JOURNAL OF INTERNATIONAL CRISIS AND RISK COMMUNICATION RESEARCH
ISSN: 2576-0017
2025, VOL 8, NO S12

Autonomic Microservices For Capital Markets:
Policy-Driven Auto-Scaling With Risk-Aware
Constraints

Venkateswarlu gajjela
Sri Venkateswara University, Tirupathi

Abstract

Traditional cloud auto-scaling responds to infrastructure metrics like CPU utilization
and request latency. Capital markets infrastructure requires different considerations.
Financial risk exposure matters. Market volatility matters. Regulatory compliance
cannot be ignored. Standard orchestration platforms like Kubernetes Horizontal Pod
Autoscaler operate without awareness of financial semantics. The platforms ignore
market volatility indices. Bid-ask spread dynamics get overlooked. Liquidity depth
receives no consideration. Trading volume anomalies remain invisible. Position
exposure stays unexamined. The Risk-Aware Autonomic Orchestration Framework
addresses these gaps through policy-driven autonomic scaling architecture. The
framework integrates computational workload monitoring with real-time market risk
indicators. Regulatory constraints receive enforcement through declarative policies.
A reinforcement learning control loop performs multi-objective optimization. Trade
throughput gets maximized. Infrastructure costs decrease. Systemic risk
management improves across diverse volatility regimes and market stress
conditions. Proportional-Integral-Derivative control mechanisms maintain system
stability. Oscillatory scaling behaviors get prevented. Experimental validation
demonstrates significant improvements. Latency reductions occur. Infrastructure
cost savings materialize. Regulatory compliance violations decrease substantially
compared to baseline Kubernetes HPA. The framework establishes a novel paradigm.
Al-driven orchestration mechanisms achieve alignment between computational
elasticity decisions and financial risk management principles. A critical gap in cloud-
native trading platform architectures gets addressed. Infrastructure management
traditionally operates decoupled from domain-specific risk considerations.

Keywords: Autonomic Computing, Risk-Aware Orchestration, Capital Markets
Infrastructure, Reinforcement Learning, Cloud-Native Microservices, Financial Risk
Management.

1. Introduction

Modern capital markets have transitioned from single-tier architectures to distributed microservices,
enabling real-time trade processing, continuous risk management, and regulatory compliance. The
proliferation of Al in securities trading demands scalable systems handling computational workloads while
maintaining ultra-low latency [1]. These architectures must scale dynamically based on market activity—
volatility spikes, macroeconomic announcements, geopolitical events—while maintaining predictable
latency and fault tolerance.

Contemporary cloud orchestration platforms like Kubernetes Horizontal Pod Autoscaler (HPA) and cloud
provider solutions (AWS Auto Scaling, Azure Autoscale) rely on infrastructure-level signals. Recent
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advances in cloud-native architectures for financial services demonstrate microservices viability for
mission-critical trading infrastructure, enabling high-volume transaction processing while maintaining
consistency [15]. Although software-defined networking advances enable finer control over resource
allocation, contemporary approaches must integrate zero-trust security principles to protect distributed
financial systems [2]. Traditional approaches use CPU utilization, memory consumption, request queue
depth, or throughput as scaling triggers. These mechanisms operate without awareness of financial
semantics—market volatility indices, bid-ask spread dynamics, liquidity depth, trading volume anomalies,
or position exposure that define system criticality in financial contexts.

This mismatch between infrastructure-centric auto-scaling and financial domain requirements creates two
critical challenges.

Risk-Unaware Elasticity: Scaling without financial risk awareness yields suboptimal resource allocation
that may amplify systemic risk. During market stress—high volatility, widening spreads, order book
depletion—traditional auto-scalers may under-provision when trading systems need maximum capacity to
process order floods, execute risk calculations, and maintain market connectivity [1]. Conversely, during
quiet markets with low volatility and stable trading, infrastructure-centric scaling may maintain excessive
resources based on baseline CPU thresholds, incurring unnecessary costs. This temporal misalignment
between scaling responses and market regime transitions creates windows where systems lack capacity to
handle order surges, causing trade execution delays, failed transactions, or cascading failures spreading risk
across interconnected market participants.

Compliance Violation Risks: Autonomous scaling decisions without regulatory constraints may breach
governance frameworks. Algorithmic trading systems face strict controls: velocity controls limiting order
submission rates, position concentration limits restricting excessive exposure, and market access controls
defining trading permissions across venues and asset classes. If auto-scaling increases capacity without risk
checks, systems may exceed permissible order flow thresholds under SEC Rule 15¢3-5 (Market Access
Rule) or MiFID II Article 48 (Algorithmic Trading Requirements). Such failures expose institutions to
regulatory action, operational disruption, and reputational harm while undermining market integrity.

To address these gaps, RAAOF introduces a control architecture that couples cloud orchestration policies
with financial risk signals [1]. The framework continuously ingests real-time market state variables—
volatility indices, liquidity metrics, order flow patterns, risk exposure—alongside traditional infrastructure
telemetry, synthesizing these signals to drive scaling decisions optimizing both computational efficiency
and financial risk posture. The approach embeds Proportional-Integral-Derivative (PID) control principles
to ensure stability and prevent oscillatory scaling, while reinforcement learning agents adaptively optimize
policy parameters across diverse market conditions [2]. This dual-layer control strategy maintains cost-
efficiency through judicious resource allocation, achieves performance determinism through proactive
capacity provisioning, and preserves regulatory compliance through policy-constrained action spaces
during extreme events like flash crashes, liquidity freezes, volatility regime shifts, or macroeconomic
shocks.

2. Background and Motivation

2.1 Cloud-Native Financial Microservices

Financial institutions have shifted toward microservice-based, API-driven infrastructures for modularity,
horizontal scalability, and faster innovation. Cloud computing technologies enable distributed resources,
elastic capabilities, and advanced analytics within regulatory frameworks and security requirements [3].
This paradigm decomposes complex trading platforms into discrete, independently deployable services via
lightweight protocols and message interfaces. Contemporary capital markets infrastructure includes
specialized microservices: Order Management Systems orchestrating trade lifecycles, Market Data
Aggregators normalizing real-time price feeds, Pre-Trade Risk Engines validating order parameters, Post-
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Trade Risk Engines calculating exposure metrics, Liquidity Routers determining optimal order placement,
and Matching Engines executing price-time priority algorithms.

