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Executive Summary

Agentic AI represents a fundamental shift in how financial institutions operate, moving beyond simple 
automation to systems that can perceive, decide, and act autonomously across complex workflows. Unlike 
traditional AI that requires human intervention for each decision, agentic systems can process claims 
end-to-end, detect and block fraudulent transactions in real-time, and orchestrate multi-step compliance 
workflows without constant oversight.

The business case is compelling. Robinhood scaled their AI-driven operations from 500 million to 5 billion 
tokens daily while cutting operational costs by 80 percent. Industry analysts project that agentic AI could 
generate $3 trillion in corporate productivity improvements over the next decade, with Gartner predicting 
that 40 percent of enterprise applications will integrate task-specific AI agents by the end of 2026—up from 
less than 5 percent in 2025.

For financial services leaders, three strategic imperatives emerge. First, prioritize use cases with high-volume 
transactions, mature data infrastructure, and established governance—areas where agents can deliver 
immediate value while operating within existing compliance frameworks. Second, address the deployment 
challenge: while SaaS solutions offer speed, they compromise data sovereignty, making them unsuitable for 
regulated environments. Third, prepare for organizational change as employees transition from task 
execution to agent oversight and strategic decision-making.

Success requires balancing velocity with control. Financial institutions that establish clear governance 
frameworks, invest in data quality, and deploy agents in sovereign environments are achieving measurable 
outcomes in fraud reduction, claims processing speed, and customer satisfaction while maintaining 
regulatory compliance.
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Overview

Agentic AI represents a new category of artificial intelligence systems capable of autonomous action within 
defined boundaries. Unlike predictive AI that generates recommendations or generative AI that creates 
content, agentic systems can perceive changes in their environment, make logical inferences based on 
accumulated knowledge, and take action across multiple systems to achieve specific objectives. In financial 
services, this translates to AI agents that can process insurance claims from initial submission through final 
payment, detect anomalies in transaction patterns and automatically freeze suspicious accounts, or 
orchestrate complex workflows across core banking systems, compliance databases, and customer 
communication channels.

The technology builds on three foundational capabilities that work in concert. Perception allows agents to 
monitor text, numbers, images, and other data streams across digital environments—watching for claim 
submissions, transaction patterns, or regulatory updates. Cognition enables agents to build knowledge bases 
and memory structures that support logical reasoning about what actions to take in specific contexts. Action 
gives agents the ability to execute tasks across ERPs, financial planning systems, databases, and external 
APIs—matching transactions, standardizing entries, triggering alerts, or initiating workflows.

Several factors explain why agentic AI is emerging as a priority for financial institutions now:

• Foundation model maturity: Large language models have reached a capability threshold where they 
can reliably understand complex financial documents, regulations, and business logic

• API ecosystem development: Modern banking platforms expose robust APIs that allow agents to 
interact with core systems programmatically

• Economic pressure: Labor shortages and cost pressures are forcing institutions to find new efficiency 
levers beyond traditional process automation

• Regulatory complexity: The volume and velocity of compliance requirements have exceeded human 
capacity to monitor and respond in real-time

• Customer experience expectations: Consumers now expect instant responses and 24/7 service that 
human teams cannot economically provide

Adoption is accelerating rapidly across the sector. A 2025 PwC survey found that 80 percent of financial 
services firms are already adopting AI agents in some capacity, with nearly 90 percent planning budget 
increases specifically for agentic AI initiatives. However, deployment approaches vary significantly. Some 
institutions are experimenting with cloud-based SaaS solutions that offer rapid deployment but require data 
to leave their controlled environments. Others are building custom systems in-house, a path that provides 
maximum control but extends deployment timelines to 12-18 months. A third approach leverages platforms 
that provide sovereign deployment—where pre-integrated AI infrastructure runs entirely within the 
institution's private cloud or on-premises environment, enabling deployment in days while maintaining 
complete data control.

The technical foundation combines several architectural components. An orchestration layer coordinates 
multiple specialized agents, each focused on specific tasks like document analysis, risk assessment, or 
transaction processing. An LLM gateway serves as a central control panel, routing requests to appropriate 
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models, implementing guardrails, providing observability, and managing costs. Knowledge systems give 
agents access to internal policies, historical decisions, and domain expertise. Integration frameworks connect 
agents to existing systems through APIs, webhooks, and message queues.

