
Building Financial Fortresses: 
Scaling Cloud-Native AI for 
Real-Time Fraud Detection
Today's financial institutions face a critical challenge: detecting 
sophisticated fraud patterns across billions of digital transactions while 
maintaining system reliability and performance. This presentation 
explores how Site Reliability Engineering principles enable the successful 
deployment and scaling of cloud-native AI fraud detection systems that 
deliver both security and exceptional user experience.

Join us as we examine the reliability engineering challenges of architecting 
real-time fraud detection infrastructure that processes millions of 
transactions with sub-second latency while maintaining 99.99% 
availability.
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The Challenge: Speed, Scale, 
and Security
Financial institutions today process billions of transactions daily, creating 
an enormous attack surface for sophisticated fraud attempts. Traditional 
batch processing systems can't keep pace with modern threats, which 
evolve rapidly and exploit even momentary vulnerabilities.

The technical challenge is formidable: detecting fraud patterns in real-time 
across massive transaction volumes while maintaining sub-second 
latency. For site reliability engineers, this creates a perfect storm where 
performance, scalability, and security must be balanced precisely.

Legacy Challenge

Batch processing systems with hours of detection lag

Scale Challenge

Billions of transactions requiring real-time analysis

Performance Challenge

Sub-second latency requirements for user experience

Security Challenge

Increasingly sophisticated attack patterns



From Batch to Streaming: Architectural Evolution
Our journey began with traditional batch processing - analyzing transactions hours after they occurred. This approach created 
unacceptable detection delays and poor customer experiences when legitimate transactions were flagged.

The transformation to a streaming analytics architecture required fundamental changes to our infrastructure, data pipelines, 
and operational practices. We implemented Kafka streams for real-time event processing, built specialized feature stores to 
maintain historical context, and deployed microservices for model serving with auto-scaling capabilities.

Batch Processing

Hours of delay, high false positives

Streaming Pipeline

Real-time data flow with enrichment

Feature Store

Low-latency historical context

Model Serving

Autoscaling inference endpoints



Resiliency Patterns for AI Systems
AI systems introduce unique failure modes that traditional SRE practices don't fully address. Model performance degradation, 
unexpected inference latency spikes, and resource bottlenecks during retraining all required specialized resilience patterns.

Implementing circuit breakers proved essential for preventing cascading failures when ML models became overwhelmed. We 
developed tiered degradation paths that maintain core fraud detection even when advanced analysis is unavailable. Load 
shedding strategies prioritize critical transactions during traffic spikes.

Circuit Breakers

Automatically detect when ML 
services are overwhelmed and fall 
back to rule-based detection to 
maintain transaction flow while 
preventing cascading failures.

Graceful Degradation

Implement tiered fallback 
mechanisms that preserve essential 
security checks while temporarily 
disabling resource-intensive deep 
analysis during peak loads.

Automated Canary Analysis

Deploy new fraud detection models 
to a small percentage of traffic while 
monitoring key metrics including 
latency distribution, false positive 
rates, and resource utilization.



Specialized Observability for ML Systems
Traditional monitoring tools failed to capture the nuanced performance characteristics of AI fraud detection systems. We 
developed specialized observability solutions focused on model performance, data drift, and the correlation between system 
metrics and business outcomes.

Our observability stack now includes real-time monitoring of model drift, feature distribution anomalies, and prediction 
confidence scores. Custom dashboards provide visibility into both technical reliability metrics and business impact indicators 
like false positive rates and fraud savings.

Model 
Performance 
Metrics

Tracking inference 
latency, prediction 
confidence, and 
compute resource 
utilization across 
model versions.

Data Drift 
Detection

Monitoring statistical 
properties of input 
features to detect 
when real-world 
transactions deviate 
from training data.

Explainability 
Tools

Visualizing feature 
importance and 
decision paths to 
understand why 
specific transactions 
trigger alerts.

Business Impact 
Alerts

Correlating system 
metrics with business 
outcomes like 
customer friction and 
fraud losses.



SLOs That Balance Security 
and Experience
Establishing effective Service Level Objectives for fraud detection systems 
required balancing competing priorities: security thoroughness, 
transaction approval speed, and end-user experience. Traditional SLOs 
focused solely on system availability proved inadequate.

