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Abstract

Reinforcement Learning (RL) has shown significant promise
in automated portfolio management; however, effectively bal-
ancing risk and return remains a central challenge, as many
models fail to adapt to dynamically changing market condi-
tions. We propose Meta-controlled Agents for a Risk-aware
System (MARS), a novel framework addressing this through
a multi-agent, risk-aware approach. MARS replaces mono-
lithic models with a Heterogeneous Agent Ensemble, where
each agent’s unique risk profile is enforced by a Safety-
Critic network to span behaviors from capital preservation
to aggressive growth. A high-level Meta-Adaptive Controller
(MAC) dynamically orchestrates this ensemble, shifting re-
liance between conservative and aggressive agents to mini-
mize drawdown during downturns while seizing opportuni-
ties in bull markets. This two-tiered structure leverages be-
havioral diversity rather than explicit feature engineering to
ensure a disciplined portfolio robust across market regimes.
Experiments on major international indexes confirm that our
framework significantly reduces maximum drawdown and
volatility while maintaining competitive returns.

Introduction

The application of Deep Reinforcement Learning (DRL)
to automated portfolio management has undergone a sig-
nificant evolution, transitioning from foundational concepts
to sophisticated end-to-end trading systems. Early efforts
focused on adapting classic DRL algorithms to financial
decision-making, establishing DRL as a viable paradigm
for learning sequential trading policies directly from market
data (Jiang, Xu, and Liang 2017; Bai et al. 2024). The de-
velopment of open-source libraries such as FinRL played a
pivotal role during this period by standardizing the applica-
tion of DRL algorithms to financial markets and improving
reproducibility (Liu et al. 2020).

Despite these advances, the direct application of generic
DRL algorithms to financial markets exposed a fundamen-
tal mismatch. Financial environments are inherently noisy
and exhibit pervasive non-stationarity (Zhang and Xie
2025), where the statistical properties of financial time se-
ries change over time, violating the core Markov Decision
Process (MDP) assumption of a stationary environment. As
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a result, models trained in one market condition, such as a
low-volatility bull market, often fail catastrophically when
the regime shifts, rendering previously learned patterns ob-
solete (Zhang and Xie 2025). The second critical limitation
is the superficial treatment of risk. In many DRL mod-
els, risk management is handled implicitly through reward
shaping, such as using risk-adjusted metrics like the Sharpe
Ratio as the reward signal or adding penalties for large draw-
downs (Reis, Serra, and Gama 2025). This approach is fun-
damentally reactive, treating risk as a consequence to be pe-
nalized after the fact, rather than as a factor to be proac-
tively managed within the decision-making process, as hu-
man traders do. As a result, agents are often vulnerable to
tail risks and sudden market shocks. Notably, these two chal-
lenges, non-stationarity and risk, are deeply interconnected:
an agent that fails to adapt to changing market regimes can-
not effectively manage risk.

In this paper, we propose MARS (Meta-controlled Agents
for a Risk-aware System), a novel framework that explicitly
addresses the dual challenges of non-stationarity and risk.
Different from the conventional monolithic agent paradigm,
MARS employs a meta-learning-controlled multi-agent ar-
chitecture that decouples risk preference and management
from market adaptation. At the lower level, MARS employs
an ensemble of heterogeneous Safety-Critic Agents. Each
agent consists of three networks: an Actor, a Critic, and a
Safety Critic that learns to estimate the risk associated with
a given state-action pair (Srinivasan et al. 2020). Crucially,
each agent is explicitly configured with a distinct risk toler-
ance, defined by a safety threshold (6;) and a safety weight
(\;), embedding risk management directly into its learning
objective in a principled and structural manner. At the higher
level, a Meta-Adaptive Controller acts as a meta-policy,
learning to dynamically orchestrate the agent ensemble. It
takes the current market state as input and outputs a set of
weights that determine each agent’s contribution to the final
trading decision. By learning to modulate these weights, the
meta-controller allows the framework to adapt its aggregate
strategy—ranging from “Ultra Conservative” to “Maximum
Growth”—in response to the non-stationary dynamics of the
financial environment. Specifically, this paper makes the fol-
lowing primary contributions:

1. We propose MARS, a novel meta-learning-controlled
multi-agent DRL framework featuring an ensemble of



Safety-Critic Agents with explicit risk profiles, orches-
trated by a Meta-Adaptive Controller to address the
dual challenges of non-stationarity and risk management.