For financial institutions, the strategic question is not whether to deploy agentic AI but how to do so in 
ways that balance speed, control, compliance, and cost. The institutions achieving early success are those 
that have addressed foundational requirements—data quality, API maturity, governance 
frameworks—before scaling agent deployments across critical workflows.

High-Impact Use Cases Across Financial Services

Financial institutions are deploying agentic AI across four primary domains, each characterized by high 
transaction volumes, well-structured data, and clear success metrics. Understanding where agents deliver the 
most value helps organizations prioritize initial deployments and build momentum for broader adoption.

Fraud detection and prevention represents perhaps the most mature application area. Traditional rule-based 
systems flag suspicious transactions for human review, creating bottlenecks that allow fraudsters to complete 
multiple transactions before accounts are frozen. Agentic systems monitor transaction patterns in real-time, 
cross-reference behavioral indicators against historical data and known fraud signatures, and automatically 
block suspicious transactions while simultaneously alerting fraud teams with detailed context. Banks using 
these systems report detecting anomalies that human analysts missed during initial evaluations, identifying 
patterns across seemingly unrelated accounts, and reducing false positives that frustrate legitimate 
customers.

The impact extends beyond individual transactions. By operating continuously without the constraints of 
human work hours, agents can monitor global transaction flows across time zones, respond to emerging 
fraud patterns as they develop, and coordinate responses across multiple systems—freezing accounts, 
notifying customers, generating case files, and escalating to investigators—all within seconds of detecting 
suspicious activity.

Insurance claims processing demonstrates how agents handle complex, multi-step workflows that 
traditionally required multiple teams and handoffs. An agentic system can receive a claim submission, 
extract relevant information from attached documents and images, cross-reference policy terms and coverage 
limits, assess damage estimates against historical benchmarks, flag potential fraud indicators, and either 
approve straightforward claims automatically or route complex cases to human adjusters with 
comprehensive analysis packages. Early adopters report processing times dropping from days to minutes for 
routine claims, while claims requiring human judgment arrive with better context and analysis.
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Agentic AI transforms insurance claims processing from a multi-day, multi-team workflow into an
automated end-to-end process with intelligent routing for complex cases.

Customer service and support has evolved from simple chatbots to sophisticated agents capable of 
multi-turn conversations, account actions, and workflow orchestration. Capital One's Chat Concierge 
illustrates this evolution—built on Meta's open-source Llama model enriched with proprietary data, the 
system answers queries, provides information, and performs actions on behalf of customers like scheduling 
appointments with sales representatives. The critical difference from earlier chatbot implementations is the 
agent's ability to maintain context across interactions, access multiple backend systems, and complete 
transactions rather than simply providing information.

Compliance monitoring and regulatory reporting presents a particularly compelling use case given the 
volume of regulations financial institutions must track and the consequences of violations. Agents can 
monitor regulatory feeds for relevant updates, assess how new requirements affect existing processes, 
identify gaps in current compliance procedures, generate documentation for audits, and flag high-risk 
circumstances requiring immediate staff intervention. For institutions managing operations across multiple 
jurisdictions, each with distinct regulatory frameworks, agents provide a scalable way to maintain 
comprehensive oversight.

When evaluating use cases for initial deployment, successful institutions apply consistent criteria:

1. Transaction volume: Cases involving thousands or millions of similar transactions provide sufficient 
data for agents to learn patterns and deliver measurable efficiency gains

2. Data maturity: Well-structured data with consistent formats, comprehensive metadata, and reliable 
quality allows agents to make accurate decisions

3. Existing governance: Preestablished authorization frameworks, privacy controls, and security 
policies streamline agent deployment and reduce risk

4. Measurable outcomes: Clear metrics like processing time, accuracy rates, cost per transaction, or 
customer satisfaction enable objective assessment of agent performance

5shakudo.io



5. Established processes: Mature workflows with documented procedures provide agents with clear 
operational boundaries and escalation paths

Organizations leveraging platforms like Shakudo can rapidly prototype agents across multiple use cases 
simultaneously, testing which workflows benefit most from autonomous operation while maintaining 
sovereign control over sensitive financial data. This parallel experimentation approach, impossible when 
building custom infrastructure, allows institutions to identify high-value applications quickly and 
concentrate resources where agents deliver the greatest impact.

