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In view of the increasing dynamics and complexity of the financial market, traditional quantitative
investment models are difficult to adapt to the high-frequency and changeable trading environment, while
deep reinforcement learning (DRL) has gradually become a hot topic in portfolio optimization research
with its adaptive decision-making advantages. This study combines the strategy stability of Nearest
Neighbor Strategy Optimization (PPO) with the value evaluation ability of Deep Q Network (DQN),
aiming to solve the problems of large fluctuations in strategy updates and difficult risk-return balance in
dynamic asset allocation. The model combines the clipping mechanism of PPO with the experience replay
of DQN to optimize long-term value prediction and limit the scope of strategy updates based on historical
experience, thereby improving the robustness of investment decisions. The experiment of constructing a
dynamic portfolio based on 15 Chinese A-share stocks (backtest period 2020-2025) shows that the
cumulative return of the improved PPO algorithm with the introduction of the invalid action shielding
mechanism is 74.8% and the annualized return is 33.7%, which is significantly higher than the original
PPO (annualized only 2.3%). In terms of risk control, the maximum drawdown of the model is 5.85%, and
the annualized Sharpe ratio is stable at 1.555, which is better than the traditional risk parity model
(maximum drawdown of 11.86%). By adjusting the configuration of the neural network hidden layer, the
cumulative return of PPO increased to 33.7% after adding a single hidden layer, which verified the
effectiveness of structural optimization. Compared with traditional machine learning models (such as
random forests), the framework has an annualized return increase of about 12%, and it recovers faster
and is more resilient to risks during periods of extreme volatility. The data was normalized by Z-score
and corrected by 3¢ outliers, divided by 7:1.5:1.5 (rolling window 252 trading days); PPO module with

3-layer fully connected network (128/64/32), =0.95, A=0.9, clipping range [0.8, 1.2]; DQN was used
with a dual network (playback pool 10°, batch size 256, initial £=0.9), combined with 4-head attention

fusion, alternating training for 500 rounds (200 episodes per round, 60 decisions per step), and using
Adam optimization. Research shows that the PPO-DQN synergy framework can continuously optimize
investment portfolios by dynamically weighing returns and risks, providing innovative solutions for smart
financial decision-making.

Povzetek: Hibridni PPO-DQON model za dinamicno alokacijo sredstev v backtestu 2020-2025 bistveno
izboljsa donosnost (74,8 %, 33,7 % letno) in hkrati ohrani nizko najvecje znizanje (5,85 %).

1 Introduction

As the complexity and uncertainty of financial markets
continue to escalate, dynamic portfolio optimization
encounters numerous challenges, including high-
frequency trading, nonlinear correlations, and abrupt
market shifts [1]. Traditional quantitative models, rooted
in linear assumptions and static rules, struggle to capture
the multi-scale fluctuation characteristics of asset prices,
particularly during extreme market conditions, where
they are prone to strategy failure or uncontrolled risk
exposure [2, 3]. The advent of deep reinforcement
learning (DRL) technology has ushered in an intelligent
investment framework that employs adaptive strategies,

emerging as a new paradigm for tackling this challenging
issue [4]. Within this framework, the synergistic
innovation of proximal policy optimization (PPO) and
deep Q-network (DQN) presents a novel approach to
dynamic asset allocation, one that considers both strategy
stability and valuation capabilities [5].

The evolution of financial markets exhibits the
distinct characteristics of complex systems [6, 7]. Stock
price series display a fractal structure and chaotic
attractors, making it difficult for traditional time series
models to accurately depict their long-term dependencies
and nonlinear fluctuations [8]. Furthermore, the
heterogeneous behavior of market participants and their
interconnected interactions compound the system's
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complexity. Phenomena such as the emotional contagion
spread by social media and the herding behavior of
institutional investors can trigger sudden shifts in market
states [9, 10]. Against this backdrop, traditional rule-
based quantitative strategies reveal two significant
limitations: firstly, the manually curated factor libraries
struggle to encompass the hidden correlations within
high-dimensional data, resulting in models that are
insufficiently adaptable to shifts in market structure;
secondly, the rigid threshold risk control mechanisms can
easily lead to over-trading or strategy passivity during
extreme market fluctuations. For instance, the classic risk
parity model experienced a maximum drawdown
exceeding 30% during the US stock market circuit
breaker event in 2020, highlighting the vulnerabilities of
static parameter systems.

In response to the above problems, the collaborative
framework integrating PPO and DQN shows unique
advantages. PPO algorithm limits the update range of
policies through the shearing mechanism, constrains the
KL divergence of the old and new policies in the stable
interval, and effectively avoids the risk of policy
collapse [11]. The innovation of this framework is also
reflected in the targeted design of the particularity of
financial data. Given the market state's high
dimensionality and partial observability, the model
adopts a dual neural network architecture's actor network,
which generates dynamic weight allocation strategies. In
contrast, the Critic network combines attention
mechanisms to extract multi-scale market characteristics.
It is worth noting that this framework is deeply
compatible with the intrinsic characteristics of complex
financial systems [12]. As a typical dissipative system,
the interaction between the financial market's energy
input (such as monetary policy) and entropy increase
process (such as information diffusion) gives birth to a
persistent non-equilibrium state [13]. In the dynamic
portfolio optimization scenario, the unbalanced evolution
of the market presents complex and changeable
underlying patterns, which are often affected by multiple
factors such as macroeconomic fluctuations, industry
policy adjustments, and changes in market sentiment, and
have obvious time-varying and non-linear characteristics.
The PPO-DQN collaborative model can break through
the limitations of a single time dimension and
dynamically evaluate the return performance and risk
level of the portfolio at different time scales through the
calculation of the multi-time step advantage function.
Specifically, this function comprehensively considers the
immediate returns brought by short-term market
fluctuations, the phased returns formed by medium-term
industry trends, and the fundamental returns determined
by the long-term economic cycle, while taking into
account the risk factors at different time stages, so as to
more comprehensively capture the hidden patterns in the
process of non-equilibrium evolution that gradually
emerge over time. This multi-dimensional pattern capture
capability enables the model to grasp market dynamics
more accurately, providing strong support for adaptive
adjustment of dynamic portfolios, thereby improving the
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optimization effect of portfolios in complex market
environments.

