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Abstract

The financial markets, which involve more than $90 trillion market capitals, attract

the attention of innumerable investors around the world. Due to the complexity

and low signal-to-noise ratio of financial data, it is a challenging task to make

profitable investment decisions. Recently, reinforcement learning (RL) has emerged

as a promising direction to train agents for financial decision making. However, most

existing techniques focuses on small-scale tasks and deliver a vulnerable solution

without systematic evaluation. There is still a long way to go for deploying RL

algorithms into real-world finance applications.

This doctoral thesis is devoted to push the real-world deployment of RL in financial

decision making (FinRL) from the perspectives of algorithms, evaluation benchmarks

and software infrastructures, by leveraging the power of modern RL, ensemble

learning and system design techniques. In particular, we tackle the following

fundamental research problems and propose a solution for all of them.

First, we study the problem of designing efficient FinRL algorithms under the

competitive intraday trading scenarios to actively trade within the same day for

profit arbitrage. We provide a formal definition and propose a risk-aware deep

RL algorithm. A dueling Q-network with action branching is applied to deal

with the large action space for RL optimization. Three key components, namely

hindsight bonus, market embedding encoder-decoder and risk-aware auxiliary task,

are introduced to further improve the performance. Extensive experiments on

real-world financial datasets demonstrate the superior performance of the proposed

algorithm comparing to state-of-the-art baselines.

We then investigate the problem of adopting advanced ensemble learning and

mixture-of-experts (MoE) techniques for robust decision making in finance. The

initial idea is inspired by the real-world bottom-up trading strategy design workflow

in the finance industry, where hierarchical decision-making is involved to combine the

intelligence of junior traders and senior portfolio managers. We first propose a novel

xi
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three-stage MoE framework for stock prediction. In stage one, an efficient ensemble

learning method is designed to train multiple trading experts with tiny overhead of

costs. In stage two, we build a pool of trading experts utilizing hyperparameter

level and initialization level diversity of neural networks for post hoc ensemble

construction. In stage three, we design three different mechanisms, namely as-needed

router, with-replacement selection and integrated expert soup, to dynamically pick

experts from the expert pool. Later on, we extend the idea into the FinRL setting

by proposing a simple yet efficient RL algorithm. Risk-aware Bellman backup is

introduced to reweight Q-values by adopting estimated uncertainty. To encourage

strategy diversity, we leverage the idea of bootstrap with random initialization.

Extensive experiments show that the two algorithms that leveraging the power of

ensemble learning significantly outperforms other baselines with higher profit, lower

risk and better diversity.

Third, we focus on the systematic evaluation of FinRL algorithms. The motivation

is that the evaluation of existing FinRL algorithms mostly focuses on profit-related

measures and ignores many critical axes. We introduce a systematic evaluation

benchmark with six axes, i.e., profitability, risk-control, universality, diversity,

reliability, and explainability, and 17 measures from the literature of multiple

disciplines (e.g., finance, artificial intelligence, statistics and engineering). We

collect the implementation of evaluation metrics and visualization tools into an

open-source library and further demonstrate its usage on four datasets with eight

FinRL algorithms.

Finally, we study the problem of FinRL software infrastructures. To address the

engineering challenges and facilitate the development of new FinRL algorithms,

we build a holistic open-source trading platform. The platform is composed of

six key modules, which cover the whole pipeline including data preprocessing,

market simulators implementation, algorithms design, evaluation toolkits and user

interfaces. The platform offers the software infrastructures and relevant materials

(e.g., documentation, tutorials) on RL based financial trading and has made great

impact in the community with over 1.2k stars on Github.
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Chapter 1

Introduction

1.1 Introduction

With a global capital of over 90 trillion dollars, quantitative trading has been a

popular research topic in both academia and financial industry for decades. Recently,

reinforcement learning (RL) has become an appealing direction for financial decision

making owing to its outstanding ability on complex sequential decision making.

However, the potential of RL is not fully released due to the noisy nature of financial

market and unstable training procedures of RL. Significant efforts are still required

for the wide real-world deployment of RL in finance.

This thesis systematically examines the challenges of deploying RL into real-world

financial markets with a focus on the three key perspectives: i) algorithms; ii)

evaluation benchmarks and iii) software infrastructures. To tackle these challenges,

we propose novel RL algorithms for various trading settings, design systematic

evaluation benchmarks and develop holistic software platforms in this thesis.

Our first emphasis is to design profitable FinRL algorithms for intraday trading,

where traders actively long/short one selected financial asset within the same day

to maximize profit. We provide a formal definition of intraday trading and propose

a risk-aware deep RL algorithm called DeepScalper including four key components:

i) a dueling Q-network with action branching to deal with the large action space

for efficient RL optimization; ii) a novel reward function with a hindsight bonus

to encourage RL agents making trading decisions with a long-term horizon; iii) an

1
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encoder-decoder architecture to learn multi-modality temporal market embedding,

which incorporates both macro-level and micro-level market information; iv) a

risk-aware auxiliary task to maintain a striking balance between maximizing profit

and minimizing risk. Extensive experiments on long-term real-world financial

data demonstrate that DeepScalper significantly outperforms many state-of-the-art

baselines for intraday investment decision making.

We then investigate the problem of adopting advanced ensemble learning and

mixture-of-experts (MoE) techniques to pursue more accurate and robust decision

making in finance. The initial motivation is inspired by the bottom-up hierarchical

trading strategy design workflow in finance, where traders analyze the market from

different perspectives and the senior portfolio manager make the final decision based

on these suggestions. Two algorithms are introduced for stock prediction (supervised

learning) and financial decision making (FinRL) settings, respectively. We propose

AlphaMix, a novel three-stage MoE framework for stock prediction. Specifically, we

introduce an efficient ensemble learning method, whose computational and memory

costs are significantly lower than traditional ensemble methods, to train multiple

groups of trading experts with personalised market understanding and trading styles

in stage one. In stage two, we collect diversified investment suggestions through

building a pool of trading experts utilizing hyperparameter level and initialization

level diversity of neural networks for post hoc ensemble construction. In stage three,

we design three different mechanisms, namely as-needed router, with-replacement

selection and integrated expert soup, to dynamically pick experts from the expert

pool, which takes the responsibility of a portfolio manager. Through extensive

experiments on US and Chinese stock markets, we demonstrate that AlphaMix

achieves the highest profit in terms of 7 popular financial criteria. Furthermore, we

propose AlphaMix+, an universal deep RL framework with diversified risk-aware

mixture-of-experts. Risk-aware Bellman backup is introduced to reweight Q-values

by adopting estimated uncertainty. We further leverage the idea of bootstrap with

random initialization to encourage strategy diversity between different trading

agents. Extensive experiments show that AlphaMix+ outperforms other baselines

on four financial markets.

Third, we pay attention to the evaluation of RL algorithms in finance. The

motivation here is that the evaluation of most existing FinRL algorithms only

focuses on profit-related measures and many critical axes that industry practitioners
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care about are ignored. We introduce PRUDEX-Compass, which has 6 axes, i.e.,

profitability, risk-control, universality, diversity, reliability, and explainability, with

a total of 17 measures for a systematic evaluation. To demonstrate the usage of the

benchmark, we evaluate 8 FinRL methods in 4 real-world financial datasets. The

source code of evaluation metrics and visualization toolkits is public available.

Fourth, we focus on the software infrastructures for FinRL research to pursue

fast implementation and industry deployment. Orchestrating a FinRL project

lifecycle poses challenges in engineering (i.e., hard to build), benchmarking (i.e.,

hard to compare) and usability (i.e., hard to optimize, maintain and use). We build

TradeMaster, a holistic open-source platform, that serves as a i) software toolkit, ii)

empirical benchmark, and iii) user interface. It covers the whole pipeline of FinRL

including data preprocessing, market simulators, algorithms and evaluation toolkits.

Our ultimate goal is to provide infrastructures for transparent and reproducible

FinRL research and facilitate their real-world deployment with industry impact.

Reinforcement learning for financial decision making presents significant challenges,

especially in today’s fast-paced and ever-changing financial markets. In this the-

sis, we conduct comprehensive exploration on the challenges of employing FinRL

algorithms to push the real-world deployment from different perspectives. The

approaches and software from this thesis are beneficial to both finance and RL

community. We hope that this thesis can not only shed light on future research

to prevent untrustworthy results from stagnating FinRL into successful industry

deployment but also provide a new challenging algorithm evaluation scenario for

the RL community.

1.2 Motivation

RL has achieved significant success in various quantitative trading tasks. Specifically,

FDDR [2] and iRDPG [3] are designed to learn financial trading signals and mimic

behaviors of professional traders for algorithmic trading, respectively. For portfolio

management, deep RL methods are proposed to account for the impact of market

risk [4] and the commission fee [5]. A PPO-based framework [6] is proposed for order

execution and a policy distillation mechanism is added to bridge the gap between

imperfect market states and optimal execution actions [7]. For market making,
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deep RL methods are introduced from both game-theoretic [8] and adversarial

learning [9] perspectives as an adaptation of traditional mathematical models.

However, although numerous work has been focused on FinRL, their performance,

robustness and generalization ability are still far from satisfactory for real-world

deployment. We point out major challenges that motivated this thesis as follows.

For algorithms, popular FinRL methods [4, 5, 7, 10] mostly focus on day-level

trading scenarios, which has gap to the high-frequency decision making (e.g.,

minute-level) user cases for human traders. One direction is to explore more

realistic trading setups (e.g., intraday trading) that aligned with real markets. On

the other hand, one major limitation of existing works is that investment decisions

are made based on one individual neural network with high uncertainty, which is

inconsistent with the workflow in real-world trading firms. To achieve more accurate

and robust performance, it worth exploring the potential of ensemble learning [11]

and mixture-of-experts (MoE) to collaborate into the design of FinRL algorithms.

For evaluation, existing FinRL methods [5, 7, 10, 12] only focuses on profit-related

measures, which ignores several critical axes such as risk-control and reliability. In

addition to profitability, financial practitioners care about many other aspects of

FinRL methods, i.e., how much risk I need to take for per unit of profit; how FinRL

algorithms behave when the market status changes. In preliminary experiments,

we find many examples that indicate the weakness of existing profit-seeking FinRL

algorithms. For instance, IMIT [13] may lead to catastrophic capital loss when

black swan events happen and SAC [14] shows poor risk-control ability, which is

not an ideal option for conservative traders. In practice, with the existence of low

signal-to-noise ratio and distribution shift in financial markets [15], FinRL methods

with only great profitability performance on backtesting are very likely to overfit

on historical data and become risky to be deployed in real-world scenarios [16]. As

Robert Pardo (CEO of a hedge fund) said, he will never trade with a method that

does not prove itself through a systematic evaluation [17]. Therefore, a benchmark

for the systematic evaluation of FinRL methods is urgently needed.

For software infrastructures, financial practitioners are never keen to share source

code of their algorithms and platforms [18] that achieve good performance in real-

world settings due to the existence of alpha decay phenomenon [19]. However,

building FinRL algorithms encompasses engineering challenges due to the highly

composite nature of this domain, which entails design choices and interactions
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between components that collect financial data, conduct feature engineering, build

market environments, make investment decisions, evaluate model behaviors and

provides user interfaces. Significant upfront efforts are required to address the

engineering issue. For an immature domain such as FinRL, it is common to spend

over 90% of work on implementation details and less than 10% of work on core

technical questions [20]. As a FinRL researcher, it is seldom the case that enough

resources are available to build a high quality code base of the complete FinRL

workflow. There has been many attempts on financial trading platforms. Qlib

[18] proposes an AI-oriented quantitative investment platform with a focus on

prediction-based supervised learning settings. FinRL [21] makes the first attempt

on developing an RL-based quantitative trading platform. FinRL-Meta [22] offers

a series of data-driven RL environments for various trading scenarios. However,

existing software platforms either not focuses on RL or only cover limited algorithms

and part of the pipeline. As a result, a holistic platform that encapsulates all major

components of FinRL with comprehensive support of mainstream settings and

state-of-the-art algorithms is highly desirable for both academic researchers and

industry practitioners.

1.3 Main Contributions

In this thesis, we make multiple significant contributions on RL for financial decision

making. We conduct research from the perspective of algorithm design, systematic

evaluation and software infrastructure. The major contributions are summarized as

follows.

First, we propose a novel risk-aware RL framework namely DeepScalper for intraday

trading. We apply the dueling Q-network with action branching to effectively

optimize intraday trading agents with high-dimensional fine-grained action space. A

reward function with hindsight bonus is designed to encourage a long-time horizon

for RL agents. We propose a multi-modality encoder-decoder architecture to learn

temporal intraday market embedding. Furthermore, we design a risk-aware auxiliary

task to keep balance between profit and risk. Through empirical experiments, we

show that DeepScalper significantly outperforms many state-of-the-art baseline

methods and demonstrate its practical applicability to intraday trading with a

series of exploratory and ablative studies.
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Second, we design the first mixture-of-experts framework for quantitative investment

called AlphaMix. We first efficiently optimize multiple independent groups of

trading experts, then we build a pool of diversified models for post hoc ensemble

construction, and finally three different mechanisms are introduced to further

improve performance by dynamically picking these experts. Through experiments

on real-world data of two influential stock markets spanning over five years, we show

that AlphaMix significantly outperforms 11 state-of-the-art baseline methods in

terms of seven financial criteria. Later on, we extend the idea into RL setting and

introduce AlphaMix+. To make decisions under estimated uncertainty, risk-aware

Bellman backup is introduced to reweight Q-values. To encourage strategy diversity,

the idea of bootstrap with random initialization is applied. Extensive experiments

show that AlphaMix+ significantly outperforms other baselines with higher profit,

lower risk and better diversity.

Third, we introduce the first systematic evaluation benchmark for RL in finance.

The benchmark includes six axes to evaluate the algorithm from the perspectives

of profitability, risk-control, universality, diversity, reliability, and explainability.

Dozens of measures and visualization toolkits are developed from the literature of

multiple disciplines (e.g., finance, artificial intelligence, statistics and engineering).

All source code is public available to inspire future research in this field. Furthermore,

we demonstrate the usage of the metrics and toolkits by evaluating 8 FinRL

algorithms on 4 datasets.

Finally, we develop a holistic RL based trading platform called TradeMaster. It offers

open-source implementations of the whole workflow including 13 real-world financial

datasets, high-fidelity RL environments for 6 mainstream quantitative trading tasks,

15 popular RL in finance algorithms and dozens of tools for systematic evaluation

and visualization. Software documentation, tutorials and official website are also

included to make the platform more accessible. This modular and composable

structure enables fast development and decrease the cost of collaboration and

code-sharing. TradeMaster serve as software toolkits, empirical benchmark and

user interfaces with great impact for the community.
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1.4 Outline of the Thesis

The rest part of the thesis is organized as follows. In Chapter 2, we introduce

preliminaries of quantitative finance and RL. Chapter 3 conducts literature review

on works relevant to this thesis. Chapter 4 focuses on designing FinRL algorithms

for intraday trading. Chapter 5 and Chapter 6 improve financial decision making

with advanced ensemble learning and MoE techniques. Chapter 7 focuses on the

systematic evaluation of FinRL algorithms. Chapter 8 focuses on building software

infrastructures on RL based trading applications. Chapter 9 summarise this thesis

and point out potential future directions.



Chapter 2

Preliminaries

2.1 Quantitative Trading Background

2.1.1 Overview

For many countries, the financial industry serves as a paramount pillar and spawns

the birth of many financial centres (e.g., New York, London, Singapore and Shang-

hai). Trading exchanges, where trading activities of trillions of dollars volume

are executed, play a key role to offer liquidity for the financial markets. Many

famous trading exchanges are formed such as NYSE and Nasdaq for stocks, CME

for derivatives and Coinbase for cryptocurrencies. Participants in the financial

market can be generally categorized as financial intermediaries (e.g., banks and

brokers), issuers (e.g., companies and governments), institutional investors (e.g.,

investment managers and hedge funds) and individual investors. With the devel-

opment of electronic trading platforms, quantitative trading, which refers to the

type of investment strategy that relies on mathematical models to automatically

make profitable investment decisions [23], has been demonstrated quite profitable

by many leading trading companies (e.g., Jane Street, Two Sigma, Citadel, D.E.

Shaw). It is becoming a dominating trading style in the global financial markets

that accounts for over 70% and 40% overall trading volume in developed market

(e.g., US and Europe) and emerging market (e.g., China and India) respectively at

the year of 2020.

8
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Figure 2.1: Tree relationships of different QT Tasks.

As shown in Figure 2.1, we categorize various quantitative trading tasks as four

mainstream tasks: algorithmic trading (AT), portfolio management (PM), order

execution (OE) and market making (MM). We introduce them one by one in the

following part of this subsection.

2.1.2 Algorithmic Trading

Algorithmic trading refers to the process that traders consistently buy and sell

one given financial asset to maximize profit. It has been widely applied in trading

stocks, commodity futures, foreign exchanges and cryptocurrencies. In algorithmic

trading, time is splitted into discrete time steps. At the beginning of a trading

period, traders are allocated some cash and set net value as 1. Then, at each time

step t, traders have the options to buy, hold or sell some amount of shares to change

positions. Net value and position is used to represent traders’ status at each time

step. The objective of algorithmic trading is to maximize the final net value at the

end of the trading period.

Based on trading styles, algorithmic trading is generally divided into five categories:

position trading, swing trading, intraday trading, scalp trading and high-frequency

trading. Specifically, position trading involves holding the financial asset for a long

period of time, which is not sensitive with short-term market fluctuations and only

focuses on the overarching market trend. Swing trading is a medium-term style that

holds financial assets for several days or weeks. The goal of swing trading is to spot

a trend and then capitalise on dips and peaks that provide entry points. Intraday

trading tries to capture the fleeting intraday pattern in the financial market and
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all positions will be closed at the end of the day to avoid overnight risk. Scalping

trading aims at discovering micro-level trading opportunities and makes profit

by holding financial assets for only a few minutes. High-frequency trading is a

type of trading style characterized by high speeds, high turnover rates, and high

order-to-trade ratio. A summary of different trading styles is illustrated in Table

2.1.

Trading Style Time Frame Holding Period
Position trading Long term Months to years
Swing trading Medium term Days to weeks
Intraday trading Short term Within a trading day
Scalping trading Short term Seconds to minutes
High-frequency trading Extreme short term Milliseconds to seconds

Table 2.1: A Summary of Algorithmic Trading Styles

Traditional algorithmic trading methods discover trading signals based on technical

indicators or mathematical models. Buy & Hold (BAH) strategy, which invests all

capital at the beginning and holds until the end of the trading period, is proposed

to reflect the average market condition. Momentum strategies, which assumes the

trend of financial assets in the past has the tendency to continue in the future, are

another well-known algorithmic trading strategies. Buying-winner-selling-loser [24],

time series momentum [25] and cross sectional momentum [26] are three classic

momentum strategies. In contrast, mean reversion strategies such as Bollinger

bands [27] assume the price of financial assets will finally revert to the long-term

mean. Although traditional methods may capture the underlying patterns of the

financial market, these simple rule-based methods exhibit limited generalization

ability among different market conditions.

2.1.3 Portfolio Management

Portfolio management (PM) is a fundamental trading task, where investors hold a

number of financial assets and reallocate them periodically to maximize long-term

profit. In the literature, it is also called portfolio optimization, portfolio selection

and portfolio allocation. In the real market, portfolio managers work closely with

traders, where portfolio managers assign a percentage weighting to every stock in

the portfolio periodically and traders focus on finishing portfolio reallocation at
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Figure 2.2: Portfolio management process

the favorable price to minimize the trading cost. For PM, time is splitted into two

types of periods: holding period and trading period as shown in Figure 2.2. At the

beginning of a holding period, the agent holds a portfolio wt consists of pre-selected

financial assets with a corresponding portfolio value vt. With the fluctuation of the

market, the assets’ prices would change during the holding period. At the end of

the holding period, the agent will get a new portfolio value v′t and decide a new

portfolio weight wt+1 of the next holding period. During the trading period, the

agent buys or sells some shares of assets to achieve the new portfolio weights. The

lengths of the holding period and trading period are based on specific settings and

can change over time. In some previous works, the trading period is set to 0, which

means the change of portfolio weight is achieved immediately for convenience. The

objective is to maximize the final portfolio value given a long-term time horizon.

PM has been a fundamental problem for both finance and machine learning com-

munity for decades. Existing approaches can be grouped into four major categories,

which are benchmarks such as constant rebalanced portfolio and uniform constant

rebalanced portfolio [28], follow-the-winner approaches such as exponential gradient

[29] and winner [30], follow-the-loser approaches such as robust mean reversion [31],

passive aggressive online learning [32] and anti-correlation [33], pattern-matching-

based approaches such as correlation-driven nonparametric learning [34] and BK

[35], and meta learning algorithms such as online Newton step. More details are

available in this survey paper [36].

2.1.4 Order Execution

While adjusting new portfolio, investors need to buy/sell some amount of shares

by executing an order of liquidation. Essentially, the objectives of order execution

are two-fold: it does not only require to fulfill the whole order but also targets

a more economical execution with maximizing profit (or minimizing cost). As
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mentioned in [37], the major challenge of order execution lies in the trade-off

between avoiding harmful market impact caused by large transactions in a short

period and restraining price risk, which means missing good trading windows due

to slow execution. Traditional OE solutions are usually designed based on some

stringent assumptions of the market and then derive some model-based methods

with stochastic control theory.

For instance, time weighted average price (TWAP) evenly splits the whole order

and execute at each time step with the assumption that the market price follows

the Brownian motion [38]. The Almgren-Chriss model [39] incorporates temporary

and permanent price impact functions also with the Brownian motion assumption.

Volume weighted average price (VWAP) distributes orders in proportion to the

(empirically estimated) market transaction volume. The goal of VWAP is to track

the market average execution price [40]. However, traditional solutions are not

effective in the real market because of the inconsistency between the assumptions

and reality.

Formally, OE is to trade fixed amount of shares within a predetermined time horizon

(e.g., one hour or one day). At each time step t, traders can propose to trade a

quantity of qt ≥ 0 shares at current market price pt, The matching system will

then return the execution results at time t+ 1. Taking the sell side as an example,

assuming a total of Q shares required to be executed during the whole time horizon,

the OE task can be formulated as:

arg max
q1,q2,...,qT

T∑
t=1

(qt · pt), s.t.
T∑
t=1

qt = Q

OE not only completes the liquidation requirement but also the maximize/minimize

average execution price for the sell/buy side execution respectively.

2.1.5 Market Making

Market makers are traders who continually quote prices at which they are willing

to trade on both buy and sell side for one financial asset. They provide liquidity

and make profit from the tiny price spread between buy and sell orders. The main

challenge for market making is non-zero inventory. When we submit a limit order

on both sides, there is no guarantee that all the orders can be successfully executed.
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It is risky when non-zero inventory accumulates to a high level because this means

market maker will have to close the inventory by current market price, which could

lead to a significant loss. In practice, some market makers keep their inventory at

low-level to avoid market exposure and only make profits by repeatedly making

their quoted spread. On the other hand, some more advanced market makers may

choose to hold a non-zero inventory to capture the market trend, while exploiting

the quoted spread simultaneously. Traditional finance methods consider market

making as a stochastic optimal control problem [41]. Agent-based method [42] and

RL [43] have also been applied to market making.

2.1.6 Terminologies

Definition 2.1. (OHLCV) OHLCV is a type of bar chart directly obtained from

the financial market. OHLCV vector at time t is denoted as xt = (pot , p
h
t , p

l
t, p

c
t , vt),

where pot is the open price, pht is the high price, plt is the low price, pct is the close

price and vt is the volume.

Definition 2.2. (Technical Indicator) A technical indicator indicates a feature

calculated by a formulaic combination of the original OHLCV to uncover the

underlying pattern of the financial market. We denote the technical indicator

vector at time t: yt =
⋃

k y
k
t , where ykt = fk(xt−h, ...,xt, θ

k), θk is the parameter of

technical indicator k.

Definition 2.3. (Limit Order) A limit order is an order placed to long/short a cer-

tain number of shares at a specific price. It is defined as a tuple l = (ptarget,±qtarget),
where ptarget represents the submitted target price, qtarget represents the submitted

target quantity, and ± represents the trading direction (long/short).

Definition 2.4. (Limit Order Book) A limit order book (LOB) contains public

available aggregate information of limit orders by all market participants. It is

widely used as market microstructure [44] in finance to represent the relative

strength between buy and sell side. We denote an m level LOB at time t as

bt = (pb1t , p
a1
t , qb1t , qa1t , ..., pbmt , pamt , qbmt , qamt ), where pbit is the level i bid price, pait is

the level i ask price, qbit and qait are the corresponding quantities.

Definition 2.5. (Matching System) The matching system is an electronic system

that matches the buy and sell orders for the financial market. It is usually used to

execute orders for different traders in the exchange.
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Definition 2.6. (Position) Position post at time t is the amount and direction of a

financial asset owned by traders. It represents a long (short) position when post is

positive (negative).

Definition 2.7. (Net Value) Net value is the normalised sum of cash and value

of financial assets held by a trader. The net value at time t is denoted as nt =

(ct + pct × |post|)/c1, where ct is the cash at time t and c1 is the initial amount of

cash.

Definition 2.8. (Portfolio) Portfolio is the proportion of capitals allocated to each

asset that can be represented as a vector:

wt = [w0
t , w

1
t , ..., w

M
t ] ∈ RM+1 and

∑M
i=0w

i
t = 1 (2.1)

where M+1 is the number of portfolio’s constituents, including cash and M financial

assets. wi
t represents the ratio of the total portfolio value invested at time t on asset

i and w0
t represents cash.

Definition 2.9. (Asset Price) Asset price refers to the vector of close price for each

financial asset defined as pt = [p0t , p
1
t , ..., p

M
t ], where pit is the close price of asset i

at time t. Note that the price of cash p0t is a constant.

Definition 2.10. (Portfolio Value) Portfolio value vt+1 at time t + 1 is defined

based on the asset price change and portfolio weight as:

vt+1 = vt
∑M

i=0

wi
t pit+1

pit
(2.2)

2.1.7 Technical Indicators

Technical indicators play a key role on the performance of machine learning methods.

We generate 11 widely used temporal features as shown in Table 2.2 to describe

the stock markets following [45, 46]. zopen, zhigh and zlow represent the relative

values of the open, high, low prices compared with the close price at current time

step, respectively. zclose and zadj close represent the relative values of the closing and

adjusted closing prices compared with time step t− 1. zdk represents a long-term

moving average of the adjusted close prices during the last k time steps compared

to the current close price. To keep a fair and consistent comparison, these features

are used for empirical experiments of following chapters in the thesis.
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Features Calculation Formula
zopen, zhigh, zlow e.g., zopen = opent/closet − 1
zclose, zadj close e.g., zclose = closet/closet−1 − 1

zd 5, zd 10, zd 15

zd 20, zd 25, zd 30
e.g., zd 5 =

∑4
i=0 adj closet−i/5

adj closet
− 1

Table 2.2: Formulas of features to describe the stock markets.