2. We design a novel, two-part risk management mecha-
nism specific to portfolio management: (1) a custom en-
vironmental risk score that provides the Safety-Critic a
nuanced, holistic understanding of both structural and
market risks, and (2) a rule-based overlay that ensures all
executed actions are compliant with practical, real-world
trading constraints.

. Extensive experiments on real-world stock market data
show that MARS significantly outperforms both tradi-
tional and state-of-the-art DRL baselines, particularly
in achieving higher risk-adjusted returns and preserving
capital during periods of elevated market volatility.

Related Work

Recent research in quantitative finance reveals a significant
methodological evolution from supervised prediction to end-
to-end Reinforcement Learning (RL). This shift is motivated
by the “prediction-profitability gap,” where higher predic-
tion accuracy does not reliably translate to better trading
returns (Jiang, Zhu, and Hu 2024), and by RL’s inherent
suitability for sequential decision-making. Researchers are
applying increasingly sophisticated RL paradigms to tackle
financial challenges like market non-stationarity and low
signal-to-noise ratios (Liu et al. 2022; Wang et al. 2025),
leading to a diverse ecosystem of approaches. Concurrently,
the development of standardized benchmarks like FinRL-
Meta (Liu et al. 2022) and TradeMaster (Sun et al. 2023)
signifies a community-wide push for greater scientific rigor.

Model-Free Approaches. Model-free RL approaches
learn trading policies directly from market interaction with-
out an explicit market model. Recent advancements focus
on augmenting standard RL agents with domain-specific ar-
chitectures. For instance, DeepTrader is a risk-aware agent
using a dual-module architecture to balance return with risk
by embedding market conditions and penalizing high port-
folio drawdown, allowing it to adapt its strategy to different
market regimes (Wang et al. 2021b). Addressing a different
challenge, Logic-Q is a knowledge-guided system that in-
jects human-like trading logic into a DRL agent via program
sketching. This helps the agent identify major market trends
and prevent catastrophic errors during trend shifts, thereby
improving robustness (Li et al. 2025).

Model-Based and Hybrid Approaches. Model-based
and hybrid approaches integrate predictive components to
provide the RL agent with a richer understanding of the mar-
ket, aiming to improve sample efficiency. A prime exam-
ple is StockFormer, which fuses a predictive coding module
with an RL agent, using specialized Transformer branches
to learn latent representations of future dynamics for a Soft
Actor-Critic (SAC) agent (Gao, Wang, and Yang 2023). This
end-to-end system tackles the low signal-to-noise problem
by extracting predictive signals, though its performance can
be contingent on the accuracy of the underlying predic-
tive model. Other hybrid methods, like “Ambiguous” Mean-
Variance RL, fuse RL with classical financial theory, using
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RL to learn unknown statistical parameters required by tra-
ditional risk models (Huang and Li 2020).

Hierarchical and Multi-Agent RL Approaches. Hierar-
chical and Multi-Agent RL approaches decompose complex
financial problems into more manageable sub-tasks. Hierar-
chical Reinforcement Learning (HRL) is particularly effec-
tive for multi-scale decision-making. For example, HRPM
uses a two-level hierarchy where a high-level agent sets
strategic portfolio allocations and a low-level agent mini-
mizes trade execution costs, directly addressing frictions like
slippage (Wang et al. 2021a). EarnHFT applies a more com-
plex three-tier hierarchy to high-frequency trading, using a
meta-controller to dynamically select the best-specialized
agent for current market conditions (Qin et al. 2024). Sepa-
rately, Multi-Agent RL (MARL) models strategic interac-
tions. The MAPS framework, for instance, uses coopera-
tive agents with a diversification penalty to encourage varied
strategies, creating a more robust “portfolio of portfolios”
(Lee et al. 2020). These approaches acknowledge that a sin-
gle agent may be insufficient to capture multifaceted market
dynamics.