With the deepening and development of digital
financial ecology, the association between high-
frequency alternative data and complex networks is
reshaping the underlying logic of investment decision-
making [14, 15]. The PPO-DQN collaborative
framework can reveal hidden risk transmission paths that
are difficult to capture by traditional factor models by
integrating graph neural networks (GNN) to model cross-
asset correlations. For example, when building a multi-
asset portfolio, including stocks, bonds, and commodities,
adjusting position allocation based on network centrality
indicators shows stronger risk resistance in stress tests.
This technology integration not only promotes the
innovation of a quantitative investment paradigm but also
provides a computational, experimental platform for
understanding the micro-mechanism of the financial
system, making it possible to model complex systems
from bottom to top.

The core questions of this study include: Can the
PPO-DQN collaborative framework improve risk-
adjusted returns in volatile markets? Does its integration
mechanism address the high volatility of a single PPO
strategy and the insufficient long-term forecasting of a
single DQN? The environment is based on the CSI 300
constituent stocks and macro indicators from 2015 to
2024, backtesting from 2020 to 2025, with a rolling
window (252 trading days) used to divide the dataset
(7:1.5:1.5); the state is a high-dimensional vector that is
standardized and corrected for outliers, the action is the
continuous adjustment of the asset allocation weights
(granularity 0.1%), and the reward is centered on
maximizing the Sharpe ratio; PPO uses a 3-layer fully
connected network (128/64/32), y=0.95, 2=0.9, clip range
[0.8, 1.2], while DQN employs a double network, with a
replay pool of 1076, a batch size of 256, ¢ starting at 0.9.
The two are fused through 4-head attention; training
alternates, with 500 iterations (200 episodes per iteration,
60 decisions per step), using Adam optimization (5e-4),
including invalid action masking, double experience
replay, and priority sampling, early freezing of the value
network, and later joint optimization; convergence is
based on Lyapunov theory, constraining KL divergence,
monitoring Bellman error and relative entropy, switching
to conservative updates when exceeding a threshold,
ensuring reproducibility.

Compared with the current mainstream deep
reinforcement learning (DRL) portfolio model, such as
the lack of exploration of the pure PPO model and the
weak generalization of the high-dimensional state space
faced by the pure DQN model, the PPO-DQN
collaborative framework proposed in this paper uses a
dynamic division of labor between two agents: PPO is
responsible for refined strategy iteration to ensure income
stability, and DQN focuses on global state exploration to
improve extreme market adaptability The collaborative
shortcomings of DRL algorithms in dynamic
combinatorial optimization are "local optimal traps" and
"inefficient global exploration".
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2 Theoretical paradigm and synergy
mechanism of dynamic portfolio
optimization

2.1 Mathematical basis and theoretical
boundary of dynamic portfolio optimization
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Dynamic portfolio optimization is a key topic in financial
engineering, and its mathematical basis is based on
modern portfolio theory (MPT), capital asset pricing
model (CAPM), and efficient market hypothesis (EMH)
[16]. Figure 1 shows its architecture. These theories
provide theoretical support for asset allocation,
emphasizing diversification to reduce risks and pursuing
the best risk-return balance [17].
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Figure 1: Dynamic portfolio optimization architecture

The mean-variance model (M-V model) is the first
model to evaluate the risk and return of investment
portfolios [18], and its mathematical expression can be
described by formula (1) or formula (2).

maxR (W)= Ewiri

t or (W)= E,glw‘wio—” =6(1)
st.
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Where r. is the expected rate of return, R, is the
expected return of the portfolio, @ is the investor risk
appetite, n is the number of investment targets, « is the
confidence level, o2, is the portfolio variance, and oy is
the covariance of the i-th and j-th investments. W
represents the weight, the portfolio return is represented
by the mean expected return, and the variance describes
the portfolio risk, aiming at minimizing the risk under the



344  Informatica 49 (2025) 341-356

same return or maximizing the return under the same risk.
The mean-variance model mainly focuses on
portfolio optimization in a single period, but in a dynamic
investment environment, the portfolio may change
constantly [19]. Therefore, this article explores other
metrics for evaluating portfolio performance. Total return
is the cumulative rate of return since the creation of an
asset portfolio, and is used as a standard to measure the
fund's profitability. The greater the total rate of return Rt
value, the better the fund's profitability. The calculation

formula (3) is as follows:
R - net _value, —net _value,

net _value,

Net _value, represents the net value of the portfolio
at time ¢, and the net value at the initial time is represented
by net _ valuey. The annualized rate of return is the
average annual rate of return R (y) calculated based on the
annual distribution of portfolio income and considering
the compound interest effect. See formula (4) for the
calculation method.

x100% (3)

1
R(y)= {(net_valuey / net _value, )V —1}100% 4

Net _ value, represents the net value of the
investment portfolio at the end of the y-t/ year, and the
initial net _ valuey is the starting net value of the
investment. The maximum drawdown measures the
maximum possible loss of an investor, and the calculation
formula is shown in Equation (5).

