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ABSTRACT

Optimal trading execution (OTE) involves dividing large parent or-
ders into smaller child orders to minimize transaction costs and mar-
ket impact. While reinforcement learning (RL) has demonstrated
its effectiveness in this domain, traditional RL methods for OTE are
often constrained by a small-scale action space, limiting their per-
formance. Simply increasing the action space results in exponential
growth in trial-and-error. Dynamically pruning action space based
on context offers a promising balance between performance and
efficiency. However, existing RL models are designed for a fixed-
action space, making them impractical for dynamic action spaces.
Balancing exploration and exploitation in the dynamic action space
also remains an unsolved challenge. To address these issues, we
propose Dynamic Action Space Reinforcement Learning (DASRL).
It iteratively leverages adaptive exploration and dynamic action
space search to improve learning efficiency in trading tasks with
large action spaces. Theoretical analysis shows that the DASRL re-
duces cumulative regret while ensuring the introduced optimality
bias decreases over time. Experimental results on eight stocks from
different sectors demonstrate that the DASRL significantly outper-
forms traditional strategies and RL baselines, reducing transaction
costs by up to 16.2% and improving learning efficiency by up to
14.0%. It highlights the effectiveness of the DASRL in the OTE task
with large-scale action spaces.
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1 INTRODUCTION

Optimal trading execution (OTE) is a critical challenge in algorith-
mic trading, attracting increasing attention in modern finance and
artificial intelligence research. The primary objective of OTE is
to minimize market impact and transaction costs by strategically
splitting large parent orders into smaller child orders for execution,
since directly placing large orders into the market often leads to
significant price swings and unfavorable costs, a.k.a. transaction
costs. Traditional approaches, such as Time-Weighted Average Price
(TWAP) and Volume-Weighted Average Price (VWAP) strategies,
have been widely adopted to address this challenge [13]. However,
these essential strategies are based on predetermined rules, thus
limiting their performance in dynamic financial markets.

Reinforcement learning (RL) has emerged as a promising alterna-
tive, offering the flexibility to adapt dynamically to complex, non-
stationary environments. Its sequential decision-making nature
consistently aligns with algorithmic trading, enabling the develop-
ment of strategies that outperform static rule-based methods. Early
applications have shown the effectiveness of RL on small-scale OTE
tasks [10, 23, 28]. Recent advancements in deep RL (DRL) have ex-
tended the applicability of RL to large-scale trading environments.
DRL-based approaches have demonstrated their effectiveness in
tackling challenges such as extended trading durations and larger
order sizes [18], showcasing significant potential in addressing the
demands of modern financial markets [21, 24, 35]. For instance, hy-
brid discrete—continuous action RL has been explored for execution
tasks [25], multi-agent RL has been tested in realistic limit order
book simulations [15], and deep RL has been applied to optimal
limit order placement in financial markets [27].

Despite these advancements, RL-based methods remain con-
strained by a small-scale action space. It is inadequate to handle the
real-world OTE tasks with large-scale action spaces, as illustrated in
Table 1. Expanding the action space to include additional prices and
sizes is a straightforward approach. However, it is computationally
prohibitive due to the exponential growth in the number of trials
required for trial-and-error. Dynamically adding new high-value
actions during training introduces substantial challenges, as current
RL methods are designed for a fixed action space. It requires retrain-
ing RL agents from scratch, further increasing computational costs.
Moreover, recent model-based approaches to a parameterized action
space [36] and domain-specific applications [8, 33] illustrate that
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Table 1: Existing Studies of RL in Algorithmic Trading

Method Price Action  Size Action Time Length Total Order Size
Nevmyvaka et al. [23] 20 1 2~8 min 5K; 10K
Hendricks and Wilcox [10] 1 8 20 ~ 60 min 10K; 1M
Shen et al. [28] 20 1 10 min 20K
Ning et al. [24] 1 1 60 min 2K
Ye et al. [35] 10 1 2 min 5K; 10K
Lin et al. [21] 1 [0,1] 2 min 300~7K
Fang et al. [9] 1 [0,1] 30 min <1K
Wang et al. [32] 1 1 20 min 10K~40K
Li et al. [18] 20 1 240 min 10K~100K
Ours 20 50 30 min 1IM~5M

action space complexity is increasingly recognized as a bottleneck
across different RL domains.