Architecture Considerations for Financial Institutions

Building agentic AI systems that operate reliably within financial services environments requires addressing 
several architectural challenges unique to regulated industries. The technical choices made during design 
fundamentally determine whether agents can scale from pilot projects to production systems handling 
millions of transactions.

At the foundation lies the data architecture. Agents require access to multiple data sources—customer 
records, transaction histories, policy documents, regulatory texts, historical decisions—often distributed 
across legacy systems, modern cloud databases, and third-party services. Creating unified access without 
physically moving regulated data presents a significant challenge. Modern approaches use data virtualization 
layers that provide agents with logical access to distributed data sources while maintaining data sovereignty 
requirements. This allows an agent processing an insurance claim to query policy terms from one system, 
customer history from another, and fraud indicators from a third, all while ensuring no data crosses 
compliance boundaries.
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Data virtualization enables agents to access distributed sources while maintaining sovereignty and
compliance boundaries in regulated financial environments.

The LLM gateway serves as the central nervous system of an agentic architecture. Rather than allowing 
individual agents to directly access foundation models, the gateway provides a control plane that routes 
requests to appropriate models based on task requirements, cost constraints, and performance 
characteristics. It implements guardrails that prevent agents from taking unauthorized actions or exposing 
sensitive information. It captures telemetry that enables monitoring of agent behavior, decision quality, and 
resource consumption. For financial institutions managing multiple agent types across different use cases, 
the gateway provides essential observability into a distributed system that would otherwise be opaque.

Consider the practical implications: an agent processing loan applications might require a 
reasoning-optimized model for credit risk assessment, a vision-capable model for document analysis, and a 
lightweight model for routine data extraction. The gateway orchestrates these interactions, ensuring each 
subtask uses the appropriate model while tracking costs, latency, and accuracy across the entire workflow. 
When a model update becomes available, institutions can test it with a subset of traffic before full 
deployment, minimizing risk.

Orchestration frameworks coordinate multiple specialized agents working together on complex workflows. 
A mortgage processing system might employ separate agents for income verification, property appraisal 
review, credit history analysis, and regulatory compliance checking. The orchestration layer manages 
dependencies between these agents, ensures data flows correctly between steps, handles error conditions 
when individual agents fail, and maintains state across multi-day processes. Microsoft's AutoGen framework 
has gained traction in banking operations precisely because it enables these coordinated multi-agent 
workflows without requiring custom orchestration code.

Security and access control architectures must evolve to accommodate agents as new types of actors in 
financial systems. Traditional identity and access management assumes human users making discrete 
requests. Agents, however, operate continuously, make sequences of related actions, and may need escalated 
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privileges for specific workflows while remaining restricted for others. Modern approaches implement 
agent-specific identity frameworks that grant fine-grained permissions based on workflow context—an 
agent processing standard claims might have automatic approval authority up to certain dollar amounts but 
require human approval beyond those thresholds.

For institutions in regulated environments, sovereign deployment architectures are non-negotiable. Data 
cannot leave the institution's controlled environment, even temporarily. Traditional cloud-based AI services 
that process data in vendor-managed infrastructure violate this requirement. Platforms like Shakudo address 
this by deploying the entire AI infrastructure stack—models, orchestration frameworks, data processing 
tools, governance systems—within the institution's existing private cloud or on-premises environment. This 
approach maintains complete data sovereignty while providing the integrated tooling and rapid deployment 
capabilities typically associated with cloud services.

The architecture must also support continuous learning and improvement without creating regulatory risk. 
Agents need to incorporate new fraud patterns, updated regulations, and refined business logic without 
requiring complete redeployment. This calls for modular architectures where knowledge bases, model 
configurations, and business rules can be updated independently. Some institutions implement shadow 
modes where updated agents process real data but their decisions are compared against production systems 
before cutover, building confidence that improvements don't introduce unexpected behaviors.

Integration patterns determine how easily agents can connect to existing systems. Modern financial 
platforms expose comprehensive APIs, but legacy core banking systems often require custom integration 
work. Successful architectures implement adapter layers that translate between agent communication 
protocols and legacy system interfaces. This prevents the agent architecture from being tightly coupled to 
specific backend systems, allowing infrastructure modernization to proceed independently of agent 
development.