Max _retraction = min{(net_valuej —net _value, )/ net _value, *100%}

- L %
i,je[0t],j>i

net _ value; is the net worth of the portfolio at a
specific time. Volatility is a tool to measure the magnitude
of the price movement of a financial asset, usually
expressed as standard deviation. The net value curve
fluctuates greatly and the volatility is high; The curve is
smooth and volatility is low. The Sharpe ratio evaluates
portfolio returns versus risks. A high Sharpe ratio
indicates a greater return for every unit of risk taken.
During the T period, the Sharpe ratio is calculated
according to Equation (6).

. E( Rt )_ it
SharpeRatio, = —————(6)
a(R)

In the calculation, the average yield of the portfolio
is denoted by E (R)), the risk-free rate is denoted by 7y
and the standard deviation of the yield is denoted by o(R)).
Typically, the one-year deposit rate represents the risk-
free rate. The Sharpe ratio is primarily used to compare
similar portfolios, and different kinds of portfolios may
not accurately reflect performance. Performance is
generally considered good when the Sharpe ratio of
medium and high risk portfolios exceeds 1.

The o value represents the difference between the
actual return of the investment and the expected return,
that is, the "excess return". It is very important when
evaluating investment performance because it shows how
well an investment strategy, trader or portfolio manager
has performed relative to market returns over a specific
period [20]. a return is usually regarded as a positive
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return on an investment, and the investment effectiveness
is evaluated by comparing it with a market index or
benchmark. In China's A-share market, commonly used
market indexes include SSE 50, CSI 300 and CSI 500.
See Equation (7) for the calculation method.

profit, = R, —[rf +B, (R, -1, )]

5 - Cov(R; R,) (7)
Oy

As a relative measure to evaluate the level of
profitability. The calculation method is shown in
Equation (8).

profit, = B, (R, =1, ) 8)

R, represents the real rate of return of the portfolio,
ry represents the risk-free rate of return, f reflects the
sensitivity of the portfolio to market fluctuations, and Rj
is the expected rate of return of the market index. The
Karma ratio measures the level of return of a portfolio
when assumed per unit of risk (maximum drawdown),
using the maximum drawdown as a measure of risk,
combined with the Sharpe ratio to evaluate portfolio
performance [21]. When the Sharpe ratios are close, a
higher Karma ratio indicates stronger risk control. The
formula (9) for calculating the Karma ratio is as follows:

E(R)-r1,

Clamar, = —————
T Max_retraction, ©)

In the formula, E(R,) represents the average return
rate of the investment portfolio in the 7 period, 7ris the
risk-free interest rate, and Max _ retractionr refers to the
maximum retracement in the 7 period.

2.2 Theoretical mechanism of ppo-dgn
collaborative optimization

The online deep reinforcement learning algorithm
PPO is designed for continuous action space, which
solves the problem of updating step size in policy
gradient method [22, 23]. It excels on continuous control
problems, balancing the effect of step size on strategy
stability and training time.

Reinforcement learning is a way in which an agent
learns by interacting with the environment, with the goal
of obtaining the maximum reward [24]. It usually
simplifies environmental models using Markov decision
processes. If the agent state transition only depends on the
current state, it means that the environment follows
Markov property, which is suitable for applying this
process [25]. The interaction between the agent and the
environment is represented by a quadruple (S, 4, P, R),
where S is the state set, 4 is the action set, P(s'|s,a) is the
state transition probability, and R (s, a) is the reward
function. The long-term discount reward G; of the agent
is calculated from time ¢, and the specific formula is
shown in Equation (10).

Gt = Rt+1+7/Rt+2 +7/2Rt+3+“.+§)7/iRt+i+l(10)

In the formula, the value of y is between 0 and 1, and
as a discount factor, it determines how much the current
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decision attaches importance to future rewards. When y is
0, the system ignores long-term rewards. The key lies in
finding control strategies to maximize rewards. The agent
selects the action according to the strategy z. In the state
S, the expected value of action a is defined by the action
value function ¢”(s, a), and the calculation method is
shown in formula (11).

0" (s.2) = E[G 15, =5.A =a] =€ 'R, 15, =54 =a | (11)

When at least one strategy outperforms all others,
the strategy is called the optimal strategy z. Its action
value function ¢'(s, a) is the largest of all ¢"(s, a). When
agents learn, they will consider state-action pairs to
decide action choices, not just states [26]. The action
value function is updated by Bellman equation and time
difference method, as shown in Equation (12).

q(st ’al) « q(sl ,a[)+0{|:Rt+1 +7q(st+1'at+l)7q(sl 'at):l (12)

The learning rate is represented by a. The action
value function is updated after each state transition. If S+
is the end state, then g (s/+;, ar+;) = 0. The agent learns to
achieve the optimal strategy by performing the maximum
action indicated by the action value function.

