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Chapter 2: Autonomous Agents in Finance: Designing
Decision-Making Systems That Learn and Adapt

2.1. Introduction

Autonomous agents are rapidly transforming modern financial markets. The term
“autonomous agent” refers to decision-making systems that perform tasks and learn from
experience. In finance, autonomous agents are decision-making systems designed to
learn and adapt to dynamic environments. Many areas of financial markets exhibit non-
stationarity due to factors such as changing technology, regulations, and competitor
strategies. To account for these conditions, an autonomous agent’s learning is typically
continuous and embedded within the agent itself, allowing it to acquire knowledge
during operations. This enables adapting quickly to new environments, removing the
need for periodic retraining.

The growing interest in applying the autonomous agent mindset to finance is illustrated
through an analysis of key concepts, principles, learning paradigms, and an architecture
for building agents capable of finance-related tasks. Supervised and self-supervised
learning help create the perception of the environment. Reinforcement learning supports
sequential decision-making tasks, such as portfolio allocation, trade selection, and trade
execution. The architecture includes elements that enable an agent to learn and adapt
over time, enduring the risk of making prospectively poor decisions.

2.1.1. Overview of Autonomous Financial Agents

Considerable advances in artificial intelligence and machine learning make it possible to
rethink the logic behind algorithmic trading and investment decision-making systems.
Financial markets are complex environments, yet they are more regulated than most real-
world applications of reinforcement learning because past data are usually available.
Indeed, in a financial context, historical prices often contain sufficient information about
market dynamics. Such characteristics justify the development of supervisory and self-
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supervisory paradigms (in addition to reinforcement learning) not only for long-term
investors but also for high-frequency trading strategies.

The traditional architecture of an expert system, usually developed on a case-by-case
basis without a proper design methodology, can also be reconsidered. The generalized
decision-making architecture described in this article suggests that innovative systems
can be designed following the three main phases of perception, reasoning, and action.
Learning methods must be integrated into the decision-making process—not only for the
synthesis of the action policies but also for the perception of the environment and state
estimation, considering the limited nature of the input information—and tools for the
quantitative evaluation and validation of the developed investments must also be
established, both for testing using historical data and for real-time applied research.
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Fig 2.1: Beyond Expert Systems: A Perception-Reasoning-Action Framework for
Adaptive Algorithmic Trading and Self-Supervised Investment

2.2. Foundations of Autonomous Financial Agents

The design and implementation of autonomous agents in finance and economics build
on a solid foundation of knowledge representation, reasoning, and automatic learning.
These components can be grouped in two complementary categories: the key concepts
and principles underlying autonomous decision-makers, and the paradigms and methods
used to make them learn.
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A common understanding of decision-making is that an agent can be considered
autonomous with respect to a specific (decision) task if it can learn (or adapt) and execute
a policy that maximizes the cumulative reward, by operating in the environment
sufficiently long. In many applications, the decision-making task is performed
repeatedly over time. Such a task can be modeled as an Markov decision process, where
the internal state of the agent is used to improve the exploration process and to reduce
the effect of the stochastic nature of the decision-making process.

2.2.1. Key Concepts and Principles of Autonomous Financial Agents

Four key concepts and principles of autonomous financial agents and the formulation of
decision-making systems that learn and adapt through interaction with a market
environment are reviewed. Autonomous financial agents are decision-making systems
capable of perception, reasoning and learning. Such agents may assume forms that are
super-structural, strategic or thematic. The principal building blocks are perception and
representation of relevant market signals, synthesis of trading policies using risk-aware
game-theoretic principles, and iterative control of such policies through reinforcement
learning.

An autonomous financial agent is a decision-making system capable of independent
perception, reasoning and learning in a given domain of operation. The term "autonomy"
refers to the capability to make decisions independent of external guidance. The notion
of perception extends beyond the human sense of sight to encompass the reception of
any form of signal, whether visual, auditory or otherwise. The term "agent" has many
definitions in several disciplines. The principal concern here lies with autonomous
decision-making agents and, therefore, with the properties of a generalised decision-
making system. The concept adopted is that of a decision-making process whose inputs
and outputs constitute responses to states in a given domain. Perception, learning and
decision-making thus function conformably within the framework. In finance,
autonomous agents typically take two distinct forms, super-structural and strategic.