Scalability considerations differ from traditional applications. A single agent might spawn multiple 
sub-agents to process a complex workflow, creating dynamic compute demands. Architecture must support 
rapid scaling when transaction volumes surge—like processing high volumes of claims after a natural 
disaster—while minimizing costs during normal operations. Container orchestration platforms provide the 
elastic scaling capabilities required, but financial institutions need deployment environments that support 
these patterns within their security perimeters.
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Governance, Risk, and Compliance Framework

Deploying autonomous AI systems in financial services requires governance frameworks that address unique 
risks while enabling agents to deliver value. The institutions successfully scaling agentic AI have established 
clear policies, oversight mechanisms, and risk controls before widespread deployment.

The governance challenge differs fundamentally from traditional AI oversight. Predictive models make 
recommendations that humans act upon, creating a clear accountability chain. Agents, however, take actions 
autonomously, making multiple decisions within complex workflows. When an agent approves a loan, 
processes a claim, or blocks a transaction, determining accountability for incorrect decisions becomes 
complex. Forward-thinking institutions are establishing new governance structures that clarify 
responsibility: business process owners retain ultimate accountability for outcomes, while technology teams 
ensure agents operate within defined parameters.

Approved use lists provide a practical starting point. Before deploying agents, subprocess leaders and process 
owners document which specific actions agents should and should not be permitted to perform, based on 
compliance risk and potential financial harm. Safer use cases for autonomous operation typically include 
anomaly detection, error identification, data standardization, and internal reporting. Higher-risk actions like 
loan approvals, trading decisions, or sensitive customer communications require human oversight. As agents 
prove reliable in controlled scenarios, institutions gradually expand approved actions, building confidence 
through measured progression.

Human-in-the-loop checkpoints are essential, particularly during initial deployments. Rather than allowing 
agents to complete workflows end-to-end immediately, institutions program review points where staff 
approve agent recommendations, provide missing context, or override decisions. These checkpoints serve 
dual purposes: they prevent errors from causing customer harm or compliance violations, and they generate 
training data that helps agents improve. Over time, as agents demonstrate consistent accuracy, institutions 
can reduce checkpoint frequency for routine cases while maintaining oversight for complex situations.

Exit conditions define circumstances that automatically escalate to human intervention. An agent processing 
insurance claims might have exit conditions triggered by claim amounts exceeding thresholds, policy types 
outside its training data, or uncertainty scores indicating low confidence in its analysis. Well-designed exit 
conditions prevent agents from operating beyond their reliable capabilities while maximizing autonomous 
handling of straightforward cases. Financial institutions typically start with conservative exit conditions and 
gradually relax them as agents demonstrate reliable performance.

Model governance extends to the foundation models underlying agentic behavior. Institutions must 
establish policies addressing several concerns:

• Model selection criteria: Which foundation models are approved for which use cases, based on 
accuracy, bias assessments, and licensing terms

• Update procedures: How to test and deploy model updates without disrupting production 
workflows

• Fallback protocols: What happens when preferred models become unavailable or perform poorly

• Multi-model strategies: When to use multiple models for critical decisions to reduce 

9shakudo.io



single-point-of-failure risk

Data governance takes on heightened importance. Agents often require access to sensitive customer data, 
proprietary business logic, and confidential strategic information. Governance frameworks must specify 
what data agents can access, how long they retain information in memory structures, and what protections 
prevent data exposure through agent outputs. Privacy controls ensure agents comply with regulations like 
GDPR, which grant customers rights to understand how their data influences decisions—a complex 
requirement when agents make autonomous determinations.

Audit trails become critical for regulatory compliance and incident investigation. When agents process 
thousands of transactions daily, institutions need comprehensive logging that captures agent reasoning, data 
accessed, actions taken, and decision rationale. Some regulations require explaining specific outcomes to 
customers or regulators. Agents must generate audit trails detailed enough to reconstruct their 
decision-making process months or years later. Organizations using platforms like Shakudo benefit from 
built-in governance and audit capabilities that capture agent activities across the entire workflow, providing 
the comprehensive documentation regulators expect.

