
An Interactive Simulation Framework by Ensemble Imitation Learning Agents
for Training Robust Trading Policies

Julian Zhong-Nan Zhang, Yang Yu
National Key Laboratory for Novel Software Technology, Nanjing University

Xianlin Campus, 163 Xianlin Avenue, Nanjing, Jiangsu 210023 China
zhangzn@lamda.nju.edu.cn, yuy@nju.edu.cn

Abstract

The reliable deployment of reinforcement learning (RL) for
real-world algorithmic trading is critically hindered by the
“simulation-to-reality gap.” Standard industry backtesting
on static historical data ignores market impact—the feed-
back loop where an agent’s trades influence price dynam-
ics—leading to strategies that are fragile and untrustworthy in
live markets. To solve this significant problem, we present a
novel and emerging application of AI: a framework for build-
ing an interactive, responsive market simulator. Our system
first uses imitation learning (IL) to automatically train an en-
semble of agents, each learning a distinct trading strategy
from a different historical market regime (e.g., bull, bear).
This creates a data-driven proxy for a diverse population of
real-world traders. We then deploy an innovative Action Syn-
thesis Network to synthesize the actions of this ensemble,
generating a realistic, synthetic price trajectory that endoge-
nously models the market’s reaction to trades. This interac-
tive environment is then used to train a final RL policy. We
evaluate our system on NASDAQ-100 (QQQ) data, and the
results demonstrate strong potential for deployment. The RL
policy trained in our responsive simulator achieves signifi-
cantly more robust performance, exhibiting superior down-
side protection during market downturns compared to vari-
ous traditional baselines. This application provides a scalable
and technically sound methodology for building more realis-
tic training environments, presenting a clear path toward the
development and eventual deployment of more resilient and
effective algorithmic trading strategies.

Introduction
The ultimate goal of applying artificial intelligence to fi-
nance is to build autonomous agents that can make profitable
and reliable trading decisions in real-world markets. How-
ever, the field is hindered by a fundamental paradox: the very
methods used to validate these agents are often the cause of
their failure in live deployment. This disconnect, known as
the “simulation-to-reality gap”, is the single greatest obsta-
cle to deploying robust RL agents in finance and represents
a high-stakes problem that our work directly addresses (Bai
et al. 2025).

The source of this paradox is the industry-standard prac-
tice of backtesting on static historical data. This method as-

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

sumes an agent’s trades are invisible and have no effect on
market prices. An agent trained this way never learns the
consequences of its own actions, such as the fact that a large
“buy” order will drive up the price, or a large “sell” order
will drive it down. This phenomenon, known as market im-
pact, is a core principle of market dynamics (Vyetrenko et al.
2020). Consequently, strategies that appear highly profitable
in static backtests—where the agent gets to trade at histor-
ical prices regardless of its actions—can lead to significant
losses when deployed in a live market that reacts to its trades
(De Prado 2018; Balch et al. 2019).

If static backtesting is the problem, then interactive simu-
lation is the solution. Agent-based models (ABMs) attempt
this by creating virtual markets populated with different
trading agents (Schnaudt et al. 2019). However, their practi-
cal application has been limited by a critical bottleneck: the
agents in these simulators are typically governed by a small
set of hand-crafted, rule-based strategies. This manual de-
sign process is not scalable, is prone to designer bias, and
fails to capture the immense diversity and adaptive nature of
real-world market participants (Vyetrenko et al. 2020).

Our key innovation is a novel framework that automates
the creation of a diverse and realistic market environment,
breaking the bottleneck of manual agent design. Instead of
prescribing agent behaviors, we teach them directly from
market data. Our system first uses imitation learning (IL)
to train an entire ensemble of “specialist” agents, with each
one learning a unique trading style from a different histor-
ical market period (e.g., a bull market, a bear market). We
then introduce a novel action synthesis network that learns to
mimic this diverse population, generating responsive price
dynamics that realistically model the market’s reaction to
trades. By training a final RL agent within this rich, inter-
active simulation, we learn a policy that is inherently more
robust.

Our contributions are therefore clear and directly address
the stated problem:
• A data-driven method for automated agent popula-

tion: We present a complete system that uses imitation
learning to automatically create a diverse ensemble of
trading agents from historical data. This replaces the
slow, biased, and unscalable process of manual, rule-
based agent design.