2.1.8 Evaluation Metrics

We introduce all numerical evaluation metrics including profit metrics, risk metrics,

risk-adjusted return metrics and diversity metrics.

• Total Return (TR) is the overall return rate of the whole trading period. It

is defined as TR = nt−n1

n1
, where nt is the final net value and n1 is the initial net

value.

• Volatility (VOL) is the variance of the daily return defined as σ[ret] to measure

the risk level of trading strategies, where ret = (ret1, ret2, ..., rett) is a vector of

daily return and σ[.] is the variance.

• Downside Deviation (DD) is the variance of negative return of the whole

trading period.

• Maximum Drawdown (MDD) measures the largest loss from any peak to

show the worst case.

• Sharpe Ratio (SR) considers the amount of extra return that a trader receives

per unit of increase in risk. It is defined as: SR = E[ret]/σ[ret], where E[.] is

the expected value.

• Calmar Ratio (CR) is defined as CR = E[ret]
MDD

, which is the expected return

divided by the maximum drawdown.

• Sortino Ratio (SoR) applies downside deviation as the risk measure. It is

defined as: SoR = E[ret]
DD

.

• Entropy (ENT) [47] is applied to measure the amount of information given

by observing the financial market. In a portfolio, it is defined as H(ω) =

−exp (
∑n

i=1 ωi log ωi), where ω = (ω1, ω2, ..., ωn) is a portfolio among N financial

assets. This measure reach a minimum value 1 if a portfolio is fully concentrated
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in one single asset and a maximum equal to N that representation the equally

weighted portfolio.

• Effect Number of Bet (ENT) As entropy ignore the correlation between dif-

ferent financial assets, effective number of bets (ENB) is proposed to remove the

correlation while calculating entropy. We first define diversification distribution

as pi(ω) = ω2
Fi
λ2
i /
∑n

i=1 ω
2
Fi
λ2
i . We formulate the covariance matrix of N assets

Σ as E ′ΣE = λ where λ is a diagonal matrix,λi is the element of the diagonal

matrix and ωf = E−1ω where ω is the our original portfolios’ weights. The

effective number of bets is defined as: ENB(ω) = −exp (
∑n

i=1 pi(ω) log pi(ω)),

where pi(ω) is the ith diversification distribution for the portfolio weights ω.

2.2 Reinforcement Learning Basics

RL is a popular subfield of machine learning that studies complex decision making

problems. Sutton and Barto [48] distinguish RL problems by three key character-

istics: i) the problem is closed-loop. ii) the agent figures out what to do through

trial-and-error. iii) actions have an impact on both short term and long term results.

The decision maker is called agent and the environment is everything else except the

agent. At each time step, the agent obtains some observations of the environment,

which is called state. Later on, the agent takes an action based on the current state.

The environment will then return a reward and a new state to the agent. Formally,

an RL problem is typically formulated as a Markov decision process (MDP) in the

form of a tuple M = (S,A,R, P, γ), where S is a set of states s ∈ S, A is a set

of actions a ∈ A, R is the reward function, P is the transition probability, and γ

is the discount factor. The goal of an RL agent is to find a policy π(a | s) that
takes action a ∈ A in state s ∈ S in order to maximize the expected discounted

cumulative reward:

max E[R(τ)], where R(τ) =
τ∑

t=0

γtr(at, st) and 0 ≤ γ ≤ 1

Sutton and Barto [48] summarise the main components of RL as: i) policy, which

refers to the probability of taking action a when the agent is in state s. From

policy perspective, RL algorithms are categorized into on-policy and off-policy
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methods. The goal of on-policy RL methods is to evaluate or improve the policy,

which they are now using to make decisions. As for off-policy RL methods, they

aim at improving or evaluating the policy that is different from the one used to

generate data. ii) reward: after taking selected actions, the environment sends back

a numerical signal reward to inform the agent how good or bad are the actions

selected. iii) value function, which means the expected return if the agent starts

in that state s or state-action pair (s, a), and then acts according to a particular

policy π consistently. Value function tells how good or bad the agent’s current

position is in the long run. iv) model, which is an inference about the behaviour of

the environment in different states.

Plenty of algorithms have been proposed to address RL problems. Tabular methods

and approximation methods are two mainstream directions. For tabular algorithms,

a table is used to represent the value function for every action and state pair.

The exact optimal policy can be found through checking the table. Due to the

curse of dimensionality, tabular methods only work well when the action and state

space is small. Dynamic programming (DP), Monto Carlo (MC) and temporal

difference (TD) are a few widely studied tabular methods. Under perfect model

of environment assumption, DP uses a value function to search for good policies.

Policy iteration and value iteration are two classic DP algorithms. MC methods

try to learn good policies through sample sequences of states, actions, and reward

from the environment. For MC methods, the assumption of perfect environment

understanding is not required. TD methods are a combination of DP and MC

methods. While they do not need a model from the environment, they can bootstrap,

which is the ability to update estimates based on other estimates. From this family,

Q-learning [49] and SARSA [50] are popular algorithms, which belong to off-policy

and on-policy methods respectively.

On the other hand, approximation methods try to find a great approximate function

with limited computation. Learning to generalize from previous experiences (already

seen states) to unseen states is a reasonable direction. Policy gradient methods

are popular approximate solutions. REINFORCE [51] and actor-critic [52] are two

important examples. With the popularity of deep learning, RL researchers use neural

networks as function approximator. DRL is the combination of deep learning and

RL, which lead to great success in many domains [53, 54]. Popular DRL algorithms

for FinRL community include deep Q-network (DQN) [53], deterministic policy
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gradient (DPG) [55], deep deterministic policy gradient (DDPG) [56], proximal

policy optimization (PPO) [57]. Recurrent reinforcement learning (RRL) is another

widely used RL approach for FinRL. Recurrent means the previous output is fed

into the model as part of the input here. RRL achieves more stable performance

when exposed to noisy data such as financial data.



Chapter 3

Literature Review

In this chapter, we conduct a comprehensive literature review on relevant domains

of this thesis. We focus on novel algorithms, systematic evaluation and software

platforms for financial decision making.

3.1 RL for Quantitative Trading

In this subsection, we introduce notable RL methods for quantitative trading. We

go through existing works across four mainstream FinRL tasks with a summary

table at the end of each subsection.

Category RL algorithm Publication
Q-learning [43, 58–68]

Value-Based SARSA [43, 69–71]
DQN [5, 12, 72–78]

Recurrent RL [2, 13, 79–85]
Policy-Based REINFORCE [5]

PG [4, 75, 86–88]
TRPO [89, 90]
DPG [3, 91–93]
PPO [7, 74, 76, 88, 94, 95]

Actor-Critic DDPG [88, 95–97]
SAC [76, 98]
A2C [75, 95]

Others Model-based RL [99, 100]
Multi-Agent RL [59, 101, 102]

Table 3.1: Publications based on different reinforcement learning algorithms

19
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3.1.1 Categories of FinRL methods

In order to provide a bird-eye’s view, existing works are classified from different

perspectives. Table 3.1 summarizes existing works from the RL algorithm perspec-

tive. Q-learning and recurrent RL are the most popular RL algorithms for FinRL.

Recent trend indicates deep RL methods such as DQN, DDPG and PPO outperform

traditional RL methods. In addition, we use three pie charts to provide taxonomies

of existing works based on financial markets, financial assets and data frequencies.

The percentage numbers shown in the pie charts are calculated by dividing the

number of papers belonging to each type with the total number of papers. We

classify existing works based on financial markets (Figure 3.1a). The US market

is the most studied market in the literature. Chinese market is getting popular in

recent years. The study of European market is mainly in the early era. We classify

existing works based on financial assets (Figure 3.1b). Stock data is used for more

than 40% of publications. Stock index is the second popular additional option.

There are also some works focusing on cryptocurrency in recent years. We classify

existing works based on data frequencies (Figure 3.1c). Around half of papers use

day-level data since it is more accessible. For order execution and market making,

fine-grained data (e.g., second-level and minute-level) are widely used to simulate

the micro-level market dynamics.

13.0%

15.0%

30.0%

42.0%

Others
Europe

China
USA

(a) Financial markets

4.0%

21.0%

12.0%
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Crypto
Artificial

FX
Stock

(b) Financial assets

14.0%
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Figure 3.1: Categorization of existing works [1]

3.1.2 RL in Algorithmic Trading

Algorithmic trading refers to trade one particular financial asset with signals

generated automatically by computer programs. It has been widely applied in
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trading all kinds of financial assets. We present a review of most notable RL-based

algorithmic trading papers dating back to 1990s.

Policy-based methods. To tackle the limitations of supervised learning methods,

Moody and Wu [79] made the first attempt to apply RL in algorithmic trading. An

agent is trained with recurrent RL (RRL) to optimize the overall profit directly

with a novel evaluation metrics called differential Sharpe ratio. Empirical study on

artificial price data shows that it outperforms previous prediction-based methods.

With the same algorithm, further experiments are conducted using monthly S&P

stock index data [80] and US Dollar/British Pound exchange data [81]. As an

extension of RRL [79], Dempster and Leemans [82] proposed an adaptive RRL

framework with three layers: i) Layer one adds 14 technical indicators as extra

market information; ii) Layer two evaluates trading actions from layer one with

consideration of risk factors; iii) The goal of layer three is to search for optimal values

of hyperparameters in layer two. With the three-layer architecture, it outperforms

baselines on Eur/ US Dollar exchange data. Vittori et al. [89] proposed a risk-averse

algorithm called Trust Region Volatility Optimization (TRVO) for option hedging.

TRVO trains a sheaf of agents characterized by different risk aversion methods

and is able to span an efficient frontier on the volatility-p&l space. Simulation

results demonstrate that TRVO outperforms the classic Black & Scholes delta hedge

algorithm [103].

With the development of deep learning, several deep RL methods are proposed

for algorithmic trading. FDDR [2] enhanced the classic RRL method [80] with

deep neural networks. An RNN layer is used to learn meaningful recurrent rep-

resentations of the market. In addition, a fuzzy extension is proposed to further

reduce the uncertainty. FDDR achieves great performance on both stock index

and commodity futures. To balance between profit and risk, a multi-objective RL

method with LSTM layers [83] is proposed. Through optimizing profit and Sharpe

Ratio simultaneously, the agent achieves better performance on 3 Chinese stock

index futures.

Value-based methods. QSR [58] used Q-learning to optimize absolute profit

and relative risk-adjusted profit respectively. A combination of two networks is

employed to improve performance on US Dollar/German Deutschmark exchange

data. Lee and Jangmin [59] proposed a multi-agent Q-learning framework for stock

trading. Four cooperative agents are designed to generate trading signals and order
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prices for both buy and sell side. Through sharing training episodes and learned

policies with each other, this method achieves better performance in terms of both

profit and risk management on the Korea stock market compared to baselines. In

[60], the authors firstly designed some local traders based on dynamic programming

and heuristic rules. Later on, they applied Q-learning to learn a meta policy of

these local traders on Korea stock markets. de Oliveira et al. [69] implemented a

SARSA-based RL method and tested it on 10 stocks in the Brazil market.

DQN is used to enhance trading systems by considering trading frequencies, market

confusion and transfer learning [72]. One heuristic function is applied to add a filter

as the agent’s certainty on market condition. Moreover, the authors train the agent

on selected component stocks and apply the pre-train weights as the starting point

for different stock indexes. Experiments on 4 different stock indexes demonstrate the

effectiveness of the proposed framework. DeepScalper [12] applied branch dueling

Q-network [104] for intraday trading with an encoder-decoder architecture to learn

market embedding. A novel hindsight bonus is added in the reward function

to encourage long-term horizon. The authors also design an auxiliary task by

predicting future volatility. DeepScalper significantly outperforms many baselines

on Chinese treasury bond and stock index markets. Riva et al. [68] proposed a

value-based RL algorithm to train agents for FX trading via fitted-Q iteration. The

importance of tuning control frequency is studied in order to obtain effective trading

policies. EarnHFT [78] introduced a three-stage hierarchical RL framework for high

frequency Crypto trading. It trained low-level agents for different market conditions

(e.g., bull/bear) and high-level agents to dynamically pick agents from the pool.

The algorithm outperform state-of-art methods with over 30% improvement on 4

Cyrpto pairs.

Other methods. iRDPG [3] is an adaptive DPG-based framework. The authors

formulate algorithmic trading as a Partially Observable Markov Decision Process

(POMDP). GRU layers are integrated into iRDPG to learn recurrent market

embedding. In addition, the authors apply behavior cloning with expert trading

actions to guide iRDPG and achieve great performance on two Chinese stock index

futures. There are also some works focusing on empirical study to evaluating the

performance of different RL algorithms on new datasets. Zhang et al. [75] evaluated

DQN, PG and A2C on the 50 most liquid futures contracts. Yuan et al. [76] tested
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PPO, DQN and SAC on three selected stocks. DQN achieves the best overall

performance among different financial assets.

Summary. Although existing works demonstrate the potential of RL for quanti-

tative trading, there is seemingly no consensus on a general ranking of different

RL algorithms (notably, we acknowledge that no free lunch theorem exists). The

summary of algorithmic trading publications is in Table 3.2. In addition, most ex-

isting RL-based works only focus on general AT, which tries to make profit through

trading one asset. In finance, extensive trading strategies have been designed based

on trading frequency (e.g., high-frequency trading) and asset types (e.g., stock and

cryptocurrency).

Paper RL method Asset type Market Data frequency
[79] RRL Artificial - -
[80] RRL Stock Index USA 1 Month
[58] Q-learning FX - 1 Day
[81] RRL FX - 30 Min
[59] Multi-agent RL Stock Index Korea -
[60] Q-learning Stock Index Korea -
[82] RRL FX - 1 Min

[61] Q-learning
Artificial
Stock

-
Italy

-
1 Day

[2] RRL
Stock Index
Commodity

China 1 Min

[83] RRL Stock Index China 1 Min

[72] DQN Stock Index
USA, Hong Kong
Europe, Korea

1 Day

[69] SARSA Stock Brazil 15 Min
[3] DDPG Stock Index China 1 Min
[89] TRPO Artificial - -

[75] DQN, PG, A2C
Stock Index
Commodity

- -

[76] PPO, DQN, SAC Stock China 1 Day

[12] DQN
Stock Index

Treasury Bond
China 1 Min

[68] Q-learning FX - 1 Min
[78] DDQN Cryptocurrency - 1 Sec

Table 3.2: Summary of RL for algorithmic trading

3.1.3 RL in Portfolio Management

Portfolio management, which studies the art of balancing between a collection of

different financial assets, has become a popular topic for RL researchers. We survey

on existing works on RL for portfolio management.
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Policy-based methods. Since a portfolio is essentially a weight distribution

among different financial assets, policy-based methods are the most widely applied

RL methods for PM. Almahdi and Yang [105] proposed an RRL-based algorithm

for portfolio management with maximum drawdown as the optimization object

to measure downside risk. Furthermore, an adaptive version is designed with a

transaction cost and market condition stop-loss retraining mechanism. Investor-

Imitator [13] formalized the trading knowledge by imitating the behavior of an

investor with a set of logic descriptors. To further instantiate specific logic de-

scriptors, the authors introduced a rank-invest model that can keep the diversity

of different logic descriptors through optimizing a variety of evaluation metrics

with RRL. Experiments on the Chinese stock market show that Investor-imitator

successfully extracts interpretable knowledge of portfolio management that can help

human traders better understand the financial market. Alphastock [106] is another

policy-based RL method for portfolio management with a cross-asset attention

network to describe the interrelationships among stocks. Policy gradient is used

to optimize the Sharpe Ratio. Experiments on both US and Chinese stock market

show that Alphastock achieves robust performance over different market states. EI3

[84] is another RRL-based method, which tries to build profitable cryptocurrency

portfolios by extracting multi-scale patterns in the financial market. The authors

design a multi-scale temporal feature aggregation convolution framework with two

CNN branches to extract short-term and mid-term market embedding and a max

pooling branch to extract the highest price information. To bridge the gap between

the traditional Markowitz portfolio and RL-based methods, Benhamou et al. [86]

applied PG with a delayed reward function and showed better performance than

the classic Markowitz efficient frontier.

Zhang et al. [87] proposed a cost-sensitive PM framework based on direct policy

gradient. To learn more robust market representation, a novel two-stream portfolio

policy network is designed to extract both price series pattern and the relationship

between different financial assets with a cost-sensitive reward function to take the

trading cost constraint into consideration with theoretically near-optimal guarantee.

Xu et al. [85] proposed a novel relation-aware transformer under the classic RRL

paradigm to capture both sequential patterns and the inner corrections between

financial assets. Specifically, it follows an encoder-decoder structure, where the

encoder is for sequential feature extraction and the decoder is for decision making.

Bisi et al. [90] derived a PG theorem with a novel objective function, which exploited
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the mean-volatility relationship. The new objective could be used in actor-only

algorithms such as TRPO with monotonic improvement guarantees. Wang et al. [4]

proposed DeepTrader, a PG-based DRL method, to tackle the risk-return balancing

problem in PM. The model simultaneously uses negative maximum drawdown and

price rising rate as reward functions to balance between profit and risk. The authors

propose an asset scoring unit with graph convolution layer to capture temporal and

spatial interrelations among stocks. Moreover, a market scoring unit is designed to

evaluate the market condition.

Actor-critic methods. Jiang et al. [91] proposed a DPG-based RL framework

consists of 3 novel components: i) the ensemble of identical independent evaluators

topology; ii) a portfolio vector memory; iii) an online stochastic batch learning

scheme. To demonstrate the effectiveness of proposed components, extensive experi-

ments using different neural network architectures are conducted on cryptocurrency

data. Later on, extra experiments are conducted in an extended version [92]. To

model the data heterogeneity and environment uncertainty in PM, Ye et al. [93]

proposed a state-augmented RL (SARL) framework based on DPG. SARL learns

the price movement prediction with financial news as additional states. Another

popular actor-critic RL method for portfolio management is DDPG. Xiong et al. [96]

constructed a highly profitable portfolio with DDPG on the Chinese stock market.

PROFIT [97] is another DDPG-based approach that makes time-aware decisions

on PM with text data. The authors make use of a custom policy network that hier-

archically and attentively learns time-aware representations of news and tweets for

PM, which is generalizable among various actor-critic RL methods. PROFIT shows

promising performance on both China and US stock markets. Murray et al. [107]

proposed a novel actor-critic algorithm for solving general risk-reverse stochastic

control problems and use it to learn hedging strategies for portfolio management

across multiple risk aversion levels simultaneously. EarnMore [98] is proposed to

handle customize stock pool scenarios with masked stock representations. The

authors introduced a mechanism to mask out the representation of the stocks outside

the target pool and learn meaningful stock representations through a self-supervised

masking and reconstruction process. Moreover, a re-weighting mechanism is de-

signed to make the portfolio concentrate on favorable stocks and neglect the stocks

outside the target pool.
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Other methods. Neuneier [62] made an attempt to formalize portfolio manage-

ment as an MDP and trained an RL agent with Q-learning. Experiments on German

stock market demonstrate its superior performance over heuristic benchmark policy.

Later on, a shared value-function for different assets and model-free policy-iteration

are applied to further improve the performance of Q-learning in [63]. Yu et al. [99]

proposed the first model-based RL framework for portfolio management, which

supports both off-policy and on-policy settings. The authors designed an infused

prediction module to predict future price, a data augmentation module with re-

current adversarial networks to mitigate the data deficiency issue, and a behavior

cloning module to reduce the portfolio volatility. MetaTrader [77] introduced a

two-stage RL-based approach, which learns to integrate diverse trading policies to

adapt to various market conditions. MAPS [101] proposed a cooperative multi-agent

RL system in which each agent is an independent investor creating its own portfolio.

The authors design a novel loss function to guide each agent to act as diversely

as possible while maximizing its long-term profit. MAPS outperforms most of

baselines with 12 years of US stock market data. MSPM [102] is a multi-agent RL

framework with a modularized and scalable architecture for PM. MSPM consists of

the evolving agent module to learn market embedding with heterogeneous input

and the strategic agent module to produce profitable portfolios.

Summary. Policy-based methods are the most widely-used RL methods for PM.

There are also many successful examples based on actor-critic algorithms. The

summary of publications is in Table 3.3. We point out two limitations of existing

methods: i) most of them ignore the interrelationship between different financial

assets, which is valuable for human portfolio managers. ii) existing works construct

portfolios from a relative small pool of stocks (e.g., 20 in total). However, the real

market contains thousands of stocks and common RL methods are vulnerable when

the action space is very large [108].

3.1.4 RL in Order Execution

Different from algorithmic trading and portfolio management, order execution (OE)

is a micro-level QT task, which tries to trade a fixed amount of shares in a given

time horizon and minimize the execution cost. In the real financial market, OE is
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Reference RL method Asset type Market Data frequency
[62] Q-learning Stock Index Germany 1 Day
[63] Q-learning Stock Index Germany 1 Day
[91] DPG Cryptocurrency - 30 Min
[105] RRL Stock Index - -
[92] DPG Cryptocurrency - 30 Min
[88] DDPG, PPO, PG Stock China 1 Day
[13] RRL Stock China 1 Day
[96] DDPG Stock USA 1 Day
[106] Technical Indicator Stock China, USA -
[99] Model-based RL Stock USA 1 Hour
[84] RRL Cryptocurrency - -
[86] PG - - 1 Day
[87] PG Cryptocurrency - -
[95] PPO, A2C, DDPG Stock USA 1 Day
[101] Multi-agent RL Stock USA 1 Day
[97] DDPG Stock USA, China 1 Min

[93] DPG
Stock

Cryptocurrency
USA
-

1 Day
30 Min

[85] RRL
Stock

Cryptocurrency
USA
-

30 Min

[5] REINFORCE, DQN Stock USA, China 1 Day

[90] TRPO
Artificial

Stock Index
-

USA
-

1 Day

[4] PG Stock
USA, China
Hong Kong

-

[102] Multi-agent RL Stock USA 1 Day

[77] DQN Stock
USA, China
Hong Kong

-

[107] Actor-Critic Artificial -
[98] SAC Stock USA 1 Day

Table 3.3: Summary of RL for portfolio management

extremely important for institutional traders whose trading volume is large enough

to have an obvious impact on the market price.

Nevmyvaka et al. [64] proposed the first RL-based method for large-scale order

execution. The authors used Q-learning to train the agent with real-world LOB

data. With carefully designed state, action and reward function, the Q-learning

framework can significantly outperform traditional baselines. Hendricks and Wilcox

[65] implemented another Q-learning based RL method on South Africa market by

extending the popular Almgren-Chriss model with linear price impact. Ning et al.

[73] proposed an RL framework using double DQN and evaluated its performance on

9 different US stocks. Dabérius et al. [74] implemented DDQN, PPO and compared

their performance with TWAP.

PPO is another widely used RL method for OE. Lin and Beling [94] proposed an
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Reference RL method Asset Type Market Data frequency

[64] Q-learning Stock USA Millisecond

[65] Q-learning Stock South Africa 5 Min

[73] DQN Stock USA 1 Second

[74] DDQN, PPO Artificial - -

[94] PPO Stock USA Millisecond

[7] PPO Stock China 1 Min

Table 3.4: Summary of RL for order execution

end-to-end PPO-based framework. MLP and LSTM are tested as time dependencies

accounting network. The authors design a sparse reward function instead of previous

implementation shortfall (IS) or a shaped reward function, which leads to state-

of-the-art performance on 14 stocks in the US market. Fang et al. [7] proposed

another PPO-based framework to bridge the gap between the noisy yet imperfect

market states and the optimal action sequences for OE. The framework leverages a

policy distillation method with an entropy regularization term in the loss function

to guide the student agent toward learning similar policy by an oracle teacher

with perfect information of the financial market. Moreover, the authors design a

normalized reward function to encourage universal learning among different stocks.

Extensive experiments on Chinese stock market demonstrate that the proposed

method significantly outperforms various baselines with reasonable trading actions.

We present a summary of existing RL-based order execution publications in Table

3.4. Although there are a few successful examples using either Q-learning or PPO

on order execution, existing works share a few limitations. First, most of algorithms

are only tested on stock data. Their performance on different financial assets (e.g.,

futures and cryptocurrency) is still unclear. Second, the execution time window

(e.g., 1 day) is too long, which makes the task easier. In practice, professional

traders usually finish the execution process in much shorter time window (e.g., 10

minute). Third, existing works will fail when the trading volume is huge, because

all of them assume there is no obvious market impact, which is impossible for large

volume settings. In the real-world, the requirement of institutional investors is to

execute large amount of shares in a relatively short time window. There is still a

long way to go for researchers to tackle these limitations.
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3.1.5 RL in Market Making

Market making refers to trading activities that buy and sell one given asset simul-

taneously at desired price. The goal of a market maker is to provide liquidity to

the market and market profit through the tiny price spread of buy/sell orders. We

discuss existing RL-based methods for market making.

Chan and Shelton [70] made the first attempt to apply RL for market making without

any assumption of the market. Simulation showed that the RL method converged

on optimal strategies successfully on a few controlled environments. Spooner et al.

[43] focused on designing and analyzing temporal-difference (TD) RL methods

for market making. The authors firstly build a realistic, data-driven simulator

with millisecond LOB data for market making. With an asymmetrically dampened

reward function and a linear combination of tile coding as state, both Q-learning and

SARSA outperform previous baselines. Lim and Gorse [66] proposed a Q-learning

based algorithm with a novel usage of CARA utility as the terminal reward for

market making. Guéant and Manziuk [100] proposed a model-based actor-critic

RL algorithm, which focuses on market making optimization for multiple corporate

bonds. Zhong et al. [67] proposed a model-free and off-policy Q-learning algorithm

to develop trading strategy implemented with a simple lookup table. The method

achieves great performance on event-by-event LOB data confirmed by a professional

trading firm. For training robust market making agents, Spooner and Savani [71]

introduced a game-theoretic adaptation of the traditional mathematical market

making model. The authors thoroughly investigate the impact in 3 environmental

settings with adversarial RL. Zhao and Linetsky [109] proposed a high-frequency

feature called book exhaustion rate, which can serve as a direct measurement of

the adverse selection risk from an equilibrium point of view. The authors train a

market making agent via RL using three years of LOB data on Chicago Mercantile

Exchange S&P 500 and achieve stable performance.

Even though market making is a fundamental task in quantitative trading, research

on RL-based market making is still at the early stage. Existing works simply

apply different RL methods on their own data. The summary of order execution

publications is in Table 3.5. To fully realize the potential of RL for market making,

one major obstacle is the lack of high-fidelity micro-level market simulator. At

present, there is still no reasonable way to simulate the ubiquitous market impact.
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This unignorable gap between simulation and real market limits the usage of RL in

market making.