A promising approach is to start with a large-scale action
space and dynamically prune confident low-value actions
during training. It allows the agent to focus on high-value actions,
enhancing learning efficiency. While existing studies on a pruning
invalid action space [4, 31] and dynamic action adaptation [17]
have demonstrated effectiveness, they primarily target masking
invalid or repeated actions. Other recent studies propose dynamic
reduction strategies in autonomous driving [8] and multi-agent
control systems [33], further demonstrating the cross-domain po-
tential of dynamic action adaptation. However, existing approaches
have not been systematically adapted to address OTE tasks, where
high-frequency decisions and market feedback require efficient
updates to RL policies within a dynamic action space and accurate
evaluation of action values.

To address these challenges, we propose a Dynamic Action Space
Reinforcement Learning (DASRL) framework, specifically designed
to optimize RL policies for the OTE tasks with a large-scale action
space. It iteratively prunes the action space to focus on high-value
actions, efficiently optimizing policies over the dynamic action
space. Our framework enhances RL policy optimization through
three modules: 1) Action Value Evaluation Module, which integrates
environmental feedback and domain-specific indicators to quan-
tify each action’s value; 2) Action Subspace Search Module, which
identifies high-value action subspaces by balancing exploration and
exploitation, allowing the agent to focus on the most promising
actions; and 3) Action Subspace-Based Policy Optimization Module,
which efficiently optimizes the agent’s policy within the identified
subspace to maximize performance. These modules operate syn-
ergistically to accelerate learning and enhance performance for
real-world OTE tasks.

We provide theoretical and empirical validations to evaluate the
effectiveness of the DASRL in the OTE. The theoretical analysis
demonstrates that the DASRL reduces cumulative regret by scaling
the whole action space to the identified subspace. Furthermore, the
introduced optimality bias diminishes over time, ensuring conver-
gence to the optimal policy. Empirical experiments on eight repre-
sentative stocks from the Shanghai Stock Exchange (SSE) further
validate DASRL’s efficacy. The results show that the DASRL reduces
transaction costs by up to 16.2% and improves learning efficiency
by 14.0% compared to baseline methods. These improvements high-
light the effectiveness of the DASRL in accelerating convergence
and enhancing performance in complex trading scenarios.
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Our contributions are three-fold:

e We propose Dynamic Action Space Reinforcement Learn-
ing (DASRL), a framework that dynamically prunes action
space to improve learning efficiency in large-scale OTE tasks.

e We provide theoretical guarantees showing that DASRL re-

duces cumulative regret by pruning the action subspace,

while the induced optimality bias diminishes over time.

Extensive experiments on eight SSE stocks demonstrate that

DASRL effectively prunes low-value actions, reducing trans-

action costs by 16.2% and accelerating learning efficiency by

14.0% compared to strong baselines.

2 RELATED WORK
2.1 Optimal Trading Execution

Early OTE strategies were mainly based on ideal assumptions, focus-
ing on modeling factors that could impact transaction costs, such as
market information [5], price impact [1], and liquidity risk prefer-
ences [12]. However, these strategies relied on strict market pattern
assumptions, which limited their adaptability and effectiveness in
real-world markets. To overcome these limitations, Berkowitz et
al. [3] proposed the VWAP strategy, which reduced transaction
costs by splitting orders based on market liquidity. While promising,
this strategy relied on fixed execution rules and lacked flexibility,
resulting in poor performance in dynamic markets. Researchers
later worked to improve the VWAP strategy by refining volume
predictions [6, 16] and incorporating additional market data [2, 14].
Despite these efforts, its performance was constrained by the mod-
els’ limited predictive power, which struggled to adapt to rapidly
changing market conditions.

Since the sequential decision mechanism of RL aligns naturally
with order execution, researchers have investigated its effective-
ness in small-scale trading tasks [10, 23, 28]. The advent of deep
Q-learning networks (DQN) [22] empowered RL agents to learn
trading strategies directly from raw market data [21, 24, 35]. Subse-
quent works extended DRL to more realistic settings, such as hybrid
discrete—continuous control [25], multi-agent limit order book envi-
ronments [15], and practical order placement strategies [27]. Recent
studies have further advanced structural efficiency in trading RL:
hierarchical decision frameworks [26], maskable action representa-
tions [37], and logic-guided Q-learning [19] enhance adaptability
and policy stability. Alongside parameterized action models [36],
these works collectively highlight the growing importance of man-
aging action space complexity in OTE.