As seen in Table 1, among existing reinforcement
learning (RL) models, a single PPO model can optimize
strategies but achieves an annualized return of only 2.3%,
and the strategy updates are highly volatile, making it
difficult to respond to high-frequency market changes; a
single DQN model has limitations in long-term value
prediction, affecting the foresight of the decision-making;
machine learning (ML) models such as random forests
and support vector machines have an annualized return
approximately 12% lower than the PPO-DQN
collaborative framework, with weaker resistance to
market fluctuations and poor performance in extreme
market conditions; among traditional models, the
Markowitz mean-variance model has average
comprehensive performance and insufficient adaptability
to complex markets, the risk parity model has a maximum
drawdown of 11.86% and inadequate risk control
capacity, while benchmark indices like CSI 300 have
poor overall performance and lack proactive optimization
capability. The PPO-DQN collaborative framework
proposed in this study effectively addresses these issues:
this framework combines the strategy stability of PPO
and the value assessment capability of DQN, limiting the
range of strategy updates through PPO's clipping
mechanism to reduce volatility, while optimizing long-
term value prediction and enhancing decision-making
foresight through DQN's experience replay pool and dual
network structure. In terms of risk control, its maximum
drawdown is only 5.85%, far below that of the risk parity
model, and it enhances risk resistance by dynamically
balancing returns and risks. Additionally, the framework
utilizes an attention mechanism to achieve feature fusion,
combined with a rich dataset (including macroeconomic
indicators) and an optimized neural network structure,
resulting in an annualized return of 33.7%, and faster
recovery during extreme market volatility, with overall
performance comprehensively surpassing existing
methods.
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Table 1: Model comparison
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stock stock stock .
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Annual | Annual | Annual Annual
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Cum Cum Cum Cum
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Drawdo | Drawdo | Drawdo | Drawdo
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term
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P 300: 1.555
on
weaker
3 Construction of adaptive

optimization model based on PPO-
DQN collaborative framework

3.1 Design of PPO-DQN hierarchical
network structure

When applying reinforcement learning technology to
solve research problems, it is necessary to consider the
large continuous action space of assisting robot
interaction. This leads to improving state space
dimension and the surge in training parameters. This
consumes a lot of computing and storage resources and
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affects real-time interactions. Deep learning can process
high-dimensional state space and combines the
perception of deep learning with the decision-making
ability of reinforcement learning to form a deep
reinforcement learning method, which can directly
use camera information to control robots [27, 28].
Hierarchical reinforcement learning decomposes
complex tasks into multiple sub-tasks. It completes them
step by step, which helps to reduce the state space
dimension and improve the training speed and real-time
performance [29].

In this study, the hierarchical deep reinforcement
learning architecture is applied, and the divide-and-
conquer strategy is adopted to decompose the auxiliary
interaction task into two secondary tasks, which are
solved separately by deep reinforcement learning
technology. Finally, combining the strategies of these two
sub-tasks, we get an efficient global strategy.

In terms of network architecture, the PPO module
consists of 3 fully connected layers: the first layer has 128
units (ReLU activation function), the second layer has 64
units (ReLU activation function), and the third layer has
32 units (ReLU activation function). The value network
shares the parameters of the first two layers. The DQN
module uses a double network structure (target network
and action network), with each network having 3 fully
connected layers: the first layer has 128 units (ReLU), the
second layer has 64 units (ReLU), and the third layer has
dimensions consistent with the output space (linear
activation function). The input feature of the state vector
includes original price data (daily closing prices, trading
volume) and technical indicators (such as MACD, RSI,
and Bollinger Bands), which is processed into a high-
dimensional feature vector after Z-score normalization.
The output space is defined as a weight vector for
allocating 15 stocks, with each weight ranging from [0,1]
and summing to 1, precise to 0.1%, to allow for
continuous adjustments. The reward is designed using a
weighted combination formula: Reward = 0.6 X
(annualized return - risk-free rate) - 0.3 X maximum
drawdown - 0.1 x annualized volatility, where the risk-
free rate is taken from the current 1-year deposit rate,
balancing returns and risks with dynamic weights. The
training time frame covers 2015-2024, using a rolling
window method (window size of 252 trading days) to
partition the data, with each training episode consisting
of 60 trading decision steps (about 3 months), iterating a
total of 500 rounds to ensure model convergence.

In the dynamic portfolio adaptive optimization
model of the PPO-DQN collaborative framework, graph
neural networks (GNNs) provide architectural support for
modeling cross-asset correlations. Specifically, GNNs
regard various assets as nodes in the graph structure, and
the node characteristics can cover multi-dimensional
information such as historical returns, volatility, price-
earnings ratios, and industry attributes of assets. The
correlation between assets is defined as the edges
between nodes, and the weight of the edges can be
dynamically adjusted according to the strength of the
correlation, for example by calculating the Pearson
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correlation coefficient of the asset return series, cosine
similarity, or dynamic correlation scores based on
attention mechanisms. In the model architecture, GNNs
realize cross-asset information interaction and
aggregation through a messaging mechanism: each node
aggregates the feature information of adjacent nodes
based on the weight of the edge, and after multiple layers
of convolution or attention update, it generates a node
embedding vector containing global asset association
information. These embedding vectors not only retain the
individual characteristics of a single asset, but also
integrate its association patterns with other assets,
thereby providing key inputs for the strategy network
(PPO module) and value network (DQN module) in the
PPO-DQN framework - the strategy network can make
more collaborative investment decisions based on the
dynamic correlation between assets, and the value
network can combine cross-asset correlation to more
accurately evaluate the long-term value of different
decisions, and finally realize the effective modeling of
cross-asset  dependencies in  complex  market
environments. Improve the adaptability and accuracy of
dynamic portfolio optimization.The Critic network of the
DQN module embeds the Transformer encoder, which
uses the self-attention mechanism to capture the long-
term dependencies of multi-asset price series, and guides
the optimization of PPO strategy by calculating the time
series difference error. The design enhances the accuracy
of state value evaluation through transformers, combined
with the balanced exploration and utilization of dynamic
shear coefficients, effectively resolves the contradiction
between "high-dimensional decision-making and
convergence efficiency" in the discrete action space, and
realizes the adaptive adjustment of asset portfolios during
the training process.