Bias monitoring and fairness testing apply to agentic systems just as they do to traditional AI models. 
Financial institutions face legal and ethical obligations to ensure agents don't discriminate based on 
protected characteristics. Testing frameworks must evaluate agent behavior across demographic groups, 
identifying disparate impacts in approval rates, pricing decisions, or service quality. Unlike static models 
tested once before deployment, agents that learn and adapt require continuous monitoring to detect bias 
that emerges over time.

Risk management frameworks assess the potential harm from agent failures and establish appropriate 
controls. A simple categorization divides agents into risk tiers: low-risk agents that perform informational 
tasks with minimal consequences, medium-risk agents that influence but don't determine outcomes, and 
high-risk agents that make autonomous decisions with significant financial or customer impact. Control 
requirements scale with risk levels—high-risk agents receive more intensive testing, monitoring, and human 
oversight.

Incident response procedures define how institutions react when agents behave unexpectedly. Response 
plans should specify how to quickly disable malfunctioning agents, investigate root causes, notify affected 
customers if necessary, and prevent similar issues. Regular tabletop exercises help teams practice these 
procedures before real incidents occur, building muscle memory for effective response.

The governance framework must balance control with agility. Overly restrictive governance slows 
deployment and limits value realization. Insufficient governance creates unacceptable risk. The most 
successful institutions implement tiered governance—lightweight approval processes for low-risk agents in 
controlled environments, more rigorous review for higher-risk deployments, with clear criteria for moving 
between tiers as agents prove reliable.
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Implementation Roadmap and Organizational Readiness

Successful agentic AI deployment follows a structured progression that builds capabilities, demonstrates 
value, and prepares organizations for scaled adoption. Financial institutions achieving meaningful outcomes 
approach implementation as an organizational transformation, not just a technology project.

The foundation phase focuses on establishing prerequisites before deploying agents. IBM's CIO Matt 
Lyteson emphasizes understanding what outcomes you expect, what data agents need access to, and how 
you'll manage and control them. Organizations skip this phase at their peril—agents deployed without 
quality data, clear objectives, or governance frameworks consistently underdelve or create risk. Foundation 
work includes data quality improvement, API development for key systems, governance policy creation, and 
team capability building. This phase typically spans 8-12 weeks for institutions building from scratch but 
can be compressed to weeks when leveraging platforms that provide pre-integrated infrastructure.

Data preparation deserves particular attention. Agents can technically work with fragmented data across 
legacy systems, but performance and reliability suffer dramatically without properly cleaned and accessible 
data. Comprehensive data engineering ensures agents have consistent, well-structured information to reason 
with. This doesn't require perfecting every data source—instead, focus on the specific datasets relevant to 
initial use cases, establishing patterns and practices that can extend to additional data as agent deployment 
expands.

Pilot selection determines whether initial deployments build momentum or create skepticism. The best 
pilots balance multiple criteria: significant business value if successful, manageable scope for rapid 
deployment, low regulatory risk if something goes wrong, and measurable outcomes that demonstrate 
impact objectively. Claims processing, fraud detection, and customer inquiry handling consistently emerge 
as strong pilot candidates because they meet these criteria. Avoid the temptation to start with the most 
complex, highest-value use case—success with a moderate-complexity pilot builds confidence and capability 
for tackling harder problems.

The pilot phase itself should follow a structured approach:

1. Scoping and design: Define specific workflows the agent will handle, success metrics, exit 
conditions, and human oversight procedures

2. Development and integration: Build the agent, integrate with necessary systems, implement 
guardrails and monitoring

3. Shadow mode testing: Run the agent alongside existing processes, comparing decisions without 
affecting real outcomes

4. Controlled production: Deploy to a subset of cases with enhanced monitoring and human review

5. Evaluation and refinement: Analyze performance data, identify improvement opportunities, adjust 
agent behavior

6. Scale decision: Determine whether to expand to full production, iterate further, or pivot to different 
use cases
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A structured six-phase pilot approach de-risks agentic AI deployment while building organizational
confidence through measured progression from design to scale.

Organizations leveraging Shakudo's pre-integrated ecosystem can compress development and integration 
time significantly, deploying pilots in days rather than months by eliminating the infrastructure setup, tool 
integration, and environment configuration work that typically consumes the majority of pilot timelines.