Methodology

MARS tackles the challenges of non-stationarity and risk in
financial markets by learning to adapt to the market condi-
tions through an ensemble of RL agents with diverse risk
profiles. As illustrated in Figure 1, the MARS framework
takes as input the Market State vector s; at time ¢, compris-
ing the current portfolio holdings, cash balance, and a set of
technical indicators for all assets. This state vector is con-
currently fed into two main components: the Meta-Adaptive
Controller (MAC) and the Heterogeneous Agent Ensemble
(HAE). In each time step ¢, the MAC processes s; to gen-
erate a vector of agent weights, w;, tailoring the influence
of each agent to the current market condition. Simultane-
ously, the HAE, which consists of N distinct Safety-Critic
agents with unique risk profiles (6;, A; for agent i), maps s;
into a set of diverse proposed actions {a}}¥ ;. Each agent in
the ensemble is a complete DDPG-based agent composed of
Actor, Critic, and Safety-Critic networks. The outputs from
these two components—the agent weights and the proposed
actions—are then combined via a weighted sum (A;), which
is passed through a final Risk Management Overlay to pro-
duce the executed action (A}).

Problem Formulation

We formulate the portfolio management task as a Markov
Decision Process (MDP), defined by the following tuple
M= (Sa A7 Pa Rv rY)

State Space S: A state s; € S at time step ¢ is a compre-
hensive, flattened vector representation of the market envi-
ronment and the agent’s portfolio. It is constructed by con-
catenating the current cash balance b, and for each of the D
assets, the current holdings h! and a feature vector x; € R¥
of market data. The feature vector for each asset contains its
price and 4 technical indicators (MACD, RSI, CCI, ADX).

Action Space A: The action A; € [—1,1]? is a continu-
ous vector where each element represents the target change
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Figure 1: The MARS framework architecture. The system processes the Market State (s;) through two parallel components. The
Meta-Adaptive Controller (MAC) produces agent weights (w;), while the Heterogeneous Agent Ensemble (HAE) generates
proposed actions (a;). These outputs are aggregated and passed through a Risk Management Overlay to produce the final

executed action (A}).

in allocation for one of the assets. This normalized output is
then scaled by a maximum trade size to determine the ac-
tual number of shares to trade. The final executed trades are
subject to risk management constraints, as detailed below in
Section: Trading Procedure.

Reward Function R: The reward R; at each step is de-
signed to promote profit generation while penalizing risk
and transaction friction. It is defined as:

Vivi — Vi

where is the portfolio’s rate of return from ¢ to t+1,

Cy is the total monetary transaction cost incurred at the step,
and p; is a risk-aversion penalty based on the portfolio’s re-
cent performance, calculated as:
Pt = Wyol * 030d + Wad - DD3soa

where o304 and DD3sgq are the rolling 30-day portfolio
volatility and max drawdown.

The objective is to learn a policy 7(A:|s;) that maximizes
the expected cumulative discounted reward:
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where  is the discount factor.

Overall Training Algorithm

The complete training and evaluation procedure for the
MARS framework is summarized in Algorithm 1.

Heterogeneous Agent Ensemble (HAE)

The core of our framework is an ensemble &
{A1, A, ..., An} of N distinct agents. Each agent A; is a
complete Safety-Critic agent defined by a unique, intrinsic
risk profile (6;, \;), where 6; is its risk tolerance threshold
and ), is its risk aversion penalty. This heterogeneity is a key
design choice, creating a diverse pool of “expert” behaviors
ranging from ultra-conservative to highly aggressive.

