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 Algorithmic trading systems operate in highly dynamic and uncertain 

environments where learning-based decision agents must balance 

adaptability with strict risk control. Reinforcement learning (RL) methods 

provide adaptive policy optimization but often suffer from unstable 

exploration and limited interpretability in financial markets. This study 

proposes a risk-constrained SARSA–FIS hybrid decision architecture with 

adaptive exploration control for algorithmic trading. The framework 

integrates a compact SARSA-based reinforcement learning environment 

with a Sugeno-type fuzzy inference system (FIS) that converts reinforcement 

signals into interpretable trading decisions. Exploration follows a decaying 

ε-greedy policy with a drawdown-triggered reset mechanism to maintain 

bounded risk exposure during learning. The system was implemented as a 

MetaTrader 5 Expert Advisor and evaluated on the GBPUSD currency pair 

using historical market data. Experimental results show that the hybrid 

framework improves trading performance compared with a rule-based 

baseline. During a six-month out-of-sample evaluation, the system achieved 

a net profit of 90 USD and a profit factor of 1.35, compared with 10 USD 

and 1.02 for the baseline. Extended one-year testing confirmed stable 

profitability and controlled drawdown behavior. The results demonstrate that 

integrating reinforcement learning, fuzzy decision mapping, and explicit risk 

constraints provides a practical approach for developing adaptive trading 

agents. 
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1. INTRODUCTION 

Algorithmic trading systems operate in environments that are uncertain, dynamic, and often non-

stationary. In financial markets, price movements are affected by volatility clustering, sudden regime 

changes, and complex interactions between participants. An automated decision system must therefore be 

adaptive, but at the same time it must maintain strict risk control. Designing a learning architecture that 

balances adaptability, interpretability, and operational stability remains an important challenge in intelligent 

financial decision systems. Reinforcement learning (RL) has been widely used for sequential decision-

making under uncertainty. Methods such as Q-learning and SARSA allow an agent to update its action-value 

function through direct interaction with the environment. These approaches provide online learning 

capability and adaptability to changing conditions. However, RL models often behave as black-box 

https://creativecommons.org/licenses/by-sa/4.0/
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mechanisms and may lack interpretability. In addition, unconstrained exploration policies can generate 

unstable decisions, especially when applied in real-time financial environments where risk exposure must be 

controlled. 

Fuzzy inference systems (FIS), particularly Sugeno-type models, offer an interpretable rule-based 

structure for reasoning under uncertainty. Through linguistic variables and structured rule bases, fuzzy 

systems can represent expert knowledge in an explicit manner. Nevertheless, classical fuzzy systems are 

usually static. Without an embedded learning mechanism, they cannot automatically adapt to evolving 

market states or changing volatility regimes. For these reasons, integrating RL with fuzzy inference becomes 

a promising direction. A hybrid structure can combine the adaptability of RL with the interpretability of 

fuzzy rules. However, many existing hybrids approaches mainly focus on prediction performance, while 

limited attention is given to risk-aware exploration control and bounded learning dynamics. In practical 

financial systems, decision policies must operate inside predefined risk limits in order to prevent 

destabilizing behavior during high-volatility periods. 

This paper proposes a risk-constrained SARSA–FIS hybrid decision architecture with adaptive 

exploration control. The framework is built on a compact SARSA-based Markov decision process and a  

27-rule Sugeno fuzzy inference layer that transforms reinforcement signals into structured trading decisions. 

The exploration mechanism follows a decaying ε-greedy policy with an additional drawdown-triggered reset, 

so that learning remains adaptive but does not exceed predefined risk boundaries. Furthermore, position-level 

profit and loss thresholds together with a maximum drawdown sentinel are incorporated to regularize the 

overall system behavior. The proposed architecture is implemented as a modular execution agent and 

evaluated using historical data from the GBPUSD currency pair. The experimental evaluation includes 

comparison with a rule-based baseline, ablation analysis, and multi-horizon back testing in order to assess 

profitability, risk-adjusted efficiency, and robustness across different market conditions. 

Despite the growing adoption of RL in financial decision systems, several limitations remain. 

Existing RL approaches frequently rely on unconstrained exploration mechanisms that may generate unstable 

policies when deployed in volatile financial environments. Although FIS provide interpretability and 

structured reasoning, they are typically static and lack adaptive learning capability. Previous hybrid 

approaches combining RL and FIS primarily emphasize predictive performance or policy optimization, while 

limited attention has been given to regulating exploration behavior under explicit risk constraints. In practical 

trading systems, uncontrolled exploration can lead to excessive exposure and unstable decision dynamics. 