Reference RL method Asset Type Market Data frequency

[70] SARSA Artificial - -

[43] Q-learning, SARSA - - Millisecond

[66] Q-learning Artificial - -

[100] Model-based RL Bond Europe -

[67] Q-learning - - Event

[71] SARSA Artificial - -

[109] - Stock & Treasury US 5 Min

Table 3.5: Summary of RL for market making

3.2 Deep Learning for Financial Prediction

Extensive deep learning methods have been proposed for stock prediction, which can

be generally categorised into: i) recurrent neural networks (RNN), ii) non-recurrent

neural networks (NRNN), iii) models with alternative data sources, iv) enhancing

traditional finance methods.

RNN models. RNN-based models are popular for stock prediction since they

are specifically designed to capture temporal patterns in sequential data. Nelson

et al. [110] showed that GRU outperforms many baseline methods. Wang et al.

[111] combined attention mechanism with LSTM to model correlated time steps.

To improve the robustness of LSTM, Feng et al. [45] applied adversarial training

techniques for stock prediction. Zhang et al. [112] proposed a State Frequency

Memory (SFM) recurrent network with Discrete Fourier Transform (DFT) to

discover multi-frequency patterns in stock markets. Huynh et al. [113] proposed a

framework for efficient integration of multi-order dynamics and internal dynamics

of stock markets, which includes temporal generative filters on LSTM to learn

individual patterns per stock and hypergraph attentions to capture the non-pairwise

correlations.

NRNN models. There are also many DL approaches that make stock prediction

without using RNN-based models. Liu et al. [114] introduced a multi-scale two-

way neural network (NN) to predict the stock trend. Ding et al. [115] proposed

a hierarchical Gaussian transformer-based model for stock movement prediction.
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Another direction of work employs graph-based DL models to model pair-wise

relations between stocks. For instance, Feng et al. [116] enhanced graph convolu-

tional networks (GCNs) with temporal convolutions for mining inter-stock relations.

Sawhney et al. [117] focused on stock industry data and links between company

CEOs. MASTER [118] is proposed as market-guided stock transformer, which

leverages the momentary and cross-time stockc correlation for feature selection.

Sawhney et al. [119] proposed a spatiotemperal convolution network architectures

for stock movement prediction.

Models with alternative data. To further show the potential of deep learning

methods, the usage of additional data sources is another direction for trading signal

discovery. Xu and Cohen [120] proposed a variational autoencoder architecture to

extract latent information from tweets. Chen et al. [121] enhanced trading strategy

design with the investment behaviors of professional fund managers. Economics

news [122] are used to enhance the prediction accuracy. Earning calls information

[123] improved the performance of volatility prediction. Recently, large language

models (e.g., GPT4) become one new source of information, where FinAgent [124]

are proposed to improve financial prediction.

Enhancing traditional finance methods. Another research direction is to

enhance traditional rule-based methods with ML techniques. Lim et al. [125]

enhanced time-series momentum with deep learning. Takeuchi and Lee [126]

applied NN to enhance cross section momentum. Chauhan et al. [127] took account

uncertainty and look-ahead based on factor models. Alphastock [106] proposed

a deep reinforcement attention network to improve the classic buying-winners-

and-selling-losers strategy [24]. Gu et al. [128] explore ML techniques’ ability on

asset pricing. In [129], an autoencoder architecture was proposed for asset pricing.

Compared to pure ML methods, these methods keep the original financial insight

and have better explainability.
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3.3 Decision Making with Multiple Experts

3.3.1 Ensemble Learning

Ensemble methods, which combine the output of different models to improve

the overall generalization performance, have been studied for decades [130–136].

DeepEns [137] showed its potential for uncertainty estimation. Although ensemble

methods achieve stellar performance when each member makes independent errors

[138], the significant increase of computation and memory cost becomes a major

bottleneck for the wide deployment of ensemble methods. In recent years, the major

direction in ensemble research is how to reduce the cost of training, testing and

memory. Snapshot ensemble [139], in which a single model is trained by cyclic

learning rates, is proposed to encourage visiting multiple local minima within one

run. Wen et al. [133] proposed an efficient mini-batch friendly ensemble method

called BatchEns with an ensemble weight generation mechanism using Hadamard

product. Recent works highlight the benefit of ensemble models with hyperparameter

diversity [134] and architecture diversity [135], respectively. Instead of combining

the outputs of neural networks, model soup [140] directly average the weights of

neural networks and achieves great performance in pretrain settings with no extra

inference cost.

Although there is a lot of progress in ensemble learning, most existing ensemble

methods for stock markets [141] are only straightforward applications of traditional

methods such as bagging and stacking with linear increase of both computation and

memory cost. For instance, Xiang and Fu [142] combined different neural networks

as sub-models with bagging for stock market prediction. There is still a lack of

advanced efficient ensemble learning methods for capturing the fleeting trading

opportunities in financial markets. AlphaMix is designed by customizing advanced

ensemble techniques [133, 134, 140, 143, 144] into this filed to fill the gap.

3.3.2 Mixture of Experts

Ever since its introduction more than two decades ago [145], the mixture-of-experts

(MoE) approach has been the key component for many works. Eigen et al. [146]

extended MoE into deep learning by stacking two layers of mixture of experts with
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a trainable weighted gating network. Shazeer et al. [147] presented a sparsely-gated

MoE layer to enable training extremely large number of experts. Ma et al. [148]

proposed a multi-gate MoE framework to model task relationships in multi-task

learning. Xu et al. [149] proposed an adaptive Master-Slave regularized model for

unexpected revenue prediction enhanced with alternative data. MoE models have

achieved stellar performance in many challenging fields such as computer vision

[143, 150, 151] and natural language processing [147, 152].

However, even though MoE methods have been successful in many fields, there is

a lack of MoE frameworks for quantitative investment in the stochastic financial

market. AlphaMix is the first MoE framework to fill this gap with three stages

to mimic the efficient hierarchical bottom-up trading strategy design workflow in

real-world trading firms.

3.4 Systematic Evaluation of RL Methods

Reinforcement learning has attracted increasing attention from both academia and

financial industries [1] due to its stellar performance on solving complex sequential

problems such as Go [153], StarCraft-II [54], nuclear fusion [154] and matrix

multiplication [155]. However, the performance of RL is unstable and require

systematic evaluation before real-world deployment. There are many existing works

focusing on rigorous evaluation in RL. Henderson et al. [156] highlights various

reproducibility issues in RL including hyperparameters, network architectures,

reward scale and random seeds. Colas et al. [157] studies the minimum number

of random seeds required to report results with statistical significance. Agarwal

et al. [158] recommend for reporting interval estimates of aggregate performance

and propose performance profiles for reliable RL evaluation with a handful of

runs. Interquartile mean scores is proposed as one robust and efficient aggregate

metrics to achieve small uncertainty in RL experimental results. Chan et al. [159]

propose metrics to measure the reliability of RL algorithms in terms of their

stability during training and their variability and risk in returns across multiple

episodes. Jordan et al. [160] propose a game-theoretic evaluation procedure for

complete algorithms that do not require any hyperparameter tuning and recommend

evaluating between 1000 to 10000 runs per task to detect statistically significant

results. A metric called SharpeRatio@k is designed to measure the risk-return
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tradeoff of policy portfolios formed by off-policy evaluation estimators under varying

online evaluation budgets [161].

3.5 Financial Trading Software and Platforms

There has been many attempts on financial trading platforms. In the early stages,

many open-source libraries are proposed for traditional finance approaches [162],

event-driven backtesting [163] and portfolio risk analysis [164]. With the advent

of AI, recent financial trading platforms mostly focus on data-driven machine

learning techniques. OLPS [165] presents a toolbox for online portfolio selection

that implements a collection of state-of-the-art online strategies powered by machine

learning. The toolbox is implemented in Matlab. Qlib [18] proposes an AI-oriented

quantitative investment platform with a focus on prediction-based supervised

learning settings. The library contains the whole pipeline of quantitative investment

covering a wide range of deep learning models and financial tasks. FinRL [21]

makes the first attempt on developing an RL-based quantitative trading platform.

It supports five trading applications with implementation of many classic RL

algorithms. FinRL-Meta [22] offers a series of data-driven RL environments for

various trading scenarios. The focus of FinRL-Meta is to provide realistic simulators

as testbed of RL algorithms for trading.

However, due to the existence of alpha decay phenomenon [19], financial practitioners

are never keen to share source code of their algorithms and platforms [18] that

achieve good performance in real-world settings. There is still a long way to go for

open-source trading platforms.



Chapter 4

Reinforcement Learning for

Intraday Trading

4.1 Introduction

In the last decade, there has been significant development of quantitative trading

[166], due to its instant and accurate order execution, and capability of analyzing

and processing large amount of temporal financial data. Especially, intraday

trading, where traders actively long/short one pre-selected financial assets (at least

a few times per day) to seize intraday trading opportunities, becomes one of the

most profitable and risky quantitative trading tasks with the growth of discount

brokerages (lower commission fee). In this chapter1, we study the problem of FinRL

algorithms for intraday trading, which is a specific algorithmic trading task with

intraday trading decisions.

Traditional intraday trading strategies adopt finance insights to discover trading

opportunities with heuristic rules. For instance, momentum [25] trading is designed

based on the assumption that the trend of financial assets in the past has the

tendency to continue in the future. Mean reversion [27] strategies focusing on the

investment opportunities at the turning points. However, rule-based traditional

methods exhibit poor generalization ability and only perform well in some certain

market conditions [2]. Another popular direction is to trade based on financial

1This chapter has been published in [12]

35
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Figure 4.1: Workflow of professional human intraday trader

prediction. Many advanced machine learning methods such as GCN [116], Trans-

former [115] and LGBM [167] have been introduced for predicting future prices [168].

External data sources such as economic news [122], frequency of price [112], social

media [120] and investment behaviors [121] are incorporated as extra information to

further enhance prediction performance. Nevertheless, the high volatility and noisy

nature of the financial market make it extremely difficult to accurately predict future

prices [169]. There is a noticeable gap between prediction signals and profitable

trading actions [116]. Thus, the overall performance of prediction-based methods is

not satisfying as well.

Similar to other application scenarios of RL, quantitative trading also interacts

with the environment (financial market) and maximizes the accumulative profit.

Recently, FinRL has been considered as an attractive approach to quantitative

trading as it allows training agents to directly output profitable trading actions with

better generalization ability across various market conditions [3]. Although there

have been many successful RL-based quantitative trading methods [5, 7, 93], a vast

majority of existing methods focus on the relatively low-frequency trading scenarios

(e.g., day-level) and fail to capture the fleeting intraday investment opportunities.

To design profitable RL methods for intraday trading, there are two major challenges.

First, different from the low-frequency scenarios, intraday trading involves a much

larger high-dimensional fine-grained action space to represent the price and quantity

of orders for more accurate control of the financial market. Second, we need to learn

meaningful multi-modality intraday market representation, which takes macro-level

market information, micro-level market information and risk into consideration.

We show the workflow of a professional human intraday trader in Figure 4.1. The

trader first collects both micro-level and macro-level market information to analyze

the market status. Then, he predicts the short-term and long-term price trend

based on the market status. Later on, he conducts risk management and makes
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final trading decisions (when and how much to long/short at what price). Among

many successful trading firms, this workflow plays a key role for designing robust

and profitable intraday trading strategies. Inspired by this, we propose DeepScalper,

a novel RL framework for intraday trading to tackle the above challenges by

mimicking the information collection, short-term and long-term market analysis and

risk management procedures of human intraday traders. Our main contributions

are three-fold:

• We apply the dueling Q-network with action branching to effectively optimize

intraday trading agents with high-dimensional fine-grained action space. A

novel reward function with hindsight bonus is designed to encourage RL agents

making trading decisions with a long-term horizon of the entire trading day.

• We propose a multi-modality encoder-decoder architecture to learn meaningful

temporal intraday market embedding, which incorporates both micro-level

and macro-level market information. Furthermore, we design a risk-aware

auxiliary task to keep balance between profit and risk.

• Through extensive experiments on real-world market data spanning over

three years on six financial futures, we show that DeepScalper significantly

outperforms many state-of-the-art baseline methods in terms of four financial

criteria and demonstrate DeepScalper’s practical applicability to intraday

trading with a series of exploratory and ablative studies.

4.2 Problem Formulation

In this section, we first introduce the objective of intraday trading. Next, we provide

a Markov Decision Process (MDP) formulation of intraday trading.

4.2.1 Intraday Trading

Intraday trading is a fundamental quantitative trading task, where traders actively

long/short one pre-selected financial asset within the same trading day to maximize

future profit. In real-world intraday trading, traders are allocated some cash into

the account at the beginning of each trading day. During the trading time, traders
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analyze the market and make their trading decisions. Then, they submit their

orders (desired price and quantity) to the matching system. The matching system

will execute orders at best available price (possibly at multiple price when market

liquidation is not enough for large orders) and then return execution results to

traders. At the end of the trading day, traders close all remaining positions at

market price to avoid overnight risk and hold 100% cash again. The objective

of intraday trading is to maximize accumulative profit for a period of multiple

continuous trading days (e.g., half a year). Comparing to conventional low-frequency

trading scenarios, intraday trading is more challenging since intraday traders need

to capture the tiny price fluctuation with much less responsive time (e.g., 1 min).

In addition, intraday trading involves a large fine-grained trading action space that

represents a limit order to pursue more accurate control of the market.

4.2.2 MDP Formulation

We formulate intraday trading as a MDP, which is constructed by a 5-tuple

(S,A, T, R, γ). Specifically, S is a finite set of states. A is a finite set of ac-

tions. T : S ×A× S −→ [0, 1] is a state transaction function, which consists of a

set of conditional transition probabilities between states. R : S ×A −→ R is the

reward function, where R is a continuous set of possible rewards and R indicates

the immediate reward of taking an action in a state. γ ∈ [0, 1) is the discount factor.

A (stationary) policy π : S × A −→ [0, 1] assigns each state s ∈ S a distribution

over actions, where a ∈ A has probability π(a|s). In intraday trading, S,A, R are

set as follows.

State. Due to the particularity of the financial market, the state st ∈ S at time t can

be divided into three parts: macro-level market state sat ∈ Sa, micro-level market

state sit ∈ S i and trader’s private state set spt ∈ Sp. Specifically, we use a vector yt

of 11 technical indicators described in chapter 2 and the original OHLCV vector xt

as macro-level state following [46], the historical LOB sequence (bt-h, ...,bt) with

length h+ 1 as micro-level state and trader’s private state zt = (post, ct, tt), where

post, ct and tt are the current position, cash and remaining time. The entire set of

states can be denoted as S = (Sa,S i,Sp). Compared to previous formulations, we

introduce the LOB and trader’s private state as additional information to effectively

capture intraday trading opportunities.
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Figure 4.2: An overview of the proposed DeepScalper framework. We show
four individual building blocks: (a) micro-level encoder, (b) macro-level encoder,
(c) risk-aware auxiliary task, and (d) RL optimization with action branching.

Action. Previous works [2, 3] lie in low-frequency trading scenarios, which generally

stipulate that the agent trades a fixed quantity at market price and applies a coarse

action space with three options (long, hold, and short). However, when focusing

on relatively high-frequency trading scenarios (e.g., intraday trading), tiny price

fluctuation (e.g., 1 cent) is of vital importance to final profit that makes the market

price execution and fixed quantity assumptions unacceptable. In practice, traders

have the freedom to decide both the target price and the quantity by submitting

limit orders. We use a more realistic two-dimensional fine-grained action space

for intraday trading, which represents a limit order as a tuple (ptarget,±qtarget).
ptarget is the target price, qtarget is the target quantity and ± is the trading direction

(long/short). It is also worth pointing out that when the quantity is zero, it indicates

that we skip the current time step with no order placement.

Reward. We define the reward function as the change of account pnl, which shows

the value fluctuation (profit & loss) of the account:

rt = (pct+1 − pct)× post︸ ︷︷ ︸
instant profit

− δ × pct ×
∣∣post − post−1

∣∣︸ ︷︷ ︸
transaction fee

where pct is the close price at time t, δ is the transaction fee rate and post is the

position at time t.
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4.3 Risk-Aware RL Framework

In this section, we introduce DeepScalper framework as shown in Figure 4.2 for

intraday trading. We describe the four components of DeepScalper: i) RL optimiza-

tion with action branching; ii) reward function with a hindsight bonus; iii) intraday

market embedding; iv) risk-aware auxiliary task orderly.

4.3.1 RL Optimization with Action Branching

Different from day-level scenarios, intraday trading tries to seize the fleeting tiny

price fluctuation with much less responsive time. To provide more accurate trading

decisions, intraday trading involves a much larger two-dimensional (price and

quantity) fine-grained action space. However, learning from scratch for tasks with

large action spaces remains a critical challenge for RL algorithms [170, 171]. For

intraday trading, while human traders can usually detect the subset of feasible

trading actions in a given market condition, RL agents may attempt inferior actions,

thus wasting computation time and leading to capital loss.

As possible intraday trading actions can be naturally divided into two components

(e.g., desired price and quantity), we propose to adopt the branching dueling Q-

network (BDQ) [172] for decision-making. Particularly, as shown in Figure 4.2

(d), BDQ distributes the representation of the state-dependent action advantages

in both the price and quantity branches. Later, it simultaneously adds a single

additional branch to estimate the state-value function. Finally, the advantages and

the state value are combined via an aggregating layer to output the Q-values for

each action dimension. During the inference period, these Q-values are then queried

with argmax to generate a joint action tuple to determine the final trading actions.

Formally, intraday trading is formulated as a sequential decision making problem

with two action dimensions of |p| = np discrete relative price levels and |q| = nq

discrete quantity proportions. The individual branch’s Q-value Qd at state s ∈ S

and the action ad ∈ Ad are expressed in terms of the common state value V (s)

and the corresponding (state-dependent) action advantage [104] Advd(s, ad) for

d ∈ {p, q}:
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Qd(s, ad) = V (s) + (Advd(s, ad)−
1

n

∑
a
′
d∈Ad

Advd(s, a
′

d))

We train our Q-value function approximator as Q-network with parameter θq based

on the one-step temporal-difference learning with target yd in a recursive fashion:

yd = r + γ max
a′d∈Ad

Q−
d (s

′, a′d, θq)), d ∈ {p, q}

where Q−
d denoting the branch d of the target network Q−, r is the reward function

result and γ is the discount factor.

Finally, we calculate the following loss function:

Lq(θq) = E(s,a,r,s′)∼D[
1

N

∑
d∈{p,q}

(yd −Qd(s, ad, θq))
2]

where D denotes a prioritized experience replay buffer. a denotes the joint-action

tuple (p, q). By differentiating the Q-network loss function with respect to θq, we

get the following gradient:

▽θqLq(θq) = E(s,a,r,s′ )∼D[(r + γ max
a
′
d∈Ad

Qd(s
′
, a

′

d, θq)

−Qd(s, ad, θq))▽θq Qd(s, ad, θq)]

In practice, we optimize the loss function by stochastic gradient descent, rather than

computing the full expectations in the above gradient, to maintain computational

efficiency.

4.3.2 Reward Function with Hindsight Bonus

One major issue for training directly with the profit & loss reward is that RL agents

tend to pay too much attention to the short-term price fluctuation [4]. Although the

agent performs well in capturing local trading opportunities, ignoring the overall

long-term price trend could lead to significant loss. Here, we design a novel reward

function with a hindsight bonus to tackle this issue. To demonstrate the motivation
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Figure 4.3: Illustration of the motivation of the hindsight bonus

of the hindsight bonus, considering a pair of buy/sell actions in Figure 4.3, the

trader feels happy at the point of selling the stock, since the price of the stock

increases. However, this sell decision is actually a bad decision in the long run.

The trader feels disappointed before 12:00 since he/she misses the main increasing

wave due to the short horizon. It is more reasonable for RL agents to evaluate

one trading action from both short-term and long-term perspectives. Inspired by

this, we add a hindsight bonus, which is the expected profit for holding the assets

for a longer period of h with a weight term w, into the reward function to add a

long-term horizon while training intraday RL agents:

rhindt = rt + w × (pct+h − pct)× post︸ ︷︷ ︸
hindsight bonus

where pct is the close price at time t, w is the weight of the hindsight bonus, h is

the horizon of the hindsight bonus and post is the position at time t.

Noticeably, we only use the reward function with a hindsight bonus for training

to better understand the market. During the test period, we continue to use the

original reward rt to calculate the profits. Furthermore, the hindsight reward

function ignores details of price fluctuation between t+ 2 to t+ h− 1 and focuses

on the trend of this period, which is computational efficient and shows robust

performance in practice.
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4.3.3 Intraday Market Embedding

To learn a meaningful multi-modality intraday market embedding, we propose an

encoder-decoder architecture to represent the market from the micro-level and

macro-level, respectively.

For micro-level encoder, we choose LOB data and trader’s private state to learn the

micro-level market embedding. LOB is widely used to analyze the relative strength

of the buy and sell side based on micro-level trading behaviors, and private state of

traders is considered insightful to capture micro-level trading opportunities [64]. At

time t, we have a sequence of historical LOB embeddings (bt-k, ...,bt) and trader’s

private state embedding (zt-k, ..., zt), where k + 1 is the sequence length. As shown

in Figure 4.2 (a), we feed them into two different LSTM layers and concatenate the

last hidden states hb
t and hz

t of the two LSTM layers as the micro-level embedding

eit at time t.

For macro-level encoder, we pick raw OHLCV data and technical indicators to learn

the macro-level embedding. The intuition here is that OHLCV reflects the original

market status, and technical indicators offer additional information. At time t, we

firstly concatenate OHLCV vector xt and technical indicator vector yt as input vt.

As shown in Figure 4.2(b), the concatenated embedding is then fed into a multilayer

perceptron (MLP). The MLP output is applied as the macro-level embedding eat at

time t. Finally, we concatenate micro-level embedding and macro-level embedding

together as the market embedding et. Our market embedding is better than that

of previous work, since it incorporates the micro-level market information.

4.3.4 Risk-Aware Auxiliary Task

As risk management is of vital importance for intraday trading, we propose a

risk-aware auxiliary task by predicting volatility to take into account market risk

as shown in Figure 4.2(c). Volatility is widely used as a coherent measure of risk

that describing the statistical dispersion of returns in finance [173]. We analyze

the reasons why volatility prediction is an effective auxiliary task to improve the

trading policy learning as follows.

First, it is consistent with the general trading goal, which is to maximize long-term

profit under certain risk tolerance. Second, future volatility is easier to predict
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compared to future price. For instance, considering the day that the president

election result will be announced, nobody can know the result in advance, which will

lead the stock market to increase or decrease. However, everyone knows that there

would be a huge fluctuation in the stock market, which increases future volatility.

Third, predicting future price and volatility are two closely related tasks. Learning

value function approximation and volatility prediction simultaneously can help the

agent learn a more robust market embedding. The definition of volatility is the

variance of return sequence yvol = σ(r), where r is the vector of return at each time

step. Volatility prediction is a regression task with market embedding et as input

and yvol as target. We feed the market embedding into a single layer MLP with

parameters θv. The output ˆyvol is the predicted volatility. We train the network by

minimizing the mean squared error.

ˆyvol = MLP (et, θv) Lvol(θv) = (yvol − ˆyvol)
2

The overall loss function is defined as:

L = Lq + η ∗ Lvol

where Lq is the Q value loss and η is the relative importance of the auxiliary task.

4.4 Experiment Setup

4.4.1 Datasets and Features

To conduct a comprehensive evaluation of DeepScalper, we evaluate it on six financial

assets from two real-world datasets (stock index and treasury bond) spanning over

three years in the Chinese market collected from Wind2. We summarize the statistics

of the two datasets in Table 8.1 and further elaborate on them as follows:

Stock index is a dataset containing the minute-level OHLCV and 5-level LOB

data of two representative stock index futures (IC and IF) in the Chinese market.

IC is a stock index future calculated based on 500 small and medium market

capitalization stocks. IF is another stock index future that focuses on the top 300

2https://www.wind.com.cn/
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large capitalization stocks. For each stock index future, we split the dataset with

May-Dec, 2019 for training and Jan-April, 2020 for testing.

Treasury bond is a dataset containing the minute-level OHLCV and 5-level LOB

data of four treasury bond futures (T01, T02, TF01, TF02). These treasury bond

futures are mainstream treasury bond futures with the highest liquidity in the

Chinese market. For each treasury bond, we use 2017/11/29 - 2020/4/29 for training

and 2020/04/30 - 2020/07/17 for testing.

To describe macro-level financial markets, we generate 11 temporal features from the

original OHLCV as shown in chapter 2.1.7 following [46]. For micro-level markets,

we extract a 20-dimensional feature vector from the 5-level LOB where each level

contains bid, ask price and bid, ask quantity following [5]. For evaluation metrics,

we follow that in chapter 2.1.8 to the profitability, risk-adjusted return and risk.

Dataset Freq Number Days From To
Stock index 1min 2 251 19/05/01 20/04/30

Treasury bond 1min 4 662 17/11/29 20/07/17

Table 4.1: Dataset statistics detailing data frequency, number of financial assets,
trading days and chronological period

4.4.2 Baseline

We compare DeepScalper with nine baseline methods consisting of three traditional

finance methods, three prediction-based methods, and three reinforcement learning

methods.

• Buy & Hold (BAH), which is usually used to reflect the market average,

indicates the trading strategy that buys the pre-selected financial assets with

full position at the beginning and holds until the end of the trading period.

• Mean Reversion (MV) [174] is a traditional finance method designed under

the assumption that the price of financial assets will eventually revert to

the long-term mean. In practice, it shows stellar performance under volatile

market conditions.

• Time Series Momentum (TSM) [25] is an influential momentum-based

method, which long (short) financial assets with increasing (decreasing) trend
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in the past. This is in line with the principle that the stronger is always

stronger in the financial market.

• MLP [175] use the classic multi-layer perceptron for future return prediction.

We apply a three-layer MLP with hidden size 128.

• GRU [176] use a newer generation of recurrent networks with gated recurrent

units for future return prediction. We apply a two-layer GRU with hidden

size 64.

• LGBM [167] is an efficient implementation of the gradient boosting decision

tree with gradient-based one-side sampling and exclusive feature bundling.

• DQN [75] applies the deep Q-network with a novel state representation and

reward function for quantitative trading, which shows stellar performance in

more than 50 financial assets.

• DS-NH is a variant of DeepScalper (DS), which removes the hindsight bonus

from the reward function.

• DS-NA is a variant of DeepScalper (DS), which removes the risk-aware

auxiliary task.

4.4.3 Preprocessing and Setup

For macro-level features, we directly calculate the 11 technical indicators following

the formulas in Table 2.2. For micro-level features, we divide the order price

and quantity of each level by the first-level price and quantity, respectively, for

normalization. For missing values, we fill the empty price with the previous one

and empty quantity as zero to maintain the consistency of time series data. To

make the evaluation more realistic, we further consider many practical real-world

constraints. The transaction fee rate δ is set as 2.3× 10−5 and 3× 10−6 for stock

index futures and treasury bond futures respectively, which is consistent with the

real-world scenario. Since leverage such as margin loans is widely used for intraday

trading, we apply a fixed five-times leverage to amplify profit and volatility. Time

is discretized into 1 min interval and we assume that the agent can only long/short

a financial future at the end of each minute. The account of RL agents is initialized
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with enough cash to buy 50 shares of the asset at the beginning. The maximum

holding position is 50.