Each agent A4; is implemented using a Deep Determin-
istic Policy Gradient (DDPG) architecture, extended with a
dedicated Safety-Critic network.

Actor Network 74, (s;) The actor, a Multi-Layer Percep-
tron (MLP) with parameters ¢;, maps the state s; to a de-
terministic action a!. It is updated via a policy gradient that
includes a novel Conditional Safety Penalty (CSP):

J(¢i) =~ Es,np [Vmei (86,7, (5t))
— i+ Vg, ReLU(Ck, (51, 74, (51)) — 91-)]

The CSP term explicitly penalizes the policy only when its
proposed action’s predicted risk Cf, exceeds its specific risk
tolerance 0;.

Critic Network @, (s, a;) The critic, an MLP with pa-
rameters 1);, approximates the state-action value function by
training to minimize the Temporal Difference (TD) error:

L003) = Egsean e | e = Qu, (50,027
where the TD target y; = Ry + 7Qy (St41, T (St+1))-

Safety-Critic Network C¢, (s;,a;) This network, with pa-
rameters &;, is architecturally similar to the critic but is
trained to predict the extrinsic risk of an action. Its objective
is to learn an environment risk function, C.,,. This target
function, a novel component of our framework, is specif-
ically designed to measure risk in a stock trading context
by computing a score in [0, 1] based on three key metrics:
Portfolio Concentration (penalizing over-concentration),
Leverage (quantifying reliance on borrowed funds), and
Simulated Volatility (estimating a trade’s forward-looking
risk impact). Based on sensitivity analysis, the final score
uses fixed weights of 40% Simulated Volatility, 30% Port-
folio Concentration, and 30% Leverage, which were tuned
to achieve a balance across different market regimes. By
integrating these distinct risk dimensions, C.,, provides
the Safety-Critic with a holistic and financially-grounded
risk signal that goes beyond simple price-based penalties.
The Safety-Critic is trained via a Mean Squared Error loss
against this target:

£(6) = Eqspamn | Convlst,ar) = Ce, (s1,00))7]
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Algorithm 1: MARS Training and Evaluation Algorithm

Initialize HAE agents {A;}Y,
Ty Quis Ce,
Initialize MAC controller M,
Initialize replay buffers D; for each agent and D, for
the MAC
for episode = 1 to max_episodes do

Reset portfolio and environment to get initial state

1: with networks

S0
fort=0to7T —1do
> Decision Making
Get individual actions a} = 7y, (s;) from each
agent A;
Get agent weights w;, = softmax (M, (s;)) from
MAC
10:
11:

Aggregate final action A; = va:l wi - al
Apply risk management overlay to get final trade
A} = validate( Ay, st)

12: > Environment Interaction

13: Execute A}, observe reward R; and next state
St+1

14: Store transition (s¢, A}, R¢,sp41) in each
agent’s replay buffer D; _ '

15: Store (St7{Qwi(st’af‘/)}’g\il7{Ofi(st?a%)}il\il)
in MAC buffer D,

16: > Agent Training

17: For each agent .A;, sample a minibatch from D;

18: Update critic @y,, safety-critic C¢,, and actor
T i

19: i Update target networks for each agent

20: end for

21: > Meta-Controller Training

22: if episode mod meta_train_freq == O then

23: Sample a minibatch from Dy,

24: Update MAC controller M, by minimizing
L(w)

25: end if

26: end for

Meta-Adaptive Controller (MAC)

The Meta-Adaptive Controller, M,,, serves as a high-level
orchestrator. It is a neural network with parameters w that
learns a meta-policy, 7, (w¢|s;), which dynamically assigns
weights to the agents in the HAE based on the current market
state s;. This allows the framework to implicitly learn and
adapt to different market regimes (e.g., bull, bear, volatile)
by adjusting its reliance on different risk-taking behaviors.
The controller outputs a vector of logits, passed through a
softmax function to generate the weight distribution:

N

wi = [wy, ..., w; | = softmax(M,(s;))

The final action A, is an aggregation of the individual
agents’ proposed actions, weighted by MAC’s output:

N
Ay = sz "o, (5t)
i=1
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The MAC is trained to maximize a risk-adjusted utility
function. The loss is the negative of a custom objective that
balances the mean and standard deviation of the ensemble’s
predicted Q-values (a Sharpe-like term) while also penaliz-
ing the ensemble’s predicted risk:

Llw) = — < E[Q:]

Std(Q) +e

where Q; = Zi\;l wiQy, (st,a}) is the weighted-average
predicted Q-value, C; SN wiCe, (sy,al) is the
weighted-average predicted risk, and A, 1S a hyperpa-
rameter. By minimizing this objective, the MAC learns to
favor agent combinations that promise high, stable returns
with low predicted risk, effectively navigating the risk-return
tradeoff for the entire system.

Ameta - E[Cto

Trading Procedure

The decision-making and trading process at each time step ¢
begins with the construction of the state vector s; from the
latest market data. It is important to note that the Safety-
Critic network is a training-only module used to instill
each agent’s intrinsic risk profile; during deployment (i.e.,
this trading procedure), risk is managed by the MAC’s dy-
namic weighting and the final rule-based overlay. Concur-
rently, each agent A; in the HAE proposes an individual ac-
tion a!, while the Meta-Adaptive Controller M,, generates
the corresponding agent weight vector w;. These outputs
are then combined via action aggregation, where the final
system action A; is computed as the weighted average of all
proposed actions. Before execution, A; is passed through a
risk management overlay. This overlay acts as a final fail-
safe to ensure all actions are practical and compliant with
institutional standards by enforcing rules such as limits on
position concentration, maintenance of a cash buffer for lig-
uidity, and a ban on short-selling. This rule-based system
provides hard guardrails against diversification risk and un-
limited losses, bridging the gap between the agent’s learned
policy and real-world trading compliance. Any action violat-
ing these rules is adjusted to produce a final, risk-compliant
action, A}. Finally, this action is executed in the market, and
the environment transitions to the next state sy 1.

Experiments

To rigorously evaluate the MARS framework, we design a
comprehensive set of experiments aimed at answering the
following key research questions:

1. How does MARS perform against traditional passive
strategies and state-of-the-art reinforcement learning
agents, especially in terms of risk-adjusted returns across

varying market conditions?

. To what extent are the core architectural components—
the Heterogeneous Agent Ensemble (HAE) and the
Meta-Adaptive  Controller (MAC)—necessary for
achieving the observed performance?

. Can MARS effectively and adaptively respond to market
fluctuations to achieve both high returns and robust risk
management?



Test Period Training Span Validation Span

Testing Span Primary Market Condition

2022 Test  2016-01-01 t0 2020-12-31  2021-01-01 t0 2021-12-31  2022-01-01 t0 2022-12-31  Volatile Bear Market
2024 Test  2018-01-01 t0 2022-12-31  2023-01-01 to0 2023-12-31  2024-01-01 to 2024-12-31  Recent Bull Market
Table 1: Training and Testing Periods for Datasets

Env. Model CR% AR% SR AVol% MDD% Baseline Methods We compare MARS against a passive
MARS 2050 3119 2.84 1099 -5.39 investment strategy and three state-of-the-art DRL models:
MARS-Static  17.10 17.17 1.71 10.04 -6.79 * Market Index: A buy-and-hold strategy for the respec-
MARS-Homo 22.21 22.31 1.85 12.03 -7.81 tive index.
MARS-Div5S  12.02 12.07 1.08 11.16 -6.1 .

DJI ARS-D;ZH 1970 1987 167 1189 -7 22 * DeepTrader: A DRL model that incorporates market

2024 ' ) ' ' ' ditions (Wang et al. 2021b)
DeepTrader ~ 13.30 14.01 1.18 11.92  -6.84 con g : :
HRPM 19.11 20.16 099 2043 -7.90 * HRPM: A hierarchical RL framework for portfolio allo-
AlphaStOCk 22.13 23.36 1.18 19.78 -10.24 Cation (Wang et al 20213)
DII'T 15. 16.1 1.41 11.51 -6. . . .