2.2 Dynamic Action Space

Although researchers have investigated RL for over half a century,
most studies have modeled the environment with a fixed action
space comprising all available actions across states. However, as
the action space grows, not all actions are valid, significantly reduc-
ing learning efficiency by spending time exploring invalid actions.
An intuitive approach to avoid pointless sampling was to mask
invalid actions, commonly used in optimizing game environments
with millions of actions [4, 31]. Boutilier et al. [7] explored the
effective implementation of Q-learning with the action mask, while
Huang et al. [11] provided theoretical proof of effectiveness in pol-
icy gradient methods. Nevertheless, many actions remain valid in
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open-world tasks but are inefficient, leading RL to fail to achieve
optimal efficiency solely by using the action mask.

Recent advances extend beyond invalid-action masking to broader
forms of action adaptation. Dynamic action repetition has been pro-
posed to compress action usage in temporally extended tasks [17].
Domain-specific studies have introduced structured action reduc-
tion, such as in autonomous driving [8] and multi-agent control
systems [33]. Model-based approaches for a parameterized action
space [36] also advance this direction by jointly learning the en-
vironment dynamics and action representations. These methods
collectively illustrate the growing recognition of dynamic action
adaptation across domains. However, they do not explicitly address
pruning low-value actions in trading environments, where actions
are tightly integrated with financial feedback. Our work fills this
gap by introducing a systematic framework for value-based pruning
in OTE tasks.

3 PRELIMINARY
3.1 Reinforcement Learning

RL provides a framework for solving sequential decision-making
problems where an agent learns to interact with an environment
to maximize cumulative rewards. This learning process is typically
modeled as a Markov Decision Process (MDP) [29], defined by a
tuple (S, A, ¥, R, y), where S represents a finite set of states de-
scribing the environment; A denotes a finite set of actions available
to the agent; ¥ : SXAXS — [0,1] =Pr(s’ | s, a) defines the state
transition probability of transitioning from state s € Stos’ € S
after taking action a € A; R(s,a) : S X A — R is the reward func-
tion specifies the immediate reward for executing action a in state
s;and y € [0, 1) is the discount factor balancing the importance of
immediate versus future rewards.

RL aims to derive an optimal policy 7* : S — A that maximizes
the expected cumulative reward, also known as the return. The
return from time step ¢ is defined as,

Gy = Z }’kR(SHk, arik)
k=0

)

where y determines the extent to which future rewards are con-
sidered. The policy 7 (a | s) specifies the probability of conducting
action a € A in state s € S. Action-value functions quantify the

expected return of a policy ,
Q"(s,a) =E; [G; | sy =s,a;, = a]. ()

The optimal policy 7* maximizes the value functions, satisfying
the Bellman equations,

£ — P ’ * ’ ’ i
Q'(s.a) = R(s,a) +y§$ r(s |'s.0) max Q°(s, ). (3)
The optimal policy is derived as,
7 (s) = argmax Q" (s, a). (4)
aceA

3.2 Optimal Trading Execution

OTE is a key challenge in algorithmic trading, aiming to minimize
transaction costs and market impact when executing large orders.
Let the total order size be Q, and the execution period is divided into
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T intervals. The objective is to execute the order while minimizing
the total cost,
T
Minimize: C = side - Z qipe, (5)
=1
where side represents the trading direction, with 1 for buy orders
and —1 for sell orders; g; is the volume executed by a given trading
strategy within interval ¢, satisfying >, ¢; = Q; and p; is the execu-
tion price in the same interval. The problem is to find the optimal
allocation of {qt}tT=1 that minimizes market impact and transaction
costs.

Traditional strategies, such as the VWAP strategy, address this
problem using predefined allocation rules. The VWAP strategy allo-
cates the order size proportionally to the expected market volume
0y in each interval, aligning execution with market liquidity under
the assumption of accurate volume predictions,

q

'
q=Q- —, Vte{1,...,T} ()
Zz-:l [
The VWAP of the strategy is calculated by,
T
Pywap = —ZI:TI e 7)
=19t

The performance of algorithmic trading strategies is generally
benchmarked against the market VWAP, defined as,

T —
thl Ut Pr
-

t=10t

Pywap = ®)
where v, is the market volume at interval ¢, p; is the market average
trading price in the same interval. A key metric derived from this
is VWAP slippage, which quantifies the execution performance as,
VWAP Slippage = side - Pywap = Pywap ©9)
Pywap
It indicates how closely the strategy aligns with the VWAP of the
ideal market. Larger slippage indicates inefficiencies in execution,
often caused by poor order placement or suboptimal strategy perfor-
mance. For consistency in RL optimization and result presentation,
we reverse the polarity of VWAP slippage in the following parts,
where a positive value indicates optimal transaction costs.