• The action synthesis network: We introduce a novel
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neural network component that models market impact by
learning to dynamically synthesize the collective actions
of the agent ensemble into a single, coherent price move-
ment, creating a responsive and realistic training environ-
ment.

• Demonstrated robustness and superior risk manage-
ment: We show that an RL agent trained in our simula-
tor learns a verifiably more robust strategy. Compared to
baselines, it achieves significantly better downside pro-
tection in market downturns and lower overall volatil-
ity— eassential qualities for real-world deployment.

Related Work
Our research is positioned at the intersection of reinforce-
ment learning in finance, agent-based market simulation,
and imitation learning. We build upon foundational concepts
from each domain while addressing their core limitations.

Reinforcement Learning in Finance
The application of RL to finance has grown substantially,
with algorithms like Q-Learning and, more recently, Deep
RL being used for tasks ranging from option pricing to port-
folio management (Fischer 2018; Hambly, Xu, and Yang
2021). Frameworks such as FinRL have been developed to
standardize the research process, providing pre-built mod-
ules for data access, feature engineering, and training RL
agents (Liu et al. 2021).

However, a persistent criticism across this body of work
is the reliance on static historical backtesting. In a typical
setup, the RL agent’s environment is a fixed dataset of past
prices. When the agent decides to “buy”, the environment
simply provides the historical price at that time, completely
ignoring the fact that a large buy order would have increased
that price in reality, and vice versa for “sell” decisions. This
failure to model market impact leads to over-optimistic per-
formance and policies that are not robust to live market feed-
back (Balch et al. 2019). Our work directly addresses this
fundamental limitation by creating an environment where
the price is not static but reacts to the agent’s actions.

Agent-Based Market Simulation
To overcome the flaws of static backtesting, researchers
have developed agent-based models (ABMs), which sim-
ulate markets as complex adaptive systems of interacting
agents (LeBaron 2006). These interactive agent-based sim-
ulators (IABS) enable “what-if” analyses by modeling the
market’s response to an agent’s actions (Vyetrenko et al.
2020). A common approach is to populate the simulator with
agents governed by simple, hand-crafted rules. For exam-
ple, an ABM might include trend-followers that buy when a
short-term moving average crosses above a long-term one,
and noise traders that act randomly (Spooner et al. 2018).

While a conceptual improvement, the practical limitation
of ABMs is their reliance on these manually designed, sim-
plistic agent archetypes. This process requires significant
domain expertise, is prone to designer bias, and struggles
to capture the true heterogeneity and adaptive complexity
of real-world traders. Our key innovation is to replace this

manual, rule-based design with a data-driven approach. In-
stead of hand-crafting agent behaviors, we learn them di-
rectly from market data, resulting in a more diverse and re-
alistic agent population.

Imitation Learning in Finance
Imitation learning (IL) offers a powerful, data-driven alter-
native to rule-based agent design, aiming to learn a policy
by mimicking expert demonstrations (Osa et al. 2018). In fi-
nance, the standard application of IL is to train a single trad-
ing agent. For instance, a researcher might use the histori-
cal trades of a successful portfolio manager as an “expert”
dataset, and then train an IL agent to replicate that manager’s
decisions (Liu et al. 2020). The goal is to distill the expert’s
strategy into a deployable model.

Our work employs imitation learning in a fundamentally
different and novel way. We are not using IL to create our
final, primary trading agent. Instead, we use IL to construct
the market environment itself. By training an entire ensem-
ble of IL agents—each mimicking a different “expert” style
from a specific market regime—we are creating a diverse
and data-driven population of background agents. This novel
application of IL allows us to build a realistic simulator that
serves as the training ground for our final RL agent, a con-
tribution that distinguishes our work from standard applica-
tions of IL in finance.

System Architecture and Technical
Methodology

Our system is a multi-stage pipeline designed to first con-
struct a realistic, interactive market environment and then
train a robust trading agent within it. The architecture is
composed of three core components that build upon one
another: an ensemble of data-driven background agents, a
network to synthesize their actions into a responsive market
price, and a final reinforcement learning agent that learns to
trade within this simulated ecosystem. The entire end-to-end
process is summarized in Algorithm 1.

The IL Agent Ensemble
The foundation of our simulator is a diverse population of
background agents whose collective behavior mimics the
real market. To avoid the biases of manual design, we create
this population automatically by training an ensemble of Im-
itation Learning (IL) agents, each learning a distinct “style”
from historical data.