1 Index 536 16.19 > 6.06 * AlphaStock: An investment strategy using an inter-

MARS 1624 17.84 149 12.00 -7.38 pretable attention network (Wang et al. 2019).

HSI DeepTrader 13.35 14.65 0.64 23.04 -15.44

2024 HRPM 468 512 0.80 6.38 -6.00 MARS Variants for Ablation Study To isolate the con-
AlphaStock -0.19 -0.21 -0.05 4.44 -4.63 tributions of key components, we evaluate several variants
HSI Index 2446 28.78 1.10 26.08 -17.09 of our MARS framework:
MARS -0.86 -0.93 -0.05 19.83  -16.77 ¢ MARS-Static: The MAC is replaced with fixed, uniform

DI DeepTrader -10.70 -11.43 -0.46 25.07 -21.32 agent weights.

2022 HRPM -3.34  -3.58 -0.18 2035 -17.30 . . .
AlphaStock  -36.37 -38.42 -1.03 3735 -46.17 . MARS-Homogeneoqs. The HAE is replaced with an en-
DJI Index 314 336 -0.17 2026 -19.69 semble of agents sharing identical risk profiles, but each
MARS 1450 1488 066 2256 3272 1; S?ﬁtl\;ﬂelizeli mggrzitcilfferent random seed to ensure net-

HSI DeepTrader  -26.69 -27.34 -0.86 31.93 -48.02 g Y

2022 HRPM -18.98 -19.46 -0.77 2521 -37.01 * MARS-Divergence (5/15): The number of agents is
AlphaStock  -24.32 -25.01 -0.64 39.32 -54.60 changed to 5 or 15 to test ensemble size sensitivity.
HSI Index -19.77 -21.36 -0.64 3332 -41.07

Table 2: Risk—return metrics for MARS and baselines across
all environments. Best results in bold.

Experimental Setup

Datasets We used historical daily data from two major
global indices, the Dow Jones Industrial Average (DJI)
and the Hang Seng Index (HSI), sourced from Yahoo Fi-
nance. For the main MARS experiment and baseline com-
parisons, we selected a portfolio of 50 representative US
stocks that benchmarked against the DJI and 50 constituent
stocks from the HSI. To ensure robust evaluation across di-
verse market regimes, we defined two distinct time periods
for training and testing, as detailed in Table 1. These periods
were chosen to represent a volatile bear market (2022) and a
more recent bull market (2024).

Evaluation Metrics Following standard practice, we as-
sess performance using metrics from three categories:

¢ Profit Criterion: Cumulative Return (CR) and Annual-
ized Return (AR).

¢ Risk Criterion: Annualized Volatility (AVol) and Maxi-
mum Drawdown (MDD).

¢ Risk-Adjusted Return: Sharpe Ratio (SR).
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Implementation Details Our MARS framework was im-
plemented using the following configuration. Hyperparame-
ters were tuned based on performance on the validation set.
For all experiments, we used a fixed random seed of 42 to
ensure the reproducibility of our results. The Heterogeneous
Agent Ensemble (HAE) consists of N = 10 agents, whose
risk profiles were defined by a spectrum of safety thresholds
(6;) ranging from 0.10 (conservative) to 0.55 (aggressive)
and penalty weights (\;) from 1.0 to 5.5. For each market
index, we used a portfolio of D = 50 assets. The feature
vector for each asset includes its price and 4 technical indi-
cators (MACD, RSI, CCI, ADX).

For the reward function, the risk-aversion penalty weights
were set to Wy = 0.5 and wyqg = 2.0. The discount factor ~y
was set to 0.99. In the Meta-Adaptive Controller’s loss func-
tion, the risk penalization hyperparameter A, Was set to
0.5. All networks for the actors, critics, Safety-Critics, and
the MAC were implemented as fully-connected Multi-Layer
Perceptrons (MLPs). The network architecture consists of
three hidden layers with dimensions of 256, 128, and 64,
with ReLU as the activation function applied after each hid-
den layer. For the trading procedure, the position concentra-
tion limit was set to 20% of the total portfolio value.

