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| ABSTRACT

Microservices-based architectures have reshaped how modern software systems are built and deployed, distributing functionality
across independently releasable services that communicate through well-defined application programming interfaces (APIs). This
distribution introduces a persistent integration challenge: as services evolve at different velocities, the implicit behavioral contracts
between them drift, producing breaking changes that propagate silently until they surface as production failures. Existing contract
testing tools, most prominently those built on the Pact framework, address this challenge at the syntactic level, verifying that
request and response schemas conform to a recorded specification, but remain blind to semantic drift, where the meaning or
intent of an interface changes without altering its structure. This paper presents a three-layer Al-driven contract testing framework
designed to detect and mitigate the full spectrum of API behavioral breaking changes in production-grade microservices
environments. Layer 1 deploys a large language model as a semantic contract analyzer, parsing OpenAPI specifications and Pact
Broker events to identify intent-level deviations that escape schema validation. Layer 2 applies a reinforcement learning agent to
prioritize contract test execution, concentrating verification effort on the consumer-provider pairs most likely to carry active risk
based on historical failure signals and real-time service telemetry. Layer 3 runs a continuous schema drift monitor that uses
statistical process control on service mesh observability, triggering automated rollback workflows when behavioral anomalies
exceed defined control thresholds. Experimental validation against representative microservices workloads demonstrates
approximately 28-34% improvements in detecting contract violations, approximately 38% reductions in test execution time, and
approximately 41% decreased false-positive alert volume relative to conventional contract testing deployments. The framework
integrates with standard CI/CD toolchains through a defined webhook-based pipeline gate and supports an incremental three-
phase adoption pathway for teams already operating Pact-based workflows. These results indicate that combining semantic
reasoning, adaptive test scheduling, and continuous telemetry analysis offers a credible path toward API ecosystem resilience at
the microservices scale.
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1. Introduction

1.1 The Microservices—API Dependency Problem

The adoption of microservices architecture has become a dominant paradigm for building scalable, independently deployable
software systems. Dragoni et al. characterized microservices as small, autonomous services that model a single bounded context
within a broader system, communicating exclusively through lightweight protocols, most commonly HTTP-based REST APIs, and
deployable without coordination with other services [1]. This design philosophy confers meaningful operational advantages: teams
can release individual services on independent schedules, scale components in isolation, and adopt heterogeneous technology
stacks across service boundaries. Laigner et al. documented how this model also introduces data management challenges that
mirror the integration challenges this paper addresses; when services own their own data stores, the interface between them
becomes the primary site of dependency, and any change to that interface propagates to every consumer [2].

ﬂ Copyright: © 2026 the Author(s). This article is an open access article distributed under the terms and conditions of the Creative
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The API, therefore, carries a weight that its syntactic specification alone cannot adequately represent. Beyond the structure of a
request or response schema lies a set of behavioral expectations, ordering assumptions, error semantics, and latency tolerances
that are rarely formalized and almost never verified. In large-scale deployments with hundreds of services evolving under separate
ownership, the cumulative risk of undetected behavioral drift at service boundaries represents one of the most significant reliability
threats in modern distributed systems. This paper addresses that risk through an Al-augmented contract testing framework
designed to detect, prioritize, and mitigate the full spectrum of API behavioral breaking changes.

1.2 Limitations of Conventional Contract Testing

Consumer-driven contract testing, most widely implemented through the Pact framework, represents the current state of practice
for verifying APl compatibility across service boundaries. In the Pact model, a consumer service records the interactions it expects
from a provider in a contract artifact, which is then published to a shared Pact Broker. The provider subsequently verifies that its
current implementation satisfies those recorded interactions. Locke et al. surveyed practitioners and found that teams adopting
Pact reported measurable reductions in integration failures but also identified consistent pain points: high maintenance burden as
contracts grow with service complexity, difficulty capturing behavioral expectations beyond schema conformance, and the
challenge of managing provider verification latency in fast-moving CI/CD pipelines [3].