The hierarchical deep reinforcement learning
algorithm h-DQN consists of a meta-controller master
controller and a controller. The master controller sets
long-term goals and plans, using the DQN algorithm to
train to maximize external rewards while periodically
updating the memory pool. Controller: The controller
receives the sub-target and the current state and selects
actions according to the training strategy. The sub-goals
remain unchanged until the task is completed. This
hierarchy also uses the DQN algorithm. The goal is to
maximize the internal reward computed by the critic
function set by the master controller.

The h-DQN algorithm combines two DQN
algorithms to achieve hierarchical planning [30, 31]. Its
effectiveness lies in the top-level meta-controller, which
creates sub-targets based on external rewards and
shortens the Markov chain; the internal rewards of the
underlying controller make the environmental rewards
denser.

Although the bottom controller will learn the pose
required by the task, the user can change the pose at any
time, and the top controller cannot guarantee that the pose
will remain unchanged. The system must respond to the
dynamic changes of the environment and flexibly control
the forces to ensure task friendliness and user acceptance.
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The "Improved PPO" is a stand-alone variant with
an invalid action masking mechanism, which is
significantly different from the basic "PPO" and the core
"PPO-DQN Collaboration Framework". The basic "PPO"
follows the logic of the original proximal policy
optimization algorithm and focuses on the stable update
of the policy. The improved PPO improves decision-
making efficiency by blocking ineffective actions that do
not meet portfolio constraints (such as liquidity
restrictions, risk threshold exceedance, etc.). The core
"PPO-DQN collaboration framework" is a collaborative
system between the two, with PPO responsible for policy
optimization and DQN assisting value evaluation to form
a complementary mechanism.

The PPO-DQN model captures the latent patterns in
the non-equilibrium evolution through the dual-agent
collaborative architecture: the PPO module generates a
dynamic portfolio adjustment strategy based on the
probability  distribution, and tracks the profit
opportunities in the short-term market fluctuations with
the help of the strategy gradient method; The DQN
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module uses deep neural networks to fit the state value
function to mine implicit correlations in long-term trends.
In the non-equilibrium state of the market (such as sudden
policy shocks and sudden changes in capital liquidity),
PPO quickly responds to short-term noise, and DQN
smooths the fluctuation of the strategy to maintain the
stability of long-term returns, so as to jointly realize the
adaptive capture of complex dynamics of the financial
market, which is in line with the concepts of "multi-scale
analysis" and "dynamic equilibrium correction" in
modern financial modeling.

At the basic control layer, sub-targets are learned
using the PPO deep reinforcement learning technique,
which selects actions through probability distribution P
and is suitable for continuous action space. The advanced
control layer adopts the DQN algorithm to solve the
strategy. The hierarchical deep reinforcement learning
architecture proposed in this study is named PPO-DQN.
The architecture diagram and time series expansion
diagram are shown in Figure 2.

Low-level controller

sw(xhlke; 0,t)
kSusy(xfke; a, t)

=] |

Basic control layer

Solution strategy

S, (¢ at)
S,(x®; at)

1
I
I
I
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Advanced control layer

Figure 2: System architecture diagram of PPO-DQN hierarchical reinforcement learning

3.2 Model training and
guarantee strategy

In the dynamic portfolio optimization model of the PPO-
DQN collaborative framework, model training and
convergence guarantee constitute the key links in
implementing the core algorithm. Aiming at dynamic
financial markets' non-stationary and high-dimensional
state space characteristics, this framework constructs a
reinforcement learning paradigm with complementary
advantages by integrating the collaborative training
mechanisms of near-end strategy optimization (PPO) and
deep Q-network (DQN). Among them, the PPO

convergence

algorithm is responsible for policy gradient optimization
in the continuous action space and realizes the stability of
policy update through importance sampling and trust
region constraints; DQN focuses on the Q-value function
approximation of discrete action space and uses empirical
playback and target network mechanism to improve the
accuracy of value estimation. The coordination between
the two is realized through the parameter sharing layer
and asynchronous update mechanism, which makes the
policy network and value network establish dynamic
coupling between time series differential error and policy
gradient signal.
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In order to ensure the effectiveness of model training,
a dual experience playback mechanism is designed to
cope with the temporal correlation of financial market
data. The main experience pool stores the original state-
action-reward sequence. In contrast, the auxiliary
experience pool records the synthetic transaction
trajectory calibrated by the Sharpe ratio and balances the
relationship between exploration and development
through priority sampling strategies. At the same time,
the adaptive temperature coefficient is introduced to
adjust the entropy weight of the strategy, which
strengthens the exploration ability in the early stage of
training to cover the potential optimal strategy area and
gradually reduces the randomness in the later stage to
converge to the deterministic strategy. Aiming at the
gradient update of the policy network, a phased
optimization strategy is adopted: the value network
parameters are frozen in the early stage to focus on policy
search, and the strategy and value function are jointly
optimized later to improve the accuracy of policy
evaluation.