Overall Performance

Table 2 summarizes the performance of MARS compared to
baseline models across diverse markets.
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Figure 2: Performance comparison on the DJI 2022 dataset.
MARS (red) shows superior capital preservation with a sig-
nificantly shallower drawdown compared to baselines.

Performance on DJIA In the Dow Jones Industrial Av-
erage (DJIA) environments, MARS consistently delivered
strong performance. During the challenging 2022 bear mar-
ket, it demonstrated superior performance across all met-
rics, achieving the lowest loss (CR -0.86%) and the best
maximum drawdown (-16.77%). During the more favorable
2024 bull market, MARS maintained its dominance, achiev-
ing the highest Cumulative Return (29.50%), Annual Re-
turn (31.19%), Sharpe Ratio (2.84), and the lowest Maxi-
mum Drawdown (-5.39%). Notably, compared to the best
baseline results, MARS achieved relative improvements of
70.6% and 101.4% in Sharpe Ratio for DJI 2022 and 2024,
respectively.

Performance on HSI In the 2022 bear market for the
Hang Seng Index (HSI), MARS again excelled in capi-
tal preservation, securing the best Cumulative Return (-
14.50%), lowest volatility (22.56%), and smallest Maximum
Drawdown (-32.72%). It also achieves comparable perfor-
mance in Sharpe Ratio (-0.66) to the best baselines (-0.64).
In the 2024 bull market, although the passive HSI Index
yielded a higher raw return, MARS outperformed all DRL-
based methods in both cumulative and annual returns. More-
over, MARS achieved the highest Sharpe Ratio across all
models—a 35.5% relative improvement—demonstrating the
more effective balance between risk and reward.

Performance during Bear Market (2022) vs. Bull Mar-
ket (2024) Figures 2 and 3 illustrate the returns and draw-
downs of different methods on the DJI during 2022 and
2024. Unlike models that follow a uniform strategy, MARS
adapts its behavior to shifting market dynamics. For in-
stance, during the volatile declines from March to June 2022
and again between August and October 2022, MARS prior-
itized capital preservation. This defensive posture enabled
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Figure 3: Performance comparison on the DJI 2024 dataset.
MARS (red) achieves the highest return while maintaining a
competitive drawdown profile.

it to withstand turbulence without suffering the deep draw-
downs and sharp losses seen in models such as AlphaS-
tock and DeepTrader. By successfully mitigating the year’s
two major downturns, MARS closed 2022 with the smallest
overall loss. Even in the positive market of 2024, MARS
maintained vigilance, leveraging its risk-aware agents to
protect gains against short-term volatility, like from April to
May 2024. This resulted in controlled, minimal drawdowns
compared to the sharper dips of HRPM and AlphaStock. As
the bullish trend solidified in 2024, MARS shifted its strat-
egy, giving more weight to its aggressive, growth-oriented
agents, enabling it to capitalize on strong market momen-
tum. As a result, its performance accelerated and began to
diverge from competing models. MARS’s ability to both
defend against downturns and aggressively capture upside
underpins its superior performance—delivering the highest
cumulative return, a competitive drawdown profile, and ulti-
mately the best Sharpe Ratio among all tested models.

Ablation Study

To assess the necessity of MARS’s core architectural com-
ponents, we conducted ablation studies using DJI 2024.
Figure 4 illustrates the return and drawdown trends of the
MARS variants compared with the DJI Index.

Effectiveness of Meta-Adaptive Controller (MAC) The
MARS-Static variant, which removes MAC’s dynamic
agent weighting, performs markedly worse than the full
MARS framework. Its Cumulative Return falls from 29.50%
to 17.10%, and its Sharpe Ratio drops from 2.84 to 1.71.
This confirms the MAC’s dynamic orchestration is critical
for market adaptation and maximizing risk-adjusted returns.

