider if there exists an end-to-end
model with comparable performance. However, it is
difficult to build a consistently optimal model due
to the lack of clear supervision signal, difference in
frequency between different steps (seconds for trad-
ing decisions and minutes to days for meta factors),
low signal-to-noise ratio, and high demands for com-
puting power. We recommend that researchers who
are interested in the problem begin with an existing
baseline model in the reinforcement learning frame-
work (Wang JY et al., 2019; Wang ZC et al., 2021)
and pay more attention to fusing data, factors, deci-
sions, and executions in multiple time granularities.
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