2.3. Learning Paradigms for Financial Decision-Making

Important components of Al are described in the previous section. Once established,
they can learn using artificial intelligence within frameworks suitable for financial
systems. Reinforcement learning enables the training of agents that learn policy-oriented
financial decision-making from repeated experiences.
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1. Supervised and Self-Supervised Learning in Finance

Banking systems can auto-label data for self-supervised training approaches using a
tensor decomposition framework. Accuracy is boosted in a financial context by adding
high-variance time series of financial assets to supervised classification tasks to define
non-redundant labels for learned and auto-annotated data. Incorporating contradicted
data from previous knowledge also improves generalisation performance.

Creativity can be introduced to categories via a class augmentation process that broadens
feature and error exploration (expansion and differentiation regularisation). Better super-
resolution reflects class-specific information with gradients removed from
reconstruction, while predictive learning and deep auto-encoder design support R&D
and methodology within banks and finance.

2. Reinforcement Learning for Sequential Investment Decisions

Processes supporting optimal sequential decision-making can be modelled within Al for
financial evaluations. Reinforcement learning, directly associated with Markov decision
processes, aims to optimise a long-term reward from a RL policy improved via
experience and interactions with the underlying environment. Sequential investment
problems can be solved via a suitable state and reward design, and the strong correlation
between temporal data can be explored to accelerate the learning convergence speed via
transfer learning.

2.3.1. Supervised and Self-Supervised Learning in Finance

Many financial decisions are made with the support of supervised learning. The
prediction of market index values, stock price fluctuations, credit risk assessment, and
the evaluation of fraud/AML risk are among the fields where supervised learning is
advantageous. The availability of distant market price temporal sequences enables trends
and fluctuations in financial indexes to be predicted based on visual appearances. Such
stock market trajectory images can be automatically segmented and recognized by deep
learning. Stock price fluctuations over a given time interval (e.g. up, down, unchanged)
can be recorded as temporal patterns, which can then be used to train temporal pattern
recognition systems. These applications share the advantage of allowing an expert to
construct an appropriate labelled training set using past data. Several approaches can
exploit this characteristic, including multi-task learning and self-supervised learning.
The outputs are quantiles of future market indices or prices generated from variational
dropout, which allow a quantile regression loss to be applied instead of a Gaussian
negative log-likelihood loss.
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Market risk assessment can also benefit from supervised learning. Technically corelated
data (e.g.. USD/JPY exchange rates past quotes and default probabilities of currency—
credit swaps in JPY short position) can suffered from a limited modelling capacity due
to the lack of knowledge (in the application perspective) on the underlying joint
distribution. Supervised learning is used to construct a surrogate model for the market
risk at the higher dimension. The resulting model can rapidly estimate the climate risk
associated with currency—credit swaps. Systems for predicting credit risk and for
evaluating the signaling severity of businesses can also be constructed. Labels can be
obtained from actual company performance after a specific temporal period.

2.3.2. Reinforcement Learning for Sequential Investment Decisions

Financial markets have long been identified as prime candidates for modeling with
reinforcement learning due to several key features. Most importantly, investment agents
must not only choose the right actions, but must also sacrifice short-term rewards to
maximize longer-term profits. Additionally, transitions are generally not supervised and
are often not even modeled—ominous when it is recognized that transitions will reward
or penalize the agent for actions taken rather than in response to the actions taken.
Finally, state and action spaces are often very large, and the problem of how to search
for profitable policies is still an active area of research.
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Fig 2.2: Adaptive Policy Optimization in High-Dimensional Financial Environments:
A Reinforcement Learning Framework for Long-Term Value Maximization
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More generally, the concept of a reinforcement learning paradigm encompasses a class
of adaptive systems that learn by interacting with an environment in order to make
decisions over time. The environment may be explicitly modeled or characterized,
understood or not, discrete or continuous, and the learning signals may be independent,
delayed, noise corrupted, sparse, or not even associated uniquely with an action; orders
of those in low-churn batches. Agent behavior may be improved systematically or
through a random exploration. Several of these properties are of vital importance in
financial applications.

2.4. Architecture of Adaptive Decision-Making Systems

Autonomous decision-making systems must be designed and implemented according to
a clear specification. A specification describes the purpose of the system, why and how
it performs the intended operation, and the means—data flows, algorithms, tools, etc.—
that support the operation. For example, an agent that senses the surrounding
environment and reasons about the next best state to execute can be specified by
identifying the purpose of the agent and the predictive nature of the inference it executes.
Then, the actual machine learning solution must be designed to solve the inference steps
at each time decision point.

An adaptive decision-making system consists of components that implement three
functions: perception, representation, planning or reasoning, and policy synthesis.
Perception identifies the surrounding environment or information that has become
relevant to the agent. These observations contain noise, therefore a representation
function transforms the observations into an internal state space that captures only useful
information for the next time decision. Planning, reasoning, or inference may unravel
complex sequential steps, that may recursively build processing protocols. Finally,
instead of directly executing the next action, a policy synthesis function “condenses” the
next best time decision into a single action, so that only the current next best action is
executed.