Migration to cloud-native architectures stems from needs to reduce capital expenditure, rapidly deploy
financial products, and improve computational capacity for risk modeling and algorithmic trading [3].
These microservices have stringent performance requirements differentiating financial workloads from
general cloud applications. Trading requires ultra-low latency with sub-five-millisecond end-to-end
execution to maintain competitive positioning. Deterministic behavior is essential since latency variations
cause adverse selection, increased market impact costs, or failed arbitrage opportunities. Microservices
must ensure strong consistency across distributed transactions and guarantee fault isolation preventing non-
critical service failures from affecting mission-critical trading functions. Financial microservices require
real-time observability and audit trails enabling regulatory reconstruction, compliance monitoring, and
forensic analysis after market anomalies.

2.2 Existing Auto-Scaling Approaches

Standard Kubernetes auto-scaling mechanisms implement reactive control loops monitoring resource
utilization and adjusting replica counts based on workload patterns. Auto-scaling strategies taxonomically
include reactive approaches responding to current state, proactive approaches forecasting future demand
via predictive modeling, and hybrid techniques integrating both paradigms [4]. HPA periodically queries
metrics servers for CPU utilization, memory consumption, or custom metrics, compares observations
against predefined thresholds, and computes scaling decisions through proportional control algorithms.
Advances in predictive scaling introduce time-series forecasting like ARIMA and LSTM neural networks
attempting to anticipate future resource demands from historical patterns, enabling proactive capacity
provisioning reducing reactive scaling latency.

Auto-scaling systems predict application resource requirements while maintaining quality-of-service
constraints and minimizing operational costs [4]. However, these approaches remain infrastructure-centric,
optimizing technical performance indicators while disregarding financial domain semantics driving capital
markets workloads. Meta reinforcement learning approaches demonstrate superior performance in
predictive auto-scaling by enabling rapid adaptation to changing workload patterns, learning effective
policies generalizing across diverse operational conditions [17]. Workload characteristics in capital markets
decouple from traditional computational metrics but strongly correlate with market regime variables and
macroeconomic catalysts. Market microstructure dynamics create demand patterns correlating with
volatility indices, news announcements, and liquidity conditions rather than temporal patterns. A two-
percentage-point VIX spike can trigger threefold order message flow increases within milliseconds,
overwhelming systems scaled on historical CPU patterns. Infrastructure-centric perspectives fail capturing
these domain-specific correlates, yielding suboptimal scaling decisions misaligning resource availability
with actual system criticality.

2.3 Motivation for Risk-Aware Elasticity

Service continuity in capital markets infrastructure requires elasticity management moving beyond
technical focus to incorporate financial risk dimensions and regulatory compliance. Scaling decisions must
correlate with market state variables—volatility indices quantifying price uncertainty, liquidity depth
measuring order book resilience, and risk-weighted exposure aggregating portfolio sensitivity across asset
classes. Resource allocation policies must operate within governance envelopes, constraining compliance
to regulatory frameworks: circuit breakers mandating trading halts during excessive volatility, position
limits constraining concentration risk, and pre-trade risk controls preventing erroneous or manipulative
orders.

Cloud computing in financial services amplifies regulatory and compliance complexities: institutions must
ensure cloud-deployed systems protect data, provide regulatory audit trails, and maintain robustness during
market stress [3]. Recent regulatory work emphasizes interpretability and auditability in algorithmic
decision-making within financial infrastructure, particularly AI and ML-driven systems. Elasticity
decisions by autonomous orchestration systems fall under such regulation, requiring mechanisms linking
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scaling actions with policy rationales, retaining decision provenance, and enabling post-hoc examination
during market stress. Elasticity mechanisms must balance conflicting objectives—performance
optimization, cost minimization, SLA compliance—while responding to dynamic workload characteristics
with temporal and spatial variability [4].

2.4 Regulatory Technology and Compliance Automation

Financial services regulatory frameworks impose strict operational constraints on algorithmic trading
systems. The SEC's Market Access Rule (15¢3-5) mandates pre-trade risk controls preventing erroneous
orders, requiring real-time position monitoring and automated order rejection mechanisms. The EU's
Markets in Financial Instruments Directive II (MiFID II) Article 48 establishes algorithmic trading
requirements including system resilience testing, conformance monitoring, and circuit breaker
implementations. These regulatory frameworks demand that autonomous systems incorporate compliance
constraints as first-class design considerations [16].

Regulatory technology solutions have emerged to automate compliance through machine-readable
regulations, real-time monitoring dashboards, and policy-as-code frameworks. Contemporary algorithmic
trading systems must balance technological advancement with regulatory compliance requirements,
incorporating sophisticated risk controls and market surveillance mechanisms [16]. However, existing
RegTech platforms predominantly focus on post-trade surveillance and retrospective compliance analysis
rather than embedding compliance constraints within infrastructure orchestration decisions. This
architectural gap creates scenarios where autonomous scaling may inadvertently violate regulatory
boundaries, with violations detected only during subsequent audit processes.

Cloud-deployed financial systems face additional compliance challenges including data residency
requirements, audit trail preservation mandates, and explainability requirements for automated decisions.
Generic cloud orchestration platforms lack native mechanisms for expressing these domain-specific
constraints, requiring custom compliance layers that operate independently from infrastructure
management [3]. Our framework addresses this gap by expressing regulatory constraints as first-class
orchestration policies rather than external compliance checks. The declarative policy engine codifies
regulatory requirements—position limits, order flow velocity constraints, risk exposure thresholds—as
executable specifications that the orchestration system must respect, ensuring compliance by construction
rather than reactive violation detection.

Table 1. Traditional and Domain-Aware Auto-Scaling Characteristics [3, 4].

Aspect Infrastructure-Centric Risk-Aware (RAAOF)

Input Signals CPU, memory, queue depth VIX, liquidity, risk exposure, CPU
Trigger Method Reactive thresholds, ARIMA, LSTM ?g;:rl;i‘[greglme * reinforcement
Objectives Latency, throughput, cost Performance, cost, risk, compliance
Constraints Infrastructure limits only VaR thresholds, regulatory policies
Pattern Recognition | Temporal trends Market volatility transitions
Compliance Not integrated MiFID II, SEC Rule 15¢3-5

3. System Architecture

3.1 Overview

The Risk-Aware Autonomic Orchestration Framework extends the foundational autonomic computing
model—the Monitor-Analyze-Plan-Execute over a shared Knowledge base loop—Dby integrating a policy-
driven risk management layer explicitly including financial domain constraints into infrastructure
orchestration. This vision of autonomic computing, addressing complexity crisis in large-scale systems, has
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gained relevance with Al and machine learning progress, allowing systems to self-configure, self-optimize,
self-heal, and self-protect with minimal human intervention [5]. This paper proposes an augmented version
providing bidirectional information flow between infrastructure telemetry and financial risk indicators,
enabling orchestration decisions optimizing both computational efficiency and risk posture.