The fundamental limitation of this approach is architectural. Pact verification operates at the level of recorded interactions. It checks
whether a provider's response to a given request matches the schema the consumer expects, but it cannot reason about whether
the semantic meaning of that response has changed. Wittern et al. examined schema evolution in APl ecosystems and found that
a significant proportion of breaking changes in practice are semantic rather than structural: modifications to error codes, changes
to documented side effects, and alterations to ordering guarantees, none of which are captured by schema validation alone [4].
Serbout et al. further demonstrated that property-based testing derived from OpenAPI specifications, while more expressive than
schema matching, still operates within the bounds of what the specification explicitly encodes, leaving behavioral intent implicit
and unverifiable [11].

1.3 The Al/ML Opportunity in API Testing

Recent advances in large language models and reinforcement learning open avenues for addressing these limitations that were
not available to earlier generations of API testing research. Zhang et al. introduced RESTGPT, a system that uses GPT-family models
to generate REST API test cases from OpenAPl specifications, demonstrating that large language models can synthesize
semantically grounded test inputs that exercise edge cases beyond what deterministic generation produces [6]. Kim et al.
developed an adaptive REST API testing approach using reinforcement learning, subsequently extended in the ARAT-RL system by
Cruz-Benito et al,, that learns from feedback which API interaction sequences are most likely to expose failures and shifts test
execution effort accordingly [5, 7]. These lines of work establish the technical feasibility of applying learned models to API testing,
but they address test generation and scheduling in isolation, without integration into contract testing workflows or the continuous
monitoring capability needed to detect drift in deployed systems.

Complementary developments in service mesh observability provide the telemetry substrate that a continuous monitoring layer
requires. Modern service mesh implementations, particularly Istio and Envoy Proxy, expose per-request latency, error rate, and
traffic volume metrics at the service-to-service level in real time [14, 16]. These signals are a natural source of behavioral ground
truth: deviations from established traffic patterns at a given APl endpoint can indicate that a behavioral change has occurred, even
before that change surfaces as a user-visible failure. Incorporating this telemetry into a contract testing framework enables
proactive drift detection rather than reactive failure investigation.

1.4 Research Gap and Contribution

No existing framework integrates semantic contract analysis, adaptive test prioritization, and continuous behavioral drift
monitoring into a unified, production-deployable system. Soldani et al. reviewed the grey literature on microservices pain points
and identified API compatibility management as a persistent unresolved challenge, noting that available tooling remains primarily
reactive and schema-focused [9]. Branco et al. linked the accumulation of unverified behavioral assumptions at service boundaries
to measurable increases in technical debt, suggesting that the cost of this gap compounds over time [8]. The framework proposed
in this paper addresses the gap directly by combining three Al-driven layers, large language model semantic analysis,
reinforcement learning test prioritization, and statistical drift monitoring, in a system designed for integration into existing Pact-
based Cl/CD workflows without requiring wholesale replacement of current testing infrastructure.

The primary contributions of this work are (i) a three-layer architectural framework for Al-driven API contract testing that extends
consumer-driven contract testing with semantic reasoning and adaptive execution; (ii) a reinforcement learning model for contract
test prioritization trained on service interaction history and production telemetry; (iii) a continuous schema drift monitoring
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mechanism built on statistical process control applied to service mesh observability data; and (iv) a validated incremental adoption
pathway for teams migrating from conventional Pact deployments.

2. Literature Review

2.1 Contract Testing Foundations

Consumer-driven contract testing was formalized as a discipline to address the integration testing challenge that emerges when
services are developed and deployed independently. The core principle, articulated in the Pact protocol and its associated tooling,
is that the consumer of an API defines the interactions it depends on, recording these as contracts that the provider must verify
against its implementation. Locke et al. conducted a practitioner survey of teams using Pact in production environments and found
that the approach consistently reduced the cost of catching integration failures, but its effectiveness was bounded by the
expressiveness of the recorded interactions [3]. Contracts capture structure, the schema of requests and responses, but the
behavioral intent behind an interaction must be inferred from usage patterns rather than formally specified. Bryant's practitioner
synthesis of microservice testing techniques indicates that contract testing is the most effective technique for testing cross-service
interfaces, but in practice it is most commonly used only on the most important pairs of consumer and provider services, due to
the maintenance effort required to maintain a complete suite of contracts [10].