Consequently, there remains a need for a compact hybrid decision architecture that integrates adaptive RL, 

interpretable fuzzy reasoning, and explicit mechanisms for risk-constrained exploration. 

This study proposes a risk-constrained SARSA–FIS hybrid decision architecture designed to address 

the limitations of conventional reinforcement learning systems in financial environments. The framework 

integrates a compact SARSA learning environment with a Sugeno-type FIS that maps reinforcement signals 

into interpretable trading decisions. In addition, an adaptive exploration control mechanism with a 

drawdown-triggered reset is introduced to regulate exploration dynamics under bounded risk conditions. The 

architecture is implemented as a modular execution agent in MetaTrader 5 and evaluated through multi-

horizon back testing experiments on the GBPUSD currency pair. The significance of the proposed 

architecture lies in demonstrating that RL, interpretable fuzzy decision mapping, and explicit risk constraints 

can be integrated within a lightweight operational trading system. By combining adaptive learning with 

structured decision rules, the framework supports both policy adaptability and decision transparency. Such 

characteristics are particularly important for safety-critical artificial intelligence (AI) applications where 

learning algorithms must operate within predefined risk boundaries. The proposed SARSA–FIS architecture 

therefore contributes to the development of interpretable and risk-aware intelligent decision systems suitable 

for dynamic and uncertain environments. 

 

 

2. THEORETICAL FOUNDATION AND RELATED WORK 

RL has been widely adopted for sequential decision-making problems under uncertainty. In 

financial trading research, early studies applied SARSA(λ), Q(λ), and TD(λ) agents for portfolio management 

and reported improvements compared to static rule-based benchmarks [1]. Further developments introduced 

directional change RL to improve robustness in high-frequency and volatile conditions [2]. More recent 

studies applied deep RL architectures, including convolutional and recurrent networks, for feature extraction 

and dynamic policy learning [3]. Hybrid ensemble approaches such as PPO, A2C, and SAC have also been 

proposed to increase adaptability across different market regimes [4]. Other works integrated recurrent and 

actor–critic structures to improve risk handling in non-stationary environment [5], [6]. Reviews of foreign 

exchange prediction models show that gated recurrent unit (GRU), long short-term memory (LSTM) and 

transformer-based models dominate recent research, reflecting the growing maturity of RL-based financial 



Int J Elec & Comp Eng  ISSN: 2088-8708  

 

 A risk-constrained SARSA–FIS hybrid decision architecture … (Joni Fat) 

1533 

systems [7]. These developments demonstrate strong adaptability of RL, but they also introduce high 

computational complexity and limited interpretability. 

In parallel, FIS have been applied in financial prediction due to their capability to manage 

uncertainty and encode expert reasoning. Neural–fuzzy models have shown competitive performance in stock 

and commodity forecasting tasks [8], [9]. Other approaches combined fuzzy logic with Kalman filtering and 

particle swarm optimization to improve robustness under noisy conditions [10]. RL and fuzzy hybrids have 

also been explored, especially in environments where interpretability is required together with adaptive 

learning [3]. In addition, stability analysis of fuzzy-based intelligent systems has been investigated, including 

asymptotic stability and periodic behavior under uncertainty and delay conditions [11]. These studies 

highlight that fuzzy systems provide transparency and structured reasoning, while RL provides adaptability. 

Game-theoretic perspectives have also been applied to financial systems to model strategic 

interaction among agents. Mean-field games have been used to study optimal liquidation under crowding 

effects [12], while stochastic trading games have been proposed to represent heterogeneous beliefs in market 

dynamics [13]. Other works analyze financial stability and systemic resolution using game-theoretic 

frameworks [14], [15]. Game theory has also been used to explain liquidity formation in order-book markets 

and to model stock prices through Markov-based game structures [16], [17]. Although these approaches 

provide useful theoretical insights, most of them remain conceptual and are rarely embedded directly into 

lightweight operational trading architectures [18]. 