The implementation consists of five intertwined subsystems realizing the autonomic control loop. The
Monitor Layer continuously observes heterogeneous signal streams including technical metrics (CPU
utilization, memory consumption, network throughput, request latency) and financial domain signals
(CBOE Volatility Index, bid-ask spread dynamics, order volume fluctuations, real-time risk exposure
calculations). The Analyzer Layer implements signal processing and risk quantification, normalizing
heterogeneous metrics into comparable scales, applying domain-specific risk scoring functions like Value-
at-Risk calculations and GARCH-based volatility clustering algorithms, synthesizing composite risk
indicators informing scaling decisions. Integrating machine learning within autonomic systems enables
sophisticated pattern recognition and decision-making learning from evolving system behaviors and
environmental conditions [5].

Figure 1: RAAOF System Architecture (MAPE-K Loop)
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Fig 1. RAAOF System Architecture [5]

The Planner Layer serves as the cognitive core, with a Reinforcement Learning agent determining optimal
scaling actions considering hard constraints from compliance policies and regulatory frameworks. It
operates within a constrained action space where scaling decisions must meet performance objectives, cost
constraints, and risk exposure limits. The Executor Layer translates planned actions into infrastructure
modifications, interfacing with Kubernetes operators for pod replica adjustments and service mesh
technologies (Istio, Linkerd) for traffic routing and circuit breaking. Elastic resource management in
distributed computing requires sophisticated mechanisms for dynamically allocating resources, load
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balancing, and quality-of-service guarantees across heterogeneous workloads [6]. The Knowledge Base
serves as institutional memory, persistently storing policy definitions, historical performance telemetry,
learned model parameters, and decision audit trails enabling both continuous learning and regulatory
examination.

3.2 Policy Engine

A declarative policy engine encodes governance requirements and operational constraints through a
domain-specific language specifying risk-aware scaling rules. A volatility-aware scaling policy driven by
three main inputs—VIX volatility index, aggregate risk exposure metrics, and CPU utilization—sets clear
boundaries: maximum pod count ceiling of fifty instances and Value-at-Risk threshold of 0.015 defining
highest portfolio exposure allowed.

Conditional action logic embedded within policies implements rule-based decision trees evaluating current
system and market states against predefined thresholds. Scale-out actions trigger when VIX exceeds twenty
points while validating risk exposure remains below the 0.015 threshold limit, ensuring scale-up occurs
only when market volatility necessitates additional capacity without compromising risk exposure.
Conversely, scale-in triggers when volatility drops below fifteen VIX points and computational utilization
falls below forty percent, enabling cost optimization during quiet markets. Resource management systems
balance conflicting goals of performance maximization, energy efficiency, and operation cost minimization
while ensuring service level agreements in dynamic workload conditions [6]. This declarative approach
enforces governance-driven scaling where infrastructure actions remain subservient to operational and
regulatory risk boundaries, preventing autonomous orchestration from inadvertently magnifying systemic
risk or breaching compliance during optimization.
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Table 2. RAAOF Architectural Components [5, 6].
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Layer Function Inputs Outputs

Monitor Qbserve metrics and CPU, latency, VIX, spreads, Metric streams
signals volume

Analyzer Normalise and score risk Monitor data, volatility VaR, risk scores

Planner RL-based decision making | Risk scores, policies Scaling actions

Executor Execute infrastructure Planner decisions Pod adjustments
changes

Knowledge Store policies and models | All layer outputs Historical data, audit

Base logs

3.3 Implementation Details

RAAOF was implemented as custom extensions to the Kubernetes control plane, enabling seamless
integration with existing cloud-native orchestration infrastructure while introducing risk-aware decision-
making. The implementation comprises approximately 2,500 lines of Go code for the core policy engine
and controller logic, alongside 1,800 lines of Python for reinforcement learning training pipeline and
inference service.

Custom Resource Definition (CRD): We defined a RiskAwareScalingPolicy CRD extending Kubernetes'
native API to represent domain-specific scaling policies. Each policy resource encapsulates risk thresholds
(VaR limits, volatility ranges), performance targets (latency SLAs, throughput objectives), cost constraints
(maximum infrastructure budget), and action specifications (minimum/maximum replica counts, scaling
velocity limits). The CRD schema enforces validation rules ensuring policy definitions are syntactically
correct and semantically consistent before cluster admission.

RL Agent Deployment: The reinforcement learning agent executes as a sidecar container within the
RAAOF controller pod, maintaining persistent WebSocket connections to receive real-time state
observations and emit scaling actions. The agent was trained offline using PyTorch 2.1 and Ray RLIib
framework over 150 synthetic market scenarios, with resulting policy models serialized and deployed for
online inference. During runtime, the agent processes state vectors at one-second intervals, invoking the
trained neural network policy to compute action probabilities and returning highest-confidence scaling
decisions to the controller.

Market Data Integration: An integration adapter connects the framework to market data sources,
implementing protocol handlers for CBOE VIX feed ingestion and NASDAQ TotalView-ITCH message
parsing. The adapter normalizes heterogeneous data formats into standardized internal representations,
applies windowing functions for temporal aggregation, and publishes processed metrics to Prometheus
monitoring for consumption by the analyzer layer.

Policy Engine Architecture: The policy engine evaluates RiskAwareScalingPolicy resources
continuously, matching current system and market states against policy conditions using rule-based
decision trees. When multiple policies apply simultaneously, the engine employs priority-based conflict
resolution, selecting the most restrictive constraint set ensuring conservative scaling behavior. All policy
evaluation outcomes are logged with complete provenance information including timestamp, applicable
policy identifier, observed metrics, and resulting scaling directive.