Organizational change management parallels technical deployment. Employees need to understand how 
agents will change their work, what new responsibilities they'll assume, and how success will be measured in 
an agent-augmented environment. Claims processors transition from handling every claim to reviewing 
complex cases and monitoring agent performance. Fraud analysts move from investigating every flagged 
transaction to focusing on sophisticated fraud rings the agents surface. This shift from task execution to 
agent oversight and strategic work requires new skills, updated performance metrics, and often 
compensation adjustments.

Stakeholder communication strategies should address distinct concerns across groups. Executives care about 
ROI, risk mitigation, and competitive positioning. Technology leaders focus on architecture decisions, 
integration challenges, and operational reliability. Business unit leaders worry about disruption to existing 
workflows, employee morale, and maintaining customer service quality during transition. Compliance 
teams need assurance that agents meet regulatory requirements. Tailoring communication to each audience 
while maintaining consistent overall messaging prevents misalignment.

Capability building investments determine long-term success. Organizations need people who can design 
agent workflows, implement orchestration logic, monitor agent performance, investigate incidents, and 
continuously improve agent behavior. These roles blend domain expertise with technical skills—fraud 
analysts who understand agent architectures, customer service leaders who can design conversation flows, 
compliance officers who grasp AI risk management. Building these hybrid capabilities through training, 
hiring, and organizational restructuring takes time but proves essential for sustained value realization.
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Scaling from pilot to production introduces new challenges. What worked with 100 cases per day may fail at 
10,000. Performance bottlenecks emerge, edge cases multiply, and the impact of errors scales proportionally. 
Successful scaling approaches include incremental rollout where agent capacity increases gradually with 
intensive monitoring at each stage, parallel operation where agents and existing processes run simultaneously 
until confidence is established, and geographic or business unit phasing that limits blast radius if issues arise.

Measurement frameworks evolve as agents mature. Early pilots focus on accuracy, processing time, and error 
rates. Production systems require comprehensive metrics including cost per transaction, customer 
satisfaction impact, employee productivity changes, compliance incident rates, and ultimately business 
outcomes like revenue growth or cost reduction. Leading institutions establish baseline measurements 
before agent deployment, enabling clear before-and-after comparisons that quantify impact.

The roadmap extends beyond initial deployments to continuous improvement and expanding scope. Agents 
should improve over time as they encounter more scenarios, and organizations should systematically capture 
learnings from each deployment to accelerate subsequent implementations. Institutions that treat agentic AI 
as a capability to be developed over years, not a project to be completed, realize the greatest value. Those 
attempting to deploy agents across dozens of use cases simultaneously typically struggle with resource 
constraints, change fatigue, and organizational resistance.
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Strategic Considerations and Future Outlook

Financial institutions face strategic decisions about agentic AI that will influence competitive positioning, 
operational efficiency, and innovation capacity for the next decade. The choices made today around 
architecture, deployment approach, and organizational investment create path dependencies that are 
difficult to reverse.

The build-versus-buy decision carries more complexity than typical technology choices. Building custom 
agentic systems provides maximum control and differentiation but requires 12-18 months of infrastructure 
development before deploying the first agent. Buying SaaS solutions offers speed but forces data outside 
institutional control, violating sovereignty requirements for many regulated entities. A third 
path—deploying sovereign AI platforms that provide pre-integrated tools running entirely within 
institutional environments—enables rapid deployment while maintaining control. Organizations using 
Shakudo's approach access 200-plus pre-integrated tools, enterprise governance, and rapid deployment 
capabilities without data leaving their environment, balancing the speed of SaaS with the control of custom 
builds.

Vendor lock-in risks require careful evaluation. Some agentic platforms use proprietary orchestration 
frameworks, custom agent definition languages, or closed ecosystems that make migration difficult. As 
agentic AI matures rapidly, institutions may need to switch approaches, integrate new capabilities, or adopt 
emerging standards. Open-source-first strategies mitigate this risk by building on widely adopted 
frameworks, standard APIs, and portable architectures. When evaluating platforms, assess how easily you 
could migrate agents to different infrastructure if needed.