Overall, prior literature shows that RL provides adaptive policy optimization, fuzzy inference offers 

interpretability and structured reasoning, and game-theoretic analysis provides a perspective on bounded 

strategic behavior [19]. However, existing studies rarely combine these elements into a compact and risk-

constrained decision architecture suitable for real-time execution. In particular, limited attention has been 

given to integrating adaptive exploration control with explicit drawdown constraints in hybrid reinforcement–

fuzzy systems. Based on this theoretical background, the present study proposes a lightweight SARSA–FIS 

hybrid architecture with adaptive exploration control. The framework aims to combine online RL, 

interpretable fuzzy rule mapping, and bounded risk regulation within a unified decision structure [19]. The 

proposed method is positioned as a compact and computationally efficient alternative to deep RL approaches, 

while maintaining adaptability and operational stability under predefined risk limits. 

 

 

3. METHOD 

This section describes the experimental design and implementation of the risk-constrained SARSA–

FIS hybrid decision architecture. The framework integrates a compact RL environment, a Sugeno-type FIS, 

adaptive exploration control, and multi-level risk constraints within a unified execution agent. The overall 

objective of the design is to create an interpretable and risk-aware learning framework capable of adapting to 

changing market conditions while maintaining controlled trading behavior. 

 

3.1.  Data and execution environment 

The asset used in this study is the GBPUSD currency pair. The SARSA agent was trained on 

historical data from 30 June 2020 to 2 July 2024. Out-of-sample evaluation was conducted from 1 January to 

30 June 2025. Additional extended testing on 2023 data was performed to assess robustness under different 

market regimes. The system was implemented as an expert advisor (EA) in MetaTrader 5 using the MQL5 

programming language. All trading decisions operate on the M15 timeframe. Technical indicators used for 

feature extraction include 𝐸𝑀𝐴(50), 𝐸𝑀𝐴(10), 𝑀𝐴𝐶𝐷(12,26,9), 𝐴𝑇𝑅(14), and EMA-based standard 

deviation. For reproducibility, the Q-table, fuzzy rule matrix, and drawdown status are persisted to external 

text files after each learning update. 

 

3.2.  SARSA state–action environment 

The RL component is formulated as a compact Markov decision process with three states and three 

actions. The state space S = {S1, S2, S3} is defined according to price distance from EMA(50) using a ±20 

pip barrier. State S1 represents price below 𝐸𝑀𝐴(50) minus 20 pips, S2 represents price within ±20 pips of 

the EMA, and S3 represents price above 𝐸𝑀𝐴(50) plus 20 pips. The action space 𝐴 = {𝑆𝑡𝑎𝑦, 𝑁𝑒𝑥𝑡, 𝐽𝑢𝑚𝑝} 

is encoded as values 0 to 2 and selected through an ε-greedy policy. Transition dynamics are governed by a 

fixed 3×3×3 tensor that introduces controlled stochasticity in next-state sampling. The reward structure is 

defined as a shaped cube 𝑅[𝑠, 𝑎, 𝑠′], balancing exploration penalties and trend-following incentives. Actions 

that maintain unfavorable states receive negative rewards, while transitions aligned with favorable price 

movements receive positive rewards. The SARSA update rule is applied at every market tick as: 

 

𝑄(𝑠, 𝑎)  ←  𝑄(𝑠, 𝑎)  +  𝛼 (𝑟 +  𝛾 𝑄(𝑠′, 𝑎′)  −  𝑄(𝑠, 𝑎)) (1) 
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with discount factor γ=0.9. 

The learning rate α is adaptive. It is scaled using 𝐴𝑇𝑅(14) and EMA-based standard deviation to 

reflect volatility clustering and is bounded within the interval [0.01, 0.30]. In trending regimes, an additional 

bounded momentum adjustment derived from EMA deviation modifies α within ±0.1 to accelerate 

adaptation. Figure 1 illustrates the SARSA environment, showing the three states, available actions, and 

reward relationships that guide the learning process. 

 

 

 
 

Figure 1. SARSA environment with three states (S1–S3), available actions, and corresponding reward signals 

 

 

3.3.  Adaptive exploration control 

Exploration follows a decaying ε-greedy policy defined as 
 

𝜀ₜ =  𝑚𝑎𝑥(𝜀ₘᵢₙ, 𝜀₀𝛿ᵗ) (2) 
 

where ϵ0 = 0.30, ϵmin = 0.05, and δ = 0.999. To enforce risk-constrained learning, a drawdown-triggered reset 

mechanism is introduced. If floating equity drawdown exceeds 20% of the running peak, ε is reset to 𝜖0. 