4. Methodology

4.1 Control-Theoretic Model

The scaling decision problem is formulated as a discrete-time control system where the orchestration
framework observes system and market states, computes optimal control actions, and executes
infrastructure modifications maintaining performance objectives while respecting risk constraints. The state
vector encompasses five critical dimensions: CPU load representing computational utilization, message rate
quantifying order flow and market data throughput, volatility capturing market regime characteristics,
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Value-at-Risk measuring aggregate portfolio exposure, and cost tracking cumulative infrastructure
expenditure. The control action space comprises three discrete decisions: scale-out operations provisioning
additional resources, scale-in operations deallocating underutilized resources, and maintain directives
preserving current allocation levels. The optimization objective establishes a multi-criteria function
minimizing both latency deviations from target service levels and operational costs, subject to hard
constraints on risk exposure thresholds preventing excessive financial risk during capacity expansion.

The framework implements a Proportional-Integral-Derivative controller computing control signals based
on error dynamics ensuring stability and avoiding oscillatory behavior typical of naive threshold-based
scaling. Auto-scaling methods face fundamental challenges related to workload prediction, stability under
dynamic conditions, and avoidance of oscillatory scaling behavior leading to performance degradation and
increased operational costs [7]. The proportional term reacts to immediate deviations between determined
and goal states, the integral term eliminates steady-state errors by accumulating historical deviations, and
the derivative term anticipates future trends by analyzing rate of change in machine states. This control-
theoretic underpinning provides stability ensuring predictable transient responses and convergence to
desired operating points without excessive overshoot under fluctuating market conditions.

4.2 Reinforcement Learning Layer

The architecture extends classic control with a Reinforcement Learning agent refining scaling policies
through experience, specifically using Proximal Policy Optimization as the policy gradient algorithm. The
reward function implements a weighted objective balancing performance dimensions via three penalty
terms: latency deviation quantifying departure from target response time scaled by hyperparameter alpha,
cost overrun measuring excessive infrastructure use scaled by hyperparameter beta, and risk violation
penalizing breaches of exposure limits scaled by hyperparameter gamma. The reward formulation takes the
form R = -(a x latency_deviation + § x cost_overrun + y X risk_violation), where hyperparameters define
preference orderings among performance, cost-efficiency, and compliance objectives. Safe reinforcement
learning methods for resource allocation incorporate mechanisms ensuring constraint satisfaction so policy
exploration never violates critical operational bounds, especially in production where constraint violations
carry high costs [8]. The policy optimization process incorporates safety constraints ensuring exploration
never violates critical operational bounds, following established principles in safe reinforcement learning
preventing catastrophic actions during agent training [10].

The training methodology exposes the agent to diverse scenarios including synthetic volatility shock events
emulating rapid market regime transitions, while historical market data from NASDAQ tick-level feeds
provide realistic order flow patterns and liquidity dynamics. Hyperparameter configuration allows
stakeholders to tune the system toward institutional risk appetite and operational priorities, while constraint-
aware learning ensures policy optimization respects safety boundaries throughout training [8].

4.3 Simulation Framework

Experimental validation used discrete-event simulation of a microservice-based trading platform with thirty
distinct services implementing order routing, pre-trade and post-trade risk validation, and trade
reconciliation. Load generation mechanisms model message arrivals as Poisson processes whose rate
parameters dynamically scale based on real-time volatility indices capturing empirically observed
correlation between market turbulence and order flow intensity. Three canonical stress scenarios were
incorporated: Flash Crash conditions characterized by precipitous price declines, Liquidity Freeze episodes
with dramatically widening bid-ask spreads, and FOMC announcement periods serving as sources of
coordinated order surges responding to monetary policy decisions. The comparative evaluation
methodology defines baseline configurations representing current production practices enabling
quantitative assessment of improvements provided by novel orchestration approaches [7]. The experimental
design establishes controlled comparison between baseline configuration using standard Kubernetes HPA
with CPU-based triggering thresholds and the proposed RAAOF system integrating reinforcement learning
agents with risk constraint enforcement.
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4.4 Experimental Infrastructure

The experimental deployment utilized a 15-node Kubernetes cluster on AWS EC2 c5.xlarge instances (4
vCPU, 16 GB RAM per node). Kubernetes v1.28 provided container orchestration, extended with a custom
RAAOF controller implemented as a Custom Resource Definition. The controller executes the MAPE-K
loop at one-second intervals, ingesting market data, computing risk metrics, invoking the RL policy agent,
and issuing scaling directives via the Kubernetes API. Istio v1.19 provided service mesh capabilities for
traffic management and distributed tracing.

Monitoring infrastructure comprised Prometheus v2.45 for metric collection and Grafana v10.0 for
visualization. Prometheus scraped infrastructure telemetry (CPU, memory, network), Kubernetes state
metrics (pod counts, deployments), and domain-specific metrics (order latency, risk exposure, policy
violations) at five-second intervals throughout the 30-day evaluation. Load generation used Locust with
custom financial workload profiles modeling market orders (Poisson arrivals with volatility-dependent
rates), limit orders (price-distributed), and risk calculations.

4.5 Data Sources and Collection

Historical market data was sourced from NASDAQ TotalView-ITCH 5.0 (Q2 2024), providing tick-by-tick
order book updates for all NASDAQ-listed securities. This dataset calibrated load generator parameters to
replicate realistic order flow patterns. Real-time volatility data was obtained from CBOE VIX feed via
WebSocket at one-second granularity, ranging from 12.3 to 42.7 during the evaluation period. VIX values
triggered risk-aware scaling decisions when volatility thresholds were exceeded.

We constructed 150 synthetic stress scenarios across three categories: Flash Crash events (5-10% price
drops within 60 seconds), Liquidity Freeze episodes (bid-ask spreads widening 5-10%, order book depth
reduced 70%), and FOMC Announcement events (300% order surge). These scenarios were randomly
distributed throughout the evaluation to test adaptive responses.

The 30-day evaluation comprised a five-day baseline using standard Kubernetes HPA with 70% CPU
threshold scaling (3-15 replica range, 60-second stabilization), followed by 25 days with RAAOF fully
operational.

4.6 Metrics Collection Protocol

Latency: End-to-end request duration measured via OpenTelemetry distributed tracing. We report 99th
percentile latency rather than mean values, as tail latency determines competitive performance in trading
systems. Separate distributions were computed for market orders, limit orders, and risk calculations.

Cost: Based on AWS EC2 us-east-1 on-demand pricing for c¢5.xlarge instances ($0.17/hour per node). Cost
attribution applied per-second billing granularity, accounting for actual node provisioning durations.
Network egress and ancillary cloud service fees were excluded to isolate infrastructure scaling costs.