2.4.1. Perception, Representation, and State Estimation

Financial agents remain unaware of their surroundings until they sense data from their
environment and use that data to create models that serve as perception and imagination.
A perception module transforms raw sensory data into rich internal representations,
which then can be employed for reasoning and planning. The raw form of market
dynamics includes a complex set of time series but need to be perceived in terms of
abstract concepts such as supply, demand, liquidity, growth, stability, credit, inflation,
risk, and sentiment. Perception involves extracting the appropriate signals from the
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market levels, correcting them for noise, and storing their history as the perceived or
imagined state of the world. Imitation, self-supervised, and supervised learning
paradigms optimize these concepts by relating them to abnormal returns.

The most used proximate representation of the environment is the market itself. The
agents use their past experience to select a state that is representative of the current state
of the market and of future returns. Market states often considered for selection are
modes of the spectral densities or statistical decompositions of the market, that represent
patterns known to exhibit return predictability. Abstraction also occurs when agents
interpret the market environment in terms of other agents in terms of economic states or
themes such as risk on, risk off, quality growth, and value. Student-teacher architectures
can also be implemented and optimized through multilevel optimization. Multi-stage
approximation is also applied in other domains, permitting the use of coarse sensory
spaces in the perception channel of agents.

2.4.2. Planning, Reasoning, and Policy Synthesis

The determination of relevant historical data and future observations is a fundamental
question in every investment decision, including asset allocation and the use of limit
orders. Possibly using different strategies, traders seek to determine not only what
products to trade, but also when, where, and how to make the trades. As a result,
investment products are usually complex financial models based on algorithmic
strategies that try to predict short-term price movement or arbitrage effects between
different securities through intra-day volatility. Many of these systems are based on
Markovian assumptions, are described by highly stochastic dynamic programs and need
to consider external background noise such as trading risk.

In general, investment decisions can be formalized as multi-stage decision processes
With normal risk-neutral traders trading in the same market, only the exploration-
exploitation trade-off must be addressed when selecting future actions for a solving
designer or trader's decision process module. In practical markets, agents trading with
different objectives are present, e.g., risk-averse, short-term, or long-term traders. The
designer of the trading process module can only find a solution for an optimal set of
actions in their subsystem and for their own decision set. In this case, the predefined
market strategy should minimize the relative exploitation loss when acting under the
policy of other traders.
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2.5. Learning under Uncertainty and Market Dynamics

The autonomous decision-making processes of financial agents are subject to uncertainty
because of modeling approximations, unmodeled drivers, and incomplete knowledge
during the learning phase. Capturing uncertainty is thus crucial to modeling financial
learning and decision-making. Uncertainty affects the planning or policy evaluation of
intelligent agents because of approximation or algorithmic complexity, model
assumptions on stochastic dynamics, or incomplete specification of pertinent market
influence in the specified problem. Financial investors face both stochastic and even
extreme uncertainty, where no model can be proved truly wvalid, significantly
complicating these learning and exploration-exploitation planning paradigms. Pursued
Solution Directions include explicit modeling and mitigation of uncertainty and
quantification of market-risk extremes to minimize potential losses for given planning
or learning-business objectives.

Natural learning derives from speculative human investment activity. The interaction of
competing agents holds the potential for emergence of meaningful upper-crust market
dynamics, such as price shifts, structure, cycles, or bubbles. Empirical tests increasingly
underscore the information-gathering and response capabilities of asset prices, which
seem to move to suit common-expectations. Agents can therefore be modeled as
speculative learners responding to in-sample-error signals in complex adaptive-market
settings, incorporating language, mean, and covariance as fundamental-hidden layers.
The task can be imagined as a simple repeated game with an agent playing against itself,
such that one component (speculator) employs perceive — reflect — act — view — adapt —
perceive stages to learn how its hidden-skill neighbor reacts to its own action—decay
power. Consideration of response patterns and relations provides a strategic view toward
future quantification of the prediction properties of explored—broad-influence-based-
price-shock modes and the feasibility of posing a new market-risk concept to judiciously
guide diverse-investment-business actions.