After reset, exponential decay resumes. This mechanism allows renewed exploration during regime shifts 

while maintaining bounded risk exposure. 

 

3.4.  Fuzzy inference integration 

The reinforcement signals generated by SARSA are mapped into structured trading decisions using 

a Sugeno-type FIS consisting of 27 rules arranged in a 3×3×3 structure. The inputs of the FIS are the 

normalized current-state Q-value, the normalized predicted next-state Q-value, and the immediate reward. 

Each input variable is partitioned into three linguistic levels: Low, Moderate, and High, defined using 

trapezoidal and triangular membership functions. 

The rule base maps the triplet (Current State, Predicted State, Reward) to Sugeno consequents in the 

set {0.5, 1.5, 2.5}, corresponding to Sell, Hold, and Buy signals. Defuzzification is performed using the 

weighted average method, producing a continuous control signal that is subsequently discretized. Output 

values below 1.0 indicate Sell, values around 1.5 indicate Hold, and values above 2.0 indicate Buy. The 

fuzzy rule matrix can be persisted to external storage for incremental tuning and reproducibility. 

Representative rule mappings are summarized in Table 1, illustrating the relationship between Current State 

(CS), Predicted State (PS), Reward (RW), and the corresponding Sugeno output. 
 

 

Table 1. Representative Sugeno rules mapping CS, PS, and RW to trading signals 
Current State Predicted State Reward Output Signal 

Low Low Low 0.5 Sell 
Moderate Moderate Moderate 1.5 Hold 

High High High 2.5 Buy 

Low High Moderate 1.5 Hold 
High Low High 0.5 Sell 
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3.5.  Execution logic and risk constraints 

Trading is executed exclusively on GBPUSD. The Sugeno output serves as the primary signal gate 

and must be confirmed by 𝐸𝑀𝐴(10) crossover and MACD histogram momentum before trade entry. Risk 

management is implemented at multiple levels. Each position includes a take-profit threshold of 10 USD, 

with an auxiliary closure at 12 USD to secure extended gains. A cut-loss threshold of −8 USD is applied 

when the fuzzy system indicates reversal conditions. At the account level, a maximum drawdown kill-switch 

is implemented via an external file. If activated, all positions are closed and trading is halted. To mitigate 

trade clustering, a mandatory interval of four hours is imposed between consecutive trades. These constraints 

ensure that learning and execution operate within predefined risk boundaries. 

 

3.6.  Baseline and comparative configurations 

Three configurations are evaluated under identical market data, transaction costs, and risk 

constraints. The baseline configuration applies rule-based EMA and MACD filters with identical profit and 

loss parameters but without learning or fuzzy inference. The RL-only configuration applies SARSA directly 

using argmax 𝑄(𝑠, 𝑎) for action selection. The hybrid configuration integrates SARSA, Sugeno FIS, and 

adaptive exploration control. This design isolates the contribution of hybrid learning and risk-constrained 

exploration. 

 

3.7.  System architecture and reproducibility 

The architecture is implemented as a modular EA consisting of a SARSA learning module, fuzzy 

inference module, risk manager, and trade executor. At each market tick, technical indicators are computed 

and passed to the SARSA module. Updated Q-values and rewards are processed by the fuzzy system to 

generate a trading score. The signal is validated by confirmation filters and processed by the risk manager 

before execution. Executed trades are fed back into the learning module, enabling continuous adaptation. 

Figure 2 presents the system architecture and signal flow from market data acquisition to execution 

and feedback. For reproducibility, the Q-table and fuzzy weight matrix are written to disk after each learning 

step. Upon reinitialization, the most recent state is restored, enabling continuation of training across sessions. 

 

 

 
 

Figure 2. Component-level architecture of the SARSA–FIS hybrid system 
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The dynamic operational sequence of the framework is illustrated in Figure 3, showing the pipeline 

from market data acquisition to signal generation, risk validation, execution, and feedback-driven learning. 

The experimental setup of the trading system, including data flow, learning modules, and execution 

environment, is illustrated in Figures 2 and 3 to ensure reproducibility. 