Multi-cloud and hybrid strategies are becoming standard for large institutions with complex regulatory 
footprints. Some data must remain on-premises due to sovereignty requirements, other workloads benefit 
from public cloud scalability, and still other systems span multiple clouds for resilience. Agentic 
architectures must accommodate this distribution, allowing agents to orchestrate workflows across 
environments without violating data boundaries. Institutions should prioritize platforms that support 
flexible deployment models rather than assuming infrastructure will remain static.

The organizational placement of agentic AI capabilities—centralized in IT, distributed to business units, or 
some hybrid model—influences adoption speed and consistency. Centralized approaches ensure governance 
consistency, avoid duplicated effort, and build deep technical expertise, but they can become bottlenecks 
that slow deployment. Fully distributed approaches allow business units to move quickly but risk 
governance gaps, fragmented tooling, and wasted resources. Successful models often establish a central 
platform and governance framework while embedding agent development capability in business units, 
combining consistency with agility.

Cost models and ROI projections should account for both direct savings and strategic benefits that are 
harder to quantify. Direct savings from reduced processing time, lower error rates, and decreased staffing 
needs for routine tasks are measurable and often substantial—organizations report 40-60 percent reductions 
in total cost of ownership for workflows that agents handle. Strategic benefits like faster time-to-market for 
new products, improved customer satisfaction, enhanced fraud detection, and competitive differentiation 
contribute to ROI but require different measurement approaches.
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The competitive landscape is evolving rapidly. Early adopters are achieving significant advantages in 
operational efficiency, customer experience, and innovation speed. The gap between institutions that 
successfully deploy agentic AI at scale and those that remain in pilot purgatory will widen as agents improve 
through accumulated experience. Financial services is a scale business where marginal efficiency 
improvements compound into substantial competitive advantages. Institutions delaying agentic AI 
deployment risk finding themselves at a structural cost disadvantage within 18-24 months.

Talent and skills considerations extend beyond technical capabilities to strategic workforce planning. As 
agents handle routine transactions, institutions need fewer people for task execution but more people with 
higher-level skills for agent oversight, exception handling, and strategic work. This shift creates workforce 
transition challenges—retraining existing employees, managing headcount changes, adjusting compensation 
structures, and maintaining morale. Proactive workforce planning that anticipates these shifts and invests in 
reskilling helps institutions navigate the transition while retaining institutional knowledge.

Emerging trends will shape the next phase of agentic AI in financial services:

• Multi-agent systems: Rather than single agents handling entire workflows, specialized agents will 
collaborate, each contributing specific expertise to complex processes

• Agent-to-agent communication standards: Industry standards for how agents from different 
vendors and institutions interact will emerge, enabling ecosystem-wide automation

• Regulatory frameworks: Regulators are developing specific requirements for autonomous AI 
systems, including explainability standards, bias testing, and accountability frameworks

• Continuous learning systems: Agents will increasingly learn from experience rather than requiring 
explicit retraining, adapting to new patterns while maintaining safety boundaries

• Cross-institutional agents: Some workflows like trade settlement, regulatory reporting, or fraud 
detection may eventually use agents that operate across institutional boundaries, though this raises 
complex governance questions

Gartner predicts that over 40 percent of agentic AI projects will be canceled by the end of 2027, not because 
the technology fails but because organizations lack the data foundation, governance frameworks, or 
organizational readiness to succeed. This prediction underscores the importance of addressing fundamentals 
before scaling deployment. The institutions that will thrive are those taking a systematic approach: building 
data and governance foundations, starting with focused pilots that demonstrate value, establishing clear 
success metrics, and scaling thoughtfully based on demonstrated outcomes.

For CIOs and technology leaders, agentic AI represents an opportunity to architect future-ready enterprises 
where intelligent automation drives measurable business outcomes. The question is no longer whether to 
adopt agentic AI but how quickly institutions can move from experimentation to scaled production 
deployment while maintaining the governance and control that regulated environments demand. Those that 
solve this challenge gain sustainable competitive advantage in an industry where efficiency, customer 
experience, and innovation increasingly separate winners from laggards.
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Ready to Get Started?

Shakudo enables enterprise teams to deploy AI infrastructure with

complete data sovereignty and privacy.

shakudo.io

info@shakudo.io

Book a demo: shakudo.io/sign-up