Data Segmentation and Feature Engineering. The pro-
cess begins with high-quality historical data: minute-level
Open, High, Low, Close (OHLC) and volume data for the
NASDAQ-100 ETF (QQQ) from 2019 to 2024. A crucial
step is to segment this data into distinct market regimes,
allowing us to train specialist agents for different market
”personalities.” We manually identify the dates of signifi-
cant local price maxima and minima (see Appendix Table
6). The periods between these extrema define our training
segments, capturing distinct bull runs, bear markets, and pe-
riods of consolidation.
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For the state representation, we engineer a suite of tech-
nical indicators known to capture different facets of market
dynamics. These features, which form the input for all our
agents, include:

• Exponential Moving Averages (EMAs): With periods
of 3, 6, 9, 18, and 27 minutes to capture trends at multiple
time scales. The EMA is a recursive calculation:

EMAt = α · xt + (1− α) · EMAt−1 (1)

where α = 2/(N + 1) is the smoothing factor.
• Moving Average Convergence Divergence (MACD):

A core momentum indicator defined as MACD =
EMA12−EMA26, along with its signal line, Signal =
EMA9(MACD).

• Volume Indicators: Volume-Weighted Average Price
(VWAP) and Relative Volume, calculated as the ratio
of current volume to its moving average, Rel. V ol. =
Vcurrent/V .

These features are concatenated to form the state vector
st and normalized using Min-Max scaling, x′ = (x −
minx)/(maxx −minx), to ensure consistent input ranges
for the neural networks.

Expert Action Labeling and IL Training. To give each
agent a unique style, we generate ”expert” action labels for
each historical segment. The labels are derived from a sim-
ple, forward-looking heuristic: for each minute t, we assign
an action at ∈ {−1, 0, 1} (sell, hold, buy) if the price sub-
sequently decreases or increases by a significant threshold
(e.g., 10%) within that segment. This provides a clear, albeit
simplified, ”perfect foresight” expert for each market condi-
tion.

We then train a separate IL agent for each market segment.
Each agent is a Multi-Layer Perceptron (MLP) with two hid-
den layers of 128 units (using ReLU activation) that learns a
policy πθ(st). The training objective is to mimic the expert
by minimizing the Mean Squared Error (MSE) between the
policy’s output and the expert action labels over the dataset
of state-action pairs D = {(si, ai)}Ni=1:

min
θ

L(θ) = 1

N

N∑
i=1

∥πθ(si)− ai∥2 (2)

This automated process yields an ensemble of IL agents,
Π = {πθ1 , ..., πθM }, where each agent πθm is a specialist
for a particular historical market condition.

The Interactive Market Simulator
With our diverse ensemble of IL agents created, the next
challenge is to make them interact in a way that generates a
realistic, synthetic price. This is the role of our Action Syn-
thesis MLP, which acts as the core of this market simulation
engine.

Action Synthesis MLP. At any given state st, each of the
M IL agents in our ensemble proposes an action. To model
their collective impact on the price, we deploy an Action
Synthesis MLP. This network takes the vector of proposed

actions from all IL agents as its input. Its architecture is de-
signed to first weigh the influence of each agent and then
predict a final price change. It consists of an input layer
matching the number of agents, a 10-unit softmax layer to
produce a probability distribution of influence weights, two
hidden layers (128 and 64 units, ReLU), and a single output
unit for the predicted price change.

The network is trained on a hold-out segment of historical
data to minimize the MSE between its simulated price tra-
jectory and the actual historical prices. This training process
teaches the network how to orchestrate the agent population,
learning the latent composition of trader types whose collec-
tive behavior best explains real market movements. For sim-
plicity, this initial version of the simulator does not include
a limit order book or explicit market makers.

The Final RL Trading Agent
The IL ensemble and the Action Synthesis MLP together
form our high-fidelity, interactive simulation environment.
The final step is to deploy a primary RL agent to learn a
robust trading strategy within this dynamic world.

Markov Decision Process (MDP) Formulation. We for-
mulate the trading task as an MDP, where the agent learns
a policy to maximize the expected discounted cumulative
reward, Gt =

∑T
k=t+1 γ

k−t−1Rk. The components are de-
fined as follows:

• State Space (S): The state st must provide a complete
picture of the market and the agent’s own status. It in-
cludes all the technical indicators from the feature engi-
neering step, plus the agent’s current cash balance (bt)
and number of shares held (kt). The full state vector is:

st = [∆min%,EMAx,MACD,RelVol, V WAP, bt, kt]
(3)

• Action Space (A): The agent takes a continuous action
At ∈ [−1, 1], representing the fraction of its assets to
trade (sell for negative values, buy for positive).