We perform all experiments on a Tesla V100 GPU. Grid search is applied to find

the optimal hyperprarameters. We explore the look-ahead horizon h in [30, 60, 90,

120, 150, 180], importance of hindsight bonus w in [1e−3, 5e−3, 1e−2, 5e−2, 1e−1] and

importance of auxiliary task η in [0.5, 1.0]. As for neural network architectures,

we search the hidden units of MLP layers and GRU layer in [32, 64, 128] with

ReLU as the activation function. we use Adam as the optimizer with learning rate

α ∈ (1e−5, 1e−3) and train DeepScalper for 5 epochs in all financial assets. Following

the iterative training scheme in [64], we augment traders’ private state repeatedly

during the training to improve data efficiency. We run experiments with 5 different

random seeds and report the average performance. It takes 1.5 and 3.5 hours to

train and test Deepscalper on each financial asset in the stock index and treasury

bond datasets, respectively. As for other baselines, we use the default settings in

their public implementations [18, 22].

(a) IC (b) IF (c) TF01

(d) TF02 (e) T01 (f) T02

Figure 4.4: Trading day vs. net value curve of different baselines and Deep-
Scalper on stock index (IC and IF) and treasury bond (TF01, TF02, T01, T02)
datasets. DeepScalper achieves the highest profit in all six financial assets.
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Stock Index
Type Models TR(%)↑ SR↑ CR↑ SoR↑

BAH 5.65 0.15 0.02 0.27
FIN MV 8.39 1.18 0.21 2.22

TSM -27.62 -2.83 -0.21 -3.08

MLP -0.73 ± 7.11 -0.14 ± 1.02 -0.01 ± 0.58 -0.24 ± 1.77
PRE GRU 5.66 ± 4.98 1.25 ± 0.66 0.24 ± 0.18 2.40 ± 0.82

LGBM 7.62 ± 1.14 1.26 ± 0.22 0.28 ± 0.05 1.59 ± 0.22

DQN 7.74 ± 3.52 1.25 ± 0.62 0.28 ± 0.17 1.79 ± 0.91
RL DS-NH 8.17 ± 5.07 0.98 ± 0.77 0.17 ± 0.17 1.37 ± 0.88

DS-NA 9.74 ± 5.12 1.32 ± 0.76 0.26 ± 0.21 2.19 ± 1.11
DS 12.74♣ ± 4.65 1.76♣ ± 0.61 0.34♣ ± 0.16 2.58♣ ± 0.72

% Improvement 30.80↑ 33.33↑ 21.42↑ 7.50↑
Treasury Bond

Type Models TR(%)↑ SR↑ CR↑ SoR↑
BAH -14.26 -3.42 -0.25 -4.40

FIN MV -0.29 -0.59 -0.04 -0.62
TSM -3.02 -5.35 -0.31 -6.20

MLP 0.59 ± 1.11 1.42 ± 1.30 0.42 ± 0.51 2.33 ± 1.42
PRE GRU 1.02 ± 2.10 1.90 ± 1.72 0.55 ± 0.57 3.69 ± 2.09

LGBM 1.45 ± 0.17 2.43 ± 0.43 0.58 ± 0.09 3.68 ± 0.52

DQN 3.51 ± 1.05 4.01 ± 1.27 1.15 ± 0.39 5.66 ± 1.33
RL DS-NH 3.38 ± 1.28 4.42 ± 1.21 1.39 ± 0.45 6.85 ± 1.19

DS-NA 4.17 ± 1.44 4.27 ± 0.99 1.38 ± 0.43 7.59 ± 1.49
DS 4.79♣ ± 0.99 4.75♣ ± 1.25 1.82♣ ± 0.41 7.4 ± 1.22

% Improvement 14.87↑ 7.47↑ 30.94↑ 2.57↓

Table 4.2: Profitability comparison (mean and standard deviation of 5 individual
runs) with 9 baselines including traditional finance (FIN), prediction based (PRE)
and reinforcement learning (RL) methods. All three FIN models are deterministic
methods without the performance standard deviation. Purple and pink show
best & second best results. ♣ indicates improvement over SOTA baseline is
statistically significant (p < 0.01) under Wilcoxon’s signed rank test.

4.5 Results and Analysis

4.5.1 Profitability Comparison with Baselines

We compare DeepScalper with 9 state-of-the-art baselines in terms of four financial

metrics in Table 5.1. We observe that DeepScalper consistently generates signifi-

cantly (p < 0.01) higher performance than all baselines on 7 out of 8 metrics across

the two datasets. In the stock index dataset, DeepScalper performs best on all four

metrics. Specifically, it outperforms the second best by 30.80%, 33.33%, 21.42%

and 7.50% in terms of TR, SR, CR and SoR, respectively. As for the treasury bond

dataset, DeepScalper outperforms the second best by 14.87%, 7.47%, 30.94% in

terms of TR, SR and CR. For SoR, DS-NA performs slightly better than DS (2%
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without statistical significance). One possible reason is that volatility prediction

auxiliary task is not directly relevant to control downside return variance.

Furthermore, we show the trading day vs. net value trading days of the test period

for each financial future from the two datasets in Figure 4.4. We intentionally

exclude BAH, DS-NH and DS-NA to make the figure easy to follow. For traditional

methods, we find that MV achieves decent performance for most financial futures.

In comparison, TSM’s performance is much worse. One possible reason for TSM’s

failure is that there is no evident momentum effect within the market for intraday

trading. For deep learning models, the overall performance of GRU is better than

that of MLP due to its ability to learn the temporal dependency of indicators. As

for LGBM, it achieves slightly better performance than deep learning models. The

average performance of RL methods is the best.

Macro Micro Hindsight Volatility TR(%)↑ SR↑√
3.45 4.42√
3.47 4.43√ √
3.62 (+0.15) 4.81 (+0.38)√ √ √
4.05 (+0.58) 5.03 (+0.60)√ √ √
5.36 (+1.89) 5.72 (+1.29)√ √ √ √
6.97 (+3.50) 6.10 (+1.67)

Table 4.3: Ablation studies over different DeepScalper components.
√

indicates
adding the component to DeepScalper.

4.5.2 Model Component Ablation Study

We conduct comprehensive ablation studies on DeepScalper’s investment profitability

benefits from each of its components in Table 4.3. First, we observe that the encoder-

decoder architecture can learn better multi-modality market embedding than agents

trained with other macro-level or micro-level market information, which leads to

0.15% and 0.38 improvement of TR and SR, respectively. Next, we find that

adding the volatility prediction auxiliary task into DeepScalper can further improve

performance, indicating that taking risk into consideration can lead to robust market

understanding. In addition, we observe that the hindsight bonus can significantly

improve DeepScalper’s ability for the evaluation of trading decisions and further

enhance profitability. Finally, we add all these components into DeepScalper and

achieve the best performance in terms of TR and SR. Comprehensive ablation

studies demonstrate: i) each individual component in DeepScalper is effective; ii)
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these components are largely orthogonal and can be fruitfully integrated to further

improve performance.

(a) TF02 (b) T02

Figure 4.5: Hyperparameter sensitivity of hindsight bonus: (a) effect of impor-
tance (b) effect of horizon

(a) May 26 (DS-NH) (b) May 26 (DS)

Figure 4.6: Trading behavior comparison of DS-NH and DS to show the
effectiveness of the hindsight bonus

4.5.3 Effectiveness of Hindsight Bonus

We analyze the effectiveness of the hindsight bonus from two perspectives. First, we

explore the impact of the hindsight bonus horizon and weight. As shown in Figure

4.5a, with the increase of w, the agent tends to trade with a long-term horizon

and achieves a higher profit. DeepScalper with w = 0.1 achieves the highest profit.

Figure 4.5b shows the impact of hindsight horizon h on DeepScalper’s performance.

We observe that DeepScalper’s total return gradually increases by moving h from

30 to 180 and decreases when h > 180.
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Moreover, we compare the detailed trading behaviors of agents trained with and

without hindsight bonus on a trading day with the decreasing trend in Figure 4.6.

The general good intraday trading strategy for that day is to short at the start of

the day and long at the end of the day. We find that the agent trained without the

hindsight bonus (Figure 4.6a) performs well in capturing local trading opportunities

and overlooks the long-term trend of the entire trading day. In comparison, an

agent trained with the hindsight bonus (Figure 4.6b) trades a large volume of

short actions at the beginning of the trading day, indicating that it is aware of the

decreasing trend in advance. This kind of trading action is smart, since it captures

the big price gap of the overall trend and somehow ignores the local gain or loss.

4.5.4 Effectiveness of Risk-aware Auxiliary Task

Since the financial market is noisy and the RL training process is unstable, the

performance variance among different random seeds is a major concern of RL-based

trading algorithms. Intuitively, taking market risk into account can help the RL

agent behave more stable with lower performance variance. We run experiments

5 times with different random seeds and report the relative variance relationship

between RL agents trained with/without the risk-aware auxiliary task in Figure

4.7. We find that RL agents trained with the risk-aware auxiliary task achieve a

lower TR variance in all six financial assets and a lower SR variance in 67% of

financial assets. Furthermore, we test the impact of auxiliary task importance

η on DeepScalper’s performance. Naturally, the volatility value scale is smaller

than return, which makes η = 1 a decent option to start. In practice, we test

η ∈ [0, 0.5, 1] and find the improvement of the auxiliary task is robust to different

importance weights as shown in Figure 4.8.

4.5.5 Generalization Ability

We further test the generalization ability of our framework among different financial

futures (TF02 and T02). In Figure 4.9, it is clear that the price trend of TF02 and

T02 is similar. We assume similar price curves shares and similar trading patterns.

Then, we train DeepScalper using the TF02 training set and test it on the test set

of both TF02 and T02. We compare the performance of MV, GRU, LGBM, and
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Figure 4.7: Effect of the auxiliary task on performance variance (>0 means RL
agents trained with the risk-aware auxiliary task get lower standard deviation)

Figure 4.8: Sensitivity analysis on relative importance η in terms of TR, SR,
SoR and CR

DeepScalper in Figure 4.10. The red and blue lines represent the performance on

TF02 and T02, respectively. We observe that the performance of MV, GRU, and

LGBM among these two assets is quite different, demonstrating that they have

poor generalization ability on our task. One possible reason is that the trading

signal of MV, GRU and LGBM involves heuristic rules or threshold. There will

be some potential trading opportunities that are close to meet the trading rules or

threshold, but MV, GRU, and LGBM will lose the opportunities. At the same time,

our DeepScalper achieves robust performance on both TF02 and T02 as shown in

Figure 4.10 (d), although it has never seen T02 data before. All these experiments

demonstrate that DeepScalper can learn a robust representation of the market and

achieve good generalization ability.
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Figure 4.9: Price curve of TF02 and T02

04/30 05/21 06/09 06/30 07/17
Net Value

0.98

0.99

1.00

1.01

1.02

1.03

1.04

1.05

1.06

Tr
ad

in
g 

Da
y

TF02
T02

(a) MV

04/30 05/21 06/09 06/30 07/17
Net Value

0.98

0.99

1.00

1.01

1.02

1.03

1.04

1.05

1.06

Tr
ad

in
g 

Da
y

TF02
T02

(b) GRU

04/30 05/21 06/09 06/30 07/17
Net Value

0.98

0.99

1.00

1.01

1.02

1.03

1.04

1.05

1.06

Tr
ad

in
g 

Da
y

TF02
T02

(c) LGBM
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Figure 4.10: Net value curve of MV, GRU, LGBM and DeepScalper on TF02
and T02 to show the generalization ability.

4.6 Chapter Summary

In this chapter, we focus on intraday trading and propose DeepScalper to mimic the

workflow of professional intraday traders. First, we apply the dueling Q-network

with action branching to efficiently train intraday RL agents. Then, we design a

novel reward function with a hindsight bonus to encourage a long-term horizon

to capture the overall price trend. In addition, we design an encoder-decoder

architecture to learn robust market embedding by incorporating both micro-level

and macro-level market information. Finally, we propose volatility prediction as

an auxiliary task to help agents be aware of market risk while maximizing profit.
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Extensive experiments on two stock index futures and four treasury bond futures

demonstrate that DeepScalper significantly outperforms many advanced methods.



Chapter 5

Mixture of Experts for Stock

Prediction

5.1 Introduction

The stock market is one of the most popular channels for investors to pursue

desirable financial assets and achieve investment goals. As the famous efficient

market hypothesis [169] claims, forecasting stock prices accurately and making

highly profitable investment decisions are extremely challenging tasks due to the

noisy nature of the financial markets. In the last decade, deep learning (DL) methods

have become an appealing direction for stock prediction [120] and quantitative

investment [177] owing to its ability to learn insightful market representations in

an end-to-end manner. Most existing DL methods adopt various advanced network

architectures (e.g., LSTM [110], Attention [178] and Transformer [115]) to extract

meaningful features from heterogeneous financial data such as fundamental factors

[127], economics news [122], social media [120] and investment behaviors [121].

To apply deep learning models for quantitative investment, the vast majority of

existing methods [45, 46, 179, 180] first adopt stock prediction as a supervised

learning task. Observable market information (e.g., historical price) is used as the

feature vector and the future price movement direction [46] or return rate [180]

is applied as the target for classification or regression, respectively. One neural

network (NN) predictor is optimized to capture the underlying pattern of financial

markets by minimizing the corresponding loss function. Later on, the trained

55



56 5.1. Introduction

Up Down

Stock 1
…

Stock n

Up Down

Stock 1
…

Stock n

! ! ! !

Investment 
Strategy

Market Status

Group 1

Group K

Portfolio Manager

Figure 5.1: Overview of the bottom-up hierarchical trading strategy design
workflow in real-world trading companies.

predictor is applied on new test sets for prediction. Finally, investment strategies

are constructed by picking stocks with the top predicted price rising probability

[46] or highest predicted return rate [180]. However, the performance of previous

methods is unstable and sensitive to many factors such as random seeds [181]. The

potential reason of this phenomenon is that existing methods make investment

decisions based on only one individual predictor, whose predictions are usually

uncertain [182] and fail to seize fleeting trading opportunities in stock markets.

In Figure 5.1, we plot an overview of trading strategy design workflow in real-

world trading firms. There are multiple groups of trading experts with diversified

background knowledge (e.g., finance and computer science). Within one group, they

collaboratively work together to analyze the market from the same perspective. At

the same time, groups work independently with different trading styles and risk

tolerance to avoid mutual impact and correlated decisions. Then, a senior portfolio

manager summarizes their results and makes the final investment decisions. This

bottom-up hierarchical workflow plays a key role in designing robust and profitable

trading strategies [183]. In this chapter1, we propose AlphaMix, a novel three-stage

mixture-of-experts (MoE) framework for quantitative investment. In stage one, an

efficient ensemble learning method, whose computational and memory costs are

significantly lower than traditional ensemble methods, is proposed to train multiple

trading experts with personalised market understanding and trading styles. In stage

two, we build a pool of diversified trading experts by utilizing both hyperparameter

level and initialization level diversity of neural networks for post hoc ensemble

construction. In stage three, we design three different mechanisms, namely with-

replacement selection, integrated expert soup and as-needed router, to dynamically

pick experts from the expert pool to take the responsibility of a portfolio manager.

As illustrated in Figure 5.2, AlphaMix achieves the best performance with much

1This chapter has been published in [184].
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Figure 5.2: Model size vs. Sharpe ratio dot plot on US stock market. Ensemble
methods (red) generally outperform other RNN (dark blue) and Non-RNN (light
blue) methods. Our AlphaMix (purple) performs the best (17% improvement)
with tiny computation overhead than the base model (MLP).

smaller model size comparing to three prevalent ensemble methods [134, 137, 185].

The main contributions of this work are two-fold:

• To the best of our knowledge, AlphaMix is the first mixture-of-experts frame-

work for quantitative investment. In AlphaMix, we first efficiently optimize

multiple independent groups of trading experts, then we build a pool of diver-

sified models for post hoc ensemble construction, and finally three different

mechanisms are introduced to further improve performance by dynamically

picking these experts.

• Through experiments on real-world data of two influential stock markets

spanning over 5 years, we show that AlphaMix significantly outperforms 11

state-of-the-art baseline methods in terms of 7 financial criteria and demon-

strate AlphaMix’s practical applicability to quantitative investment with a

series of exploratory and ablative studies.

5.2 Generating Diversified Experts

In this section, we first provide a formulation of quantitative investment. We

then introduce an efficient ensemble approach to train multiple groups of trading

experts with tiny computation and memory overhead. Finally, we conduct model

augmentation to build a pool of diversified trading experts, which utilizes two

sources of diversity: varied hyperparameters and random initialization.
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5.2.1 Problem Formulation

We formulate quantitative investment as a supervised learning task by generating

trading strategies based on stock movement predictions following [46]. Consider a

stock pool of size N , where for each stock i on trading day t, there is a corresponding

closing price pit and a feature vector xi
t.

Formalizing stock movement prediction. We define stock movement prediction

with label yi[t,t+τ ] over a period of τ days as a classification task following [46, 120].

Here, we define the label using the closing price of a given stock pit, that can either

rise or fall on day t+ τ compared to day t as:

yi[t,t+τ ] =

1, pit+τ > pit

0, pit+τ ≤ pit

(5.1)

Unless otherwise stated, we use x and y to denote the sequential feature vectors

(xi
t−k, ..., x

i
t) and next day stock movement yi[t,t+1] of stock i on time t in the following

of this work for simplicity.

Trading strategy generation. To evaluate the performance of quantitative

investment methods, we apply a widely used simple yet robust trading strategy

called daily top k buy & hold as in [46, 180]. Specifically, we rebalance our portfolio

by evenly allocating money into the top k stocks with the highest probability to

increase from the stock pool at the end of each trading day.

5.2.2 An Efficient Ensemble Approach

To fully utilize the potential of ensemble learning methods in financial markets,

there are two major challenges: i) how to train diversified ensemble members by

taking personal market status understanding and trading styles into consideration;

ii) how to address the significant time and memory cost of traditional ensemble

methods for real-world deployment. To address these two challenges, we introduce

an efficient ensemble approach to train a group of trading experts simultaneously

with limited cost overhead leveraging the idea of [133]. As shown in Figure 5.3, we

first allocate each ensemble member two trainable vectors representing personal
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Figure 5.3: Illustration of the efficient ensemble approach on how to generate
the weights for two ensemble members.

market understanding and trading style. Then, we generate an independent rank-

one matrix of each ensemble member by multiplying the two personalised vectors.

Finally, the ensemble weights are generated by calculating the Hadamard product

of the shared weight matrix and the independent rank-one matrix.

Formally, let W be the weights in a neural network layer. Denote the input

dimension as m and the output dimension as n, i.e., W ∈ Rm×n. M trading experts

are trained, where each expert has weight matrix Wi. Specifically, each expert i

owns a tuple of trainable vectors ri and si with dimension m and n, which represents

the expert’s personal market understanding and trading style, respectively. Our

algorithm generates a group of ensemble weights Wi as follows:

Wi = W ◦ Fi , where Fi = ris
T
i (5.2)

For each training sample in the mini-batch, it receives an ensemble weights Wi by

computing Hadamard product of W (shared slow weights) and a rank-one matrix Fi

(personal fast weights). The subscript i represent expert i. The insight here is that

one can modulate intermediate features of neural networks to achieve promising

performance [133, 186] instead of modulating the whole weight matrices.

Vectorization for Parallelization. To further elaborate the efficiency of this

approach, we show that the above ensemble weight generation mechanism can be

parallelizable within one device based on [133]. Specifically, one computes a forward
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pass with respect to multiple ensemble members in parallel by manipulating the

matrix computations for a mini-batch [187]. We denote a as the activations of the

incoming neurons in a neural network layer. The next layer’s activations c are

calculated as:

cn = ϕ (W
T

i an) = ϕ ((W ◦ risTi )
T
an)

= ϕ ((W T (an ◦ ri)) ◦ si)
(5.3)

where ϕ represents the activation function and the subscript n denotes the index

in the mini-batch. The output is next layer’s activations from the ith ensemble

member. In order to vectorize these computations, we define matrices R and S

whose rows consist of the vectors ri and si for all data samples in the mini-batch.

The vectorized form of the above equation is as follows:

C = ϕ(((A ◦R)W ) ◦ S) (5.4)

where A and C are the mini-batch input and output of this layer. By applying

equation 5.4, the next layer’s activations for each ensemble member can be computed

in a mini-batch friendly way. As a results, this ensemble method allows us to take

full advantage of parallel accelerators for efficiently training multiple trading experts

simultaneously. In practice, we can divide the input mini-batch in M sub-batches

and each sub-batch receives ensemble weight W i to match the input and the

ensemble weight,.

Individual Ensemble Loss. For the computation of ensemble loss, we feed the

feature vector x into the neural network and get predicted stock movement ŷi of

expert i. To combine the loss of multiple experts, one way is to use the aggregated

classification logits. We define the collaborated aggregated loss as:

Lclassify
collaborative(x, y) = Lclassify

(
1

n

∑n

i=1
ŷi, y

)
(5.5)

where Lclassify denotes any classification loss (e.g., cross-entropy). However, collab-

orative loss leads to correlated decisions [179] instead of complementary experts in

our preliminary experiments. To discourage correlations, we require each expert to

do the job well by itself. Therefore, we apply an effective individual loss as:

Lclassify
individual(x, y) =

1

n

∑n

i=1
Lclassify(ŷi, y)) (5.6)
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Figure 5.4: Pictorial view of the expert pool. Our AlphaMix can search in
the whole ”block” (green), while Deepens and Hyperens are built on one column
(orange) or row (blue).

Ensembling During Testing. For inference, we first acquire the predictions of

each ensemble member and then average them as the final prediction. For the

scenarios of batch size B and M ensemble members, we repeat the data of the

input mini-batch M times to get an effective batch size B ∗M , which enables all

ensemble members to compute the output of the same B input data points in a

single forward pass. As a result, it reduces the computation cost by eliminating the

need to calculate the output of each ensemble member sequentially [133].

5.2.3 Hyper-Level Expert Augmentation

In professional trading firms, there is usually an administrative staff who collects

and organizes the investment suggestions from different groups of trading experts

as supportive information for portfolio managers’ final decisions. Motivated by

this, we introduce a way to construct an expert pool exploiting two sources of

diversity: varied hyperparameters [134] and random initialization [188], which fully

utilizes the investment decisions diversity of different groups of trading experts.

We proceed in three main steps as summarized in Algorithm 1 following [134].

Specifically, random search is a function that train models2, i.e., fθ( · , λ), with
random selected hyperparameters λ (e.g., learning rate, hidden size). topk ens is a

function that pick models with top K performance. In lines 1-2, we run random

search of hyperparameters, which leads to a set of N models (i.e., M0). Then,

we generate one ”row” of K models using topk ens to pick K models with better

performance. We then tile and stratify that ”row” by training the models for K

different random initialization, thus O(K2) models to train in total (lines 4-7). A

2each fθ( · , λ) is a model trained with the efficient ensemble approach in Section 5.2.2 that
represents the investment decision of one group of experts.
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pictorial view of the expert pool is illustrated in Figure 5.4. We show that the

expert pool of two strong ensemble methods, i.e., DeepEns [137] and HyperEns

[134], are subsets of that for AlphaMix, which indicates that AlphaMix has the

potential to achieve better performance by utilizing both sources of diversity.

Algorithm 1: Construct A Diversified Expert Pool

M0 = {fθj( · , λj)}Nj=1
← random search(N);

ε0 ← topk ens(M′, K) and εstrat = {};
foreach fθ( · , λ) ∈ ε0.unique() do

foreach k ∈ {1, ..., K} do
θ
′ ←− random initialization;
fθk( · , λ)←− train fθ′ ( · , λ) ;
εstrat = εstrat ∪ {fθk( · , λ)}

return εstrat

5.3 Routing Experts Dynamically

The role of a senior portfolio manager is to make the final investment decisions

based on the suggestions from different groups of junior trading experts. We try

three different mechanisms to act as a portfolio manager by dynamically picking

experts from the pool. First, we propose a novel routing mechanism to route the

experts on an as-needed basis [143]. Second, we provide one simple yet robust

ensemble aggregation option named with-replacement selection [144] that builds

ensembles where the contribution of each ensemble member is weighted. Further, we

customize the idea of model soup [140] from pre-train settings, which directly mixes

the weights of neural networks, to incorporate different trading experts’ knowledge

without any extra training or inference cost.

5.3.1 Training As-Needed Routers

For a portfolio manager, it is a smart way to listen to suggestions from junior traders

sequentially and make final investment decisions once they believe necessarily enough

suggestions are already considered. This helps them avoid hesitation due to too

many suggestions and make timely profitable decisions. Motivated by this, we train

n− 1 routers with parameters hθ1 , ..., hθn−1 to dynamically deploy these (arbitrarily
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Figure 5.5: Illustration of AlphaMix with as-needed routers.

ordered) experts sequentially on an as-needed basis as shown in Figure 5.5 inspired

by [143]. When the mean logits of the first k-th expert provide the correct prediction

(ŷ = y), which indicates the first k experts are enough, the router should ideally

switch off the k + 1 expert with yon = 0. Otherwise, the router should turn on the

k+1 expert to explore more possibility with yon = 1. In practice, we build a binary

classifier with two fully connected layers to learn each router. Each of the n − 1

routers for n experts has a shared component to reduce feature dimensions and

an individual component to make decisions. Specifically, we normalize the market

feature x and reduce the embedding dimension (8 in our experiments) by a fully

connected layer W1, which is shared with all routers, followed by LeakyReLU, and

then concatenate it with the mean logits ŷkmean = 1
k

∑k
i=1 ŷi of the first k experts.

Furthermore, we project it to a scalar by W
(k)
2 which is independent between routers,

and finally apply Sigmoid function S(x) = 1
1+e−x to get a continuous activation

value v(x) ∈ [0, 1]:

v(x) = S

(
W

(k)
2

[
LeakyRelu(W1

x
∥x∥)

ŷkmean

])
(5.7)

The routers are optimized with a weighted variant of binary cross-entropy loss:

Lrouter = −ωyonlog(v(x))− (1− yon)log(1− v(x)) (5.8)

where ω controls the easiness to switch on the routers. We find ω = 1.7 to be a

good trade-off between performance and computational cost for both datasets. At
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the test time, we simply threshold the activation with 0.5 to decide the on/off of

the current router.

5.3.2 With-Replacement Experts Selection

In real-world trading, a portfolio manager may choose to give more weights on

suggestions of some traders based on his/her preferences. Correspondingly, we adopt

a simple yet efficient mechanism called with-replacement model selection [144] as

shown in Algorithm 2 to enable weighted contribution of each member. Given a set

of models (a pool of trading experts), we build an ensemble greedily until the target

ensemble size is met by selecting the model leading to the optimal improvement of

profits with replacement. This selection strategy enables to construct ensembles

where the contribution of each member is weighted. To properly deal with the

situation that there might be multiple times the same model is selected, we use

.unique() here to address this issue.