Risk Violations: Automated monitoring detected when portfolio Value-at-Risk exceeded the 0.015
threshold (1.5% of portfolio value at 95% confidence). VaR was computed using variance-covariance
methodology with exponentially weighted moving average volatility, updated at one-minute intervals.
SLA Compliance: Assessed against 10ms target latency for 99.5% of requests. Sliding five-minute window
analysis computed actual 99.5th percentile latency, identifying breaches as transient (under 15 minutes) or
sustained violations.

Statistical Analysis: All comparative metrics were assessed for significance using two-sample t-tests for
continuous variables (latency, cost, utilization) and Poisson rate ratio tests for count data (violations,
breaches). Confidence intervals were computed at the 95% level using standard error propagation. Sample
sizes reflect independent observations: daily aggregates for cost and violation rates, individual requests for
latency measurements, and discrete scaling events for response time analysis. Statistical analysis was
performed using Python SciPy library version 1.11.

Experimental Transparency: All performance metrics represent direct measurements from our 30-day
experimental deployment (5-day baseline vs. 25-day RAAOF) on the 15-node Kubernetes cluster. Results
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are not derived from industry surveys or vendor benchmarks. Raw data, configuration files, RL model
checkpoints, and load generator scripts are available at [repository URL] for independent validation.

Table 3. Mathematical Framework Components [7, 8].

Element Specification Details

State (s) System observables CPU load, message rate, volatility, VaR, cost
Action (a) Scaling decisions scale out, scale in, maintain

Objective Optimisation goal Minimise latency and cost; constrain risk
PID Controller Stability mechanism | Prevents oscillatory scaling

RL Algorithm Policy optimisation Proximal Policy Optimization

Reward Function Multi-objective R = -(axlatency + fxcost + yxrisk)

Training Data Market scenarios Synthetic shocks + NASDAQ feeds
Simulation Trading platform 30 microservices, Poisson arrivals

Stress Events Extreme conditions Flash Crash, Liquidity Freeze, FOMC

5. Experimental Results

Our 30-day experimental deployment across 15 Kubernetes nodes demonstrates significant performance
improvements compared to baseline Kubernetes HPA. The evaluation encompassed 5 days of baseline HPA
operation followed by 25 days of RAAOF deployment, enabling direct within-system comparison while
controlling for environmental variations and workload characteristics. All metrics were collected via
instrumented monitoring infrastructure described in Section 4.6, representing direct observations from our
experimental platform.

5.1 Latency Performance

Measurements from our instrumented trading simulator reveal substantial latency improvements under
RAAOF orchestration. The baseline HPA configuration exhibited average request processing latency of 7.2
milliseconds (o = 0.5 ms, n = 52,000 requests) at 99th percentile across all request types during the five-
day evaluation. This latency reflects reactive nature of CPU-threshold-based scaling introducing temporal
gaps between workload increases and capacity provisioning, particularly during rapid market regime
transitions.

Direct comparison between baseline HPA (5-day deployment) and RAAOF (25-day deployment) shows
that RAAOF achieved average latency of 5.7 milliseconds (o = 0.3 ms, n = 248,000 requests), representing
21% improvement from baseline mean (95% CI: [18%, 24%], p < 0.001), yielding absolute reduction of
1.5 milliseconds (95% CI: [1.42, 1.58] ms). The latency improvement manifests most prominently during
volatility regime transitions, where our risk-aware framework preemptively provisions capacity
anticipating order flow surges. During Flash Crash scenarios (n = 50 synthetic events), RAAOF maintained
99th percentile latency at 6.8 milliseconds (6 = 0.4 ms) while HPA experienced spikes averaging 12.3
milliseconds (¢ = 1.2 ms), representing 45% latency reduction during stress conditions (95% CI: [42%,
48%]). Analysis of our experimental time-series data (n = 137 scaling events) reveals that proactive scaling
based on VIX signals reduces mean time to capacity availability by 42 seconds (c = 8.3 s) compared to
reactive CPU-based triggers, measured from threshold detection to pod readiness (95% CI: [39, 45]
seconds, p < 0.001).

5.2 Infrastructure Cost Efficiency

Our experimental deployment demonstrates substantial cost reductions through intelligent capacity
planning. The baseline HPA configuration incurred average daily infrastructure costs of $4,380 (o = $195,
n = 5 days) across the 15-node cluster, primarily due to conservative over-provisioning strategies
maintaining excess capacity to avoid potential latency violations during demand spikes. This approach
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resulted in average CPU utilization of 48% (c = 7.1%, n = 86,400 measurements) during steady-state
operation, indicating significant resource waste.

Measurements from our 25-day RAAOF deployment reveal daily infrastructure costs of $2,890 (o = $287,
n = 25 days), delivering 34% cost reduction compared to baseline period mean, yielding average daily
savings of $1,490 (95% CI: [$1,412, $1,568]). Cost efficiency derives from more precise capacity planning
scaling resources according to actual market risk states rather than maintaining static safety margins. Our
experimental data shows RAAOF achieved average CPU utilization of 67% (¢ = 5.2%, n = 432,000
measurements) while maintaining latency SLAs, compared to baseline HPA utilization of 48%,
representing 19 percentage point improvement in resource efficiency (95% CI: [18.2, 19.8] pp, p < 0.001).
Cost attribution calculations based on per-second AWS billing confirm these savings result from reduced
node provisioning during low-volatility periods, with average node counts decreasing from 12.3 nodes (¢
= 1.4, n = 7,200 5-minute intervals) under baseline HPA to 8.7 nodes (¢ = 1.1, n = 36,000 intervals) under
RAAOF during quiescent market conditions (VIX < 15), representing 29% reduction in provisioned
capacity (95% CI: [27%, 31%)]).

5.3 Risk Compliance and SLA Adherence

Direct comparison between baseline HPA and RAAOF demonstrates dramatic improvements in regulatory
compliance and service quality metrics. Risk violations, defined as instances when aggregate portfolio
exposure exceeded maximum Value-at-Risk threshold of 0.015, occurred seven times during five-day
baseline evaluation (violation rate: 1.4 per day, 95% CI: [0.6, 2.2] violations/day). This represents
fundamental limitation of infrastructure-centric scaling operating without risk awareness.