• Reward Function (R): The design of the reward func-
tion is critical. A naive reward based on the change in to-
tal portfolio value from the start of an episode often leads
to passive, do-nothing strategies. To overcome this and
encourage more active risk management, we designed a
reward based on the change in portfolio value over a re-
cent rolling window (230 minutes). This incentivizes the
agent to react to shorter-term dynamics and capture value
from volatility. The reward is:

Rt = (bt + kt · pt)− (bt−230 + kt−230 · pt−230) (4)

• Transition Dynamics: The environment’s transition is
governed by our simulator. The RL agent’s action is
added to the pool of actions from the IL agents. The sim-
ulation engine matches total buy and sell orders (deal =
min(

∑
buy,

∑
sell)), applies a transaction fee (0.5%),

and the Action Synthesis MLP computes the next price
pt+1, which endogenously incorporates the market im-
pact of all participating agents.
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Algorithm 1: End-to-End Training and Evaluation Pipeline
Input: Historical minute-level data
Dhist

1: Segment Dhist into M training regimes D1, ..., DM and
a hold-out set Dsim train.

2: for each segment Dm in D1, ..., DM do
3: Generate expert state-action pairs (si, ai).
4: Train IL agent πθm by minimizing MSE.
5: end for
6: Assemble IL agent ensemble Π = {πθ1 , ..., πθM }.
7: Train Action Synthesis MLP on Dsim train using Π to

minimize simulated vs. real price error.
8: Initialize interactive simulator E with Π and the trained

Action Synthesis MLP.
9: Initialize DDPG agent (actor µ, critic Q).

10: Train DDPG agent in environment E to learn final pol-
icy πRL.

11: Evaluate πRL on 12 unseen backtest data segments.

RL Algorithm: Deep Deterministic Policy Gradient
(DDPG). Given the continuous action space, we use the
Deep Deterministic Policy Gradient (DDPG) algorithm (Lil-
licrap et al. 2015), an off-policy, actor-critic method well-
suited for this domain. It maintains an actor network µ(s|θµ)
that learns the policy and a critic network Q(s, a|θQ) that
estimates the value of actions. These are trained alongside
their respective target networks, µ′ and Q′. The networks
are updated as follows:

1. The critic is updated by minimizing the loss between its
prediction and a target value yt:

L =
1

N

∑
t

(
yt −Q(st, at|θQ)

)2
(5)

where the target yt is computed using the target networks
to stabilize training:

yt = rt + γQ′(st+1, µ
′(st+1|θµ

′
)|θQ

′
) (6)

2. The actor is updated using the sampled policy gradient,
which pushes it to take actions that the critic deems more
valuable:

∇θµJ ≈ Est∼ρβ

[
∇aQ(s, a|θQ)

∣∣
a=µ(st)

∇θµµ(s|θµ)
]
(7)

The target networks are updated via soft updates with a small
rate τ to ensure stability.

Experimental Evaluation and Analysis
We designed our experiments to validate two core hypothe-
ses: 1) that our data-driven method creates a diverse ensem-
ble of background agents, which is the foundation for a re-
alistic simulator, and 2) that an RL policy trained within this
interactive environment learns a demonstrably more robust
strategy than one trained on static data.
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Figure 1: PnL of the 10 IL base policies on an unseen data
segment, showing a variety of outcomes.

Training Schemes and Experimental Setup
The IL agents are MLPs with two hidden layers of 128 units
(ReLU). The RL policy’s actor network has two 128-unit
layers, and the critic has three 128-unit layers (all ReLU).
We used the Adam optimizer for all networks. Key DDPG
hyperparameters are detailed in the Appendix (Table 5). The
system was trained on a server with two GPUs totaling 27
TFLOPS. We benchmarked our final RL policy against three
baselines: (i) a long-only (buy-and-hold) strategy, a stan-
dard and strong benchmark in trending markets; (ii) an RL
baseline; and (iii) an IL baseline—both trained on the same
data used to train the IL ensemble.