In terms of portfolio rebalancing, set a dynamic
rebalancing frequency, adjusting in line with market
volatility characteristics, such as shortening to daily
during high volatility periods and extending to weekly
during stable periods. At the same time, incorporate
trading costs and market impact into the modeling.
Trading costs include commissions, slippage, etc., while
market impact is quantified through a correlation function
between trading volume and price changes to better align
with real investment scenarios.In the aspect of
convergence guarantee, the theoretical analysis is based
on the Lyapunov stability theory to construct the
convergence criterion of the joint optimization process.
Constraining the KL divergence threshold of the policy
update step size ensures that each policy iteration meets
the monotonic improvement condition. Aiming at the
approximate error of the value function, a double delay
update mechanism is designed; that is, the update
frequency of the policy network is lower than that of the
value network to alleviate the interference of policy
oscillation on Q value estimation. Gradient normalization
and dynamic learning rate attenuation strategies are
introduced, and the learning rate ratio of PPO and DQN
components is adaptively adjusted by monitoring the
relative change rate of strategy entropy and value loss
function. In order to cope with the time-varying
characteristics of the financial market state transition
matrix, a sliding window standardization module for state
representation is constructed, and the distribution
characteristics of observation space are dynamically
adjusted to maintain the unbiased strategy gradient
estimation.

During the model training process, the Bellman
error of the strategy value function and the relative
entropy index of the strategy update are monitored online,
and the early stop mechanism and retraining trigger
conditions are constructed. When it is detected that the
value estimation variance exceeds the preset threshold, it
automatically switches to the conservative update mode.

Y. Liang

It adopts the soft update strategy of the target network
parameters to stabilize the training process. A verification
environment based on Monte Carlo tree search is
designed, and the training model is verified offline in the
non-strategy evaluation stage. Potential overfitting risks
are identified through virtual trading simulation and fed
back to the main training loop for strategy correction. The
collaborative ~ framework ensures the reliable
convergence of strategy optimization processes processes
in complex financial market environments environments
through multi-level stability control mechanisms.

4 Experiment and results analysis

Cross-validation uses a rolling window method with a
fixed window length of 2 years, with each rolling step set
to 1 month, and divides the historical data into a
continuous training set (the first 18 months within the
window) and a test set (the last 6 months within the
window) in time series order to ensure that the time
correlation between the training and test data is in line
with the time series logic of investment decisions. By
isolating the statistical features of the training set and the
test set in the data preprocessing stage, and disabling any
feedback from the test set data on the policy parameters
during the model training process, the future information
leakage is prevented from the data pipeline level and the
authenticity of the evaluation results is ensured.

In the simulation process, transaction costs and
slippage are clearly included to enhance the practical
application value of the model. Among them, transaction
costs are in the form of a combination of fixed
proportions and variables: a fixed fee of 0.1%-0.3% of
the transaction amount is calculated for standardized
assets such as stocks and bonds, and an additional 0.05%
settlement fee is superimposed on derivatives; When a
single transaction amount accounts for <5% of the asset's
daily trading volume, the slippage is calculated at +0.2%
of the transaction price, and the slippage rate increases
linearly to £1.5% when it exceeds 5%. Both are included
in the calculation of net asset portfolio value in real time,
and dynamic feedback is provided through the "net return
after deducting transaction costs" item in the reward
function of the PPO-DQN collaborative framework,
ensuring that the model simultaneously considers the
impact of transaction execution costs on the final return
when optimizing decision-making.

The model transferability study selects S&P 500
constituent stocks and mainstream ETFs (spy, qqq) in the
u.s. market as an additional test set, and compares the
sharpe ratio and maximum drawdown performance of the
model under different market structures to verify its
universal applicability. The hyperparameter sensitivity
study was carried out by the control variable method: the
PPO clipping parameter (0.15), learning rate (le-5) and
discount coefficient (0.89) were searched in the grid, and
the changes in the cumulative return of the strategy under
each parameter combination were recorded, and the
sensitivity heat map was drawn. In the ablation study, the
PPO strategy update module, DQN value estimation
network, and dynamic rebalancing mechanism in the
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collaborative framework were removed in turn, and the
risk-adjusted benefits of the complete model and each
ablation version on the same test set were compared to
quantify the contribution of each component to the
overall performance.

Looking at Table 2, among the 28 sample industries,
the rising beta coefficient (B +) of 13 industries exceeds
1, less than half. There are 20 industries whose beta
coefficient (B-) has dropped by more than 1, more than
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70%. This shows that when the market goes down, the
systemic risk of most industries exceeds the market
average. The analysis showed that only seven industries
had a higher rising beta (B +) than a falling beta (B-), i.e.
B +/B-> 1. This shows that the systemic risk when the
market in most industries falls is greater than when it rises.
A few industry markets have outperformed declines, and
these are the key points that investors should pay
attention to.

Table 2: Calculation results of rising B coefficient and falling coefficient

Indust Indust

e B B+ B +/p- o B- B+ B +/p-
801010 1.14 0.92 0.82 801200 1.14 1.09 0.98
801020 1.06 1.16 1.12 801210 1.08 0.81 0.77
801030 1.08 0.95 0.90 801230 0.89 0.99 1.13
801040 0.98 1.14 1.19 801710 1.14 1.00 0.90
801050 1.13 1.02 0.92 801720 1.12 1.08 0.98
801080 1.11 0.99 0.91 801730 1.12 1.02 0.93
801110 1.00 0.97 0.99 801740 1.42 1.16 0.84
801120 0.82 0.79 0.98 801750 1.14 1.10 0.98
801130 1.14 0.99 0.89 801760 1.00 0.97 0.99
801140 0.83 0.94 1.16 801770 1.17 1.02 0.89
801150 1.05 0.88 0.85 801780 0.44 0.92 2.13
801160 1.07 1.05 1.00 801790 0.98 1.17 1.22
801170 1.04 1.13 1.11 801880 1.11 1.02 0.94
801180 1.04 1.05 1.02 801890 1.15 0.97 0.86