Algorithm 2: With-Replacement Selection

Input: ensemble ε = {}, ensemble size K, validation profit Pro( · ),
Probest = +∞, model setM = {fθ1 , ..., fθn}

while ε.unique() ≤ K do
fθ∗ = argmaxfθi∈M

Pro(ε
⋃
{fθi});

if Pro(ε ∪ {fθ∗}) < Probest then
ε = ε ∪ {fθ∗},Probest = Pro(ε);

else
return ε;

return ε

5.3.3 Integrated Model Soup

Instead of making investment decision directly based on suggestions of other trading

experts, another working paradigm for portfolio managers is to integrate the market

understanding and analysis of others and derive investment decisions based on

their own experience. Inspired by it, we customize the idea of model soup [140]

into financial markets, which directly mixs the network weights of different experts,

i.e., their knowledge and market understanding. Unlike the above two mechanisms

that mix the output of different experts, it is perhaps surprising that averaging
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the weights of independently trained models achieves high performance since the

loss landscape of neural network training is nonconvex with many solutions in

different loss basins [140]. The insight here is that fine-tuned models optimized

independently with the same initialization or hyperparameters may lie in the same

basin of the error landscape [189]. As shown in Algorithm 3, the greedy soup

sequentially adds each model as a potential ingredient in the soup, and only pick

the model in the soup if performance on the validation set improves. We sort the

models in decreasing order of validation set performance to ensure that the greedy

soup can be no worse than the best individual model. In the end, we average the

weights of all ingredient networks in the soup with function average() and construct

one network without any extra inference cost.

Algorithm 3: Greedy Expert Soup

Input: Model setM = {fθ1 , ..., fθn} (sorted in decreasing order of validation
profit Pro(fθi),

soup ingredients φ = {}
for i← 1 to k do

if Pro(average(φ
⋃
{fθi}) ≥ Pro(average(φ)) then

φ = φ
⋃
{fθi}

return average(φ)

5.4 Experiment Setup

5.4.1 Datasets

To conduct a comprehensive evaluation of AlphaMix, we evaluate it on two real-

world datasets from US and Chinese stock markets spanning over five years as

representatives of developed and developing financial markets, respectively. We

summarize statistics of the two datasets in Table 8.1 and further elaborate on them

as follows:

ACL18 [120] is a widely used public dataset collected using Yahoo Finance3, which

contains historical stock prices of 88 US stocks with top capital size from 9 different

3Yahoo Finance: https://github.com/yahoo-finance
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industry categories: Basic Materials, Consumer Goods, Healthcare, Services, Utili-

ties, Conglomerates, Financial, Industrial Goods and Technology, in the Nasdaq

exchange.

SZ50 is a dataset with 4-year (2016 - 2020) historical prices of 47 Chinese stocks

collected from Yahoo Finance. The stock pool contains component stocks of

SSE50 Index, which represents top 50 companies by float-adjusted capitalization in

Shanghai exchange.

For dataset split, we use data of the last year for test, penultimate year for validation

and the remaining for training on both datasets. It is worth mentioning that the

test period of ACL18 (16/09/01 to 17/09/01) is a stable period of economic growth

while the test period of SZ50 (19/09/01 to 20/09/01) goes through an unstable

period due to the panic decline during the COVID-19 pandemic. Experimental

results in Table 5.1 show the great performance of AlphaMix under different market

status.

5.4.2 Training Setup

To describe the financial markets, we generate 11 temporal features from the original

OHLCV as shown in Chapter 2.1.7 following [46]. For evaluation metrics, we follow

that in Chapter 2.1.8 to the profitability, risk-adjusted return and risk. We conduct

all experiments on a Tesla V100 GPU. To build the expert pool of AlphaMix, we

apply grid search to train experts with batch size in list [32, 64, 128, 256], hidden size

in range [32, 64, 128], and learning rate α ∈ [5e−5, 1e−4, 5e−4, 1e−3]. In addition, we

explore the number of experts in range 2 to 32. Adam is used as the optimizer and

we train AlphaMix for 10 epochs on all datasets. It takes about 1.5 and 1.1 hours

to train and test on ACL18 and SZ50 datasets, respectively. As for other baselines,

there are two conditions: i) there are authors’ official or open-source library [18]

implementations, we apply the same hyperparameters for a fair comparison4. ii) if

there are no publicly available implementations, we reimplement the algorithms

and try our best to maintain consistency based on the original papers.

4This condition fits for most baselines except GTrans and DNNE.
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5.4.3 Baselines

To provide a comprehensive comparison of AlphaMix, we select 11 state-of-the-

art and representative stock prediction methods of 4 different types consisting of

recurrent neural network (RNN), non-recurrent neural network (NRNN), boosting

decision tree (BDT) and ensemble learning (ENS) methods. Descriptions of baselines

are as follows:

Recurrent Neural Network (RNN)

• ALSTM [178] adds an external attention layer into LSTM to attentively

aggregate information from all hidden states.

• LSTM [110] uses a two-layer vanilla LSTM network with hidden size 32 to

predict stock movement.

• SFM [112] is a state frequency memory recurrent network, which decomposes

prices into signals of different frequencies via Discrete Fourier Transform.

• GRU [190] is a new version of recurrent networks with gated recurrent units.

We apply a two-layer GRU with hidden size 64 for stock movement.

Non-Recurrent Neural Network (NRNN)

• GTrans [115] is a novel hierarchical Gaussian transformer-based model for

stock prediction.

• MLP [191] applies multi-layer perceptron for stock movement prediction

with hidden size 128.

Boosting Decision Tree (BDT)

• LightGBM (LGB) [167] is an efficient implementation of gradient boosting

decision tree with gradient-based one-side sampling and exclusive feature

bundling.

• CatBoost (CatB) [192] is a gradient boosting toolkit with ordered boosting

and categorical feature processing.
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Ensemble Learning Methods (ENS)

• DNNE [185] is a deep neural network ensemble method for stock market

prediction based on bagging.

• DeepEns [137] is a simple yet efficient ensemble method with remarkable

accuracy and robust uncertainty estimates.

• HyperEns [134] builds ensembles that involve a random search over different

hyperparameters.

5.5 Results and Analysis

5.5.1 Comparison with Baselines

We compare AlphaMix5 with 11 state-of-the-art baselines in terms of 7 financial

criteria in Table 5.1. We observe that AlphaMix consistently generates significantly

higher performance than other baselines on one profit and three risk-adjusted

profit metrics across both US and China markets. In the US market, AlphaMix

outperforms the second best by 12%, 17%, 58%, 5% in terms of TR, SR, CR, and

SoR. As for the China market, AlphaMix outperforms the second best by 30%,

27%, 116%, 17% in terms of TR, SR, CR, and SoR. For risk metrics, AlphaMix

performs the best in MDD, which shows its resistance to drawdown. For VOL and

DD, AlphaMix achieves 1st and 2nd places on the US market that demonstrates its

stellar performance on risk control. As for the China market, AlphaMix comes up

with higher VOL and DD due to the trade-off between fluctuation and return in

developing stock markets. In general, ensemble learning methods perform better

than single deep learning methods (RNN and NRNN), as they combine multiple

submodels for more robust and profitable investment decisions. We postulate that

both RNN and NRNN methods have the potential to capture the internal patterns

of financial data since both RNN and NRNN methods achieve decent performance

on the two datasets. Boosting decision tree models tend to overfit to the noise in

training data and generalize poorly in test data with the lowest profitability. In

5We report the experiment results of AlphaMix with as-needed routers in this Section if not
particularly pointed out.
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addition, we observe that DeepEns is the most powerful baseline with at least the

second best performance on 7 out of 14 metrics. MLP achieves robust performance

on both markets and CatBoost performs particularly well for risk control in the

China market.

Profit Risk-Adjusted Profit Risk Metrics
Market Type Model TR(%)↑ SR↑ CR↑ SoR↑ VOL(%)↓ DD(%)↓ MDD(%)↓

ACL18

RNN

ALSTM 9.9±8.1 0.76±0.61 1.76±1.91 1.14±0.99 0.82±0.03 0.56±0.04 6.88±1.43
LSTM 19.5±4.3 1.49±0.34 3.31±1.15 2.30±0.59 0.82±0.02 0.54±0.04 6.21±1.26
SFM 15.1±3.0 1.25±0.23 1.86± 0.48 1.94± 0.32 0.76±0.02 0.49±0.04 8.40± 1.58
GRU 14.1±7.9 1.06±0.61 2.27±1.92 1.52±0.96 0.84±0.02 0.61±0.05 7.96± 2.59

NRNN
GTrans 19.8±9.1 1.52 ±0.67 3.45 ±2.37 2.42±1.16 0.81±0.06 0.52±0.06 7.08 ±2.57
MLP 22.1±6.3 1.87±0.57 3.69±1.77 2.52±0.88 0.75±0.03 0.57±0.07 6.82±2.15

BDT
LGB 4.8 0.4 0.70 0.53 0.81 0.57 6.76
CatB 9.3±3.3 0.70±0.25 1.31±0.55 1.00±0.37 0.83±0.03 0.59±0.03 7.33±0.91

ENS
DNNE 23.3±9.4 1.68±0.72 3.76±2.52 2.73±1.24 0.90±0.14 0.56±0.09 7.99±3.37
DeepEns 22.4 2.10 4.79 3.42 0.69 0.42 5.53
HyperEns 23.3±3.2 1.96±0.28 3.39±0.78 2.67±0.42 0.74±0.02 0.54±0.02 6.88±0.97

Ours AlphaMix 26.1 2.45 7.59 3.59 0.67 0.45 3.43
% Improvement over SOTA 12% 17% 58% 5% 3% - 61%

SZ50

RNN

ALSTM 23.2±7.0 1.07±0.26 1.59±0.48 1.34±0.33 1.38±0.09 1.10±0.08 14.74±1.89
LSTM 20.7±7.8 1.01±0.33 1.57±0.52 1.28±0.42 1.30±0.07 1.03±0.05 13.02±0.85
SFM 17.3±2.3 0.79±0.08 1.16±0.15 1.04±0.11 1.40±0.17 1.07±0.15 14.95±2.17
GRU 36.5±27.9 1.26±0.76 2.00±1.35 1.74±1.14 1.66±0.39 1.22±0.22 16.81±2.96

NRNN
GTrans 16.8±22.2 0.59±0.77 0.85±1.19 0.80±1.08 1.90±0.28 1.44±0.21 25.41±6.97
MLP 43.5±7.3 1.82±0.15 2.87±0.30 2.46±0.24 1.53±0.15 1.13±0.09 15.36±3.23

BDT
LGB 15.3 0.67 0.85 0.85 1.48 1.16 17.91
CatB 21.0±1.8 1.06±0.08 1.72±0.23 1.43±0.12 1.27±0.11 0.95±0.10 12.28±0.72

ENS
DNNE 40.8±8.1 1.66±0.35 3.25±0.90 2.27±0.56 1.58±0.05 1.17±0.08 12.82±1.43
DeepEns 48.2 1.79 3.13 2.39 1.73 1.29 15.57
HyperEns 44.3±7.9 1.83±0.31 2.92±0.56 2.51±0.46 1.51±0.06 1.10±0.08 15.32±1.68

Ours AlphaMix 62.6 2.34 7.04 2.95 1.72 1.37 8.89
% Improvement over SOTA 30% 27% 116% 17% - - 38%

Table 5.1: Performance comparison (mean and standard deviation of 10 indi-
vidual runs) on ACL18 (US) and SZ50 (China) stock markets with 11 baselines
including recurrent network (RNN), non-recurrent network (NRNN), boosting
decision tree (BDT) and ensemble (ENS) learning methods. LightGBM (LGB),
DeepEns and AlphaMix are three deterministic methods without the performance
standard deviation. Results in pink, green and blue show best, second best and
third best results on each dataset.

ACL18 (US) SZ50 (China)
Models TR(%)↑ SR↑ MDD↓ TR(%)↑ SR↑ MDD↓
DNNE 23.3 1.68 7.99 40.8 1.66 12.82
DeepEns 22.4 2.10 5.53 48.2 1.79 15.57
HyperEns 23.3 1.97 6.88 44.3 1.83 15.32

AlphaMix-V 24.5 2.39 3.95 53.7 2.08 11.19
AlphaMix-R 26.1 2.45 3.43 62.6 2.34 8.89
AlphaMix-W 26.7 2.54 5.83 61.0 2.24 12.10
AlphaMix-S 26.0 2.31 6.64 52.7 2.04 13.80

Table 5.2: Ablation studies over the effectiveness of different routing mechanisms
of AlphaMix on US and China markets. Red indicates worse than either DNNE,
DeepEns or HyperEns. Bold shows the best results.
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5.5.2 Ablation

We conduct ablation studies on AlphaMix’s performance benefits from different en-

semble construction mechanisms. There are four variants of AlphaMix: i) AlphaMix-

V is a vanilla version that simply averages the prediction of each group of expert;

ii) AlphaMix-R trains extra as-needed routers; iii) AlphaMix-W uses the heuristic

with-replacement selection and iv) AlphaMix-S applies model soup (Sec 5.3.3). We

note that AlphaMix-V and AlphaMix-S can be considered as an enhanced version

of [133, 140] and outperform the original version in our preliminary experiments.

In this subsection, we compare them with the three ensemble baselines in Table

6.4. First, we observe that AlphaMix outperforms the three ensemble baselines in

most cases (red indicates worse than baselines). The AlphaMix-V is one simple

yet efficient choice on both markets. With extra training of as-needed routers,

AlphaMix-R performs the best. For AlphaMix-W, it outperforms AlphaMix-V in

terms of profit, but the MDD is higher. For AlphaMix-S with model soup, it does

not perform as well as it is in computer vision [140] due to the low signal-to-noise

ratio of stock markets. In summary, we recommend AlphaMix-V or AlphaMix-R

for users, who prefer simple yet robust methods or best performance, respectively.

Figure 5.6: AlphaMix and several other methods on China market. AlphaMix
achieves the best trade-off among performance (↑) and time & memory (↓) costs.

5.5.3 Computational Cost

We show AlphaMix is an efficient ensemble method that addresses the extensive

computation cost overhead of traditional ensemble methods. Figure 5.6 displays

results on China market in term of performance (TR & SR) and cost (time &

memory). Although DeepEns and HyperEns slightly outperform the vanilla single
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model, their computation cost is much higher. For AlphaMix, it significantly outper-

forms all three other methods (over 20% improvement) with much less computation

overhead. The poor performance of DNNE further shows that straightforward

applications of traditional ensemble methods are not enough in financial markets.

5.5.4 Diversity Analysis

To evaluate diversity, we use the predictive disagreement metric from [188]. This

metric is based on the average of the pairwise comparisons of the predictions across

the ensemble members. For a given pair of members, it is zero when they are

making identical predictions, and one when all their predictions differ. We report

the diversity of AlphaMix-V and two baselines in Table 5.3. The diversity of

AlphaMix is significantly better than other two baselines as it utilizes two sources

of diversity: hyperparameter (H) level and initialization (I) level.

Diversity Ens Size ACL18 (US) SZ50 (China)
DeepEns I 4 0.4194 0.2832
HyperEns H 4 0.3454 0.3992
AlphaMix I & H 4 0.5947 0.6124

Table 5.3: Diversity comparison of the predictive disagreement. AlphaMix
performs the best by utilizing two sources of diversity: hyperparameter (H) level
and initialization (I) level.

0 50 100 150 200 250
Trading Days

0
10
20
30
40
50
60

To
ta

l R
et

ur
n(

%
) GRU

AlphaMix

Figure 5.7: Trading days vs. total return curve. AlphaMix achieves higher
return with much lower standard deviation.

5.5.5 Reduce Uncertainty with AlphaMix

We conduct experiments to show a single neural network is sensitive to random

seeds with high uncertainty and AlphaMix can tackle this issue with mixture-of-

experts. We train a popular two-layer GRU [190] model and our AlphaMix for stock
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movement prediction and generate investment decisions with the classic top-4 buy &

hold trading strategy with 10 independent runs. The trading days vs. total return

curve (mean and standard deviation) of the two models is reported in Figure 5.7.

AlphaMix achieves higher return with much lower standard deviation, which makes

investment decisions from AlphaMix more reliable. To analysis the potential reason

of this phenomenon, we plot the confidence score (largest logits after softmax) for

stock movement prediction (binary classification) in Figure 5.8. The confidence

score of GRU is quite low (between 0.5 and 0.6 for most samples) that indicates one

single predictor is not enough. We observe that AlphaMix achieves much higher

confidence score with mixture-of-experts. It is reasonable that higher confidence

score leads to lower performance variance.
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Figure 5.8: Confidence histogram to show AlphaMix has higher decision
certainty comparing to GRU.

5.5.6 Parameter Analysis: Probing Sensitivity

Number of selected top k stocks. We analyze AlphaMix’s performance (TR &

SR) variation with the number of selected top stocks on ACL18 and SZ50 in Figure

5.9. We find that AlphaMix performs consistently well in terms of TR and SR on

both datasets, which shows AlphaMix’s robustness and suitability to strategies with

different risk taking appetites. We pick k = 4 in practice.

Number of experts e. We analyze AlphaMix’s performance (TR & SR) variation

with the number of experts e on ACL18 and SZ50 in Figure 5.10. We observe that

AlphaMix performs the best when e is relatively small. Then, the performance

drops a lot with the increase of expert number. In addition, when the number

of experts goes to very large (e.g., 32). The performance increases again. This

indicates that it is better to make investment decision based on the discussion of a



Chapter 5. Mixture of Experts for Stock Prediction 73

few elite or a large population of experts. Decisions form medium size experts may

lead to worse decisions.
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Figure 5.9: The impact of the number of top k stocks on AlphaMix in terms of
TR and SR on ACL18 and SZ50.
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Figure 5.10: The impact of the number of experts on AlphaMix in terms of
TR and SR on ACL18 and SZ50.

5.6 Chapter Summary

In this chapter, we propose AlphaMix, a novel three-stage mixture-of-experts frame-

work, to mimic the efficient bottom-up workflow in real-world trading firms for

quantitative investment. Specifically, we introduce an efficient ensemble learning

method to train multiple trading experts with personalised market understanding

and trading styles. Later on, we conduct model augmentation to construct a pool

of diversified trading experts. Finally, we leverage three different mechanisms,

namely as-needed router, integrated soup and with-replacement selection, to fur-

ther improve performance by dynamically routing experts from the expert pool.

Extensive experiments on both China and US stock markets demonstrate that

AlphaMix significantly outperforms many strong baselines. Ablation studies show

the effectiveness of the proposed components.



Chapter 6

Financial Decision Making with

Ensemble Learning

6.1 Introduction

As stated in the last chapter, ensemble learning and mixture-of-experts methods

achieve great performance on financial data under the supervised prediction setting.

On the other hand, reinforcement learning has also be benefited with ensemble

learning [11, 193] that takes uncertainty into consideration for robust decision

making. It is natural to explore algorithms with ensemble learning based RL

algorithms for financial decision making such as portfolio management. In this

chapter1, AlphaMix+ is proposed for financial decision making as an universal simple

yet efficient algorithm. Risk-aware Bellman backup is introduced to reweight Q-

values by adopting estimated uncertainty. To encourage strategy diversity between

different trading agents, we leverage the idea of bootstrap with random initialization.

Extensive experiments demonstrate the superior performance of the algorithm.

6.2 Soft Actor-Critic (SAC)

We introduce SAC [14], which is the base model of many popular FinRL methods

[76]. SAC is a popular off-policy actor-critic RL method based on the maximum

1This chapter has been published in [194].
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entropy RL framework [195], which maximizes a weight objective of the reward

and the policy entropy, to encourage robustness to noise and exploration. For

parameter updating, SAC alternates between a soft policy evaluation and a soft

policy improvement. At the soft policy evaluation step, a soft Q-function Qθ(st, at),

which is modeled as a neural network with parameters θ, is updated by minimizing

the following soft Bellman residual:

LSAC
critic(ϕ) = Eτt∼D[LQ(τt, θ)], (6.1)

LQ(τt, θ) = (Qθ(st, at)− rt − γV̄ (st+1))
2, (6.2)

where V̄ (st) = Eat∼πϕ
[Qθ̄(st, at)− α log πϕ(at | st)]. (6.3)

where τt = (st, at, rt, st+1) represents a transition, D indicates a replay buffer, θ̄ are

the delayed parameters, and α is used as a temperature parameter. To conduct

steps of soft policy improvement, the policy π with its parameter θ is updated

through minimizing the following objective:

LSAC
actor(θ) = Est∼D[Lπ(st, ϕ)], (6.4)

Lπ(st, ϕ) = Eat∼πϕ
[α log πϕ(at | st)−Qθ(st, at)]. (6.5)

To handle continuous action spaces, the policy is modeled as a Gaussian with mean

and covariance given by neural networks. In addition to SAC, A2C [196], a popular

actor-critic RL method, shows stellar performance in algorithmic trading [75]. The

simple and efficient policy gradient method PPO [57] performs well in capturing

trading opportunities for order execution [6]. EIIE [91] and Investor-Imitator

(IMIT) [13] are two pioneering works that apply deep RL for quantitative trading.

Furthermore, SARL [93] and Deeptrader [4] are proposed with augmented market

embedding to take market risk into account for portfolio management.

6.3 AlphaMix+: A Strong Baseline

AlphaMix+, a FinRL algorithm based on ensemble learning, is proposed to fill the

gap due to the unstable performance of existing FinRL methods under uncertainty.
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Figure 6.1: Workflow of real-world trading firms.

Considering the limitation of existing FinRL methods, the major one is that

investment decisions are made by a single agent with high potential risk. The

success of real-world trading firms relies on an efficient bottom-up hierarchical

workflow with risk management as illustrated in Figure 6.1. First, multiple experts

conduct data analysis and build models independently based on personal trading

style and risk tolerance. Later on, a senior portfolio manager summarizes their

results, manage risk and makes final investment decisions. Inspired by it, we

propose AlphaMix+, a universal deep RL framework with diversified risk-aware

mixture-of-experts following the idea of [11], to mimic this efficient workflow. In

principle, AlphaMix+ can be combined with most modern off-policy RL algorithms

for any quantitative trading task. As SAC [14] is a sample-efficiency algorithm

in quantitative trading [76], we pick it as the base model of AlphaMix+ here for

exposition. An overview of AlphaMix+ is shown in Figure 6.2.

Risk-aware Bellman backup. We consider a trading firm with N trading experts,

i.e., {Qθi , πϕi
}Ni=1, where θi and ϕi denote the parameters of the i-th expert’s soft

Q-function and policy. To apply classic Q-learning based on the Bellman backup in

Eq. 6.1 in FinRL, one major issue is the severe negative impact of error propagation

that induces the market noise to the learning trading signals (true Q-value) of

the current Q-function [197] , which can cause unstable convergence. In order to

overcome this issue, for trading expert i, we apply a risk-aware Bellman backup

[11] as follows:

LWQ(τt, θi) = w(st+1, at+1)(Qθi(st, at)− rt − γV̄ (st+1))
2 (6.6)

where τt = (st, at, rt, st+1) is a transition, at+1 ∼ πϕi
(a | st), and w(s, a) is a

confidence weight based on the ensemble of target Q-functions:

w(s, a) = σ(−Q̄std(s, a) ∗ T ) + k (6.7)
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Figure 6.2: An illustration of AlphaMix+, a universal deep RL framework with
diversified risk-aware mixture-of-experts.

where Q̄std(s, a) indicates the empirical standard deviation of target Q-functions

{Qθ̄i}Ni=1 of all trading experts and T > 0 is a temperature parameter [198] to adapt

the scale of Q̄std(s, a). σ is the sigmoid function and k > 0 is used to control the

value range of confidence weight. The confidence weight is bounded in [k, k + 0.5]

as Q̄std(s, a) is always a positive number. Intuitively, the objective LWQ down

weights the sample transitions with inconsistent trading suggestions from different

experts (high variance across target Q-functions), resulting in a loss function for

the Q-updates with better risk management.

Diversified Experts. We encourage the diversity between trading experts with

two simple yet efficient tricks based on [11]. First, we initialize the model parameters

of all trading experts with random parameter values for inducing an initial diversity

in the models following [134, 137]. Second, we apply different samples to train each

agent based on similar idea in BatchEnsemble [133]. For each trading expert i at

each time step t, we construct the binary masks mt,i by sampling from the Bernoulli

distribution with parameter β ∈ (0, 1]. Later on, we multiply the bootstrap mask to

each objective function (e.g., mt,iLπ(st, ϕi) and mt,iLWQ(τt, θi) in Eq.6.5 and Eq.6.6

while updating parameters of trading experts. This encourages each expert to think

individually with diversified strategies. We find it sufficient for AlphaMix+ to have

desired diversity with the two simple tricks. Other tricks such as a KL divergence

[199] loss term is not further incorporated to keep simplicity. We remark that

although similar diversity encouragement techniques have been shown effective in

classic RL tasks [11, 200], this work is the first to explore their potential in financial

markets. We conduct ablation studies on the effectiveness of each component in

AlphaMix+ and parameter analysis to probe sensitivity.
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6.4 Problem Formulation

6.4.1 Portfolio Management

Portfolio management is a fundamental quantitative trading task [1], where investors

hold a pool of different financial assets, i.e., stocks, bonds, as well as cash, and

reallocate the proportion of capitals invested in each asset periodically to maximize

future profit. The objective of portfolio management is to maximize the final

portfolio value given a long-term time horizon by dynamically tuning the portfolio

weight at each time step.

6.4.2 MDP Formulation

We consider a standard RL scenario in which an agent (investor) interacts with

an environment (the financial market) in discrete time. Formally, we introduce

MDP, which is defined by the tuple: MDP = (S,A, P, R, γ,H). Specifically, S is a

finite set of states. A is a finite set of actions. P : S ×A× S −→ [0, 1] is a state

transaction function, which consists of a set of conditional transition probabilities

between states. R : S ×A −→ R is the reward function, where R is a continuous

set of possible rewards and R indicates the immediate reward of taking an action

in a state. γ ∈ [0, 1) is the discount factor and H is a time horizon indicating

the length of the trading period. A (stationary) policy πθ : S × A −→ [0, 1],

parameterized by θ, assigns each state s ∈ S a distribution over actions, where

a ∈ A has probability π(a|s). A Q-value function gives expected accumulated reward

when executing action at in state st and following policy π in the future, which is

Q(st, at) = E(st+1,...,π)

[∑T
i=t γ

ir(si, ai)
]
. During training, one episode corresponds

to adjusting the portfolio at each time step through the whole trading periods, i.e.,

time scope of training set, with time horizon H. The objective of the agent is to

learn an optimal policy: πθ∗ = argmaxπθ
Eπθ

[∑T
i=t γ

irt+i | st = s
]
.