4 ENVIRONMENT MODELING

To optimize algorithmic trading strategies using reinforcement
learning (RL), we first establish simulation rules for order execu-
tion. To capture the characteristics of the OTE task and enable
effective RL policy optimization under a dynamic action subspace,
we generalize the standard Markov Decision Process (MDP) into
an action-subspace Markov Decision Process (ASMDP), denoted
as (S, A, %R, u, F,y). The formal definition of each component is
given below.

State. S consists of the LOB sequences and the order execution
progress. The LOB sequence contains the latest 20 snapshots. Each
snapshot is taken every 3 seconds and includes 10 quote price levels
and corresponding buy and sell order sizes. The order execution
progress consists of a remaining interval ratio and an executed order
ratio, providing agents with information to optimize the execution
of remaining orders.
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Action. A defines the agent’s trading actions, including buying
(or selling) a specified stock volume at a given price level. Each
action is defined by an order price ap and size a,, i.e,a = (ap, ay).
The order price spans 20 levels in the level-2 LOB, from bid;, to
askjp, while the order size ranges from 1 to L lots. It results in 20 X L
feasible actions and a default do nothing action, ag. Our action space
is significantly more complex than those considered in previous
studies, as summarized in Table 1.

Action Subspace. Q is a subset of A, defined as Q C A, and in-
cludes only a selected portion of order prices and sizes. To maintain
the completeness of order execution, all action subspaces include
the default ap, allowing the agent to wait for favorable order exe-
cution conditions.

Action Values. p is a vector of domain-specific indicators used to
evaluate the value of actions for action subspace pruning. The action
values consist of instant trading costs ;") and execution intervals
1), expressed as p(a) = [ (a); 4 (a)]. The u'") represents
the current VWAP slippage, set to 0 if no orders are executed. The
17 measures the intervals taken to complete the action. It reflects
time risk, as delayed execution exposes the order to adverse market
movements.

Reward. R guides the agent in learning the best trading policy. A
sparse reward is used in this task. It feeds back “0” at each trading
interval and VWAP slippage at the end of trading. To reflect the
practical requirement that brokers must complete orders within
a specified time, the agent receives a penalty if the order remains
unexecuted. Additionally, the commission fee of the SSE is ignored
as it remains relatively fixed.

Transition Probability. Since the environment is simulated us-
ing historical data that cannot reflect the agent’s current actions,
we follow related studies of [18] and [20], which assume that the
agent’s behavior does not influence other market participants. Con-
sequently, the market state transition ¥ remains consistent with
historical records.

5 DYNAMIC ACTION SPACE
REINFORCEMENT LEARNING

Given the large action space of the OTE task, existing RL approaches
face computational challenges due to the exponential growth of
trial-and-error. To address this challenge, we introduce the DASRL,
which starts with a large-scale action space and dynamically prunes
confident low-value actions during training to enhance the learning
efficiency, as depicted in Figure 1. The subsequent sections provide
a detailed exposition of each module within the DASRL framework.

5.1 Action Value Evaluation

The action value evaluation module evaluates the domain-specific
indicators of each action, serving as a reference for action subspace
pruning. We replace the original indicator values with their ranks
before normalization to account for scale differences and reduce
the impact of outliers. Since the indicators have different polari-
ties, we apply appropriate sorting methods to ensure that higher
ranks consistently reflect better values. For example, we sort y(")
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Figure 1: The scheme of general RL and the proposed DASRL.
Besides the general RL process, it consists of three modules:
1) action value evaluation; 2) action subspace search; 3) action
subspace-based policy optimization.

(instant income) in ascending order so that a larger value repre-
sents lower transaction costs. In contrast, u(*) (execution interval)
in descending order, as larger values indicate larger liquidity risk.
Finally, we normalize the ranks using min-max scaling to scale
the action values to [0, 1], ensuring consistency and comparability
across indicators.