Effectiveness of Heterogeneous Agent Ensemble (HAE)
The MARS-Homogeneous variant, which removes agent
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Figure 4: Ablation study performance on the DJI 2024
dataset. The main MARS model (red) outperforms all vari-
ants, validating its architectural components.

heterogeneity, underperforms the full model with a cumu-
lative return of only 22.21% and a Sharpe Ratio of 1.85.
Its maximum drawdown (-7.81%) is also worse than both
the full model and MARS-Static, underscoring the im-
portance of diverse risk profiles in the HAE for effectively
managing downside risk.

Impact of Ensemble Diversity To examine the impact of
ensemble size, we varied the number of agents from 10 to 5
(MARS-Div5)and 15 (MARS-Div15). With only 5 agents,
the Cumulative Return dropped to 12.02%, reflecting insuf-
ficient strategic diversity. Expanding to 15 agents improved
performance to 19.70% but still fell short of the main model,
indicating diminishing returns.

Analysis of Adaptive Strategy

To reveal MARS’s adaptive capabilities qualitatively, we an-
alyzed the behavior of the Meta-Adaptive Controller (MAC)
under contrasting market conditions—the volatile 2022 mar-
ket and the stable 2024 market—using the DJI portfolio. Fig-
ure 5 shows the time-varying weights that MAC assigned to
the Conservative, Neutral, and Aggressive agent groups.

The results reveal two distinct meta-strategies. In the tur-
bulent 2022 bear market (top panel), the MAC adopted a
highly reactive, defensive posture, with allocation weights
showing substantial day-to-day volatility. The Aggressive
group’s allocation volatility was over 70% higher than in
2024, and the MAC frequently shifted between Conservative
and Neutral agents—reflecting a dynamic strategy aimed at
navigating uncertainty and mitigating risk.

In contrast, during the 2024 bull market (bottom panel),
the MAC settled into a remarkably stable and confident
meta-strategy. Daily weight fluctuations were smoother and
far less volatile, while mean allocations remained simi-
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Figure 5: Comparison of agent allocation strategies under
Meta-Adaptive Controller (MAC) during the 2022 bear mar-
ket (top) and the 2024 bull market (bottom) for DJI portfolio.

lar to 2022 (roughly 34.6% Conservative, 38.6% Neutral,
26.9% Aggressive). Notably, coordination between groups
strengthened: the negative correlation between Conservative
and Aggressive allocations deepened from -0.788 in 2022
to -0.968 in 2024, indicating a more decisive, synchronized
trade-off between risk and growth.

This comparison confirms that MAC does not employ a
static policy but instead fundamentally adapts its operational
behavior in response to the market regime. It shifts from a re-
active, risk-averse manager in volatile downturns to a stable,
coordinated orchestrator during periods of growth, validat-
ing MARS’s ability to adaptively balance risk and return.

Conclusion

In this paper, we proposed MARS, a novel meta-controlled
risk-aware reinforcement learning framework for portfolio
management. Its core innovation lies in a two-tier architec-
ture comprising a Heterogeneous Agent Ensemble (HAE),
where each agent is assigned an explicit risk profile en-
forced by a Safety-Critic, and a high-level Meta-Adaptive
Controller (MAC) that orchestrates the ensemble. This de-
sign allows MARS to leverage behavioral diversity to navi-
gate changing market conditions.

Comprehensive experiments on the DJI and HSI indices
demonstrate the efficacy of MARS. The framework consis-
tently delivered higher risk-adjusted returns than established
DRL baselines, and most notably, it exhibited exceptional
capital preservation during the 2022 bear market by signifi-
cantly minimizing drawdowns and volatility. Ablation stud-
ies confirmed that both the MAC and the heterogeneity of
the agent ensemble are critical to the framework’s success.
These results validate that MARS provides a robust and ef-
fective solution for risk-aware portfolio management.
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