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Abstract: The rapid digitalization of the financial advisory industry has catalyzed the widespread adoption of robo-advisors, which
provide automated, algorithm-driven wealth management services with minimal human intervention. While these platforms democratize
access to financial planning by lowering minimum investment thresholds and reducing management fees, they frequently struggle with
robust long-term asset allocation, regulatory explainability, and the cultivation of user trust. This paper proposes a comprehensive, multi-
tiered robo-advisory framework that transitions away from static portfolio optimization by integrating Model Predictive Control (MPC)
and Deep Reinforcement Learning (DRL) for dynamic, goal-based wealth management. Furthermore, the proposed architecture
incorporates explainable clustering techniques and Large Language Model (LLM) agents to enhance transparency, regulatory
compliance, and user interaction. By bridging the gap between advanced computational finance and human-centric algorithmic design,
this research provides a holistic blueprint for developing reliable, adaptive, and trustworthy autonomous financial advisors.
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1. Introduction

Robo-advisors (RAs) represent a transformative shift in the
wealth management and asset management industries,
operating as fully or semi-automated systems that
complement or replace traditional human financial advisors.
These platforms are designed to formulate personalized
investment advice based on mathematical rules, catering to
individual investors by significantly lowering management
fees and initial capital requirements (Bielecki & Cialenco,
2026). Over the past decade, the democratization of wealth
management through digitalization has allowed RAs to
manage trillions of dollars in global assets, appealing
particularly to younger, technology-driven generations
(Bourgeron et al., 2019). However, as the complexity of
individual financial goals increases, the underlying
algorithms powering these systems must evolve beyond
rudimentary risk-profiling questionnaires and static asset
allocation models. The fundamental challenge lies in
balancing mathematical optimality with practical financial
utility, as theoretical optimization often produces portfolios
that are fragile in the face of real-world market volatility
(Bourgeron et al., 2019).

Despite their commercial success, existing robo-advisory
architectures suffer from several critical shortcomings that
limit their effectiveness and user adoption. First, the majority
of current systems rely on static, one-period allocation
methods, such as traditional mean-variance optimization,
which fail to account for the sequential and dynamic nature of
long-term financial planning (Bielecki & Cialenco, 2026).
These myopic approaches are highly sensitive to estimation
errors and arbitrage factors, often necessitating manual
intervention to prevent mathematically optimal but
financially disastrous allocations (Bourgeron et al., 2019).
Second, current platforms generally lack adequate
mechanisms for user explainability and end-to-end workflow

reliability, severely hindering user trust. As investors
increasingly rely on automated systems to manage substantial
portions of their wealth, the black-box nature of advanced
machine learning models poses significant business and
regulatory compliance risks (Horel et al., 2019). Furthermore,
empirical evidence suggests that while users may benefit from
the bias-resistant nature of RAs, their subjective trust is
notoriously difficult to secure, and even formal verification of
the algorithms often fails to improve user confidence (Tausch
et al., 2025).

To address these systemic deficiencies, this paper introduces
an integrated, multi-module robo-advisory framework
designed to optimize both financial performance and human-
algorithm collaboration. The proposed system synthesizes
advanced sequential decision-making algorithms with
transparent user interfaces to create a robust goal-based
wealth management (GBWM) pipeline. Specifically, this
paper makes the following primary contributions:

e« We formulate a dynamic asset allocation engine that
hybridizes Model Predictive Control (MPC) with Goal-
Based Reinforcement Learning to generate adaptive,
multi-period investment strategies that are robust against
market regime shifts.

e We design an interpretable compliance and interaction
layer utilizing Explainable AI (XAI) clustering and LLM-
driven autonomous agents, ensuring that complex
portfolio rebalancing decisions are transparent to both
end-users and regulatory bodies.

e We propose a comprehensive evaluation methodology
leveraging hypothetical benchmarking datasets to
measure not only the financial efficacy of the algorithms
but also the end-to-end reliability of the automated wealth-
management workflow.
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2. Related Work

The academic and industrial research surrounding robo-
advisors can be broadly classified into several intersecting
domains, ranging from pure portfolio optimization to human-
computer interaction. To contextualize the proposed
framework, we review the existing literature across three
primary categories: dynamic portfolio optimization and
reinforcement learning, explainability and human-robo
collaboration, and the integration of decentralized or
autonomous workflows.