Due to the non-stationary nature of the environment, actions
should be explored multiple times to calculate their values, espe-
cially in the early stages of training. Since our action subspace
search mechanism primarily accelerates the initial training phase,
balancing exploration and exploitation becomes critical. To ad-
dress this issue, we adopt the Upper Confidence Bound (UCB)
score [29] to evaluate action values and balance exploration and
exploitation. Specifically, the UCB score is defined as,

’l A
UCB(a) = p(a) +c- %(a))’

where the first term is the exploitation term, denoting the action
values; the second term is the exploration term, representing the
uncertainty or variance of action value estimation; y(a) is the nor-
malized action value; N (a) is the visit count of a; N(A) is the visit
count of all actions, and c is a temperature coefficient. It ensures
that actions with high estimated rewards are prioritized while en-
couraging the exploration of less frequently selected actions to
improve policy learning efficiency.

However, the original UCB score is designed to balance explo-
ration and exploitation during agent-environment interactions, not
for pruning the optimal action subspace. In particular, under an
initial e-greedy strategy where € = 1.0 and all actions are chosen
uniformly, the expectation of the exploration term in equation (10)
is not 0. As a result, evaluating the sufficiency of exploration is
challenging because the term is biased and lacks a known value.

To address this issue and adapt the UCB score for action value
evaluation and further action subspace search, we modify its explo-
ration term by subtracting a baseline equal to its expectation under
uniform action pruning. This adjustment ensures that the expecta-
tion of the exploration term becomes 0, providing a more balanced

(10)
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measure of exploration sufficiency. However, the logarithm in the
original UCB exploration term complicates the calculation, as it is
hard to express in terms of known constants. Since the logarithm pri-
marily scales the exploration term and preserves its monotonicity,
we can remove it without changing the relative ranking of actions.
After removing the logarithm, the expectation of the exploration
term under uniform action pruning becomes,

N (A)
N (a)

E, ge-10 [C . } =c-|A|, (11)
where |A| is the dimension of action space or action subspace. We
subtract the baseline from the exploration term, then the expecta-

tion of the exploration term under the uniform distribution is 0,

that is,
N (A)
E, ye=10 |C- ( N (a) - |ﬂ|)] =0. (12)
Furthermore, since the variance of IXI((Z{)) depends on the policy

distribution and is difficult to estimate during training, we set the
minimum exploration term to 0. Subtracting the baseline prevents
negative values, ensuring stability during exploration. Finally, the
standardized UCB score for action subspace search is,

UCBN (a) =p(a) +c- (max {O,, }XI((Z[)) - \/|_7I\}).

5.2 Action Subspace Search

(13)

The action subspace search module periodically identifies a new
subspace from the current action space (or action subspace) based
on action values and predefined pruning conditions. Specifically,
given a preset search period, the module selects an action subspace

using thresholds ¢ = {(‘lsl(i), L(zi)) li=1,..., |,U|}, where the ¢>l(i) is

the lower threshold of (9, and the ¢,(f) the upper threshold of u®.
The search process iterates until the resulting subspace meets the
specified condition. At each search step, multiple candidate action

subspaces {Q”(l), Qﬂ(z), e Qﬂum)} may be selected because the
t t t

action values pr = {u, u® ..., y#D} consist of several indicators.
We take the intersection of these candidate subspaces to ensure all
pruning conditions are satisfied. Therefore, the action subspace at
learning step t is represented as,

(14)

5.3 Action Subspace-Based Policy Optimization

The dynamic action space poses challenges for typical RL train-
ing schemes, as RL agents require retraining whenever the action
space changes, leading to a loss of previously learned knowledge.
DASRL addresses this issue through an action subspace strategy
optimization module that combines action auto-masking and expe-
rience remodeling to enable continuous policy optimization over a
changing action space while retaining learned experience.

Given an action subspace Q. obtained from the action subspace
search module at the e-th episode, the agent selects the action with
the highest expected reward within Q,, based on the policy 7q,
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corresponding to Q, that is,

(15)

a* =argmax Q(s, a; 0),
acQe
where 6 is the parameter of the policy.