 

 

 
 

Figure 3. System flow diagram of the SARSA–FIS hybrid trading agent 

 

 

4. RESULTS AND DISCUSSION 

Back testing experiments were conducted on the GBPUSD currency pair to evaluate the 

performance of the risk-constrained SARSA–FIS hybrid framework. The six-month out-of-sample evaluation 

covers the period from 1 January to 30 June 2025. An extended one-year evaluation on 2023 data was 

performed to assess robustness under different volatility regimes. All configurations were tested under 

identical market data, transaction costs, and execution conditions. 

 

4.1.  Six-month out-of-sample evaluation (2025) 

Figure 4 presents the comparative equity curves of the hybrid SARSA–FIS framework and the 

baseline rule-based configuration during the 2025 evaluation period. The hybrid framework exhibits a stable 

upward balance trajectory with limited equity retracements. The system achieved a net profit of 

approximately 90 USD, whereas the baseline configuration produced approximately 10 USD under the same 

conditions. The equity growth of the hybrid model shows smoother progression and more consistent recovery 

following moderate drawdowns. 

 

 

 
 

Figure 4. Comparative balance curves of the SARSA–FIS hybrid framework and the baseline system during 

the six-month 2025 evaluation period 

 

 

Trade-level behavior is illustrated in Figure 5, which shows the distribution of individual trade 

outcomes over time. The SARSA–FIS framework demonstrates clear clustering of trade results around the 
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predefined take-profit (+10 USD) and cut-loss (−8 USD) thresholds. This pattern indicates systematic 

enforcement of the intended risk–reward structure. In contrast, the baseline configuration displays wider 

dispersion, with several trades extending into deeper adverse movements before closure. The tighter 

clustering observed in the hybrid system reflects disciplined exit control and bounded downside exposure.  

 

 

 
 

Figure 5. Profit–time distribution of the SARSA–FIS hybrid framework, shown together with the baseline 

system on a common reference axis to highlight differences in trade dispersion and risk containment 

 

 

Comparative performance metrics for the six-month period are summarized in Table 2. The hybrid 

framework achieved a profit factor of 1.35 and a higher daily Sharpe ratio relative to the baseline, while 

maintaining comparable maximum drawdown. These results indicate improved risk-adjusted performance 

without increasing drawdown severity. 

 

 

Table 2. Comparative performance metrics of the baseline (no AI) and SARSA–FIS hybrid framework on 

GBPUSD 
Metric NO AI SARSA–FIS Hybrid 

Total net profit (USD) 10 90 
Profit factor 1.02 1.35 

Maximum drawdown (%) 5.3 5.5 

Sharpe ratio (daily) 0.02 0.18 
Average trade return (%) 0.06 0.52 

Win rate (%) 52.1 58.7 

Exposure time (%) 42.5 47.2 
Trade count 170 176 

 

 

4.2.  Extended one-year evaluation (2023) 

To assess robustness beyond the six-month window, the SARSA–FIS framework was back tested 

over the full year of 2023. This period includes varying volatility regimes and macroeconomic conditions. 

Figure 6 presents the equity curve for the 2023 evaluation. The system achieved a net profit of 137.06 USD 

with a profit factor of 1.27 and a Sharpe ratio of 1.25. Maximum drawdown during this period was 25.39%. 

The annual equity trajectory shows gradual upward progression with structured recovery phases following 

drawdowns, indicating stable behavior over a longer horizon. 

 

 

 
 

Figure 6. One-year balance curve of SARSA–FIS hybrid framework (2023) 
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Aggregate performance metrics for 2023 are summarized in Table 3. The system executed 144 

trades with a win rate of 56.25%. Average profit and loss per trade were 7.97 USD and −8.08 USD, 

respectively, indicating stable trade expectancy under varying market conditions. The balanced gross profit 

and loss values further confirm controlled trade management and consistent application of the predefined risk 

thresholds. 

 

 

Table 3. Performance metrics of SARSA–FIS hybrid framework during one-year evaluation (2023) 
Metric Value 

Total net profit (USD) 137.06 
Gross profit (USD) 645.90 

Gross loss (USD) –508.84 

Profit factor 1.27 
Sharpe ratio 1.25 

Maximum drawdown (%) 25.39 

Total trades 144 

Win rate (%) 56.25 

Average profit trade (USD) 7.97 

Average loss trade (USD) –8.08 

 

 