Stochastic-market—parameter dynamics adds uncertainty. Exploration derives partly
from incomplete knowledge (latent stochastic drivers) and from wished-for change—for
cheaper shares—contrasted with the adaptive learning of the speculating neighbor.
Concern lies in the ability to reliably risk explicit virtual ruin. Long-term ruin can occur
for diverse reasons—a sequence of failures; true model misspecification; loss of skill,
creativity, or judgment; loss by stops, overconfidence, or heuristic undermining of
simple skills; shifts in business, market, or risk controls; incapacity to evolve or decision
to stop. Short-term virtual ruin arises when the decomposition of all predicted-future-
distance shifts cannot absorb variations in approx-expected-edge return that arise with
simple markets.
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2.5.1. Stochastic Modeling and Robustness

When evaluating and tuning decision-making systems, the learning methodology should
ideally employ a stochastic model with a suitably chosen bounded parameter to minimize
the risk over the decision-making system's operational time horizon. Nevertheless, the
true system dynamics is generally unknown and approximated by a sampling-based
model within the architecture. This discrepancy leads to uncertainty in the amount being
minimized and is hence unavoidable in real-world situations, complicating the tuning of
both the risk and robustness of the decision-making system. Risk quantifying the worst
possible outcome under uncertain dynamics can be incorporated into the methodology
by considering the vulnerability of the decision-making system to alternative near-
optimal models. With robust stochastic models in mind, the relevant decision-making
architecture comprises a sensory perception module that feeds a risk-sensitivity module—
the decisions of which inform a trade-off module targeted at risk versus reward.

Since tuning the risk cannot preclude poor small-sample performance under a
deteriorating environment, these additional robustness considerations are particularly
relevant under non-stationary dynamics. In such circumstances, whenever the local
exploration does not detect potential regime shifts in the environment, a policy that has
proved successful under close-to-similar conditions ought to be trusted, as long as it is
not notably vulnerable to other near-optimal models. Balancing the exploration-
exploitation trade-off thus reduces to affording extra weight to longer-term risk measures
whenever the local sampling appears less reliable.
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Fig 2.3: Robust Risk-Sensitive Decisioning: A Stochastic Framework for Policy
Optimization under Non-Stationary Dynamics and Model Discrepancy
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2.5.2. Exploration-Exploitation Trade-offs in Finance

When designing adaptive decision-making systems, a balance must be struck between
exploration and exploitation. Exploration requires a conscious and data-driven decision
process to gather important information, whereas exploitation entails using the
accumulated knowledge to maximize returns and minimize losses. Both decision-
making processes are essential in finance, even though they are partly contradictory.
When pursuing a long-term investment horizon, a system can control the exploitation-
exploration trade-off via the definition of the reward. For instance, one can build a
reward structure that discourages short-term speculation, which usually requires constant
exploration, and that promotes above-a-threshold returns over the final investment
horizon. In such markets, a slow-flying trader that exploits information carefully is more
likely to survive and outperform other players.

An exploration-control mechanism is essential for an investment horizon equal to or less
than that of the market cycle. This less-than-long-term investor has to decide between a
short-term profitable action with a high exploration risk and a medium- or long-term
action with a lower reward due to the market’s structural characteristics (trends, phases,
bubbles, overshooting). If the exploration risk is chosen and investments are short-term
profitable (or significantly less costly than alternatives), the market cycle can be
overcome, provided the probability of making such short-term wins is higher than a
defined threshold for the entire cycle. This requires a fundamental exploration-control
algorithm.

2.6. Evaluation and Validation Frameworks

Evaluation and validation frameworks should be aligned with the financial domain and
the decision-making system's role in the overall strategy. Sequential investment
decisions can be evaluated using business simulations and backtests. In addition to
business performance, risk metrics, explainability, and regulatory compliance should be
considered.

Although investment decisions are often directly translated into trading orders, this is
not always the case. Portfolio decisions requiring near-term execution might be
delegated to conventional algorithmic trading systems or approved traders. Nevertheless,
the evaluation of any decisions that trade real money needs to assess the impact on
business objectives. Investment decisions are often relatively infrequent compared to the
trading horizon; thus, business performance is best considered as an aggregate of
simulated trading. These backtests are intended to provide insight into expected
performance rather than a precise business forecast.
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2.6.1. Backtesting and Simulation Environments

Insufficient or inappropriate data can lead to learning an incorrect policy. It is essential
to predefine some rules for setting the operating limits associated with the underlying
physical systems, which in the case of financial investments can be defined within the
framework of Financial Risk Analysis. Learning a bad policy has a high cost, especially
in the context of reinforcement learning for finance since operating (trial-and-error)
actions involve using capital. A wrong policy can lead to a significant drain on capital.
Therefore, simulation tools such as Monte Carlo Theory can define the boundaries of
financial investment.