1) Dynamic Portfolio Optimization and Reinforcement
Learning

The core algorithmic engine of any robo-advisor dictates how
assets are allocated and rebalanced over time. Traditional
platforms predominantly utilize static mean-variance
approaches, which, while foundational, require heavy
regularization and sparsity to remain robust without human
intervention (Bourgeron et al., 2019). To overcome the
limitations of static models, recent research has pivoted
toward dynamic, multi-period frameworks. For instance,
Bielecki and Cialenco propose a Model Predictive Control
(MPC) approach combined with a Hidden Markov Model and
the Black-Litterman methodology to forecast asset returns,
demonstrating that MPC-based strategies consistently
outperform myopic methods in handling transaction costs and
turnover limits (Bielecki & Cialenco, 2026). Similarly,
reinforcement learning (RL) has emerged as a powerful tool
for Goal-Based Wealth Management (GBWM), framing the
attainment of financial objectives (such as retirement or
college savings) as a sequential decision-making problem
(Bauman et al., 2023). Dixon and Halperin introduce "G-
Learner," an RL algorithm operating with explicitly defined
one-step rewards, which successfully avoids the reliance on
traditional utility of consumption while remaining
computationally tractable for high-dimensional portfolios
(Dixon & Halperin, 2020). While these advanced algorithms
excel at continuous optimization, their sheer complexity often
renders them opaque. Our work builds upon these dynamic
MPC and RL foundations but explicitly couples them with an
explainability layer to ensure that the resulting policies are
interpretable to human stakeholders.

2) Explainability, Human-Robo

Collaboration

The second major category of related work focuses on how
users perceive, interact with, and ultimately trust algorithmic
financial advice. RAs are recognized as cost-effective and
bias-resistant, yet mainstream adoption remains constrained
by psychological and behavioral barriers (Mahmud et al.,
2025). Mahmud et al. utilize a mixed-methods experimental
study to reveal that human reliance on RAs is heavily shaped
by the framing of the advice (e.g., gains versus losses) and the
provision of performance information (Mahmud et al., 2025).
Interestingly, attempts to artificially boost trust through
rigorous software engineering practices yield mixed results;
Tausch et al. demonstrate that while formal verification of a
robo-advisor significantly influences actual investment
behavior, it has surprisingly almost no effect on the
subjective, self-reported trust of the end-user (Tausch et al.,
2025). From a regulatory perspective, explainability is not
just a user-experience feature but a legal necessity. Horel et

Trust, and

al. tackle this by proposing an explainable clustering method
utilizing a Single Feature Introduction Test (SFIT) to
characterize customer data for wealth management
compliance, effectively bridging the gap between
unsupervised machine learning and regulatory reporting
(Horel et al., 2019). Furthermore, eliciting accurate user
preferences is critical for personalized advice, a challenge
addressed by Chen and Liu through expected utility modeling
derived from pairwise comparison questionnaires (Chen &
Liu, 2024). Our framework synthesizes these findings by
acknowledging that while formal mathematical verification is
insufficient for trust, clear preference elicitation combined
with interpretable clustering can actively improve user
collaboration and regulatory adherence.