To ensure the RL agent focuses on the current action subspace,
an automated action masking approach is applied before policy
optimization. It prevents the inclusion of previously learned values
for actions outside the current action subspace Q.. Specifically, we
introduce the action subspace as a constraint in Q(s, a; 0), elim-
inating actions belonging to the complement of Q., denoted as
Q¢,

Q(s,a;0), aeQ,;
—00,

16
, ac€ Q. (16)

Q(s,a;0,Q) = {
After that, the a* selected by equation (15) is in the Q..

In off-policy RL models, experience replay is a widely used tech-
nique to improve sampling efficiency during policy optimization.
It involves maintaining a replay buffer of MDP (or its extended)
tuples [22], from which random samples are drawn to optimize the
policy. However, because the replay buffer is circularly updated, it
may contain samples with actions outside the current action sub-
space Q.. These irrelevant samples can interfere with parameter
optimization and negatively impact policy learning.

To address this issue, we introduce experience remodeling, which
filters out samples associated with actions outside the current ac-
tion subspace Q.. Specifically, after obtaining Q., the dataset D
is cleaned by removing tuples where the action a belongs to the
complement of Q,, denoted as,

D —D\{(sars)|(sars)eDacQs}. (17)

By removing these irrelevant samples, experience remodeling en-
sures that the replay buffer aligns with the current action subspace,
thereby improving the stability and efficiency of policy optimization
in dynamic action space environments.

6 THEORETICAL ANALYSIS

In this section, we conduct a theoretical analysis of the DASRL’s
convergence rate and optimality bias compared to the general Q-
learning method.

6.1 Convergence Rate Analysis

In the DASRL, action subspaces are periodically selected to reduce
the exploration range, thereby reducing the number of suboptimal
actions and accelerating convergence. We first provide the regret
bound after the DASRL searches the action subspace.

PROPERTY 1 (CUMULATIVE REGRET BOUND). Let |A| denote the
size of the action space and |Q.| the size of the action subspace after
the e-th search. The cumulative regret R(T) of the DASRL satisfies
the following bound,

R(T) < O(IS| - [Qe] - InT), (18)
where |S| is the state space size, and T is the number of time steps.

CoOROLLARY 1 (IMPACT OF ACTION SPACE S1zE). The effect on
convergence rate is limited when the action space is small (|A| < 10).
When the action space is large (|A| > 10), the DASRL significantly
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accelerates convergence, reducing the cumulative regret growth rate

by a factor ofO(\/W).

6.2 Optimality Bias Analysis

The action subspace search in the DASRL may introduce optimality
bias, i.e., losing the optimal action a* during subspace pruning could
degrade policy performance.

DEFINITION 1 (OPTIMALITY B1As). Let Q. C A denote the action
subspace selected at the e-th search. If the optimal action a* & Q., the
optimality bias is defined as,

(19)

Sopt =V - |max O* (s, a) — max QF, (s,a)l,
opt =Y aeﬂQ ( ) neon QQE( )
where y is the discount factor.

PROPERTY 2 (BOUND ON OPTIMALITY Bias). Let p. denote the
probability that the optimal action a* is not included in the subspace
Q.. The optimality bias of the DASRL satisfies,

5opt <y- CQ * Pes (20)

where Co = max,q |Q*(s, a)|.

COROLLARY 2 (B1as CONVERGENCE CONDITION). If the DASRL
ensures p. — 0, the final policy bias satisfies:

Jim, Sope = 0.

Our theoretical analysis demonstrates that DASRL reduces cu-
mulative regret from O(|A| - InT) in the whole action space to
O(|Q¢| - InT) in the optimal subspace. Moreover, the subspace
pruning ensures that the introduced bias decreases over time, guar-
anteeing convergence to the optimal policy.

7 EXPERIMENTS AND DISCUSSION

To verify the efficiency of the DASRL, we conduct extensive OTE
experiments and compare it with baselines on transaction costs and
training efficiency. In addition, we empirically analyze the impact
of different modules on the DASRL’s performance to verify each
module’s validity.

7.1 Datasets

From the SSE 50 Index’s constituent stocks in May 2014, we select
eight stocks from different sectors. We perform experiments on
their level-2 data from June 2014 to March 2015. The level-2 data
includes second-by-second LOBs and trade data, with LOBs quoted
at 10 price levels on both sides, and trade data containing each
trading record. The LOBs contain 1M snapshots of quotes, while
the trade data contains about 15M trading records. Due to
insufficient liquidity, data from days when the market price reaches
the price limit are excluded. The first 80% of the data is used as the
training set, while the last 20% is the test set.