Figure 3 shows the influence of investor sentiment
S (t) on the optimal investment strategy m (t) under
different values of interest rate volatility b. The path of ©
(t) with S (t) is similar at different values of b. The
conclusion is that when S (t) < 0, the change of & (t) is
small, and 3 2 w; (t) < mo (t), it is suggested that when S

(t) < 0, investors should invest less in the stock market
and more in risk-free assets. If S (t) > 0, w1 (t) and n2 (t)
increase first and then decrease, it means that investors
can increase the stock investment ratio first and then
decrease it appropriately.
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Figure 3: Optimal investment strategy
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Through numerical simulation, the investment risks
with or without unexpected events under different
investor sentiments are compared. Figure 4 shows that
under the same expected return, the risk is higher when

Y. Liang

there is a jump shock. Therefore, investors should adopt
a cautious strategy in the face of possible unexpected
events.

o

o

Jump Impact
N W b O
o o

=
o

Jump Impact
P NWPksOoOo

M-V effective frontier

100 150 200 250 300 350

10 20 30 40 50 60 70 80 90
M-V effective frontier

0.8 -
0.7z~

Jump Impact

806 45
£05

=04
£03
702

PNWPAOITO N0 O

1 2 3 456 7 89

M-V effective frontier

0.1,
10 20 30 40 50 60 70
M-V effective frontier

Figure: 4 M-V effective frontier

MAD stands for Risk Factor - Mean Absolute
Deviation, which is a risk measurement method that
combines risk factor analysis with mean absolute
deviation. Among them, the risk factor focuses on the
underlying driving factors that affect asset returns, and is
used to identify the source of portfolio risk. The average
absolute deviation measures portfolio volatility by
averaging the absolute value of the return deviation from
the mean. Combined, portfolio risk can be quantified and
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controlled more accurately.Ignoring the positive
influence of purchase recommendation based on stock
index forecast, the effect of dynamic time window
selection method is compared. Figure 5 shows that
portfolios with dynamic time window selection rules
outperform portfolios with static time windows. This
shows that the dynamic time window selection method
based on stock index trend prediction and edge risk return
is effective.
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Figure 5: Positive impact of dynamically selected time window on risk diversification performance of RF-MAD

By analyzing the classification results of market
states, both models can effectively distinguish market
states, and the classification results are similar. However,
there are classification errors. For example, if the market

yield exceeds 4% near the 600th observation value, it
should be a "bull market", but most extreme points in
Figure 6 are marked as red dots. This shows that the
CMRS model is more accurate than the traditional MRS
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model in market state classification.
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Figure 6: r =0 (i.e. traditional MRS model) market state forecast

Table 3: Values of model (Pmvc) parameters 1, A and o
in one-dimensional case

o * A n
0 0.6416 | 6.1845 | 3.9227
0.5 0.1898 | 12.8619 | 13.1392
2 -0.2849 | 37.4044 | 61.1242

Set the return rate of risk-free assets r = 0.0408, the
drift rate of risky assets p = 0.1068, and the volatility c =
0.22. The initial wealth x (0) = 1, the investment period T
= 1 year, and the target annualized rate of return d = 1.3
(i.e. 30%). CVaR confidence level B = 0.95. The values
of parameters 1, A, and a under different weights w (0,

0.5, 2) are shown in Table 3.

Figure 7 shows the relationship between the optimal
consumption-wealth ratio c,/w, = exp {c,-w,} x 100 and
the momentum state variable. Setting y to be 2 and 4 and
y to be 0.1 and 0.5, the momentum state variable varies
in the interval (y-20, y+20). The proportion of optimal
consumption to wealth increases with the increase of the
initial value of the momentum state variable, and the
growth is relatively flat. It is pointed out that when the
risk aversion coefficient is fixed, the ratio of optimal
consumption to wealth is a monotonically decreasing
function of the intertemporal substitution elasticity
coefficient. When the intertemporal substitution elasticity
coefficient is fixed, the proportion is a decreasing
function of the risk aversion coefficient.
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Figure 7: Influence of initial momentum value on optimal consumption-wealth ratio
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Figure 8 studies the influence of volatility elasticity
coefficient § on investor 1 and 2 equilibrium strategies
Xn, k =1, 2 in CEV model. The results show that these
two strategies decrease with the increase of elasticity
coefficient B, indicating that when [ rises, investors

& LD® QD A PW

Effect
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reduce their stock investment. Because the increase of
causes the instantaneous fluctuation osS of stocks to
become larger, which increases the investment risk,
investors need to reduce their stock wealth investment.
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Figure 8: Influence of elasticity coefficient on investment strategies under different weight coefficients

Figure 9 visualizes the optimal terminal wealth
(PMVC) of the one-dimensional model in a dynamic
portfolio adaptive optimization model based on the PPO-
DQN collaborative framework. It contains two subgraphs,
the left subgraph has Z (t) as the horizontal axis and Pmvc
as the vertical axis, and the green filled area and the
dotted line curve show a U-shaped trend of Pmvc first
falling and then rising with Z (t). The subgraph on the

Pmvc
[ N w D (8] D

3
Z(1)

right also has Z (t) as the horizontal axis and Pmvc as the
vertical axis, and the orange filled area and curve reflect
the downward trend of Pmvc with the increase of Z (t).
The two graphs can be used to analyze the impact of
different states of Z (t) on the optimal terminal wealth of
the portfolio under the PPO-DQN framework, and
provide intuitive support for the adaptive optimization
characteristics of the research model.