3) Decentralized Protocols and LLM Workflows

The final category encompasses the infrastructural
modernization of wealth management through emerging
technologies like blockchain and Large Language Models
(LLMs). Kashyap illustrates how blockchain protocols can
democratize wealth management by replicating traditional
mutual fund and hedge fund mechanisms—such as regular
price updates, high water marks, and performance fees—
within decentralized smart contracts (Kashyap, 2024). This
ensures investor protection and mitigates trading-related
slippage during redemptions (Kashyap, 2024). On the
automation front, the integration of LLM agents into financial
workflows is actively being benchmarked. Milsom explores
the fitness of general-purpose LLM agents for assistant-level
wealth management tasks, concluding that while agents
possess adequate mathematical reasoning, their adoption is
heavily hindered by a lack of end-to-end workflow reliability
(Milsom, 2025). By integrating these perspectives, our
proposed system utilizes LLMs strictly as conversational
interfaces and task coordinators rather than primary financial
decision-makers, thereby mitigating reliability issues while
leveraging their natural language capabilities for user
interaction.

3. Method/Approach

To address the limitations identified in existing robo-
advisors, we propose a modular, end-to-end framework that
integrates dynamic preference elicitation, sequential asset
allocation, explainable compliance, and autonomous
workflow execution. This architecture is designed to
continuously adapt to market conditions while maintaining
strict adherence to user-defined goals and regulatory
standards. The system is structured into four distinct modules,
operating cyclically to manage the user's wealth lifecycle.

1) System Architecture and Pipeline

The framework operates through a structured pipeline that

systematically translates ambiguous user goals into concrete,

mathematically optimal, and explainable portfolio actions.

We define the following sequential steps for the operation of

the proposed robo-advisor:

a) Dynamic Preference Elicitation: Instead of a static
onboarding survey, the system employs an interactive
LLM-driven agent to elicit risk preferences and financial
goals. Drawing on the methodology of expected utility
modeling, the system generates pairwise comparison
scenarios (e.g., choosing between two hypothetical
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retirement outcomes) (Chen & Liu, 2024). This allows
the system to establish a nominal utility function-
estimated pessimistically, neutrally, and optimistically-
that serves as the foundation for the user's risk profile
(Chen & Liu, 2024).

b) Sequential Asset Allocation Engine: The core financial
decision-making is handled by a hybrid Model Predictive
Control (MPC) and Deep Reinforcement Learning
(DRL) module. For strictly defined horizons like target-
date retirement funds, the system employs an entropy-
regulated Linear Quadratic Regulator derived from G-
learning (Dixon & Halperin, 2020). For dynamic, multi-
period rebalancing under market uncertainty, an MPC
controller utilizes a Hidden Markov Model to forecast
asset returns, enforcing practical constraints such as
turnover limits and transaction costs (Bielecki &
Cialenco, 2026). This dual approach ensures maximum
probability of goal attainment over time (Bauman et al.,
2023).

c) Explainability and Compliance Verification: Before
any rebalancing trades are executed, the proposed
allocation is routed through an explainability layer.
Using the Single Feature Introduction Test (SFIT)
combined with clustering algorithms, the system maps
the user's portfolio and profile against established
regulatory clusters (Horel et al., 2019). This ensures that
the algorithmic decision is not only mathematically
sound but also compliant with anti-money laundering
(AML) and suitability regulations.

d) Workflow Automation and Ledger Logging: Finally,
the approved trades and natural language justifications
are generated. To provide investor protection and
transparent fee calculation (e.g., high water marks), the
execution logic and historical performance metadata are
hashed onto a secure blockchain protocol (Kashyap,
2024). An LLM agent then synthesizes a personalized
communication briefing for the user, explaining the
rationale behind the portfolio adjustments (Milsom,
2025).