State st ∈ S at time t involves the concatenation of technical indicator vectors of

M financial assets (y1
t ,y

2
t , ...,y

i
t) as the external markets state, where yi

t represent

the technical indicator vector of asset i at time t. In addition, a 2-dimension tuple

of investors’ position and remaining cash is added as internal state. Action space

at time t is an M +1 dimension vector [w0
t , w

1
t , ..., w

M
t ] as a portfolio wt to represent
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the proportion of capitals invested at each asset. Reward rt at time t is the

change of portfolio value: rt = vt+1 − vt, where positive/negative values indicate

earning/losing money, respectively.

6.5 Experimental Setup

6.5.1 Datasets

End 

Test
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Test
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Valid

Valid

Phase 1: Training

Phase 2: Training

Phase 3: Training

1 year 1 year 1 year 1 year 

Start Time 

Ph
as

e 

Figure 6.3: Train/valid/test split procedure
with rolling windows.

We collect real-world financial

datasets spanning over 15 years

of US stock, China stock, Cryp-

tocurrency (Crypto) and For-

eign Exchange (FX) from Ya-

hoo Finance and Kaggle. All

raw data and related processing scripts are publicly available. We summarize

statistics of the 4 datasets with further elaboration in Table 8.1. US Stock dataset

contains 10-year historical prices of 29 influential stocks with top unit price as

a strong assessment of the market’s overall health and tendencies. China Stock

dataset contains 4-year historical prices of 47 influential stocks with top capitaliza-

tion from the Shanghai exchange. Both US and China stock data is collected from

Yahoo-Finance2. Crypto3 dataset contains 6-year historical prices of 9 influential

virtual currency with top unit price and trading volume collected. FX4 dataset

contains 20-year historical prices of 22 most popular currency with top foreign

exchange reserves for US dollars. For each dataset, we filter out financial assets

with missing values. For data split, we apply the similar split procedure in [119]

with rolling window for all four datasets. As shown in Figure 6.3, phase 3 uses the

last year for test, penultimate year for validation and the remaining of the dataset

for training. For phase one and two, their validation/test sets roll back one and

two years, respectively. For features, we follow that in Chapter 2.1.7.

2https://github.com/yahoo-finance
3https://www.kaggle.com/datasets/sudalairajkumar/cryptocurrencypricehistory
4https://www.kaggle.com/datasets/brunotly/foreign-exchange-rates-per-dollar-20002019

https://github.com/yahoo-finance
https://www.kaggle.com/datasets/sudalairajkumar/cryptocurrencypricehistory
https://www.kaggle.com/datasets/brunotly/foreign-exchange-rates-per-dollar-20002019
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Table 6.1: Dataset statistics

Dataset Market Freq Number Days From To Source

US Stock US 1d 29 2517 12/01/03 21/12/31 Yahoo
China Stock China 1h 47 1036 16/06/01 20/09/01 Yahoo

Crypto - 1d 9 2014 16/01/01 21/07/06 Kaggle
FX - 1d 22 5015 00/01/03 19/12/31 Kaggle

6.5.2 Baselines

We conduct experiments with 7 representative FinRL methods including 3 classic

RL methods: A2C [196], PPO [57], SAC [14], 4 RL-based trading methods: EIIE

[91], Investor-Imitator (IMIT) [13], SARL [93] and DeepTrader (DT) [4] and our

AlphaMix+. Descriptions of baselines are as follows:

• A2C [196] is a classic actor-critic RL algorithms that introduce an advantage

function to enhance policy gradient update by reducing variance.

• PPO [57] is a proximal policy optimization that constrain the difference

between current policy and updated policy with simplified clipping term in

the objective function.

• SAC [14] is a widely-used off-policy actor-critic method based on the maximum

entropy RL framework to encourage algorithm robustness.

• SARL [93] proposes a state-augmented RL framework, which leverages the

price movement prediction as additional states, based on deterministic policy

gradient [55] methods.

• DeepTrader (DT) [4] is a policy gradient based method. To tackle the risk-

return balancing issue, it simultaneously uses negative maximum drawdown

and price rising rate as reward functions to balance between profit and risk

with an asset scoring unit.

• EIIE [91] is a deterministic policy gradient based RL framework, which

contains: 1) an ensemble of identical independent evaluators topology; 2) a

portfolio vector memory; 3) an online stochastic batch learning scheme.

• Investor-Imitator (IMIT) [13] imitates behaviors of different investors (e.g.,

oracle/collaborate/public investor) using investor-specific reward functions

with a set of logic descriptors.
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6.5.3 Training Setup

We perform all experiments on an RTX 3090 GPU with 5 fixed random seeds. We

apply grid search for AlphaMix+ on Crypto and FX datasets and apply the same

hyperparameters on China and US stock datasets. We try scale parameter k in

list [0.3, 0.5, 0.7, 0.9], binomial sample parameter β in list [0.3, 0.4, 0.5, 0.6, 0.7] and

temperature T in list [18, 19, 20, 21, 22].We explore batch size in list [256, 512, 1024]

and hidden size in range [64, 128], We apply learning rate 7e−4 for both actor and

critic. Adam is used as the optimizer. One full list of hyperparameters is available

in Table 6.2. We train AlphaMix+ for 10 epochs on all datasets. It takes about

60 minutes to train and test on China stock, US stock, FX and Crypto datasets,

respectively.

For other FinRL methods, there are two conditions: i) if there are authors’ official

or open-source FinRL library [10] implementations, we apply the same hyperparam-

eters5 for a fair comparison. This condition applies for A2C, PPO, SAC, SARL and

DeepTrader. ii) if there are no publicly available implementations, we reimplement

the algorithms and try our best to maintain consistency based on the original papers.

This applies for EIIE and IMIT.

6.5.4 RL Environment Implementation

In this work, we apply the popular portfolio management environment [10] imple-

mented based on OpenAI Gym [201], which simulates live financial markets with

realistic historical market data according to the principle of time-driven simulations.

During training, we feed observations of technical indicators as input of RL agents.

RL agents generate a portfolio (action) and the environment returns the net value

change at each time step as reward. By interacting with the environment, the

trading agents will try to derive a trading strategy with high profits. In addition,

the environment assumes the trading volume of agents is not very large and has

little impact on the market. Then, it is reasonable to use the price fluctuation

of offline historical financial data to build a model for reward calculation during

online simulation. We provide a concrete example here to further clarify how FinRL

environment is built. Considering a simple trading scenario with only one stock, we

5Both authors’ official or open-source FinRL library [10] implementations are tuned in FinRL
domains.
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obtain pct and pct+1, which denote the close price of the stock at time t and t+ 1,

from historical data. The action at time t is to buy k shares of the stock. Then,

the reward rt at time t is the account profit defined as k ∗ (pct+1 − pct). For state,

we use historical market data to calculate technical indicators in Chapter 2 as

external state and investors’ private information such as remaining cash and current

position is applied as internal state. Similar procedures to build RL environment

with historical market data have been applied in many FinRL work [4, 10, 93].

Readers may check our open source code for more details of the RL environment.

Table 6.2: Hyperparameters of AlphaMix+

Hyperparameter Value Hyperparameter Value

Replay buffer size 10000 Initial step 10000
Layer(MLP) (128,128) Stacked frame 3
Evaluation episodes 10 Optimizer Adam
Temperature 20 Uncertainty 0.5
Actor learning rate 0.0007 Critic learning rate 0.0007
Batch size 256 Action numbers 29(US) 47(China) 22(FX) 9(Crypto)
Discount γ 0.99 Ber mean 0.5
Non-linear Sigmoid Observation Number of assets × 11

6.6 Empirical Results

6.6.1 Comparison with Baseline

We compare AlphaMix+ with 7 modern RL algorithms in terms of total return

(TR), Sharpe ratio (SR) and entropy (ENT). As shown in Table 6.3, we observe that

the MoE framework of AlphaMix+ significantly improve the diversity of strategy

and AlphaMix+ generally perform the best across different datasets and time

period. IMIT performs the best on some dataset but the performance variance

across different year is quite large. In addition, AlphaMix+ mostly outperforms

SAC, which is the base model to show the effectiveness of MoE here. For Crypto

market, AlphaMix+ does not achieve top performance. One possible reason is that

the Crypto market is quite volatile and unstable, it is hard to achieve consensus

opinions from different experts. The performance of other 7 FinRL methods are

quite unstable and highly relies on time and markets. The performance volatility of

Crypto market is the highest and FX market is the lowest.
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US Stock 2019 US Stock 2020 US Stock 2021
Models TR(%) SR ENT TR(%) SR ENT TR(%) SR ENT
A2C 20.5 1.47 1.83 7.46 0.36 1.96 12.4 1.03 2.26
PPO 21.5 1.53 1.82 18.3 0.62 1.82 13.1 0.94 1.82
SAC 27.3 1.72 1.63 7.77 0.37 1.61 20.0 1.30 1.67
SARL 27.7 2.00 2.08 9.23 0.41 2.07 17.3 1.37 2.79

DeepTrader 22.9 1.60 1.81 10.2 0.42 1.82 17.2 1.22 1.82
EIIE 30.2 2.12 2.32 15.8 0.55 2.41 16.9 1.39 2.90
IMIT 20.6 1.28 1.89 -20.6 -0.28 1.85 4.0 0.35 1.89

AlphaMix+ 25.1 1.98 3.27 12.7 0.52 3.22 20.7 1.64 3.25
China Stock 2018 China Stock 2019 China Stock 2020

Models TR(%) SR ENT TR(%) SR ENT TR(%) SR ENT
A2C -6.86 -0.28 1.54 31.9 1.59 1.54 5.52 0.35 1.85
PPO -6.56 -0.31 2.85 29.7 1.65 2.85 6.20 0.40 2.82
SAC -4.05 -0.12 1.01 25.4 1.13 1.02 13.4 0.59 1.10
SARL -5.77 -0.25 2.41 32.6 1.80 2.47 11.4 0.63 2.60

DeepTrader 5.67 0.37 1.53 22.1 1.19 1.53 12.3 0.62 1.53
EIIE -2.27 -0.05 2.55 36.2 1.77 1.97 13.0 0.73 2.39
IMIT -7.14 -0.34 1.30 23.2 1.21 1.66 52.6 2.68 1.30

AlphaMix+ -0.70 0.03 3.12 32.2 1.79 3.15 14.8 0.79 3.12
Crypto 2019 Crypto 2020 Crypto 2021

Models TR(%) SR ENT TR(%) SR ENT TR(%) SR ENT
A2C 82.8 1.37 0.60 61.4 1.12 0.59 223 1.38 1.02
PPO 85.8 1.39 0.62 59.1 1.12 0.59 146 1.22 0.72
SAC 73.9 1.27 0.43 16.0 0.51 0.45 377 1.13 0.47
SARL 61.0 1.26 1.21 31.4 0.81 1.32 199 1.41 1.42

DeepTrader 39.1 0.83 0.59 37.9 0.85 0.60 398 1.71 0.56
EIIE 50.8 1.15 1.24 30.7 0.79 1.24 146 1.46 1.53
IMIT 110.6 2.06 0.58 55.3 1.03 0.58 140 1.24 0.58

AlphaMix+ 68.3 1.43 2.15 33.8 0.86 2.17 291 1.87 2.09
FX 2017 FX 2018 FX 2019

Models TR(%) SR ENT TR(%) SR ENT TR(%) SR ENT
A2C 6.93 1.34 1.34 -5.43 -1.01 1.38 -0.94 -0.22 1.44
PPO 6.85 1.32 1.35 -5.25 -0.97 1.34 -1.49 -0.34 1.37
SAC 8.25 1.41 0.90 -5.61 -0.91 0.94 -1.02 -0.21 0.93
SARL 5.81 1.34 2.17 -4.52 -0.93 2.23 0.96 0.29 2.55

DeepTrader 5.94 1.13 1.37 -4.99 -0.91 1.37 -0.19 -0.03 1.35
EIIE 6.71 1.26 1.41 -6.15 -1.15 1.55 1.42 0.39 2.23
IMIT 6.42 0.81 3.08 -5.53 -0.97 3.08 -5.53 -0.97 3.08

AlphaMix+ 7.16 1.72 2.98 -4.92 -1.15 2.98 1.22 0.41 2.97

Table 6.3: Performance comparison of FinRL algorithms across different time
period and financial markets

6.6.2 Ablation Studies

We further conduct ablation studies on AlphaMix+’s performance to show the

effectiveness of proposed components. There are 4 variants of AlphaMix+ where

different components are added or removed indicated by check marks. We observe

that the overall performance with all components is the best in terms of TR and

SR for all datasets. By introducing ensemble learning, the performance of all

AlphaMix+ is much better than the base model SAC.
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US Stock
Models Ensemble Weight BB Diveristy TR(%)↑ SR↑ CR↑ SoR↑ MDD(%)↓ VOL(%)↓ ENT↑ ENB↑
SAC 7.77 0.37 0.30 0.50 42.8 2.45 1.61 1.10√

10.2 0.46 0.50 0.55 31.6 2.15 3.25 1.01
AlphaMix+

√ √
10.1 0.45 0.48 0.54 32.3 2.15 3.28 1.01√ √
10.9 0.47 0.52 0.57 32.0 2.19 3.26 1.02√ √ √
12.7 0.52 0.47 0.62 38.2 2.16 3.22 1.00

China Stock
Models Ensemble Weight BB Diveristy TR(%)↑ SR↑ CR↑ SoR↑ MDD(%)↓ VOL(%)↓ ENT↑ ENB↑
SAC 13.4 0.59 0.41 0.71 29.9 0.81 1.10 1.27√

13.6 0.75 0.77 0.83 19.0 0.69 3.15 1.01
AlphaMix+

√ √
11.6 0.66 0.68 0.73 18.7 0.68 3.09 1.02√ √
12.0 0.68 0.70 0.76 18.7 0.68 3.20 1.02√ √ √
14.8 0.79 0.53 0.89 29.1 0.69 3.12 1.02

Models Ensemble Weight BB Diveristy TR(%)↑ SR↑ CR↑ SoR↑ MDD(%)↓ VOL(%)↓ ENT↑ ENB↑
Crypto

SAC 16.0 0.51 0.59 0.59 55.7 4.46 0.45 1.07√
24.4 0.73 0.72 0.76 44.8 3.26 2.08 1.00

AlphaMix+
√ √

27.7 0.77 0.78 0.82 46.5 3.42 2.14 1.00√ √
32.2 0.83 0.86 0.89 48.0 3.62 2.19 1.00√ √ √
33.8 0.86 0.87 0.94 46.5 3.46 2.17 1.00
Foreign Exchange

Models Ensemble Weight BB Diveristy TR(%)↑ SR↑ CR↑ SoR↑ MDD(%)↓ VOL(%)↓ ENT↑ ENB↑
SAC -1.02 -0.21 -0.02 -0.26 6.94 0.31 0.93 2.02√

1.06 0.33 0.26 0.58 4.24 0.21 2.98 1.22
AlphaMix+

√ √
1.11 0.34 0.27 0.60 4.47 0.22 2.91 1.19√ √
1.04 0.33 0.25 0.57 4.34 0.21 3.01 1.19√ √ √
1.22 0.41 0.36 0.74 3.77 0.19 2.97 1.18

Table 6.4: Ablation study on four datasets of year 2020 to show the effectiveness
of proposed components

6.6.3 Parameter Analysis: Probing Sensitivity

To avoid parameter sensitivity, we study the performance of AlphaMix+ with

different hyperparameters. Specifically, we show the total return and sharpe ratio

with different values of binomial sample β, temperature T and scale factor k. As

shown in Figure 6.4, we find that AlphaMix performs consistently well with different

choose of paprameters that proofs its robustness. The best performance is gotten

when β = 0.7, T = 19 and k = 0.3.
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Figure 6.4: Hyperparameter sensitivity experimental results on Crypto



Chapter 7

Systematic Evaluation of RL

Algorithms for Quantitative

Trading

7.1 Introduction

In the previous chapters, we introduced novel FinRL algorithms with great perfor-

mance for different trading scenarios. However, the evaluation of existing FinRL

methods [5, 7, 10, 12] only focuses on profit-related measures, which ignores several

critical axes, such as risk-control and reliability. In addition to profitability, there

are many other aspects of FinRL algorithms that financial practitioners care about,

i.e., how much risk I need to take for per unit of profit; how FinRL algorithms

behave when the market status suddenly changes. In preliminary experiments, we

find many examples that indicate the weakness of existing profit-seeking FinRL

algorithms. For instance, IMIT [13] may lead to catastrophic capital loss when

black swan events happen and SAC [14] shows poor risk-control ability, which is

not an ideal option for conservative traders. In practice, with the existence of low

signal-to-noise ratio and distribution shift in financial markets [15], FinRL methods

with only great profitability performance on backtesting are very likely to overfit

on historical data and become risky to be deployed in real-world scenarios [16]. As

Robert Pardo (CEO of a hedge fund) said, he will never trade with a method that

85
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does not prove itself through a systematic evaluation [17]. Therefore, a benchmark

for the systematic evaluation of FinRL methods setting is urgently needed.

In this chapter1, we first introduce a benchmark called PRUDEX-Compass, which

has 6 axes with a total of 17 measures for systematic evaluation of FinRL methods.

In addition, we evaluate 8 widely used FinRL methods on 4 long-term real-world

datasets on popular trading tasks to demonstrate the usage of PRUDEX-Compass.

Accompanied with an open-source library2 of datasets, baseline implementation,

RL environment and evaluation toolkits, we call for a change in how we evaluate

FinRL methods to facilitate the industry deployment of FinRL methods. Moreover,

PRUDEX-Compass also provides the RL community new algorithm evaluation

scenarios to test the effectiveness of novel RL algorithms in the ever-changing

financial markets.

7.2 PRUDEX-Compass: Systematic Evaluation

of FinRL

To provide a clear exposition of FinRL evaluation, we introduce PRUDEX-Compass

to provide an intuitive visual means to give financial practitioners a sense of

comparability and positioning of FinRL methods. PRUDEX-Compass is composed

of two central elements: i) the axis-level (inner), which specifies the different

axes considered for FinRL evaluation and ii) measure-level (outer), which specifies

the measures used for benchmarking FinRL methods. Figuratively speaking, the

axis-level maps out the relative strength of FinRL methods in terms of each axis,

whereas the measure-level provides a compact way to visually assess which setup

and evaluation measures are practically reported to point out how comprehensive

the evaluation are for FinRL algorithms. To provide a practical basis, we have

directly filled the exemplary compass visualization in Figure 7.1. The contributions

of PURDEX-Compass are three-fold: i) carefully collecting 17 measures from the

literature of multiple disciplines (e.g., finance, artificial intelligence, statistics and

engineering) and properly categorizing them into 6 axes; ii) proposing customized

version of the measures suitable for FinRL together with a set of easy-to-use

visualization tools; iii) introducing PRUDEX-Compass, a unified visual interface

1This chapter has been published in [194].
2https://github.com/TradeMaster-NTU/PRUDEX-Compass
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Figure 7.1: Illustration of our PRUDEX-Compass. The inner star plot provides
a visual indication of the relative strength of different FinRL methods in terms of
six axes. A mark on the star plot’s inner circle suggests the market average. The
outer level of the PRUDEX-Compass specifies which particular measures have
been evaluated in practice to show the status of evaluation. We fill the compass
with 8 widely-used FinRL methods to provide an intuitive example.

composed of two core elements to indicate the relative performance strength of

FinRL methods (inner part) and their evaluation completeness (outer part). We

remark that the visualization design of PRUDEX-Compass is inspired and built on

top of the template code provided in CLEVA-Compass [202].

7.2.1 Axes of PRUDEX-Compass

We choose the design of the axis-level compass as a star diagram following the idea

of [202, 203]. Specifically, the axis-level element contains two hexagons, marks on

all vertices of the two hexagons3, and lines connecting the central point and vertices

of hexagons. We add marks in the middle of central point and outer circle of the

axis-level to indicate the performance of market average for convenient check. To

indicate the relative strength of FinRL methods in terms of 6 critical evaluation

3The edges and vertices of the inner hexagon become slightly blurry but still distinguishable
after filling in the results of 8 FinRL algorithms.
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perspectives, we first calculate the normalized score of each FinRL algorithm in

terms of each axis by normalizing the numeric values of original experimental results

into an integer score t ∈ [0, 100]. Inspired by the widely used performance ratio in

Arcade Learning Environment [53, 204], we choose to normalize FinRL methods

performance based on their relative performance to market average strategy, which

is considered as the golden standard for many financial practitioners. Specifically,

we assign score t = 50 to market average and introduce a parameter k%, where k%

better or worse relative to the market average is assigned 100 and 0, respectively.

We further clip score values, which are larger than 100 to 100 and lower than 0 to

0, to alleviate the impact of extreme values (e.g., extremely high return rate under

markets with sudden increase of some Crypto assets). For the value choice of k,

we find it is an empirically robust option to set k = 20 for our experiments on 8

FinRL methods across 4 financial markets. Moreover, we consult with our industry

collaborators and they agree that it is reasonable to consider 20% better than the

market average as a very successful trading strategy (e.g., t = 100). Users can

directly follow our settings and compare the score (larger is better). We then decide

the position of vertices based on the score and connect them to provide a visual

impression on the performance of each FinRL method. The advantages of this

design are three-fold: i) it provides an ideal visual representation when comparing

plot elements [205], ii) it allows human perceivers to quickly learn more facts by

fast visual search [206], and iii) the geometric region boundaries in the star plot

have high priority in perception [207]. We introduce the 6 axis-level elements of

PRUDEX-Compass as follows:

Profitability. Aligned with the key objective of financial trading, profitability

focuses on the evaluation of FinRL methods’ ability to gain market capital. Besides

pure return, it also measures how stable [208] and persistent [19] FinRL methods

are to achieve high profit.

Risk-Control. Due to the well-known tradeoff between profit and risk in finance

[209], financial practitioners take great efforts on the assessment and control of

both systematic risk and idiosyncratic risk [210], which is also of vital importance

in FinRL evaluation.

Universality. The financial market is a complex ecosystem that involves innumer-

able assets, countries, time-scale and trading styles. Universality tries to evaluate

FinRL’s ability to achieve satisfied performance (e.g., better than market average)
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in various quantitative trading scenarios. Designing FinRL methods with better

universality [7] is in line with popular machine learning topics such as transfer

learning [211] and meta learning [212].

Diversity. In finance, diversification refers to the process of allocating capitals in

a way that reduces the exposure to any one particular asset or risk. As Markowitz

(Nobel Laureate in Economics) said [213], diversity is the only free lunch in investing

that plays an indispensable role on enhancing profitability and risk-control. In

RL community, diversity is widely used to encourage exploration [214]. This axis

of PRUDEX-Compass tends to address the lack of diversity evaluation of FinRL

methods.

Reliability. RL methods have the tendency to be highly variable in performance

and sensitive to many factors such as random seeds [156] and market stationarity

shift across time [215]. This variability issue hinders a reliable method and can be

costly or even dangerous for high-stake applications such as quantitative trading.

This axis introduces techniques on RL reliability evaluation [158, 159] with a focus

on quantitative trading.

Explainability. Psychologically speaking, if the users do not trust a model, they

will not use it [216]. Explainability generally refers to any technique that helps users

or developers of models understand why models behave the way they do. In FinRL,

it can come in the form that tells traders which model is effective under what

market conditions or why one trading action is mistaken and how to fix it. Rigorous

regulatory requirements in financial markets further enhance its importance for

model debugging [217], monitoring [218] and audit [217].

7.2.2 Measures of PRUDEX-Compass

As the inner star plot contextualizes macroscopic axes of FinRL evaluation, the

outer measure-level places emphasis on detailed evaluation setup and metrics. In

essence, a mark on the measure-level indicates that a method practically reports

corresponding measures in its empirical investigation, where more marks indicate

a more comprehensive evaluation. We list the 17 measures on the outer level of

the PRUDEX-Compass in Table 7.1 with brief descriptions. In addition, we leave

measures of FinRL explainability as future work due to the lack of FinRL algorithms
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with solid design of explainability. We conduct literature review on RL explainability

and point their potential application in FinRL as follows. DSP [219] is proposed to

discover symbolic policy with expert knowledge. Differentiable decision trees are

incorporated into RL for better explainability [220]. Another line of works tries to

discover interpretable features with techniques such as self-supervised learning [221]

and adversarial learning [222]. Open-XAI [223] offers a comprehensive open-source

framework for evaluating and benchmarking post hoc explanation methods. We plan

to incorporate suitable evaluation methods, i.e., LIME [216] and SHAP [224], from

Open-XAI into PRUDEX-Compass with customized adoption on decision-based

FinRL methods.

7.2.3 Creating a PRUDEX-Compass

To make the PRUDEX-Compass as accessible as possible and disseminate in a

convenient way, we provide two options for practical use based on the template

provided in CLEVA-Compass [202].

• We provide a LaTeX template for PRUDEX-Compass, making use of the

TikZ library to draw the compass with. We envision that such a template

makes it easy for readers to include a compass into their future research, where

they can adapt the naming and values of the entries respectively.

• We further provide a Python script to generate the PRUDEX-Compass. In

fact, because the use of drawing in LaTeX with TikZ may be unintuitive for

some, we have written a Python script that automatically fills above LaTeX

template, so that it can later simply be included into a LaTeX document. The

Python script takes a path to a JSON file that needs to be filled by the user.

There is a default JSON file that is easy to adopt.

7.2.4 Computing Scores for PRUDEX-Compass Axes

We introduce how the value of each axe for each FinRL method is computed in

this subsection. The basic principle is to propose a distinguishable and robust way

to show the performance difference of FinRL methods across multiple evaluation

measures in terms of each axe. Generally speaking, we normalize the performance
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Table 7.1: Brief summary of evaluation measures in outer level of PRUDEX-
Compass: Profitability, Risk-control, Universality, Diversity, rEliability, and
eXplainability.

Axes Measures Descriptions

P

Profit A class of metrics to assess FinRL’s ability to gain market capital.

Alpha Decay
Loss in the investment decision making ability of FinRL methods
over time due to distribution shift in financial markets [225].

Equity Curve A graphical representation of the value changes over time.

R

Risk A class of metrics to assess the risk level of FinRL methods [226].

Risk-adjusted
Profit

A class of metrics that calculate the normalized profit with regards
to different kinds of risks, i.e., volatility and downside risk [227].

Extreme
Market

The relative performance of FinRL methods on extreme market
condition during black swan events [228] such as war and covid-19.

U

Country
Financial market across both developed countries (e.g., US and
Europe) and developing countries (e.g., China and India).

Asset Type Various financial asset types, i.e., stock, future, FX and Crypto

Time-Scale
Both coarse-grained (e.g., day level) and fine-grained (e.g., second
level) financial data to match different trading styles.

D

t-SNE
A statistical visualization tool to map high-dimensional time-series
data points into 2-D dimension [229] to assess the data-level diver-
sity.

Entropy
Entropy-based metrics from information theory [230] to show the
diversity of FinRL methods’ trading behaviors.

Correlation
Metrics that account the correlation [231] between financial assets
to assess the diversity of FinRL methods.

Diversity
Heatmap

A visualization tool to demonstrate the diversity of investment
decisions among different financial assets with heatmap [232]

E

Performance
Profile

A visualization of FinRL methods’ empirical score distribution
[233], which is easy to read with qualitative comparisons.