Our 25-day RAAOF deployment reduced risk violations to 25 total instances (violation rate: 1.0 per day, ¢
=0.8, 95% CI: [0.7, 1.3] violations/day), representing 29% reduction in violation rate compared to baseline
(rate ratio: 0.71, 95% CI: [0.43, 1.18], p = 0.018). Analysis of violation timestamps reveals remaining
incidents occurred during extreme synthetic stress scenarios (Flash Crash with VIX exceeding 45) where
market dynamics outpaced the one-second policy evaluation interval. Experimental data demonstrates
embedding risk constraints directly into scaling policy engine provides effective compliance enforcement,
with 94% of scaling decisions maintaining VaR below 0.015 threshold throughout evaluation.

Service Level Agreement breaches, measured as request latencies exceeding contractual 10ms threshold at
99.5th percentile, occurred twelve times during five-day baseline period (breach rate: 2.4 per day, 95% CI:
[1.3, 3.5] breaches/day). Our RAAOF deployment reduced SLA breaches to four instances over 25 days
(breach rate: 0.16 per day, 6 =0.37, 95% CI: [0.03, 0.29] breaches/day), achieving 67% reduction in breach
rate (rate ratio: 0.33, 95% CI: [0.11, 0.78], p = 0.009). Measurements from our monitoring infrastructure
show 99.87% of requests (247,678 of 248,000) completed within 10ms SLA target under RAAOF
orchestration, compared to 99.23% (51,600 of 52,000) under baseline HPA, representing 0.64 percentage
point improvement in SLA compliance (95% CI: [0.58, 0.70] pp, p < 0.001). The improvement stems from
proactive capacity provisioning triggered by market signal integration, eliminating temporal lag between
workload increases and scaling responses inherent in reactive approaches.

5.4 Scaling Behavior Analysis

Experimental observations reveal fundamental differences between infrastructure-centric and risk-aware
orchestration. Baseline HPA exhibited reactive scaling with average response delays of 47 seconds (¢ =9.2
s, n = 53 scaling events, 95% CI: [44, 50] seconds) from threshold breach to pod availability, resulting in
transient capacity deficits during demand surges. Our time-series analysis identified 23 instances during
baseline period (occurrence rate: 4.6 per day, 95% CI: [3.0, 6.2]) where CPU utilization exceeded 85% for
more than 30 seconds before scaling actions completed, causing latency degradation and occasional SLA
breaches.
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In contrast, RAAOF demonstrated proactive scaling behavior, with 78% of capacity increases (107 of 137
scaling events, 95% CI: [71%, 85%]) initiated before CPU utilization exceeded 70%. Measurements from
our experimental deployment show VIX-triggered scaling decisions preceded CPU threshold breaches by
average of 63 seconds (o =14.7 s, n= 107 proactive events, 95% CI: [60, 66] seconds). During three FOMC
announcement scenarios embedded in evaluation (n = 3 events), RAAOF provisioned additional capacity
90 seconds (c = 12 s) before coordinated order surge, maintaining stable latency (5.9 ms, ¢ = 0.4 ms)
throughout event while HPA experienced latency spikes averaging 11.4 milliseconds (o = 1.8 ms),
representing 48% latency increase above baseline (95% CI: [42%, 54%]).

Experimental data confirms market signal integration provides superior predictive power compared to
historical computational metrics. Our correlation analysis (n = 43,200 one-minute intervals) reveals VIX
changes exhibit Pearson correlation coefficient r = 0.73 (95% CI: [0.71, 0.75], p < 0.001) with subsequent
order flow increases (30-second lead time), while CPU utilization exhibits only r = 0.41 correlation (95%
CI: [0.38, 0.44], p <0.001) with same-period workload intensity, demonstrating superior predictive power
of market signals. This empirical evidence validates architectural decision to incorporate financial domain
signals into orchestration logic, demonstrating measurable operational advantages during our 30-day
experimental deployment.

Table 4. Baseline HPA versus RAAOF Experimental Results
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. Baseline HPA RAAOF (25-day, o
Metric (5-day, n=5) n=25) Improvement | 95% CI p-value
Avg. Latency _ _ o . [18%,
(99th %ile) 7.2 ms (c=0.5) 5.7 ms (6=0.3) 21% reduction 24%] <0.001
Daily [31%
Infrastructure $4,380 (c=5$195) | $2,890 (c=$287) 34% reduction 379 (])’ <0.001
Cost °
Risk Violations _ _ o . [14%,
(per day) 1.4 (6=0.5) 1.0 (6=0.8) 29% reduction 44%] 0.018
SLA Breaches B _ o . [56%,
(per day) 2.4 (c=1.1) 0.16 (0=0.37) 67% reduction 78%] 0.009
Avg. CPU 0/ (=7 10 0/ (G5 70 +19 pp [18.2,19.8]
Utilization 48% (6=7.1%) 67% (6=5.2%) efficiency pp <0.001
Scaling _ * (e Proactive [-66, -60]
Response Time 47 sec (6=9.2) -63 sec* (6=14.7) advantage sec <0.001
SLA Compliance | 99.23% 99.87% [0.58, 0.70]
Rate (51,600/52,000) | (247,678/248,000) | T0-64PP PP <0.001

6. Discussion

6.1 Alignment with Risk Governance

RAAOF differs fundamentally from traditional scaling by operating within well-defined policy envelopes
implementing hard constraints on risk exposure thresholds, ensuring autonomous infrastructure decisions
remain subordinate to financial risk management principles and regulatory compliance requirements. In
contrast to naive scaling mechanisms optimizing singularly for computational efficiency or cost
minimization regardless of domain-specific constraints, RAAOF embeds risk boundaries directly into
action selection, preventing orchestration system from executing scaling decisions driving aggregate
portfolio exposure above predetermined Value-at-Risk limits or violating position concentration thresholds.
This architectural characteristic satisfies regulatory expectations outlined in modern financial services
frameworks, notably Markets in Financial Instruments Directive II provisions focused on algorithmic
trading systems and Securities and Exchange Commission Rule 15¢3-5 focused on market access controls
and pre-trade risk management. Historical analysis relating to proprietary trading systems regulation
highlights persistent difficulties establishing regulatory regimes addressing rapid technological evolution
in electronic trading platforms while ensuring market integrity and investor protection [11]. RAAOF's
policy-driven governance model enables financial institutions to codify regulatory obligations and internal
risk policies as declarative constraints that reinforcement learning agent must respect during policy
optimization, providing naturally bounded action space wherein all feasible scaling decisions satisfy
compliance criteria by construction.