2) Design Choices and Rationale

The primary rationale for bifurcating the financial modeling
(MPC/DRL) from the interaction layer (LLMs) is rooted in
reliability and trust. Benchmarks have shown that LLM
agents struggle with end-to-end deterministic workflow
reliability in wealth management (Milsom, 2025). Therefore,
restricting the LLM to preference elicitation and synthesis—
while leaving the mathematical heavy lifting to robust DRL
and MPC algorithms—minimizes the risk of catastrophic
financial hallucinations. Furthermore, transitioning from
static mean-variance optimization to goal-based DRL directly
aligns the algorithm's objective function with the investor's
real-world desires (e.g., funding a house purchase) rather than
abstract risk-adjusted return metrics (Bauman et al., 2023).
The inclusion of the explainable clustering module addresses
the urgent need for business and regulatory interpretability,
transforming black-box RL outputs into legally defensible
actions (Horel et al., 2019).

3) Evaluation Plan

To rigorously validate the proposed framework, we propose a
comprehensive evaluation plan utilizing both historical
market data and simulated human interactions. Since live

deployment carries prohibitive financial risk, we outline a
hypothetical benchmark methodology. First, the financial
efficacy of the DRL/MPC engine will be tested against a
hypothetical historical dataset comprising 20 years of daily
asset prices across global equities, fixed income, and
commodities. The system's performance will be measured
against traditional target-date funds and static mean-variance
portfolios, specifically tracking the "Probability of Goal
Attainment" rather than simple Sharpe ratios (Bauman et al.,
2023). Second, to evaluate the user interaction and workflow
modules, we will simulate 1,000 synthetic investor profiles
using an extended version of TheAgentCompany
environment (Milsom, 2025). This simulation will assess the
LLM agent's ability to correctly extract pairwise preferences
and accurately synthesize the DRL module's actions into
readable, compliant financial reports without generating
logically inconsistent statements.

4. Discussion

The integration of dynamic control models, machine learning,
and decentralized protocols into a cohesive robo-advisory
platform presents profound implications for the future of
financial services. By shifting the paradigm from static
optimization to adaptive, goal-based architectures, wealth
managers can provide institutional-grade investment
strategies to retail investors. However, the deployment of
such an intricate system is not without significant practical
challenges, limitations, and ethical considerations.

1) Practical Implications and
Considerations

Deploying this framework in a real-world financial institution
requires  bridging the gap between cutting-edge
computational research and legacy banking infrastructure.
One of the primary deployment considerations is the
computational overhead of running deep reinforcement
learning and continuous model predictive control algorithms
for hundreds of thousands of individual accounts. To mitigate
this, institutions must leverage scalable cloud-based
architectures and asset pooling techniques, wherein users with
similar utility profiles and target dates are clustered together
using explainable unsupervised learning (Horel et al., 2019).
Furthermore, the integration of blockchain protocols for
mutual fund mechanics—such as tracking high water marks
and performance fees—requires regulatory buy-in and the
establishment of robust smart contracts to prevent trading
slippage during mass redemptions (Kashyap, 2024). Financial
firms must also ensure that the LLM-driven components are
hosted in secure, private environments to maintain the
confidentiality of user financial data.

Deployment

2) Limitations and Failure Modes

Despite its theoretical robustness, the proposed framework

possesses several inherent limitations and potential failure

modes that must be acknowledged:

o Sensitivity to Market Regime Shifts in DRL: While
deep reinforcement learning is highly effective in
simulated environments, RL agents are notoriously
sample-inefficient and can suffer from catastrophic failure
when encountering unprecedented market regimes (e.g.,
black swan events) that were not present in their training
data (Bauman et al., 2023).

Volume 15 Issue 5, May 2026
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal
www.ijsr.net

Paper |D: SR26422123025

DOI: https://dx.doi.org/10.21275/SR26422123025 821


http://www.ijsr.net/

International Journal of Science and Research (IJSR)
ISSN: 2319-7064
Impact Factor 2025: 7.089

« LLM Hallucinations in Workflow Automation:
Although the LLM is restricted to communication and
preference elicitation, there remains a persistent risk of
hallucination. If the LLM misinterprets a user's pairwise
comparison or generates a misleading summary of the
DRL's actions, it could lead to severe user dissatisfaction
and legal liability, as end-to-end workflow reliability
remains a critical bottleneck (Milsom, 2025).

o Disconnect Between Verification and Subjective Trust:
The framework relies heavily on algorithmic transparency
and formal verification to satisfy compliance. However,
empirical studies indicate that providing users with
mathematically verified systems or certification badges
has almost no effect on their subjective trust (Tausch et al.,
2025). Thus, the system may function perfectly yet still
fail to retain human users who require emotional
reassurance during market downturns.