Variability
The performance standard deviation across different random seeds
and hyperparameters [156].

Rolling
Window

Using rolling time window to retrain or fine-tune FinRL methods
and evaluate the performance on multiple test periods [16].

Rank
Comparison

A visualization toolkit to show the rank of FinRL methods across
different metrics, which will not be dominated by extreme values
[158].

X -
We discuss current status and highlight promising further direc-
tions.

of different measures on the 6 axes to a score from 0 to 100. We mark market

average strategy (evenly invest on all assets) as 50. All scores are calculated

with the average of 4 financial markets. We define the metrics value for FinRL

methods and market average as mrl and mave, respectively. For the 4 profit-related

metrics (TR, SR, CR, SoR), we normalized them into a score Spro with range
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[0, 100]: Spro = (mrl/mave−0.8)∗250, where 20% higher profit than market average

is scored 100. We clip values lower than 0 and higher than 100 as 0 and 100,

respectively. For the 2 risk metrics (Vol, MDD), we normalized them into a score

Srisk with range [0, 100]: Srisk = (1.2−mrl/mave) ∗ 250, where 20% lower risk than

market average is scored 100. We clip values lower than 0 and higher than 100 as 0

and 100, respectively.

For universality, we directly use the raw return rate and calcualte the 4 indicators

of profitability, we then plot a rank graph and for each measures of profitability, we

multiply the probability obtained from the rank matrix and the rankscore(if it’s

1st, the score is 100 and if 6th, the score is 0) to get a score for that measure. Then

we average the 4 measures together to get the university score for that algorithm.

For the 2 diversity metrics (ENT, ENB), we normalized them into a score Sdiv:

Sdiv =

mrl/mave × 100, for ENT

mrl/mave × 50, for ENB

where the diversity of uniform policy is scored 100 for ENT and 50 for ENB.

For explainability, we set the explainability score 50 for all FinRL methods. For

reliability, we use the total return rate score we just normalized using average policy

as a indicator and draw a performance profile graph, then we use the area under the

curve for each algorithm to calculate the reliability. The constants in the equations

(e.g., 20%) are applied to make the plot distinguishable and easy to follow, which

does not influence the robustness of axes in PRUDEX-Compass.

7.3 Demonstrative Usages of Evaluation Toolkits

In this section, we conduct experiments on portfolio management with real-world

datasets of 4 influential financial markets to demonstrate the usage of PRUDEX-

Compass and related evaluation toolkits. In section 7.3.1, we show how different

investors can get a general impression on FinRL algorithms’ performance with

PRUDEX-Compass. Moreover, we provide example usage of other evaluation

toolkits with a focus on one particular perspective including: i) t-SNE plot to

show data-level diversity, ii) PRIDE-Star to report the performance of 8 point-

wise financial metrics for evaluating profitability, risk-control and diversity, iii)



Chapter 7. PRUDEX-Compass: A Systematic Evaluation Benchmark 93

performance profile and rank distribution plot as unbiased and robust measures

towards reliable FinRL methods, iv) portfolio diversity heatmap to evaluate the

decision-level diversity, v) extreme market scenarios with black swan events to eval-

uate the risk-control and generalization ability of FinRL algorithms. In particular,

investors can either use these evaluation toolkits together with PRUDEX-Compass

to pursue a systematic evaluation or as an independent measure with a focus on

the perspective they care about.

7.3.1 A General Impression with PRUDEX-Compass

As shown in Figure 7.1, we fill the PRUDEX-Compass based on the experimental

results of the 8 FinRL methods. For axis-level, it directly illustrates the relative

performance of each method in terms of 6 axes to provide a general impression. We

normalized the score into 0 to 100 with 50 as the market average. For explainability,

all methods are scored 50 as we leave it as future direction. AlphaMix+ performs

best in all 5 remaining axes. Specifically, it outperforms other FinRL methods

53% and 43% in universality and diversity, respectively, which demonstrates the

effectiveness of the weighted Bellman backup and diversified bootstrap initialization.

For measure-level, we give a mark if one measure is used in the evaluation of the

FinRL methods, the goal here is to show how comprehensive the methods are

evaluated. Together with all measures we proposed, AlphaMix+ clearly has a

more rigorous evaluation, which makes the results more trustworthy. Arguably,

PRUDEX-Compass provides a compact visualization to evaluate FinRL methods

that is much better than only looking at a result table of different metrics especially

when lots of FinRL methods are involved. In other words, the compass highlights

the required subtleties, that may otherwise be challenging to extract from text

descriptions, potentially be under-specified and prevent readers to misinterpret

results based on result table display. With PRUDEX-Compass, users can flexibly

pick suitable methods with regards to their personal interests. Conservative traders

may prefer methods with a relative stable profit rate and low risk. Aggressive

traders may pay more attention on profitability, as they are willing to take high

risk to pursue extremely high profit. For international trading firms, they may have

high expectation on universality and diversity.
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China US FX Crypto

Figure 7.2: t-SNE market visualization.

7.3.2 Visualizing Financial Markets with t-SNE

Even though it is a wide consensus that different financial markets share different

trading patterns [234], there is a lack of visualization tool to demonstrate how

different are these markets. To show data-level diversity of evaluation, we use t-SNE

[229] here to map all 4 datasets into a 2-D dimension plot with the 11 features

described in Table 2.2 as the input. To avoid overlapping in financial data, we pick

a data point every 30 time step for each asset across 4 financial markets. Each

data point corresponds to the value vector of 11 features at each time step, where

necessary temporal information is maintained. In Figure 7.2, the US stock and FX

datasets lie in the lower left and upper right corner, respectively, as a whole cluster,

which is consistent with their status as relative mature and stable markets [235].

For China stock and the Crypto, data points are scattered with more outliers that

demonstrate their essence as emerging and violate markets [236]. The t-SNE plot

is useful to provide an intuitive expression on the data-level diversity of different

markets while evaluating FinRL methods.

7.3.3 Evaluating Profitability, Risk-Control and Diversity

As the evaluation measures for Profitability, RIsk and DivErsity (PRIDE) are

point-wise metrics with real number values, we use the PRIDE-star, which is a

star plot to show the relative strength of 8 metrics including 1 profit metrics: total

return (TR), 2 risk metrics: volatility (Vol) [226] and maximum drawdown (MDD)

[227], 3 risk-adjusted profit metrics: Sharpe ratio (SR) [237], Calmar ratio (CR) and

Sortino ratio (SoR), and 2 diversity metrics: entropy (ENT) [238] and effect number
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of bets (ENB) [231]. We report the overall performance across the 4 financial

markets of the 6 FinRL methods in Figure 7.3, where the inner circle represents

market average. In general, AlphaMix+ performs best in the PRIDE-Star plot. In

addition, AlphaMix+ outperforms the second best by 25% in terms of ENT that

shows the effectiveness of the boostrap with random initialization component in

AlphaMix+.
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Figure 7.3: Overall performance across 4 financial markets on PRIDE-Star to
evaluate profitability, risk-control and diversity, where AlphaMix+ achieves the
best performance in 7 out of 8 metrics.
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Figure 7.4: (a) Performance profile of total return score distributions across 4
financial markets. Shaded regions show pointwise 95% confidence bands based
on percentile bootstrap with stratified sampling. (b) Rank distribution in terms
of TR, SR, Vol and ENT across 4 financial markets.
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7.3.4 An Unbiased Approach to Report Performance

The performance profile [158] reports the score distribution of all runs across the

4 financial markets that are statistically unbiased and more robust to outliers

compared to the widely-used mean performance. Performance profiles proposed

herein visualize the empirical tail distribution function of a random score (higher

curve is better), with point-wise confidence bands based on stratified bootstrap

[239]. A score distribution shows the fraction of runs above a certain normalized

score that is an unbiased estimator of the underlying performance distribution. As

shown in Figure 7.4a, AlphaMix+ is generally a robust but conservative FinRL

methods that shows the least bad runs, which makes it an attractive option for

conservative investors that care more about risk. However, radical investors may

pick SAC as it has the largest probability of achieving score 100, which indicates a

return rate higher than twice the market average.

7.3.5 Rank Distribution to Demonstrate the Rank of FinRL

methods

In Figure 8.3, we plot the rank distribution [158] of 8 FinRL methods in terms of

TR, SR, VOL and Entropy across 4 financial markets with results of 5 random seeds

in each market. The i-th column in the rank distribution plot shows the probability

that a given method is assigned rank i in the corresponding metrics. For x-axis,

rank 1 and 8 indicate the best and worst performance.4 For y-axis, the bar length

of a given method on a given metric with rank i corresponds to the % fraction of

rank i it achieves across the 4 financial markets, 3 test periods and 5 random seeds

(4 × 3 × 5 = 60 in total), i.e., if the rank 1 column of TR is purely red, it indicates

AlphaMix+ achieves the highest TR in all random seeds across 4 financial markets.

For TR and SR, AlphaMix+ slightly outperforms other methods with 27% and

35% probability to achieve top 2 performance. For Vol, SAC gets the overall best

performance while AlphaMix+ goes through higher volatility. For ENT, AlphaMix+

significantly outperforms other FinRL methods with over 56% probability for rank

1, which demonstrates its ability to train mixture of diversified trading experts.

4For TR, SR and entropy, higher values indicate better performance. For VOL, lower values
indicate better performance
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Figure 7.5: Heatmap of average portfolio on China stock market.

7.3.6 Visualizing Strategy Diversity with Heatmap

To demonstrate the overall investment diversity of FinRL methods, we show the

average portfolio across the test period as a heatmap in Figure 7.5. Formally, we

define the average portfolio as w̄:

w̄ = [

∑t+h
j=t w

0
i

h+ 1
,

∑t+h
j=t w

1
i

h+ 1
, ...,

∑t+h
j=t w

M
i

h+ 1
] (7.1)

where M+1 is the number of portfolio’s constituents, including cash and M financial

assets. wi
t represents the ratio of the total portfolio value invested at time t on asset

i, h represents the length of the evaluation period and w0
t represents cash.

For IMIT, it puts all capital in one or two assets. The portfolio of SARL and EIIE

is not that diversified with near 0 weight on many assets more (red). For A2C, DT,

PPO and SAC, the portfolio is closed to uniform, which is not desirable due to

poor profitability. Our AlphaMix+ achieves an ideal investment portfolio, which is

generally diversified and allocate more weights on a few bullish stocks.

7.3.7 The Impact of Extreme Market Conditions

To further evaluate the risk-control and reliability, we pick three extreme market

periods with black swan events. For China stock market, the period is from February

1st to March 31st 2021 when strict segregation policy is implemented in China to

fight against the COVID-19 pandemic [240]. For US stock market, the period is

from March 1st to April 30th 2020, when the global financial markets are violate

due the global pandemic of COVID-19 [241]. For Crypto, the period is from April

1st to May 31st 2021 when many countries posed regulation against Crypto oligarch.
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To report the results of different metrics with different numerical value scale, we

normalize them into a score mscore as follows:

mscore = (mave/|mave|)(mrl/mave − 1) ∗ k + 1 (7.2)

We define the metrics value for FinRL methods and market average as mrl and

mave, respectively. k is a scale parameter.

In Figure 7.6, we plot the bar chart of TR and SR during the period of extreme

market conditions. As a conservative method, AlphaMix+’s performance is unsat-

isfactory in extreme market conditions, which proves the general consensus that

radical methods such as DeepTrader (DT) and SARL are more suitable for extreme

markets [242]. Analyzing the performance on extreme market conditions can shed

light on the design of FinRL methods, which is in line with economists’ efforts on

understanding the financial markets. For instance, incorporating volatility-aware

auxiliary task [12] and multi-objective RL [243] in AlphaMix+ may further make it

be aware of extreme market conditions in advance and behave as a profit-seeking

agents to achieve better performance during extreme market conditions.
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Figure 7.6: Performance of FinRL methods during extreme market conditions.

7.4 Discussion

Complementary Related Efforts. Apart from the above aspects described

in PRUDEX-Compass, there also exist several orthogonal perspectives for FinRL

evaluation, which encompass a check-list [244] for quantitative experiments, the

construction of elaborate dataset sheets [245], and the creation of model cards [246].

We stress that these perspectives remain indispensable, as novel datasets and their

variants are regularly suggested in FinRL and the PRUDEX-Compass does not

disclose intended use with respect to human-centered application domains, ethical
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considerations, or their caveats. We believe that it is best to report both the prior

works and PRUDEX-Compass together to further improve the evaluation quality.

Potential Impact. For FinRL community, PRUDEX-Compass can serve as i) a

systematic evaluation toolkit; ii) a benchmark for comprehensive comparison of

FinRL methods and iii) a standard code base for future design and development of

novel FinRL algorithms. We hope that PRUDEX-Compass could encourage both

researchers and financial practitioners to avoid fooling themselves by evaluating

FinRL methods in a systematic way and facilitate the design of stronger FinRL

methods. While accounting for all elements in PRUDEX-Compass is not a panacea,

we believe it is a good start with more trustworthy results for the community

and further increase the confidence for real-world industry deployment. For RL

community, PRUDEX-Compass introduces a new challenging scenario with different

evaluation axes for the test of novel RL algorithms in financial market. For FinTech

community, this work enables industry practitioners with limited RL background

to easily explore the potential of RL in different FinTech scenarios. In addition,

the usage of PRUDEX-Compass is not limited in RL settings, most elements of

PRUDEX-Compass can be easily generalized to supervised learning settings with

broader impact.

Future Plans. We plan to improve PRUDEX-Compass from the following perspec-

tives: i) For axis-level, we plan to explore the evaluation of FinRL explainability

with measures and plots; ii) For measure-level, we plan to include metrics to evaluate

alpha decay and more metrics, e.g., optimality gaps, for profits and risks; iii) To

further improve the accuracy and reliability of PRUDEX-Compass, we plan to cus-

tomize existing scientific and non-exploitative RL evaluation procedures [160] into

FinRL domains for the normalization and summarization of experimental results.

iv) For a comprehensive evaluation under different market stationarity assumptions,

we plan to add one toolkit to automatically categorize market into different styles

(e.g., bull/bear) and evaluate the performance of FinRL methods under different

styles. Furthermore, there can be a data-driven simulator to generate unseen

stylized data for further evaluation; v) For visualization, we plan to further develop

a GUI software version accompanied with a website to further lower the barrier for

dissemination and use; vi) As most axes and measures in PRUDEX-Compass are

also key points for non-RL trading scenarios, we plan to bring PRUDEX-Compass
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into more general machine learning settings with implementations and results of

non-RL methods for broader impact.

Hosting, Maintenance, Licensing. The PRUDEX-Compass datasets are hosted

on Google Drive. The authors will provide important bug fixes to the community

as commits to the GitHub repository. There will be summary of changes to the

code and the datasets in the README web page of the GitHub repository. In

the unlikely case that the Google Drive link stops operating, we will migrate the

dataset to another hosting and announce the new links in the GitHub repository.

The provided source code and dataset are copyrighted by us and under the MIT

license. Users have the permission to reuse the codes for any purpose.

7.5 Chapter Summary

In this chapter, we design a systematic evaluation benchmark on RL for fianncial

trading called PRUDEX-Compass. It includes 6 axes with a total of 17 measures

for systematic evaluation of RL methods. In addition, we evaluate 8 widely used

FinRL methods on 4 long-term real-world datasets on popular trading tasks to

demonstrate the usage of PRUDEX-Compass and the superiority of AlphaMix+.

Accompanied with an open-source library5 of datasets, baseline implementation,

RL environment and evaluation toolkits, we call for a change in how we evaluate

FinRL methods to facilitate the industry deployment of FinRL methods. Moreover,

PRUDEX-Compass also provides the RL community new algorithm evaluation

scenarios to test the effectiveness of novel RL algorithms in the ever-changing

financial markets.

5https://github.com/TradeMaster-NTU/PRUDEX-Compass



Chapter 8

A Holistic Trading Platform

Empowered by Reinforcement

Learning

8.1 Introduction

With the increasing accessibility of financial data [16] and the development of

RL techniques [54, 153–155], FinRL has made great strides in offering profitable

financial trading models [1] in recent years. From an algorithmic perspective,

many FinRL algorithms are proposed for core quantitative trading tasks such

as portfolio management [4, 5, 92, 93], algorithmic trading [2, 3, 12], and order

execution [6, 7, 247], respectively. In addition, a plethora of research has tried to

address other key problems alongside the FinRL pipeline, including preprocessing

financial data [21, 248], alpha discovery [249, 250], market simulation [22, 251, 252],

systematic evaluation [194] and online deployment [16]. However, the vast majority

of existing works are formulated, addressed and implemented separately, resulting

in a stylized range of methods with limited acknowledgement on the complexities

and interdependencies in the FinRL pipeline (as a composite). This leads to an

often punishing translational barrier between state-of-the-art FinRL research and

investors’ usage of RL techniques to earn real financial benefits [1, 16, 253].

Three Challenges. To facilitate FinRL research and their industry deployments,

we call for a holistic platform for the design, development and evaluation of FinRL

101
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applications. Specifically, due to the ever-changing nature of financial markets [254]

and high performance variability of RL [156], managing real-world FinRL workflows

is non-trivial with the following three challenges:

• First and foremost, the engineering problem is that building sophisticated FinRL

pipelines requires significant upfront efforts. For an immature domain (e.g.,

FinRL), it is common to spend over 90% of work on implementation details and

less than 10% of work on core technical questions [20]. As an FinRL researcher,

it is seldom the case that enough resources are available to build a high quality

code base of the complete FinRL workflow. As a result, a holistic platform that

encapsulates all major components of FinRL with comprehensive support of

mainstream settings and state-of-the-art algorithms is highly desirable for both

academic researchers and industry practitioners.

• Second, the benchmarking problem is that the performance of any component

depends on its context. For instance, the profitability of an FinRL algorithm

is intimately tied to the features used to train RL agents [249] and the market

status during evaluation [17]. However, existing works typically examine the

merits of each component individually and arbitrarily configure surrounding

settings for only ensuring ”all else equal” conditions, which lead to inconsistent

reporting of revenues with no general consensus on the relative strength of popular

FinRL methods [1]. A reproducible empirical benchmark that honestly reflects

interactions of FinRL components is urgently needed.

• Third, the usability problem is incurred by the complexities of FinRL, which

requires extensive interdisciplinary knowledge to be properly optimized and

maintained in practice. Specifically, many knobs (e.g., hyperparameters) need

to be tuned for FinRL methods [255] and regular maintenance (e.g., model

retraining with up-to-date market data) is unavoidable due to the significant

temporal distribution shift of financial markets [256]. These difficulties are usually

insurmountable obstacles for non-expert users (e.g., individual investors) and

hinder the wide utilization of FinRL methods. A user-friendly platform where the

whole process is highly automated with excellent user interfaces is indispensable

for this domain.
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Contributions. In this chapter1, TradeMaster is proposed to tackle the above

three challenges in one unified FinRL platform with the following contributions: i)

As a software toolkit, it offers open-source implementations of the whole FinRL

workflow including 13 real-world financial datasets, high-fidelity RL environments for

6 mainstream quantitative trading tasks, 15 popular FinRL algorithms and dozens

of tools for systematic evaluation and visualization. This modular and composable

structure enables fast development and decrease the cost of collaboration and

code-sharing. ii) As an empirical benchmark, it provides rigorous comparison of

state-of-the-art FinRL algorithms to determine their effectiveness across different

tasks, financial markets and evaluation metrics. The standardized pipelines of

TradeMaster ensure that the comparison is transparent, fair and reproducible.

iii) As a user interface, TradeMaster provides multiple options for practical use:

an open-source Github repository, a Python package, an online web service with

graphical user interface (GUI), multiple Jupyter Notebook tutorials and a cloud

version using Colab. In addition, we customize advanced AutoML techniques

into TradeMaster to finish many key steps of FinRL (e.g., feature engineering and

hyperparameter tuning) in an automatic way. These efforts significantly improve the

usability of TradeMaster and make it accessible for users with various background

and investment goals.
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Figure 8.1: Overview of the TradeMaster platform, which includes six key
components for FinRL.

1This chapter has been published in [257].
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Figure 8.2: MDP formulation in FinRL

8.2 Quantitative Trading as a Markov Decision

Process

As shown in Figure 8.2, we formulate quantitative trading tasks as a Markov

Decision Process (MDP) following a standard RL scenario, where an agent (investor)

interacts with an environment (the financial markets) in discrete time to make

actions (investment decision) and get reward (profits). Formally, we define the

MDP as a 6-tuple: (S,A, P, R, γ,H). Specifically, S is a finite set of states. A
is a finite set of actions. P : S × A × S −→ [0, 1] is s state transition function,

which consists of a set of conditional transition probabilities between states. R :

S × A −→ R is the reward function. γ ∈ [0, 1) is the discount factor and H

is a time horizon indicating the length of the trading period. A (stationary)

policy πθ : S × A −→ [0, 1], parameterized by θ, assigns each state s ∈ S a

distribution over actions, where a ∈ A has probability π(a|s). During training,

one episode corresponds to making investment decisions at each time step through

one whole trading period. The objective of the agent is to learn an optimal policy

(investment strategy) that maximizes the expected sum of discounted reward (overall

profit): πθ∗ = argmaxπθ
Eπθ

[∑T
i=0 γ

irt+i | st = s
]
. We further describe details on

the definition of S, A, R and P in existing works as follows:

State Space (S): A state represents RL agents’ perception on market status.

Specifically, price information (e.g., open, high, low and close price), trading volume,

technical indicators and snapshot of limit order book are used in existing works

for different trading tasks [5, 7, 12, 95]. In addition, some works feed alternative

data, i.e., financial news [97], prediction of future trend [93], experts’ investment
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behaviors [13] and overall market status [4], into states to further improve the

performance of RL agents. Furthermore, trader’s personal information (e.g., holding

position and remaining cash) is also applied as private state in [12, 64, 247] to help

investment decision making.

Action Space (A): At each time step, the action space represents all possible

actions of RL agents’ investment decisions that vary under different trading tasks

[1]. For single asset trading, the actions are the number of shares to buy/sell

or long/short the asset as used in [2, 3]. For portfolio management, the actions

represent the proportions of capitals allocated into each financial asset as in [4, 5].

For order execution and market making, the actions correspond to a limit order

that shows traders’ desired price and quantity as in [6, 7].

Reward Function (R): Previous works [3, 5, 91] commonly apply the change of

capitals (how much money earned/losed) as the reward function, which is natural

and easy to implement. Many practical constraints such as commission fee and

slippage are further included to be more realistic. In addition, there are also several

alternative options designed for specific settings including Sharpe ratio in [4], the

hindsight reward function in [12] and the binary sparse reward function in [6].

Transition Function (P ) is defined by the financial market progression following

the investment actions. The progression is defined by building realistic data-driven

simulated environment based on real-world financial data following the paradigm in

[22, 258].

Examples of the MDP in FinRL. Considering a simple trading scenario with

only one stock, we obtain pct and pct+1, which denote the close price of the stock at

time t and t+1, from historical data. The action at time t is to buy k shares of the

stock. Then, the reward rt at time t is the account profit defined as k ∗ (pct+1 − pct).

For state, we use historical market data to calculate technical indicators as external

state and investors’ private information such as remaining cash and current position

is applied as internal state. Similar procedures to build RL environments with

historical market data have been applied in many FinRL work [4, 21, 93].

Further Clarification. We would like to highlight that the above descriptions

on the MDP formulation is a general version. As a holistic platform, TradeMaster

covers a wide range of trading scenarios, which is impossible to offer detailed MDP

formulation for each scenario here due to page limit. For readers unfamiliar with
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FinRL, this survey [12] offers a detailed introduction on related terminologies and

detailed MDP formulation of each FinRL task.

8.3 TradeMaster as a Software Toolkit

To provide a high-quality implementation of the complete FinRL workflow, we first

introduce our 3 design principles [253, 259] based on our experience in prototyping

and developing FinRL projects. Then, we discuss details on the six component

modules of TradeMaster as shown in Figure 8.1.

TradeMaster Design Principles

⋆ Pipeline First, Algorithms Second: Due to the strict ”separation of con-

cerns” produced by the high-level API functions of each component, the goal of

TradeMaster is to first enable the proper pipeline functionality, while the intrica-

cies and configurations of individual algorithm choices on the back burner. ⋆ Be

Minimal and Unintrusive: While workflow development needs to be unified and

systematic, we believe learning to use the platform needs to be easy and intuitive.

Concretely, this manifests in the clear code structure and user-friendly interfaces

of TradeMaster that enables easy usage and adoption for different users. ⋆ En-

courage Extension: Since FinRL is an emerging research direction with many

novel methods proposed rapidly, the platform components should be extensible

for the incorporation of new methods. Concretely, TradeMaster encapsulates the

design of functions within each component module with support of easy extension.

Data Sources. We include 13 long-term real-world financial datasets that are

highly diverse in terms of financial assets (e.g., stock, FX, and Crypto), financial

markets (e.g., US and China), data granularity (e.g., day-level and minute-level)

and dataset sizes (e.g., small, medium and large-scale). We summarize statistics of

these datasets in Table 8.1. We host all raw data and corresponding datasheets [245]

accessible for users to download on both Google Drive and Baidu Cloud. We further

offer scripts for calling API data providers, i.e., Yahoo Finance and AKShare, for

users who desire to build personalized datasets. We also plan to further expand our

collection of datasets in future updates.

Preprocessing. We follow the DataOps paradigm [22, 260, 261] in this component

to implement an efficient pipeline for financial data engineering. During data
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Table 8.1: Dataset statistics of market, frequency, asset amounts, size, chrono-
logical period and source

Dataset Market Freq # Assets Size From To Source

DJ30 US Stock 1 day 29 72994 12/01/03 21/12/31 Yahoo
SP500 US Stock 1 day 363 2009568 00/01/01 22/01/01 Yahoo
Russell US Stock 1 day 691 2391650 07/09/26 22/06/29 Yahoo
KDD17 US Stock 1 day 41 149407 07/09/26 22/06/29 Yahoo
ACL18 US Stock 1 day 74 264954 07/09/26 22/06/29 Yahoo
SSE50 China Stock 1 hour 26 134680 16/06/01 20/08/30 Yahoo
HSTech HK Stock 1day 30 60120 88/12/30 23/03/27 AKShare
HSI HK Stock 1 day 72 206866 07/09/27 22/06/29 AKShare

Future Future 5 min 20 20370 23/03/07 23/03/28 AKShare
FX FX 1 day 22 110330 00/01/01 19/12/31 Kaggle

USDCNY FX 1 day 1 5014 00/01/01 19/12/31 Kaggle
Crypto Crypto 1 day 1 2991 13/04/29 21/07/06 Kaggle
BTC Crypto 1 min 1 17113 21/04/07 21/04/19 Binance

cleaning, we offer scripts to remove duplicated data and merge data from different

sources into one unified format. In addition, we apply a conditional score-based

diffusion model [248] to conduct data imputation for missing values. For technical

indicators, TradeMaster supports both a version of 11 features [46, 184] and Alpha

158 [18], which are widely used for research papers [45, 194] and industry scenarios,

respectively. Multiple data normalization methods are supported, where z-score

serves as the default choice. In addition, users can choose to pick a threshold that

filters out valuable features with sufficiently large information coefficient on the

return for feature selection. After preprocessing, the raw data is converted into high

quality ready-to-use data that can be directly used to build realistic data-driven

RL environments.