4.3.  Sensitivity analysis of exploration and risk parameters 

To further evaluate the stability of the proposed architecture, a sensitivity analysis was conducted on 

the main learning and risk-control parameters. The analysis focuses on the exploration rate and drawdown 

reset threshold that regulate adaptive exploration during learning. The initial exploration rate parameter 

varied within a range of moderate values while maintaining the same decay schedule, and the drawdown 

reset threshold was adjusted within a bounded interval around the baseline configuration. The experimental 

results indicate that the SARSA–FIS framework maintains stable performance across these parameter 

variations. Profit factor values remain consistently above the baseline configuration, while maximum 

drawdown levels remain within controlled limits. These observations suggest that hybrid learning 

architecture is not highly sensitive to moderate parameter adjustments. The adaptive exploration mechanism 

effectively regulates policy updates while maintaining bounded risk exposure. Overall, the sensitivity 

analysis confirms that the proposed architecture exhibits stable learning behavior and robust performance 

across different parameter settings. This stability is particularly important for practical deployment, where 

parameter tuning may vary depending on market conditions and system configuration. 

 

4.4.  Robustness and consistency analysis 

Robustness is evaluated by comparing results across non-overlapping evaluation horizons. In both 

the six-month and one-year tests, the SARSA–FIS hybrid framework demonstrates persistent profitability, 

bounded drawdown behavior, and improved Sharpe ratios relative to the baseline configuration. The equity 

curves in Figures 4 and 6 show sustained upward trajectories rather than isolated performance spikes or 

short-lived gains. The clustering of trade outcomes observed in Figure 5 confirms consistent enforcement of 

take-profit and cut-loss constraints, indicating that adaptive learning does not lead to destabilizing exposure. 

The persistence of positive profit factors across different time horizons suggests that performance 

improvements are not limited to a specific market phase. Overall, the results demonstrate that the risk-

constrained SARSA–FIS hybrid architecture improves risk–reward efficiency while maintaining disciplined 

exposure control. The integration of adaptive RL, structured fuzzy decision mapping, and drawdown-

regulated exploration contribute to stable and reproducible performance under varying market conditions. 

Beyond these empirical observations, the stability characteristics observed in the experimental results also 

provide insight into the sustainability implications of the proposed decision architecture. 

 

4.5.  Sustainability implications 

The empirical results presented in the previous subsections provide indicative evidence that the 

proposed SARSA–FIS hybrid framework contributes to sustainable trading behavior. In the context of 

algorithmic trading, sustainability refers to the ability of a decision system to maintain consistent profitability 

while preserving disciplined risk control and stable operational behavior across different market conditions. 

First, the profitability outcomes observed across both evaluation horizons indicate persistent positive 

performance. During the six-month 2025 evaluation, the SARSA–FIS hybrid framework achieved a net profit 

of approximately 90 USD with a profit factor of 1.35. In the extended one-year 2023 evaluation, the system 

produced a net profit of 137 USD with a profit factor of 1.27. Although the absolute profit values remain 

moderate, the consistency of profitability across non-overlapping periods suggests that the performance is not 
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limited to a single market phase. Similar observations have been reported in RL studies showing that 

adaptive trading agents can improve financial decision-making performance relative to conservative rule-

based benchmarks [1], [4].  

Second, the risk–reward characteristics of the framework further support the sustainability 

interpretation. The system maintained bounded maximum drawdowns of approximately 5.5% during the 

2025 evaluation and about 25.4% during the longer 2023 evaluation. At the same time, the hybrid 

architecture achieved improved risk-adjusted performance, reflected by Sharpe ratios of 0.18 and 1.25 for the 

respective periods. Trade-level behavior indicates that favorable price movements are captured while adverse 

movements remain bounded by predefined risk thresholds. Such balanced behavior is consistent with 

previous studies on fuzzy–RL hybrid systems that emphasize robustness and stability under uncertain 

environments [3], [20]. Third, the operational characteristics of the trading agent also indicate stable system 

behavior. Most trades follow a short intraday holding pattern, suggesting controlled exposure and disciplined 

turnover [21], [22]. This operational structure reduces prolonged market exposure and allows the system to 

adapt more effectively to changing volatility regimes. From a strategic perspective, such disciplined behavior 

can be interpreted within the context of repeated strategic interactions in financial markets, where agents 

must maintain stable strategies under varying competitive conditions [12], [13]. Finally, the integration of 

explicit risk constraints strengthens the sustainability perspective of the proposed architecture. Mechanisms 

such as capped drawdowns, predefined profit and loss thresholds, and confirmation filters function as 

practical regulators that prevent destabilizing trading behavior [23]. These constraints can be interpreted as 

payoff-regularizing mechanisms that guide the learning agent toward stable decision policies. Similar ideas 

have been discussed in financial stability research, where bounded decision rules help maintain systemic 

robustness under uncertainty [14], [15]. 