7.2 Experimental Setup

Baselines. We compare the DASRL model with two classical
algorithmic trading strategies and three widely used DRL methods:
TWAP [13]: Orders are evenly executed within a given time slice
and unaffected by other factors. [21] used it as a baseline. Arrival
Price (AP): Order’s price is determined by the filled ratio, i.e., if the

1888

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

filled ratio is lower than the time ratio, execute as a market order;
otherwise, execute as a limit order. When the filled ratio exceeds
10% of the time ratio, it stops issuing new orders. DQN [22]: A TD-
based DRL model. [23], [1], and [28] used it to optimize algorithmic
trading strategies. DDQN [30]: An improved DRL model based
on DQON. [24] used it to optimize algorithmic trading strategies.
Advantage Actor-Critic (A2C) [34]: An actor-critic-based DRL
model, which consists of an actor-network and a critic-network.

Metrics. We use the base point (bp) of VWAP slippage (Equa-
tion 9) as the metric of transaction costs and propose an area under
test curve (AUTC) to measure the efficiency of RL policy learning.
The AUTC is the area enclosed by the coordinate axis and the test
curve, as the model with higher learning efficiency has a faster-
growing curve and a larger area under the curve. In practice, the
AUTC is calculated using the trapezoidal method. We select the
maximum m* and minimum m~ from the test curves and use the
rectangular space, Z, enclosed by m*, m~, and x axis as the baseline
to normalize the AUTC. The normalized AUTC is represented as,

Am

5 (21)

1
AUTC (m) = - 37 == Imi+ min],

m;em

where m is the checkpoint on the test curve, and Am is the interval.

Hyperparameters. In the experiment, RL agents are required to
execute a parent sell order ranging from 100,000 to 500,000 lots,
starting with an action space of 1,000 initial actions. The action
subspace is updated every ¢ = 50 episodes, targeting a reduced
scale of |Q] = 0.2|A|. Reward thresholds are set to (¢l(r), ¢,§r)) =

(0.15,1.0), while step thresholds are (¢I(T), ¢1(f)) =(0.1,1.0).

7.3 Results

Table 2 shows the transaction costs of the DASRL and the baselines
over eight stocks, where the best results are highlighted in bold.
It demonstrates that the DASRL achieves the lowest transaction
costs across all eight stocks, consistently outperforming classical
algorithmic strategies (i.e., TWAP and AP) and DRL-based baselines
(i.e., DON, DDOQN, and A2C). These results indicate that the DASRL
can effectively identify high-value actions, enabling optimal cost
minimization across diverse stocks.

Figure 2 shows the learning curves of the DASRL and the base-
lines over eight stocks. The solid lines in the figure represent the
mean transaction costs, while the shadows denote the respective
standard deviations. It shows that the DASRL curves grow consid-
erably faster than the baselines during the early training stage. The
upward jumps in specific episodes are due to the action subspace
search in the DASRL. Furthermore, Table 3 demonstrates the effi-
ciency of the DASRL via the AUTC, where the best and second-best
results are highlighted by bold and underlined. It shows that the
DASRL has the highest learning efficiency among all stocks. DDQN
and DON closely follow, while A2C performs the worst. The results
demonstrate that the DASRL enables efficient policy optimization
for OTE tasks with a large-scale action space.
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Table 2: VWAP Slippage of the DASRL and Baselines (bp)

600000 600010 600018 600028 600030 600048 600050 600104
TWAP -3.05 -13.90 -9.02 -8.11 -2.48 -5.08 -13.36 -4.56
AP -2.39 -11.03 -8.92 -4.85 -2.49 -4.78 -10.29 -4.68
DON 8.05 11.65 7.56 5.62 6.84 26.15 27.22 9.72
w/ DASRL 8.47 13.28 10.40 6.66 7.05 29.88 31.20 13.17
Improvement (%) +5.22% +13.99% +37.57% +18.50% +3.07% +14.27% +14.64% +35.50%
DDQN 8.36 12.44 9.73 6.28 6.88 31.47 29.26 14.39
w/ DASRL 8.75 14.84 11.48 7.02 7.11 36.32 34.16 16.11
Improvement (%) +4.67% +19.30% +17.98% +11.78% +3.34% +15.41% +16.74% +11.95%
A2C 6.12 9.85 9.57 6.34 6.25 27.46 23.67 11.97
w/ DASRL 7.34 10.27 10.44 7.02 6.29 31.55 28.83 12.88
Improvement (%) +19.93% +4.27% +9.09% +10.73% +0.64% +14.90% +21.80% +7.60%
DASRL (Best) 8.75 14.84 11.48 7.02 7.11 36.32 34.16 16.11
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Figure 2: Transaction costs of the DASRL and baselines on eight stocks.
Table 3: AUTC of the DASRL and Baselines
600000 600010 600018 600028 600030 600048 600050 600104
DON 0.674 0.654 0.666 0.661 0.679 0.656 0.645 0.684
DDQN 0.669 0.671 0.665 0.672 0.672 0.779 0.685 0.719
A2C 0.662 0.653 0.640 0.646 0.651 0.739 0.705 0.678
DASRL 0.701 0.722 0.713 0.705 0.686 0.822 0.820 0.740