5. Ethical Considerations and Risks

The deployment of fully autonomous wealth management
systems introduces profound ethical risks that extend beyond
simple financial loss.

e Algorithmic Bias and Financial Exclusion: The use of
clustering algorithms for compliance and user profiling
risks inadvertently embedding historical biases (Horel et
al., 2019). If the system categorizes certain demographic
groups into lower-tier investment strategies based on
correlated unstructured data, it could perpetuate systemic
financial exclusion under the guise of mathematical
objectivity.

e Obfuscation of Fiduciary Duty: Traditional financial
advisors are bound by a fiduciary duty to act in the best
interest of their clients. When decision-making is
distributed across DRL algorithms, LLM interfaces, and
blockchain ledgers, accountability becomes dangerously
diffuse. In the event of catastrophic portfolio failure,
determining legal and ethical responsibility between the
software engineers, the financial institution, and the
algorithm itself is highly problematic.

6. Future Work

To continuously refine the integration of artificial intelligence
in wealth management, future research should focus on
multiple distinct vectors.

o Expansion of Inverse Reinforcement Learning (IRL):
Future iterations of the system should heavily explore
Inverse RL, such as the GIRL algorithm, which infers
unobserved rewards by observing the behavior of expert
human advisors (Dixon & Halperin, 2020). This would
allow the robo-advisor to implicitly learn nuanced
investment strategies and behavioral coaching techniques
simply by cloning the actions of top-performing human
managers.

o Behavioral and Psychological A/B Testing: Given that
formal verification fails to build subjective trust (Tausch
et al., 2025), future work must investigate the
psychological framing of algorithmic advice. Large-scale
behavioral experiments should be conducted to determine
how different natural language framings (e.g.,
emphasizing potential gains versus mitigating losses)
generated by the LLM impact user retention and their

willingness to collaborate with the robo-advisor during
periods of high market volatility (Mahmud et al., 2025).

7. Conclusion

The democratization of wealth management through robo-
advisory platforms has undeniably lowered the barrier to
entry for retail investors. However, the reliance on static, one-
period optimization models and opaque operational
workflows has stunted the evolution of these platforms,
leaving them wvulnerable to market volatility and user
skepticism. This paper introduced a comprehensive, next-
generation robo-advisory framework that structurally
overcomes these limitations by integrating dynamic
sequential decision-making with transparent, human-centric
artificial intelligence. By utilizing Model Predictive Control
and Goal-Based Reinforcement Learning, the proposed
system ensures that long-term financial objectives are
pursued adaptively, accounting for complex constraints like
transaction costs and turnover limits.

Simultaneously, the integration of explainable clustering
techniques and LLM-driven interaction layers ensures that the
sophisticated mathematical decisions remain interpretable,
compliant with regulatory standards, and accessible to the
end-user. While significant challenges remain—particularly
regarding the reliability of language models in strict financial
workflows and the persistent psychological barriers to
algorithmic trust—the synthesis of dynamic optimization and
explainable Al offers a robust path forward. As the financial
industry continues to navigate the intersection of
digitalization and fiduciary responsibility, frameworks such
as the one proposed herein will be instrumental in building
autonomous systems that are not only mathematically optimal
but profoundly trustworthy.This convergence is particularly
timely as digitalization reshapes wealth management, with
automated systems and explainable clustering poised to
address regulatory demands and client trust in the evolving
financial landscape(Horel et al., 2019).
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