We developed a multi-dimensional SLO framework that incorporates both 
technical metrics and business outcomes. This approach helps our teams 
make informed decisions when trade-offs are necessary between security 
depth and performance impact.

SLO Category Key Metrics Target

Availability Fraud service 
uptime

99.99%

Performance P95 detection 
latency

<200ms

Accuracy False positive rate <0.5%

Security Fraud detection 
rate

>98%

Explainability Reason code 
availability

100%



Chaos Engineering for Fraud Systems
Fraud detection represents a critical security function where failures can have immediate financial impact. This makes 
traditional chaos engineering approaches particularly challenging 3 we can't simply "break things in production" when millions 
of dollars are at stake.

We developed specialized chaos engineering practices designed for high-security environments, using isolated replica 
environments with synthetic transaction loads. Our chaos experiments validate degradation paths, ensure failover mechanisms 
properly activate, and verify that our systems correctly identify our own "chaos-induced" issues.

Hypothesis-Driven Experiments

Build targeted tests for specific failure modes

Controlled Environments

Safely replicate production systems

Synthetic Transactions

Simulate normal and fraudulent activity

Recovery Validation

Verify automatic remediation works



Measurable Results: Impact on Business Metrics
By implementing these SRE practices specifically tailored for AI fraud detection systems, we achieved significant improvements 
across both technical and business metrics. The most notable impact came from the 78% acceleration in detection time, 
allowing us to stop fraudulent transactions before they completed rather than recovering funds after the fact.

The 63% reduction in false positives translated directly to improved customer satisfaction, as legitimate transactions were less 
frequently delayed or declined. This simultaneously reduced operational costs by decreasing the manual review workload on 
our fraud analysis team.

78%
Faster Detection

Reduced time to identify fraudulent patterns

63%
Fewer False Positives

Legitimate transactions approved without delay

99.99%
System Availability

Overall fraud detection platform uptime

42%
Cost Reduction

Decreased infrastructure and operational expenses



Maintaining Regulatory Compliance
Financial services operate under strict regulatory frameworks that often conflict with rapid iteration practices common in tech 
companies. Our SRE team developed specialized workflows and infrastructure to maintain continuous compliance while 
enabling frequent updates to detection capabilities.

We implemented immutable infrastructure with comprehensive audit logging, allowing us to reconstruct the exact state of our 
systems at any point in time. Model governance frameworks ensure all changes are properly vetted, documented and traceable 
back to business requirements.

Compliance Requirements

Translate regulations into technical 
controls

Infrastructure as Code

Version-controlled, immutable 
deployments

Model Governance

Document training data and decision 
logic

Automated Audit Trails

Comprehensive logging of all system 
changes



Implementation Blueprint: Building for Reliability
Implementing a reliable AI fraud detection system requires careful planning across multiple technology layers. Our blueprint 
prioritizes decoupling components to prevent cascading failures, building redundancy into critical paths, and ensuring 
observability across both technical and business dimensions.

The architecture divides functions into distinct reliability domains with independent scaling characteristics. This allows different 
components to evolve at different rates while maintaining overall system integrity. We've found this approach particularly 
valuable when integrating new ML models, which can have unpredictable resource needs.

System Foundation

Scalable cloud infrastructure with multi-region failover

Data Processing Layer

Resilient event streams with guaranteed delivery

Model Serving Layer

Isolated inference services with controlled load balancing

Observability Layer

End-to-end visibility into system and model performance



Turning AI Risk into Competitive Advantage
Effectively implemented, SRE practices transform AI fraud detection from a potential reliability risk into a competitive advantage. 
Organizations that master these techniques can deploy more sophisticated models faster, with higher reliability and lower 
operational overhead.

The business impact extends beyond fraud prevention. The same infrastructure that supports fraud detection can be leveraged 
for other AI applications like personalization, risk assessment, and market analysis. This creates a multiplier effect where 
reliability investments yield returns across multiple business functions.

Assess Current Capabilities

Evaluate your existing fraud detection 
architecture against SRE principles, 
identifying reliability gaps and 
performance bottlenecks.

Build Foundational Patterns

Implement core resiliency patterns like 
circuit breakers and observability before 
deploying advanced AI capabilities.

Measure Business Impact

Establish comprehensive metrics that 
connect reliability improvements to 
business outcomes like reduced fraud 
losses and improved customer 
experience.



                                          Thank you