Validation of IL Agent Ensemble Diversity
The premise of our interactive simulator is that a diverse
population of agents can better approximate real market dy-
namics than a monolithic or hand-crafted model. To validate
that our method achieves this, we evaluated the 10 trained IL
agents on a new, unseen data segment. The resulting profit-
and-loss curves (Figure 1) and action sequences (Figure 2)
show a wide spectrum of learned behaviors.

The detailed performance metrics, provided in the Ap-
pendix (Tables 3 and 4), quantify this diversity. For in-
stance, Agent 3 learned a completely passive strategy (0%
turnover), effectively becoming a “do-nothing” agent. In
stark contrast, Agent 4 learned a hyperactive strategy with
high turnover, while Agent 2 achieved the best risk-adjusted
return. This learned diversity—from passive to active, from
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Figure 2: Actions taken by the 10 IL base policies, illustrat-
ing different trading frequencies and directional biases.
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profitable to loss-making—is crucial. It provides the rich and
varied behavioral inputs needed to simulate a complex mar-
ket ecosystem without the bias of manual rule creation. This
data-driven heterogeneity is the cornerstone of our simula-
tor’s realism.

Final RL Policy Performance and Strategy
Analysis
The final RL policy was evaluated on 12 out-of-sample peri-
ods. The aggregated results, shown in Table 1, immediately
highlight the core value of our approach.

Metric Final RL Long-Only RL Baseline IL Baseline
Total Return 1.98% 0.96% 0.97% -0.64%
Volatility 0.00042 0.00068 0.00068 0.00018
Sharpe Ratio 0.00077 -0.00063 -0.00063 0.00438
Max Drawdown -4.97% -9.11% -9.11% -2.98%

Table 1: Aggregated Backtest Performance (Avg. over 12
tests).

The RL policy not only achieves a substantially higher av-
erage return than all the other baselines, but it does so while
incurring significantly less risk. The most critical metric for
any real-world financial application is maximum drawdown.
Our agent cuts the average maximum drawdown by nearly
half—from -9.11% in the long-only and RL baselines to -
4.97%—which is not a marginal improvement. While the IL
baseline attains the lowest drawdown overall, it does so at
the expense of profitability. In contrast, our agent avoids this
trade-off, preserving capital without sacrificing meaningful
returns. This is a fundamental shift in the strategy’s risk pro-
file, indicating that the agent has learned to prioritize down-
side protection while still pursuing favorable opportunities
for gain.

To understand how the agent achieves this superior risk
management, we can examine its behavior in specific market
scenarios.

Case Study 1: Capital Preservation in a Bear Market.
Figure 5 illustrates a textbook example of the agent’s value
during a severe bear market. As the market (red line) enters a
steep, prolonged decline, the buy-and-hold strategy and the
RL baseline largely overlap and closely mirror the downturn,
culminating in a catastrophic -23.2% return. In stark con-
trast, the RL agent’s portfolio value (blue line) quickly de-
couples from the market trend. It correctly identifies the per-
sistent downward pressure and begins to systematically re-
duce its position, selling assets to move to cash. While it still
incurs a loss of -11.6%, it successfully mitigates more than
half of the damage sustained by the buy-and-hold and RL
baselines, and remains largely comparable to the IL baseline
throughout, which ends with a -7.5% loss. This is precisely
the behavior expected of a robust agent: it has learned to
recognize and respond to tail risk — a lesson that cannot
be learned in a static environment where selling carries no
consequence.

Case Study 2: Navigating Volatility. Figure 6 illustrates
the agent’s performance in a different but equally challeng-

ing environment: a choppy, volatile market with no clear di-
rectional trend. In these conditions, the buy-and-hold strat-
egy and the RL baseline are whipsawed, ultimately ending
with a -5.7% loss. The RL agent, however, adopts a more nu-
anced approach—engaging in smaller, more frequent trades
to manage exposure through short-term swings while avoid-
ing large, risky commitments. Its portfolio value remains
considerably more stable than the baseline, ending the pe-
riod with a significantly smaller loss of -2.8%—though still
not on par with the most conservative strategy, the IL base-
line, which posts a modest gain of 0.62%, but essentially
adopts a do-nothing stance even during bull markets. This
shows the agent has not learned a simple ”on/off” switch for
risk, but a more sophisticated policy for navigating uncer-
tainty.

Regime-Dependent Strategy and Risk-Return Profile.
These individual examples are consistent with the aggre-
gated regime analysis shown in Table 2. The results provide
quantitative evidence of the agent’s intelligent, asymmetric
risk strategy.