7.4 Discussions

To investigate how different thresholds of action subspace search af-
fect algorithmic trading strategy optimization, we varied the thresh-
olds for reward ( l(r), d)t(lr) ) and step (¢I(T), ¢7,ET)) in the DASRL. Ta-
ble 4 depicts the VWAP slippages corresponding to four threshold
combinations. The average decline of transaction costs from #1 to #2
is 2.01, significantly higher than that from #3 to #4, which is —0.73.
It shows that the transaction costs of each stock decrease gradually
as the ¢(") and ¢(*) increase. The benefits of increasing the thresh-
olds are limited or even opposite (e.g., #3 vs. #4) after the thresholds
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reach a certain level (i.e., #3). Figure 3 shows the test curves of the
DASRL under different threshold combinations. As the ¢(") and
$™ increase, the learning speed of the DASRL also increases, while
the overall trend remains consistent. Additionally, the test curve
standard deviation decreases significantly as thresholds increase,
indicating that higher thresholds can reduce standard deviation
and enhance the robustness of algorithmic trading strategies.

To reveal the mechanism of the action subspace search module
in DASRL, we visualize the selected action subspace at each search
period. Figure 4 shows the action subspace of each search period,
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Figure 3: Transaction costs of the DASRL based on different search thresholds.

Table 4: VWAP Slippage of the DASRL on Different Search
Thresholds (bp)

¢ (=) $D(=) 600000 600018 600030 600050
#0100  0.005 735 855 642 2425
#2 0125 0075 833 1002 676  29.48
#0150 0100 875 1148 711 34.16
#4 0200 0150 864 1162  7.14 3119

Table 5: Statistics of Stock Price Volatility

600000 600018 600030
Mean 1.41 1.93 2.13
Variance 1.18 2.53 3.64

where white blocks represent the action subspace of the current
period, and gray blocks indicate the actions discarded in the corre-
sponding period. The initially discarded actions are mostly located
at both sides of the price axis, while the final action subspace is
generally between "bid;" and "asks". The results demonstrate that
the price of orders significantly impacts transaction costs. In addi-
tion, the action subspace of 600018 has the narrowest distribution
along the price axis, and the distribution of 600000 is similar to that
of 600018, while the distribution of 600030 is the widest. We also
calculate the price volatility of these stocks and present the results
in Table 5. It demonstrates that low-priced volatility stocks exhibit
a narrow distribution along the price axis, and vise versa.

8 CONCLUSION

In this paper, we propose DASRL, a dynamic action space-based
DRL model designed for OTE tasks with a large-scale action space.
The DASRL addresses the challenge of a large action space by dy-
namically pruning the action subspace and optimizing the policy
within it, thereby substantially improving learning efficiency. The-
oretical analysis demonstrates that the DASRL reduces cumulative
regret while ensuring the introduced optimality bias decreases over
time. Comprehensive experiments across eight SSE-listed stocks
show that our approach outperforms existing methods in reducing
transaction costs and improving learning efficiency. Specifically, the
DASRL surpasses the most powerful baselines by 16.2% in reducing
VWAP slippage and by 14.0% in improving AUTC.
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Figure 4: Search process of action subspace.

The limitation of this work is that the model performs a sub-
space search on a fixed period. In future research, we aim to in-
troduce a dynamic search period based on action value estimation.
The dynamic period can skip converged evaluation processes and
avoid conducting subspace searches when non-convergence occurs,
thereby further improving efficiency.
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