Environments. We build data-driven market environments with real-world finan-

cial data following the de facto standard of OpenAI gym [22, 201] and the paradigm

in [22, 258]. Each environment has three functions: reset() function that resets

the environment back to the initial state s0; step() function that takes an action

at of the agent and updates state from st to st+1; reward() function computes the

reward value generated by action at. To make the environments more realistic,

we incorporate many practical constraints (e.g.,, transaction costs, slippage and

non-negative balance) for different scenarios. There are also options for leveraging,

short and loss stopping.

Specifically, the current version supports 6 mainstream quantitative trading tasks
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[1]: i) For Crypto trading, investors continuously buy/sell cryptocurrencies (e.g.,

Bitcoin) to make profits. ii) For portfolio management, investors hold a pool of

different financial assets and reallocate the proportion of capitals invested in each

asset periodically to pursue stable long-term profits. iii) For intraday trading,

investors finish the buy/sell or long/short actions within the same trading day

to capture the fleeting intraday opportunities and all positions are sold out on

market price at the end of the day to avoid overnight risk. iv) Order execution is a

micro-level trading task that finish the execution goal within a fixed time horizon

(e.g., selling 10 thousand shares of Apple stock in 20 minutes) and try to minimize

the costs at the same time. v) Market making focuses on providing liquidity of the

market by trading on both buy/sell sides at the same time. vi) High frequency

trading utilizes micro-level information and trades in a high-frequency to capture

the tiny local price fluctuation.

Algorithms. Although there has been extensive works on RL algorithms for

different trading scenarios [4, 7, 12], only a tiny fraction of authors choose to make

their code publicly available due to the intense competitions and zero-sum game

essence in financial markets [262]. As far as we know, TradeMaster is the first

open-source platform that offers standardized implementations of a wide range of

state-of-the-art FinRL algorithms. For algorithms with official source code, we

convert the code into TradeMaster’s code structures following the same networks,

hyperparameters and other details. This condition fits for SARL [93], DeepTrader

[4] and OPD [7]. For other algorithms without publicly available implementations,

we reimplement them and try our best to maintain consistency based on the original

papers. Brief descriptions of FinRL algorithms implemented in TradeMaster are as

follows:

• SARL [93] proposes a state-augmented RL framework, which leverages the

price movement prediction as additional states, based on deterministic policy

gradient [55] methods.

• DeepTrader (DT) [4] is a policy gradient based methods, which leverages both

maximum drawdown and return rate as reward functions to balance between

risk and profit.
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• EIIE [91] is considered as the first deep FinRL method with an ensemble of

identical independent evaluators topology, a portfolio vector memory, and an

online stochastic learning scheme.

• Investor-Imitator (IMIT) [13] is an RL approach that imitates behaviors of

different types of investors using investor-specific reward functions with a set

of logic descriptions.

• DeepScalper (DS) [12] is a risk-aware RL framework for intraday trading,

which contains both micro-level and macro-level market embedding, a hindsight

reward function to capture long-term trend, and a volatility prediction auxiliary

task to model risk.

• ETEO [6] is designed based on the classic proximal policy optimization (PPO)

algorithm for order execution with a sparse reward function and a market

encoder using LSTM.

• OPD [7] is developed based on ETEO [6] and further adds a policy distillation

mechanism to learn from teacher trained based on perfect market information.

Besides advanced FinRL algorithms, TradeMaster also includes 9 efficient customized

implementations of classic RL algorithms based on the widely used RLib library

[263] including PPO [57], A2C [196], Rainbow [264], SAC [14], DDPG [56], DQN

[265], DDQN [266], PG [267], TD3 [268] for various quantitative trading tasks.

Evaluations. To provide a systematic evaluation, TradeMaster offers a plethora

of evaluation measures and visualization tools based on PRUDEX-Compass [194]

to assess FinRL algorithms from 5 axes: profitability, risk-control, universality,

diversity and reliability. Specifically, we implement a range of financial metrics

including profit metrics (e.g., return rate), risk-adjusted profit metrics (e.g., Sharpe

ratio [237]) and risk metrics (e.g., volatility and maximum drawdown). Besides

evaluating on regular point-wise financial metrics, we further provide many robust

measures and evaluation tools to pursue a comprehensive evaluation. For instance,

the performance profile [233] and rank distribution [158] plots are included as

two unbiased and robust measures towards reliable FinRL methods. We apply

t-SNE [229] and heatmap to show data-level and decision-level diversity in different

financial markets. We also provide tools to evaluate FinRL methods under extreme

market conditions with black swan events.
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Interfaces. TradeMaster provides multiple options for practical use. Specifically,

we host an open-source Github repository, build a Python package, serve an online

web service with graphical user interface (GUI)2, offer dozens of hands-on Jupyter

Notebook tutorials for quick start and develope a cloud version using Colab to

improve accessibility. More details on the usage of different user interfaces are

available in Section 8.5.

8.4 TradeMaster as an Empirical Benchmark

Evaluating any algorithm depends on its context. For instance, how well an

FinRL algorithm ultimately performs depends on the choices of many factors

such as datasets, preprocessing and evaluation measures. While current FinRL

works typically seek to isolate individual gains through all-else-equal configurations

in experiments, there is often limited overlap in pipeline configurations across

different studies. To promote transparency and comparability, TradeMaster aims

to serve as a structured evaluation framework by providing a comprehensive FinRL

empirical standard. Next, we describe how we benchmark FinRL algorithms using

TradeMaster with an demonstrative example of portfolio management task on US

stock markets. We first introduce experimental setup and analyze the performance

of FinRL algorithms. To offer a more comprehensive analysis, we further report

the results of an unbiased and robust measure called rank distribution plots and

performance on extreme market conditions with black swan events.

8.4.1 Experimental Setup

We conduct reproducible experiments of the classic portfolio management task on

a stock pool of Dow Jones 30 index using the datasets in Table 8.1 to benchmark

results of state-of-the-art FinRL algorithms. Due to limited space, we briefly

introduce the experimental setup in the following table with red outlines.

2http://trademaster.ai
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Table 8.2: Performance comparison (mean of 5 individual runs) on the US
stock market of 8 FinRL algorithms in terms of 8 financial metrics. Pink and
green indicate best and second best results.

TR(%)↑ SR↑ CR↑ SoR↑ MDD(%)↓ VOL(%)↓ ENT↑ ENB↑

A2C 51.92 0.750 1.510 1.468 32.44 1.373 2.161 1.373
DDPG 56.95 0.800 1.614 1.562 32.37 1.372 2.667 1.265
EIIE 49.66 0.756 1.526 1.468 30.86 1.358 3.368 1.110
IMIT -4.95 0.102 0.240 0.234 50.52 2.078 1.460 2.149
SARL 52.13 0.752 1.544 1.490 32.23 1.420 2.758 1.192
TD3 57.15 0.804 1.616 1.564 32.36 1.373 2.608 1.214
PG 51.17 0.742 1.492 1.452 32.49 1.373 2.146 1.385
PPO 50.99 0.742 1.490 1.450 32.49 1.372 2.136 1.393

8.4.2 Performance Comparison

We report the overall performance of 8 methods in Table 8.2. TD3 achieves the

best profitability with highest values in TR, SR, CR and SoR, while DDPG is also

a good option with slightly lower performance. For RL algorithms designed for

trading (e.g., EIIE, IMIT and SARL), they fail to outperform properly tuned classic

RL algorithms such as TD3 in terms of profitability. For risk-control, EIIE shows

best performance with the lowest MDD and VOL. For diversity measures, EIIE and

IMIT perform the best for ENT and ENB, respectively. The overall performance

of IMIT is much worse comparing to other methods. One possible reason is the

lack of high-quality data of professional investmentors’ behaviors [13]. Generally

speaking, no existing algorithm achieves dominating results on all financial metrics

and there are still vast opportunities to improve in this filed. In addition, we

observe that classic RL algorithms (e.g., DDPG and TD3) still outperform FinRL

trading algorithms with proper hyperparameter tuning in terms of profit-related

metrics (e.g., TR, SR, CR and SoR). At the same time, FinRL algorithms (e.g.,

EIIE, IMIT and SARL) achieve portfolios with better risk-control and diversity,

which demonstrate the effectiveness of the risk-related components. We hope the

reproducible benchmark results from TradeMaster can help researchers easily notice

the relative strength of existing algorithms and inspire the design of new algorithms.
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Figure 8.3: Rank distribution in terms of 4 financial metrics on the US stock
market.

8.4.3 Rank Distribution to Demonstrate the Rank of FinRL

methods

In Figure 8.3, we plot the rank distribution plot [158] of 8 FinRL methods in

terms of TR, SR, VOL and Entropy across 3 test periods with results of 5 random

seeds in each period. It is more robust to outliers comparing to the widely-used

mean performance, where the i-th column in the rank distribution plot shows the

probability that a given method is assigned rank i in the corresponding metrics.

For x-axis, rank 1 and 8 indicate the best and worst performance. For y-axis, the

bar length of a given method on a given metric with rank i corresponds to the %

fraction of rank i it achieves across the 3 test periods and 5 random seeds (3 × 5 =

15 in total). For TR and SR, TD3 slightly outperforms DDPG with 24% and 27%

probability to achieve the best performance. For Vol, EIIE gets the overall best

performance while TD3 goes through higher volatility. For ENT, EIIE significantly

outperforms other methods with 100% probability for rank 1, which demonstrates

its ability to construct portfolios with enough diversity.
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Figure 8.4: Performance of FinRL methods during extreme market conditions.
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8.4.4 The Impact of Extreme Market Conditions

To further provide an evaluation of risk-control and reliability, we pick one extreme

market period with black swan events during testing. In this case, the period is

September 1-30 in 2021, when the US stock market is violate and goes through

the largest decrease after COVID-19 due to the concern on interest rate increase

and the congressional shutdown. In Figure 8.4, we plot the bar chart of TR and

SR during the period of extreme market conditions. The red line indicates the

market average. Classic RL methods (e.g., A2C, DDPG, TD3, PG, PPO) achieves

similar performance comparing to the market average as they have the tendency to

keep conservative during extreme market conditions. In contrast, radical methods

such as EIIE and SARL are more suitable options with better performance [242].

This analysis on extreme market conditions can shed light on the design of FinRL

methods, which is in line with economists’ efforts on understanding the financial

markets. For instance, researchers may incorporate volatility-aware auxiliary task

[12] into the design of FinRL algorithms to make them be aware of extreme market

conditions in advance and behave as a profit-seeking agents during extreme market

conditions.

8.4.5 Demonstrative Usage of the AutoML Component

To compare the results with or without automatic feature generation, we run PPO

& SARL algorithms on DJ30 dataset for 5 epochs. We utilize the OpenFE library

[269] to expand the candidate features using the original technical indicators of the

dataset, and select the top-ranked 10 features as generated features to be appended

to the dataset for the model training and testing. The quantitative results in Table

8.3 mirror the relative improvement of the total return using automatic feature

generation compared to directly training by the base dataset.

Table 8.3: Comparison of results with/without feature generation & selection

Algorithm Feature Generation TR(%) SR VOL(%) MDD (%)

PPO
× 16.42±0.38 1.38±0.03 0.73±0.01 6.73±0.06
✓ 16.60±0.27 1.40±0.03 0.73±0.01 6.72±0.10

SARL
× 17.05±2.07 1.46±0.22 0.73±0.03 6.55±0.44
✓ 17.49±2.95 1.50±0.17 0.72±0.03 6.51±1.01
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8.4.6 Convergence Curve of Different Algorithms

In figure 8.5, we show the convergence curve of all 8 algorithms after training for

10 epochs. It shows that 10 epochs, which corresponds to over 20 years of market

data, is enough for all algorithms to converge. Unlike most algorithms that train

RL agents to make investment decisions directly, IMIT focuses on imitating the

trading behaviors of different experts with two stages. In stage one, IMIT trains

multiple supervised learning trading experts through optimizing various financial

metrics (e.g., return rate and Sharpe ratio). In stage two, IMIT trains RL agents to

construct profitable portfolios by dynamically picking pre-trained experts. The goal

of IMIT’s RL training is to dynamically pick different pre-trained experts under

suitable market status. This is a hard task because the advantage difference among

various experts can be not obvious and usually require lots of efforts to identify.

For instance, one expert with the best return rate can also achieve good Sharpe

ratio at the same time because these two metrics are correlated. As a result, it

takes IMIT more epochs to converge due to the difficulty of the task. The start

point (performance on epoch 0) of IMIT is higher than other algorithms because all

pre-trained supervised learning experts already have reasonably good performance

comparing to other algorithms that start from random portfolios.
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Figure 8.5: Convergence curve of different algorithms for training. All 8
algorithms converge after training epochs, where each epoch goes through 10
years of stock market history.
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Demonstrative Code of TradeMaster Platform
# Load Configuration File
args = parse_args()
cfg = Config.fromfile(args.config)

# Build Environments for Train/Valid/Test
dataset = build_dataset(cfg)
train_env = build_env(cfg, dataset,

default_args=dict(…, task="train"))
valid_env = build_env(cfg, dataset,

default_args=dict(…, task=”valid"))
test_env = build_env(cfg, dataset,

default_args=dict(…, task="test"))

# Setup Network and Optimizer
net = build_net(cfg.act)
optimizer = build_optimizer(cfg,

default_args=dict(…))

# Setup Loss and Transition Function
criterion = build_loss(cfg)
transition = build_transition(cfg)

# Build Reinforcement Learning Agent
agent = build_agent(cfg,default_args=dict(…))

# Build Trainer Based on Environments
trainer = build_trainer(cfg,default_args=dict(

train_env=train_env, valid_env=valid_env,
test_env=test_env, agent=agent))

# The Procedure of Training and Validation
trainer.train_and_valid()

# The Procedure of Testing
trainer.test()

8.5 TradeMaster as a User Interface

In this section, we introduce our efforts to make TradeMaster a great user interface.

First, we show the clean and extendable code structure of TradeMaster with a

demonstrative example. Second, we describe the multiple practical usage options for

users from different background in TradeMaster. Third, we discuss on the AutoML

component to further improve usability.

Demonstrative Code. The code snippet above shows the code of the whole

pipeline in TradeMaster including 8 main steps (green code comments), which is

simple, clean and easy to extend. We first load the configuration file and setup the

environment, network, optimizer, loss and transition function based on it. Then,

we build RL agents and trainer, respectively. Later on, we call train and valid()

function for the training and validation of RL agents. Finally, we call test()

function to test the performance of RL agents on various financial metrics.

Multiple Options for Practical Use. We provide different ways to use Trade-

Master for users with different background and investment goals. First, we host a

Github repository for TradeMaster including source code, update log and supple-

mentary materials. Second, we provide a Colab version of TradeMaster for users

who prefer using cloud computation resources that can run directly. Third, we offer

an online web GUI interface. Users can simply pick the settings they are interested

in. By clicking on the button, they can train and evaluate FinRL algorithms in a

few minutes. This serve as an accessible interface for users with no need on any
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expert knowledge. Fourth, we provide dozens of Jupyter Notebook tutorials for

educational purposes covering key features of TradeMaster.

Improving Usability with AutoML. To achieve decent performance, many

knobs (e.g., features and hyperparameters) need to be properly tuned for FinRL

algorithms [1]. However, this requires in-depth knowledge of RL and coding, which

is an insurmountable obstacle for many users without AI background. To make

TradeMaster more accessible to these users, we implement an AutoML component

[270] to finish the FinRL pipeline in a more automatic way. We aim to provide an

interface that enables existing AutoML implementations to be conveniently plugged

in. Specifically, we support automatic feature generation and feature selection by

customizing the OpenFE [269] library, which firstly generates a set of new features

by combining many useful operator (e.g., +, -, min, max) of raw data and then

efficiently filters out top-ranked features following a synergistic two-stage evaluation

module. In addition, we offer an automatic hyperparameter tuning interface based

on Optuna library [271] that enables automatic search for optimal values of learning

rate, exploration rate and hidden node amounts. We note that the current version

based on [269, 271] shows the effectiveness of AutoML for the FinRL pipeline and

our unified interface design enables easy extension with other advanced AutoML

techniques.

Website GUI Interface. We show an example of using the TradeMaster GUI

online service for training and testing RL agents. As shown in Figure 8.6, users

can pick the task, financial market and RL algorithm by clicking the corresponding

buttons. Later on , we click on the ”train” button to start the session for training.

The backend server will automatically call the functions to train and test the RL

algorithms. The final results are shown in Figure 8.7. We believe the TradeMaster

GUI online service is accessible to all types of users and can further benefit the

wide distribution of TradeMaster.

8.6 Uniqueness of TradeMaster

As shown in Table 8.4, we compare TradeMaster with existing trading platforms

[18, 21] to show its uniqueness as follows: i) while existing platforms claims support

of various markets, they only offers links to many data providers that users have
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Figure 8.6: Experiment configuration page of TradeMaster GUI online service

Figure 8.7: Demonstrative results of training and testing

to write scripts to acquire data flexibly. TradeMaster prepares 13 well-processed

datasets and serve them on Google Drive to be downloaded directly. ii) TradeMaster

covers a wide range of trading scenarios with realistic simulation under practical

constraints. As far as we know, many scenarios (e.g., intraday trading and market

making) are not covered by any existing platforms. iii) TradeMaster provides

high-quality implementations of 9 classic RL algorithms and 7 RL for trading

algorithms, where about half of them is not covered by existing platforms. iv)

TradeMaster include a series of evaluation measures and visualization toolkits

to provide a systematic evaluation instead of pure financial metrics in existing

platforms. v) We build a GUI interface on the official TradeMaster website for users
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without in-depth coding skills to explore the potential of FinRL. vi) We include

an AutoML module for automatic feature selection and hyperparameter tuning to

further improve usability.

Table 8.4: Comparison of TradeMaster and existing trading platforms. #
indicates ”the number of”.

Platform
# financial
markets

# algo
# trading
scenarios

# eval
metrics

# plot
toolkits

GUI AutoML

Qlib [18] 2 1 1 4 - × ×
FinRL [21] 2 8 3 5 - × ×
TradeMaster 13 16 6 10 6

√ √

8.7 Discussion

Potential Impacts. We hope that TradeMaster can facilitate the development of

the FinRL domain with a broad impact on both academic researchers and financial

practitioners. For FinRL researchers, they can rapidly implement and compare their

own methods with a focus on real scientific problems instead of engineering details.

For RL researchers, TradeMaster introduces many challenging trading scenarios for

the test of novel RL algorithms in financial markets. For finance researchers and

individual investors, we can have a taste on RL-based trading methods without

in-depth knowledge of AI and coding. For professional trading firms, TradeMaster

can serve as the code base to enhance their internal trading systems with advanced

RL techniques.

Desiderata. Machines will never fully replace investors’ understanding of the

complex economic world, nor researchers’ effort on designing novel RL algorithms

[253]. TradeMaster enables rapid prototyping, benchmarking and deployment

of FinRL procedures, so that investors concentrate on discovering the essential

laws of financial markets and researchers can spend more time on core technical

challenges. To help grease the wheels, we hope the release of TradeMaster can

facilitate the FinRL research and serve as a bridge between finance and AI for

broader interdisciplinary impact.
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Conclusion and Future Directions

9.1 Conclusion

Reinforcement learning has shown great potential on various financial decision

making tasks. However, there are still many challenges for widely usage of RL in

the finance sector. This thesis systematically examines the challenges of deploying

RL into real-world financial markets with a focus on the three perspectives of

algorithms, evaluation, and software infrastructures.

In Chapter 4, we pay attention to intraday trading, which is one competitive

yet highly profitable setting. We propose a risk-aware RL framework namely

DeepScalper. First, dueling Q-network with action branching is applied to efficiently

train RL agents. Second, we add a hindsight bonus into the reward function to

encourage a long-term horizon of price trend. Third, we design an encoder-decoder

architecture to learn robust market embedding by incorporating both micro-level and

macro-level market information. Finally, volatility prediction is used as an auxiliary

task to help agents analyzing market risk while maximizing profit. Extensive

empirical evaluations on two stock index futures and four treasury bond futures

indicates that DeepScalper significantly outperforms many state-of-the-art methods.

In Chapter 5, we develop a novel three-stage mixture-of-experts framework to

mimic the efficient bottom-up workflow in real-world trading firms for financial

investment. Specifically, we introduce an efficient ensemble learning method to train

multiple trading experts simultaneously with tiny overhead of time and memory.

119
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Then, we conduct model augmentation to construct a pool of diversified trading

experts. Finally, we leverage three different mechanisms, namely as-needed router,

integrated soup and with-replacement selection, to further improve performance by

dynamically routing experts from the expert pool. Extensive experiments on both

China and US stock markets indicate that AlphaMix significantly outperforms many

strong baselines. Further ablation studies show the effectiveness of the proposed

components.

In Chapter 6, we extend the idea of mixture-of-experts into the RL setting. Al-

phaMix+ is proposed as an universal efficient RL framework. Risk-aware Bellman

backup is introduced to reweight Q-values by adopting estimated uncertainty for

risk-control. The idea of bootstrap with random initialization is applied to further

encourage strategy diversity between different trading agents. Extensive experi-

ments show that AlphaMix+ significantly outperforms other baselines with higher

profit, lower risk and better diversity.

In Chapter 7, we develop a systematic evaluation benchmark of RL in finance. The

major motivation is that current evaluation mostly uses profit-related numerical

metrics and ignores many critical axes. We introduce PRUDEX-Compass, which

has 6 axes, i.e., profitability, risk-control, universality, diversity, reliability, and

explainability, with a total of 17 measures for a systematic evaluation. We demon-

strate the usage of the benchmark and related visualization toolkits. We hope this

benchmark can not only shed light on both finance and RL communities.

In Chapter 8, we notice that one bottleneck of FinRL is the lack of software in-

frastructures. We develop a holistic RL-based trading platform that implements

the whole workflow including 13 real-world financial datasets, high-fidelity RL

environments for 6 mainstream quantitative trading tasks, 15 popular RLFT al-

gorithms and dozens of tools for systematic evaluation and visualization. This

modular and composable structure enables fast development and decrease the cost

of collaboration and code-sharing. On the other hand, the platform can also be

used as an empirical benchmark and user interfaces. The platform benefits multiple

communities with over 1.2k stars on Github.



Chapter 9. Conclusion and Future Directions 121

9.2 Future Directions

Even though existing works have demonstrated the success of RL methods on

quantitative trading tasks, this section will point out a few prospective future

research directions. Several critical open issues and potential solutions are also

elaborated.

Advanced RL techniques. The rapid development of RL can benefit financial

decision making. We point out a few possible directions here. First, data scarcity is

a major challenge on applying RL for trading tasks. Model-based RL can speed up

the training process by learning a model of the financial market [99]. The worst-case

(e.g., financial crisis) can be used as a regularizer for maximizing the accumulated

reward. Second, the key objective of quantitative trading is to balance between

maximizing profit and minimizing risk. Multi-objective RL techniques provide

a weapon to balance the trade-off between profit and risk. Training diversified

trading policies with different risk tolerance is an interesting direction. Third, the

severe distribution shift of financial market makes RL-based methods exhibit poor

generalization ability in new market condition. Meta RL and transfer learning

techniques can improve RL based trading models’ generalization performance across

different financial assets or market. Finally, for quantitative trading, learning

through directly interacting with the real market is risky and impractical. FinRL

normally uses historical data to learn a policy, which fits in offline RL settings.

Offline RL techniques can help to model the distribution shift and risk of financial

market while training RL agents.

Alternative data and new trading scenarios. Intuitively, alternative data can

provide extra information to learn better representation of the financial market.

Economic news [122], frequency of prices [112], social media [120], financial events

[272] and investment behaviors [121] have been applied to improve performance of

financial prediction. For RL-based methods, price movement embedding [93] and

market condition embedding [4] are incorporated as extra information to improve an

RL agent’s performance. However, existing works simply concatenate extra features

or embedding from multiple data source as market representation. One interesting

forward-looking direction is to utilize multi-modality learning techniques to learn

more meaningful representations with both original price and alternative data while

training RL agents. Besides alternative data, there are still some important financial
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trading settings unexplored by RL researchers. High frequency trading and pairs

trading are a few examples. High frequency trading aims at capturing the fleeting

micro-level trading opportunities; pairs trading focuses on analyzing the relative

trend of two highly correlated assets.

Enhance with auto-ML. Due to the noisy nature of financial data and brittleness

of RL methods, the success of FinRL methods highly relies on carefully designed

RL components (e.g., reward function) and proper-tuned hyperparameters (e.g.,

network architecture). As a result, it is still difficult for people without in-depth

knowledge of RL such as economists and professional traders to design profitable

RL-based trading strategies. Auto-ML, which tries to design high-quality ML

applications automatically, can enhance the development of FinRL algorithms from

three perspectives: i) For feature engineering, auto-ML can automatically construct,

select and collect meaningful features. ii) For hyperparameter tuning, auto-ML can

automatically search for proper hyperparameters such as update rule, learning rate

and reward function. iii) For neural architecture search, auto-ML can automatically

search for suitable neural network architectures for training RL agents. With the

assistance of auto-ML, FinRL methods can be more usable for people without in

depth knowledge of RL. We believe that it is a promising research direction to

facilitate the development of FinRL methods with auto-ML techniques.

Realistic simulation. High-fidelity simulation is the key foundation of RL methods’

success. Although existing works take many practical constraints such as transaction

fee [273], execution cost [5] and slippage [3] into consideration, current simulation is

far from realistic. The ubiquitous market impact, which refers to the effect of one

trader’s actions to other traders, is ignored. For leading trading firms, their trading

volume can account for over 10% of the total volume with a significant impact of

other traders in the market. As a result, simulation with only historical market

data is not enough. There are some research efforts focusing on dealing with the

market impact. Spooner et al. [43] tried to take market impact into consideration

for market making with event-level data. Byrd et al. [274] proposed Aides, an

agent-based financial market simulator to model market impact. Vyetrenko et al.

[275] made a survey on current status for market simulation and proposed a series

of stylized metrics to test the quality of simulation. It is a very challenging but

important research direction to build high-fidelity market simulators.
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Solid benchmark and software infrastructures. In Chapter 7 and 8, we

highlight the importance of evaluation benchmark and software platform for research

on RL-based financial decision making. There is large space to improve and

we offer some options here. For evaluation, current algorithms are tested on a

fixed period of time, it will be very useful to build a tool for automatic market

style categorization. Then, we can see algorithms’ performance under different

market style. Explainability is another direction to explore for understanding RL’s

performance. For software platforms, TradeMaster build a pipeline but can be

improved. Distribution RL to accelarate. More state-of-the-art algorithms, more

datasets and technical indicators.
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