In Bear Markets, its value is undeniable. It preserves
capital far more effectively, reducing the loss by more
than half compared to the long-only and RL baselines. In
Volatile/Sideways Markets, it again demonstrates its supe-
riority, managing to extract a positive return while the pas-
sive, the aggressive, and the conservative baselines all floun-
der. Crucially, in Bull Markets, although the agent earns
less than both the long-only and RL baselines, it still cap-
tures a substantial portion of the gains and far outperforms
the IL baseline, the most conservative strategy. This is an
expected and vital finding. Our agent has learned a conser-
vative policy that prioritizes locking in profits and manag-
ing risk, which naturally tempers gains during powerful up-
trends. This willingness to sacrifice some potential upside
for significant downside protection is the hallmark of a ma-
ture and deployable trading strategy, not a naively overfitted
one.

Finally, the risk-return profile across all 12 backtests,
shown in Figure 3, provides a comprehensive visualization
of this learned strategy. The agent has not just learned to
trade; it has learned a specific posture towards risk. The in-
teractive simulation, by punishing overly aggressive actions
with realistic market impact, has successfully instilled a con-
servative bias that prioritizes capital preservation. This vi-
sual evidence provides the strongest support for our central
claim: the proposed training framework produces agents that
are not merely profitable, but are fundamentally more robust
and better suited for the demands of real-world deployment.

Discussion
Significance and Path to Deployment
The primary significance of this work is in presenting a
technically sound and scalable solution to the simulation-
to-reality gap, a major obstacle for AI in finance. The results
show that our framework produces agents with demonstra-
bly more robust, risk-managed behaviors. The path from this
emerging application to a fully deployed system involves
several concrete steps:
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Market Regime Strategy Avg. Total Return Avg. Max Drawdown Avg. Sharpe Ratio
Bull Markets RL Policy 12.24% -3.60% 0.01946

Long Baseline 18.64% -4.55% 0.02000
RL Baseline 18.64% -4.55% 0.02001
IL Baseline 0.91% -2.02% 0.00792

Bear Markets RL Policy -6.63% -7.77% -0.01361
Long Baseline -14.19% -15.59% -0.01724
RL Baseline -14.19% -15.59% -0.01725
IL Baseline -1.25% -3.67% 0.00499

Sideways / Volatile RL Policy 0.32% -3.53% -0.00353
Long Baseline -1.56% -7.19% -0.00465
RL Baseline -1.55% -7.19% -0.00466
IL Baseline -1.57% -3.24% 0.00023

Table 2: Regime-Dependent Performance Analysis. This table shows the average performance of the RL policy versus the 3
Baselines, categorized by market condition. It highlights the RL policy’s strategic trade-off: sacrificing some upside for massive
downside protection, while preserving most of the gains at the cost of manageable risks.
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Figure 3: Risk-Return scatter plot for all 12 backtests. The
RL Policy’s results (blue dots) are systematically shifted to
the left (lower risk) compared to that of the long-only (green
diamonds) and RL baselines (yellow squares), visually con-
firming the agent’s robust, risk-averse strategy. Even though
the IL baseline’s results (red ×) appear farthest to the left,
their tight clustering around the 0% axis highlights the IL
baseline’s overly conservative nature, which yields negligi-
ble profits and falls far short of the performance achieved by
the RL policy.

1. Enhancing Simulator Realism with LOB: The imme-
diate next step is to incorporate a limit order book (LOB)
model into the simulator. This would involve training
the IL agents to output limit orders (price and quantity)
instead of simple market orders, and building an order
matching engine. This would capture a more complex
and realistic set of market dynamics, including liquidity
effects.

2. Expansion to Multi-Asset Portfolios: The framework
will be extended to handle a universe of correlated as-
sets. This introduces significant challenges, such as mod-
eling cross-asset impact and learning portfolio construc-
tion rules that account for covariance.

3. Paper Trading and Live Deployment: Once enhanced,
the system would be deployed in a paper trading environ-
ment connected to a brokerage API for several months to
validate its performance without financial risk. This stage

is crucial for identifying any discrepancies between the
simulation and live market conditions.

4. Robustness and Safety Mechanisms: A production sys-
tem requires a suite of governance tools, including kill
switches, hard position limits, and real-time monitoring
for model drift and anomalous behavior to ensure safe
and reliable operation.