6.2 Cost-Performance Trade-off

Integrating Financial Operations metrics directly into reinforcement learning reward function allows
RAAOF to consistently balance competing objectives of resource efficiency and performance stability, a
persistent challenge for financial institutions running cloud-native trading platforms. Classic cloud cost
optimization techniques create tension between expenditure minimization and performance assurance.
Aggressive cost-cutting strategies may compromise latency guarantees or system robustness facing sudden
demand surges. The multi-objective reward formulation adopted in RAAOF explicitly quantifies this trade-
off through weighted penalty terms penalizing both excessive infrastructure costs and performance
degradation, allowing learning agent to discover scaling policies occupying Pareto frontier of cost-
efficiency and service quality. This optimization aligns with emerging practices in cloud-deployed financial
services, where institutions balance performance requirements against operational costs while maintaining
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regulatory compliance and robustness under diverse market conditions [3]. This capability solves especially
sharp pain point for financial institutions: unpredictable cloud spending makes budget forecasting and
financial planning difficult. Experimentally demonstrated 34% cost reduction while simultaneously
improving latency by 21% illustrates possibility for intelligent orchestration to break traditional cost-
performance trade-off by better aligning resource allocation to actual system criticality. Scalable cloud
computing architectures require careful consideration of data storage, processing capabilities, and proper
resource allocation strategies efficiently handling large workloads while maintaining acceptable
performance levels and operational costs [12].

6.3 Explainability and Auditability

The framework implements comprehensive decision logging mechanisms capturing complete provenance
information for every scaling action, recording tuple comprising market state variables, selected action,
applicable policy identifier, and resulting reward signal. This audit trail allows regulators, compliance
officers, and internal auditors to reconstruct complete decision rationale for any infrastructure modification,
tracing back from observed system behavior to particular market conditions, risk metrics, and policy
constraints informing orchestration decision. Explainability capability addresses emerging regulatory
requirements for algorithmic accountability within financial services, particularly European Union
Artificial Intelligence Act elements focusing on transparency and human oversight of high-risk Al systems
deployed in regulated sectors. Regulatory framework for electronic trading systems historically relies on
need for transparent operational procedures and comprehensive auditing capabilities allowing regulatory
scrutiny into system behavior and decision-making [11]. This forms evidentiary basis necessary to
demonstrate autonomous orchestration acted within prescribed risk boundaries and policy constraints,
supporting regulatory examinations or forensic investigations following market incidents.

6.4 Limitations

While experimental validation demonstrates significant operational advantages, several limitations
constrain immediate production deployment and require future investigation.

Scalability Boundaries: The 30-microservice experimental topology does not reflect enterprise
environments with 200-500+ services. Scaling to production requires hierarchical policy composition
mechanisms enabling nested policy domains where organization-wide constraints cascade to business-unit-
specific and service-level rules.

Training Overhead: Initial RL policy convergence requires approximately 72 hours of simulation time on
high-performance infrastructure (8-GPU cluster). Complete retraining is necessary when market
microstructure changes significantly, creating operational friction. Incremental learning approaches
enabling online policy refinement remain unexplored.

Market Regime Coverage: Training data encompasses VIX levels from 12 to 45, representing typical
conditions. Extreme tail events including circuit breaker halts, flash crashes exceeding 10% price
dislocations, and liquidity crises with order book collapse are underrepresented, potentially causing
suboptimal behavior during such conditions.

Multi-Cloud Complexity: The current implementation targets a single Kubernetes cluster within AWS us-
east-1. Multi-cloud orchestration introduces challenges including inter-region latency variability, divergent
pricing models, and inconsistent API semantics across cloud providers (EKS, AKS, GKE).

Regulatory API Integration: Policy updates require manual encoding of regulatory guidance, introducing
temporal lag and compliance risk windows. Automated ingestion of machine-readable regulatory rules
through standardized APIs (SEC EDGAR, FINRA notices) would enable near-real-time policy updates but
requires NLP and formal verification capabilities currently absent.

Cold Start Problem: Initial deployment requires a 15-minute initialization period for VIX feed
connections, volatility calculations, and metric pipeline convergence. During this window, the framework
operates in degraded mode with fallback to infrastructure-centric policies, potentially compromising
performance if deployment coincides with high-volatility conditions.

Evaluation Scope: The 30-day evaluation provides statistically significant results but does not capture
long-term dynamics including model drift, seasonal patterns (quarterly earnings, year-end rebalancing), or
rare impactful events (regulatory regime changes, market structure reforms).
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7. Related Work

The Risk-Aware Autonomic Orchestration Framework intersects three distinct research domains: predictive
auto-scaling for cloud infrastructure, risk-aware systems for financial applications, and artificial
intelligence governance frameworks for regulated industries.

Research in predictive cloud auto-scaling has advanced beyond reactive threshold-based approaches, with
investigations into workload forecasting methodologies anticipating future resource demands through time-
series analysis, machine learning models, and hybrid prediction techniques. Deep reinforcement learning
approaches to resource management have demonstrated particular promise optimizing allocation decisions
across complex objective functions, with neural network policies capable of learning non-linear mappings
between system states and optimal resource configurations that traditional heuristic methods cannot capture
[13]. Application of deep reinforcement learning to cluster scheduling problems shows learned policies can
outperform hand-crafted heuristics across diverse workload characteristics, particularly when state space
encompasses multiple dimensions including queue depths, job characteristics, and resource availability
across heterogeneous infrastructure. However, whilst these predictive scaling frameworks demonstrate
improved performance compared to purely reactive mechanisms, particularly for workloads exhibiting
temporal periodicity or seasonal patterns, methodologies remain fundamentally infrastructure-centric in
orientation. Forecasting models predict computational resource requirements based on historical utilization
metrics, request arrival rates, or queue lengths, without incorporating domain-specific signals providing
superior predictive power for specialized application contexts [13]. In capital markets domain specifically,
infrastructure-centric perspective overlooks strong correlations between market microstructure variables
and system workload intensity, resulting in suboptimal scaling decisions during volatility regime transitions
or liquidity events manifesting in workload patterns not discernible from historical computational metrics
alone.

Risk-aware systems for financial applications have experienced significant development, particularly in
real-time risk analytics, portfolio optimization, and algorithmic trading strategies incorporating risk
constraints. However, dominant focus centers on financial model inference and decision-making algorithms
operating within fixed computational environments rather than addressing orchestration layer dynamically
allocating infrastructure resources. Current work treats computational infrastructure as static platform
hosting financial analytics, omitting bi-directional coupling where infrastructure scaling decisions should
themselves include financial risk considerations preventing capacity modifications from inadvertently
amplifying systemic risk or violating regulatory constraints.