Backtest is a simulation environment for investments and trading systems in finance.
Financial data (for example, price values, volumes) are acquired from real data sources
and used for testing, training, and validating investment systems, allowing investors to
be more rigorous in their decision-making processes. Investments are tested in a non-
real environment using historical data. An investable portfolio equipped with a risk
management system is used. The strategy performance result determines the forecast
capability of the system. A strategy has forecast capability if it has a good average return
and can maintain the capital.

Backtesting enables the investor to explore areas or scenarios that may not have been
tested in real time (future values) due to lack of opportunity, in addition to testing
forecast methodologies. It develops scenarios that test the limits of the investors’
business strategies, preparing the strategy for possible future investment. The algorithm
that directs the decisions in real time must be in harmony with the backtesting operation,
defining clearly and precisely what risk an investor is willing to assume.

2.6.2. Risk Metrics, Compliance, and Explainability

Autonomous, financial agents offer a highly sustainable and scalable solution for
financial decision-making by moving beyond supervision or expert knowledge. Yet,
evaluating the operational risk, compliance with regulations, and explainability of such
decision-making systems remains a challenge. Backtesting, simulation, or Napierian
asset generation can provide some flexibility for risk evaluation. Dynamic capital
allocation can furthermore assist in short-term regulatory compliance. Finally, search-
tree structures or generative risk models can help clarify the reasoning behind decisions.
Nevertheless, applying approved trade systems under novel conditions still remains
risky.

The backtesting paradigm uses historical price-series data with known outcomes. Risk
or performance is evaluated according to dedicated criteria. Yet, it cannot predict out-
of-sample performance under different market conditions. Simulation, on the other hand,
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generates pseudo-random prices from statistical models. Traders can analyse risk,
profitability, or strategy parameters. A description alone cannot guarantee performance,
of course: A systematic model can post-process prices and risk, allowing the
generalisation of results. Definition of simple continuation points furthermore creates
checkable and enforceable regulations. The sequential nature of investment decisions
also imposes additional market prerequisites.

Primary Barriers to Autonomous Adoption

Decision Sequentiality

Novel Conditions

Out-of-Sample Perf.

Explainability

Reg. Compliance

Operational Risk | 89.3%
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a0
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Fig 2.4: Primary Barriers to Autonomous Adoption

2.7. Conclusion

The prior sections outlined the salient concepts and principles to consider when
designing autonomous agents whose goal is to make financial decisions autonomously
or in conjunction with a human expert. These agents make decisions in uncertain
environments and learn directly from the data of the operation environment or from a
combination of expert knowledge integrated into the training process with machine
learning techniques. Their main purpose is to serve as educational tools to inform and
enlighten the decision-maker while managing the exploration-exploitation dilemma of
reinforcement learning and backtesting procedures.

Their autonomous financial decision-making capabilities are qualitatively impossible to
fulfil for any known mathematical model. However, the important components of
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perception, planning, and dynamics of the market remain stabls. In addition to
supervised machine learning for perception, self-supervised models can also be trained
to extract such information from data.

Complex multistage strategic financial decision-making tasks could be efficiently solved
by decision-making systems based on systems, decision-making in financial, and
executive summary of reinforcement learning integrated into the training process of the
autonomous agents. Such tasks are not possible with other relevant methods of artificial
intelligence.

2.7.1. Final Thoughts and Future Directions

The design and experimental evaluation of an adaptive financial decision-making system
capable of learning from data, functionally aligned with the concept of a teaching
machine, is highly non-trivial. Much investment and research remains to be done. The
research draws on, and contributes to, the emerging field of autonomous agents:
computational architectures, processes, and environments supporting systems that learn
and adapt. A key aspect is providing agents with the capability to improve performance
and functionality through experience. In the case of finance, this involves autonomously
generating and refining, both information and decision-making models, enhancing not
just the resultant decisions but also the decision-making process. Successful
implementation will yield systems that operate in an open-ended fashion, continually
adapting to the inherent volatility of financial markets while satisfying policy and risk
compliance thresholds.

Autonomous agents are composed of three core components: sensors, an internal
representation, and effectors. The perception module employs sensors to extract
information from the environment and reduce its dimensionality and noise. The
representation maintains an internal state that synthesises salient features of the
environment to facilitate decision-making. The effectors may be direct or indirect,
enabling the agent to act in and affect the environment. Autonomous agents for finance
also have strategies that define an exploration—exploitation trade-off, enabling a balance
between short-term rewards and long-term benefits, facilitating the use of the agents in
changing environments over prolonged, unexplored time horizons. Successfully
combining these properties produces specialised financial agents capable of functioning
independently for extended periods while satisfying user-specified risk thresholds.
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