Limitations and Future Work

Our current system, while a significant advance, has limita-
tions. The market simulation is simplified, lacking a LOB
and modeling only a single asset. The IL agents’ “expert”
labels are based on a simple heuristic; more sophisticated
methods like inverse RL could be explored to infer expert
intentions more accurately. Furthermore, financial markets
are non-stationary, and while our regime-based training of-
fers some adaptation, more explicit mechanisms for han-
dling concept drift could be incorporated. Future work will
focus on the deployment path outlined above, as well as ex-
ploring the use of this simulation framework as a standard-
ized public benchmark for the research community.

Conclusion
In this paper, we presented a novel emerging application of
AI to address a critical bottleneck in deploying RL for fi-
nance: the lack of interactive, responsive market simulators.
Our deployed system uses an ensemble of IL agents to cre-
ate a data-driven, diverse population of traders, and an Ac-
tion Synthesis Network to synthesize their behavior into a
market-impact-aware simulation.

The value of this application is demonstrated by the re-
sults: an RL agent trained within this environment learns
a significantly more robust and practical trading strategy.
Compared to the various strong baselines, our agent ex-
hibits superior downside protection, lower volatility, and
achieves the best risk-adjusted returns. This work provides
a clear technical blueprint for bridging the simulation-to-
reality gap, representing a tangible step toward the reliable
and trustworthy deployment of AI in finance.
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A Action Synthesis MLP Results
The Action Synthesis MLP learns to dynamically combine
the actions of the base IL agents. Figure 4 shows the learned
influence weights over a simulation period, illustrating how
the influence of different agent types is adjusted based on
market conditions.
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Figure 4: Learned influence weights computed by the Action
Synthesis MLP for the simulated price trajectory, showing
dynamic allocation of influence among the 10 IL agents.
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Figure 5: Backtest 1 (Bear Market): The RL Policy (blue)
actively sells to preserve capital, decoupling from the severe
market downturn that devastates the passive Baseline (red)
and the aggressive Baseline (orange).
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Figure 6: Backtest 11 (Volatile Market): The RL Pol-
icy (blue) demonstrates superior stability and risk control,
weathering the choppy market far better than the volatile
Baselines (red/orange).

Policy Final Value Total Return Turnover
IL1 999993.597 -0.001% 0.0713789
IL2 1000080.658 0.008% 0.0442802
IL3 1000000.000 0.000% 0.0000000
IL4 999982.497 -0.002% 0.0867314
IL5 999911.307 -0.009% 0.0253213
IL6 1000073.004 0.007% 0.00321991
IL7 999962.149 -0.004% 0.0132145
IL8 1000070.972 0.007% 0.00306535
IL9 1000004.227 0.000% 0.0241879
IL10 1000007.305 0.001% 0.0134978

Table 3: General Performance Metrics for IL Policies

Policy Max drawdown Volatility Sharpe Ratio
IL1 0.005968% 0.000271% -0.015265
IL2 0.001574% 0.000283% 0.184492
IL3 0.000000% 0.000000% 0.000000
IL4 0.002843% 0.000205% -0.055268
IL5 0.009250% 0.000297% -0.193394
IL6 0.001738% 0.000307% 0.153834
IL7 0.006680% 0.000301% -0.081259
IL8 0.002509% 0.000308% 0.149323
IL9 0.005563% 0.000307% 0.008916
IL10 0.006799% 0.000299% 0.015789

Table 4: Risk and Return Metrics for IL Policies

Model-DDPG Optimizer Batch size Memory size
Final agent Adam 128 9× 106

γ expl noise τ –
0.99 0.1 0.005 –

Table 5: Hyperparameters for the DDPG RL Algorithm

B IL Agent Ensemble Performance
C Hyperparameters and Data Segmentation

Dates

Year Date / Local Max/Min
2018 12-23

Min
2019 05-01 06-03 07-26 08-05 09-12 10-03

Max Min Max Min Max Min
2020 02-19 03-23 09-02 09-21 10-13 11-02

Max Min Max Min Max Min
2021 02-16 03-05 04-29 05-12 09-07 10-04 11-22 12-28

Max Min Max Min Max Min Max Max
2022 03-14 03-29 06-16 08-16 10-13 12-28

Min Max Min Max Min Min
2023 02-02 03-13 07-19 08-18 09-01 10-12 10-26

Max Min Max Min Max Max Min
2024 03-21 04-19 07-10

Max Min Max

Table 6: Critical Dates of Local Max/Min Prices Used for
Data Segmentation
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