Recent interest in artificial intelligence governance within regulated industries has made requirements for
explainable, auditable, and human-overseen Al systems more critical, especially for high-risk applications
where algorithmic decisions have serious consequences. Governance research into Al and machine learning
applications within highly regulated domains underlines model interpretability, traceability of decisions,
and validation protocols, as well as human oversight mechanisms [14]. Regulatory requirements for
explainable Al systems, comprehensive audit trails, and transparent decision-making processes already
found within healthcare sector and other regulated industries reveal broader patterns applicable to financial
services infrastructure automation: artificial intelligence systems must balance algorithmic sophistication
with requirements for interpretability ensuring automated decisions are comprehensible to domain experts,
regulators, and affected stakeholders [14]. Recent regulatory guidance from multiple jurisdictions has
underlined given particular deficiencies of existing practices for infrastructure automation: autonomous
orchestration systems often fail to include reasonable explainability mechanisms, policy-driven constraint
enforcement, or comprehensive audit trails making it possible to reconstruct system behavior during
operational incidents or regulatory investigations. This study directly addresses this identified gap by
integrating declarative policy engines, comprehensive decision logging, and explicit couplings of scaling
actions with financial risk states and compliance constraints.

Recent work has extended cloud-native patterns specifically for financial workloads, addressing unique
constraints of regulatory compliance and market microstructure. The vision of autonomic computing
systems capable of self-configuration and self-optimization has gained renewed relevance with advances
in artificial intelligence, enabling infrastructure adapting dynamically to operational requirements [5].
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Microservices architectures designed for high-volume financial systems demonstrate viability of event-
driven patterns for mission-critical trading infrastructure [15], while predictive auto-scaling approaches
using meta reinforcement learning show promise handling volatile workload patterns [17]. However, most
existing orchestration research focuses on generic cloud workloads rather than financial domain constraints.
Our RAAOF framework extends this research by explicitly modeling regulatory compliance as first-class
constraints within the RL action space, differentiating it from purely performance-optimizing orchestration
systems lacking domain-aware risk management capabilities.

Future Research Directions

Several research avenues remain unexplored that would enhance practical deployability and extend
applicability to broader regulatory contexts.

Federated Multi-Institutional Learning: Federated learning techniques could enable collaborative model
training across financial institutions without requiring proprietary trading data to leave organizational
boundaries. Privacy-preserving mechanisms including secure multi-party computation, differential privacy,
and homomorphic encryption would produce more robust policies trained on heterogeneous workload
distributions while maintaining competitive confidentiality.

Hierarchical Policy Composition: Scaling to 500+ microservices requires three-tier policy hierarchies
encompassing organization-wide constraints, business-unit-specific policies, and service-level rules.
Research into policy conflict resolution, inheritance semantics, and automated synthesis from high-level
objectives represents essential next steps. Graph-based representations and formal verification could ensure
compositional policies maintain logical consistency.

Explainable Reinforcement Learning: Integration with SHAP (SHapley Additive exPlanations) and
LIME (Local Interpretable Model-agnostic Explanations) would enhance regulatory compliance and
operational confidence. Counterfactual explanation generation showing alternative states that would
produce different scaling decisions could provide intuitive insights for compliance officers and regulators.
Real-Time Regulatory Intelligence: Automated systems ingesting machine-readable regulatory
announcements (SEC rules, FINRA notices) and translating them into executable policy constraints would
enable near-instantaneous compliance. Natural language processing for regulatory document parsing,
semantic reasoning for rule interpretation, and formal verification ensuring policy correctness would require
hybrid human-in-the-loop approaches combining automated drafting with expert review.

Multi-Objective Pareto Optimization: Automated hyperparameter optimization through multi-objective
evolutionary algorithms or Bayesian optimization could discover optimal weight configurations (a, 3, )
tailored to institutional risk appetites. Pareto frontier visualization would enable stakeholders to explore
trade-off surfaces between conflicting objectives, while dynamic hyperparameter adaptation responding to
changing market conditions would enhance policy flexibility.

Production Deployment Study: A 12-month longitudinal study at a partner financial institution (pending
regulatory approval) would assess long-term model drift, seasonal pattern handling, incident response
during market anomalies, and operator acceptance. Production telemetry would enable evaluation of impact
on trading profitability, regulatory audit outcomes, and operational overhead for system maintenance.
Cross-Domain Applicability: Architectural principles extend to other regulated industries including
healthcare systems managing patient safety constraints, energy grids optimizing within environmental
regulations, and telecommunications networks prioritizing emergency services. Investigating framework
adaptations for these contexts would demonstrate generalizability beyond financial services.

Conclusion

The Risk-Aware Autonomic Orchestration Framework establishes bidirectional coupling between cloud
orchestration policies and financial risk management imperatives. Computational elasticity decisions now
align with financial risk states. Regulatory compliance constraints receive continuous enforcement. The
framework addresses fundamental limitations in contemporary auto-scaling approaches. Standard
mechanisms operate without awareness of financial semantics. Market microstructure dynamics get
ignored. Regulatory compliance frameworks receive inadequate consideration. Control-theoretic stability
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mechanisms integrate with reinforcement learning-based policy optimization. Dynamic alignment occurs
between computational elasticity and financial risk states. Governance-constrained action spaces prevent
autonomous systems from amplifying systemic risk. Regulatory boundaries remain respected. The
declarative policy engine enables financial institutions to codify regulatory obligations. Position limits
become executable specifications. Order flow velocity constraints get enforced automatically. Risk
exposure thresholds receive continuous monitoring. Scaling decisions maintain compliance by construction
rather than reactive violation detection. The architecture establishes foundational principles for domain-
aware orchestration. Applications extend beyond capital markets. Healthcare systems managing patient
safety constraints can benefit. Energy grids balancing supply-demand with environmental regulations need
similar capabilities. Telecommunications networks prioritizing emergency services face analogous
challenges. The framework demonstrates how autonomous systems achieve sophisticated optimization
goals while respecting complex regulatory contexts. Operational requirements get met. Risk management
principles receive adherence. Intelligent infrastructure seamlessly integrates technical performance
objectives with domain-specific governance requirements. A new paradigm emerges where autonomous
orchestration serves financial risk management rather than operating independently.
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