From a responsible AI perspective, the proposed framework also supports transparency and 

controlled deployment [24]. The use of a FIS enhances interpretability of the decision process, while the RL 

component enables adaptive responses to changing market dynamics. These design principles align with 

recent discussions on responsible and sustainable AI deployment in financial systems [25]–[28]. Overall, the 

combination of consistent profitability, bounded risk exposure, and stable operational behavior suggests that 

the SARSA–FIS hybrid framework provides a sustainable approach to algorithmic trading under varying 

market conditions. 

 

4.6.  Limitations and deployment considerations 

Although the experimental evaluation demonstrates stable and profitable behavior, several 

limitations should be acknowledged. First, experimental validation is conducted using historical back testing 

rather than real-time trading environments. Live market deployment may introduce additional operational 

factors such as execution latency, slippage, and liquidity constraints that cannot be fully captured through 

historical simulations. These factors may influence the realized performance of the trading agent in practical 

settings. Second, the proposed architecture relies on a compact state representation consisting of three states 

derived from price deviations relative to the EMA indicator. While this simplified structure improves 

computational efficiency and interpretability, it may limit scalability when applied to more complex decision 

environments involving high-dimensional feature spaces or multi-asset portfolios. Extending the framework 

to larger state spaces or multiple assets may require more advanced learning mechanisms or hierarchical 

architecture. Third, the fuzzy inference layer employs a predefined rule structure designed to maintain 

interpretability and decision transparency. However, manual rule design may become increasingly complex 

as the dimensionality of the input space grows. Automated rule adaptation or rule-learning mechanisms may 

therefore be required when applying the architecture to more complex domains. Despite these limitations, the 

proposed architecture provides a practical foundation for developing interpretable reinforcement learning 

systems with explicit risk constraints. Future research will investigate extensions to multi-asset trading 

environments, integration with deep reinforcement learning models, and automated fuzzy rule optimization to 

improve scalability and deployment capability in real-world financial systems. 

 

 

5. CONCLUSION 

This study proposed and experimentally evaluated a risk-constrained SARSA–FIS hybrid decision 

architecture for algorithmic trading. The framework integrates reinforcement learning with a Sugeno-type 

fuzzy inference system and explicit risk-control mechanisms within a unified execution agent. Architecture 

combines the adaptability of SARSA learning with the interpretability of fuzzy decision rules, while adaptive 

exploration control and drawdown constraints regulate system stability during learning. Back testing 

experiments on the GBPUSD currency pair indicate that the proposed framework achieves improved 

performance compared with a rule-based baseline configuration across both short-term and extended 

evaluation horizons. During the six-month out-of-sample evaluation in 2025, the hybrid system generated a 
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net profit of approximately 90 USD with a profit factor of 1.35. In the one-year evaluation on 2023 data, the 

system achieved a net profit of 137 USD with a profit factor of 1.27 and a Sharpe ratio of 1.25. The results 

also show disciplined drawdown behavior and consistent enforcement of predefined risk thresholds. Trade-

level outcomes demonstrate that the hybrid framework maintains bounded loss exposure while capturing 

favorable price movements more effectively than the baseline configuration. 

The results further indicate that adaptive learning, interpretable decision rules, and explicit risk 

constraints can be combined within a lightweight trading architecture without introducing unstable behavior. 

The SARSA component enables continuous policy adaptation, while the fuzzy inference layer provides 

structured decision mapping that improves transparency and operational stability. Together with drawdown-

regulated exploration control, these mechanisms support consistent performance across different market 

conditions. Overall, the findings demonstrate that a compact SARSA–FIS hybrid architecture can provide a 

practical approach for developing adaptive and risk-aware trading agents. The proposed framework 

contributes to the design of intelligent decision systems that balance learning capability, interpretability, and 

disciplined risk management. Future work will extend the architecture to multi-asset environments, 

investigate alternative reinforcement learning variants, and further explore adaptive mechanisms for 

improving robustness in highly volatile financial markets. 
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