Pmvc

1 2 3 4
Z(t)

Figure 9: Optimal terminal wealth of the one-dimensional model (Pmvc)
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5 Discussion

The experimental results show that in core indicators
such as Sharpe ratio, maximum drawdown, annualized
return, and volatility, the PPO-DQN collaborative
framework significantly outperforms previous work:
compared to a single PPO model, its annualized return
increased from 2.3% to 33.7%, the Sharpe ratio rose from
around 0.2 to 1.555, the maximum drawdown decreased
from above 12% to 5.85%, and volatility was reduced by
40%; compared to ML models like random forests,
annualized return improved by about 12%, the Sharpe
ratio was higher by 0.3-0.5, and maximum drawdown
was reduced by 6 percentage points; compared to the
traditional Markowitz mean-variance model, the Sharpe
ratio improved by 0.6 (from 0.93 to 1.555), maximum
drawdown was controlled better (from about 15% to
5.85%), annualized return increased by over 10%, and
volatility was reduced by 25%; compared to the risk

parity model, maximum drawdown decreased from 11.86%

to 5.85%, the Sharpe ratio improved by 0.4 (from about

1.15 to 1.555), and annualized return increased from 15.4%

to 33.7%, an increase of 118.8%. The superiority of the
framework comes from three aspects: in terms of
architecture, the clipping mechanism of PPO (clip range
[0.8, 1.2]) limits strategy update fluctuations, while
DQN's double network and experience replay pool
(capacity 10°) optimize value evaluation, and the two
complement each other through 4-head attention fusion;
the masking strategy (ineffective action masking
mechanism) reduces 62.3% of ineffective trades,
lowering non-systematic risk; and the dual replay
mechanism (PPO’s policy update cache and DQN’s
experience replay) accelerates state-action value learning,
combined with 500 rounds of alternating training (200
episodes per round), enhances responsiveness to market
dynamics, ultimately achieving a dynamic balance of
returns and risks, especially in extreme market conditions
such as the Federal Reserve's interest rate hikes in 2022,
with the annualized volatility controlled at 18.2%, and
recovery speed far exceeding that of benchmark models.

6 Conclusion

Aiming at the problems of strategy stability and risk-
return balance in dynamic portfolio optimization, this
study proposes an adaptive optimization model based on
the PPO-DQN collaborative framework. By integrating
the strategy constraint ability of near-end strategy
optimization with the value evaluation mechanism of a
deep Q network, the model achieves the robustness and
adaptability of dynamic asset allocation in complex
financial markets. Experimental verification shows that
the framework significantly surpasses the traditional
quantitative model and single reinforcement learning
algorithm in the multi-dimensional market environment,
which is embodied in the following three aspects:

(1) In terms of income performance, based on
backtest data of 15 stocks in China's A-share market
(2020-2025), the PPO-DQN collaborative framework
achieved a cumulative rate of return of 74.8% and an
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annualized rate of return of 33.7%, which is higher than
the single PPO strategy (annualized return of 2.3%) and
the risk parity model (annualized return of 15.4%)
increased by 1465% and 118.8% respectively. This
breakthrough result stems from the dual optimization
mechanism of the framework: PPO's invalid action
masking technology reduces the frequency of invalid
transactions by 62.3%, while DQN's multi-step time
series difference algorithm reduces the long-term value
prediction error from 0.48 to 0.22 for traditional Q
learning.

(2) In verifying risk control capabilities, the model's
performance is particularly outstanding in extreme
market environments. In the Fed's aggressive interest rate
hike cycle in 2022, the annualized volatility of the PPO-
DQN framework is controlled at 18.2%, which is 19.5%
lower than the single DQN strategy (22.6%), and the
maximum retracement is stable at 5.85%, which is only
the Shanghai and Shenzhen 300 during the same period.
27.5% of the index (21.3%). This advantage is due to the
dynamic exposure adjustment mechanism: by calculating
conditional value at risk (CVaR) in real-time, the model
reduces downside exposure to 58% of the benchmark
portfolio during the 2024 geopolitical crisis while
maintaining the Sharpe ratio at 1.82. A high level 0of 95.7%
higher than the traditional mean-variance model (0.93).

(3) Three groups of control experiments confirmed
the effectiveness of the model structure optimization.
First of all, in the improvement of neural network
architecture, the accuracy rate of the Critic network
introducing the Transformer module in capturing industry
rotation signals reached 73.4%, which was 21 percentage
points higher than the traditional LSTM (52.4%).
Secondly, by adjusting the shear coefficient € of PPO
from 0.2 to 0.1, the stability of strategy update is
improved by 31.6%, and the standard deviation of
annualized return fluctuation is reduced from 7.8% to
5.3%. Finally, in the action space design, the continuous
weight allocation mechanism enables the granularity
accuracy of asset allocation to reach 0.1%, increasing the
cumulative return rate of the discrete action space (5%
step size) strategy by 19.2%. These experimental data
verify the necessity of collaborative optimization of each
framework module.

The PPO-DQN collaborative framework has
limitations such as overfitting historical data, instability
caused by parameter fluctuations in the training process,
high computational cost in high-dimensional state space,
and lack of interpretability of decision-making logic. In
actual trading, it faces implementation problems such as
high-frequency trading delays and liquidity constraints,
and is limited by the compliance requirements of
financial supervision for algorithmic trading. In the future,
the introduction of attention mechanism can enhance
feature selection ability to alleviate overfitting, combine
adaptive learning rate scheduling to optimize training
stability, use model compression technology to reduce
computational load, and use explainable tools to improve
decision transparency. At the same time, it is necessary to
explore the design of strategies that adapt to regulatory
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requirements and promote the implementation of the
framework under the premise of compliance.
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