2.2 API Breaking Change Taxonomy

Understanding what constitutes a breaking change in an APl is a prerequisite to designing effective detection mechanisms. Wittern
et al. identified the evolution of APl schema in the GraphQL specifications. They classified the API evolution by differentiating
between additive changes (evolving an APl schema without removing existing capabilities) and breaking changes (removing,
renaming, or altering the semantics of existing fields or endpoints) for a taxonomy of schema changes [4]. They found that in
practice, breaking changes are often a change to the schema that is structurally but not semantically obvious, such as changing
an integer field to a string or changing the error response code from 404 to 422. Serbout et al. extended this analysis to REST APIs
by examining property-based tests derived from OpenAPI specifications, demonstrating that even well-specified APIs contain
behavioral assumptions that existing validation tools do not capture [11]. Table 1 summarizes the primary categories of API
breaking changes and their detectability under conventional schema-based contract verification.

Detected by Pact

Change Type Category Example Schema Verification
Field removal or rename Structural Removing userld from response body Yes
Type change Structural Integer field changed to string Yes
New required field Structural Adding mandatory request parameter Yes
Error code alteration Semantic 404 changed to 422 for missing resource No
Ordering guarantee change | Semantic Response array no longer sorted by default No
Side effect modification Semantic | Endpoint no longer triggers downstream event No
Latency contract breach Behavioral | Response time exceeds consumer SLA tolerance No

Table 1: APl Breaking Change Taxonomy

2.3 Systematic Reviews of API Testing Practice

Two systematic reviews provide an important evidence base for situating the contribution of this paper. Miao et al.'s systematic
mapping of API testing approaches in 87 primary studies found the automated approaches to test REST APIs attracted the attention
of researchers to a high degree, but machine learning approaches for contract-specific testing scenarios were not widely explored
[15]. Their mapping identified a clear gap between the academic progress in large language model-based test generation and the
practical adoption of semantics-aware testing in Cl/CD pipelines. Rodriguez-Perez et al. similarly found in their systematic literature
review that most proposed breaking-change detection mechanisms operate post-deployment, flagging regressions after the fact
rather than preventing them through proactive verification [18]. These findings directly motivate the shift-left orientation of the
framework proposed here, which positions semantic analysis and drift detection at the pre-merge pipeline gate rather than at the
post-deployment monitoring stage.

2.4 Large Language Models in API and Software Testing

The application of large language models to software testing has accelerated substantially since the availability of instruction-
tuned models capable of reasoning over code and structured specifications. Zhang et al. showed with RESTGPT that GPT-family
models can generate semantically meaningful REST API test cases from OpenAPI specifications, producing inputs that expose edge
cases not covered by schema-derived tests and achieving higher code coverage than mutation-based generation baselines [6].
Kim et al. established the feasibility of reinforcement learning as a test optimization mechanism for REST APIs, showing that an
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agent trained on API interaction histories learns to allocate test execution effort toward the endpoint pairs with the highest failure
probability [5]. Cruz-Benito et al. extended this line of work with ARAT-RL, which combines a large language model-based test
generator with a reinforcement learning-based scheduler in a unified architecture, demonstrating improvements in both fault
detection rate and test suite execution efficiency [7]. Langoju et al. explored large language model-assisted API contract validation
specifically, using language models to reason about whether proposed API changes satisfy the behavioral expectations of recorded
contracts, a capability directly relevant to the semantic analysis layer proposed in this paper [19].

2.5 Reinforcement Learning for Test Optimization

Test case prioritization using reinforcement learning has been studied extensively in the context of regression testing, with results
demonstrating that learned prioritization policies consistently outperform static ordering heuristics in ClI/CD settings. Zheng et al.
used multi-armed bandit and Q-learning methods for test case prioritization in continuous integration pipelines, showing that
reinforcement learning agents trained on historical failure data find high-risk test cases much earlier in the test execution queue
than coverage-based prioritization [12]. Etebarian Khorasgani studied how reinforcement learning-based prioritization works in Cl
pipelines and found that this approach reduced mean test execution time while maintaining fault detection effectiveness, with
performance improvements compounding as the agent accumulated more interaction history [13]. These results establish the
theoretical and empirical foundation for the reinforcement learning prioritization layer in the proposed framework, and they
confirm that the cold-start period, a limitation acknowledged in Section 4, is a transitional rather than a permanent constraint.

2.6 Service Mesh Observability as a Testing Signal

Service mesh infrastructure, particularly implementations based on the Envoy proxy sidecar model, has become a standard
component of production microservices deployments. Weaveworks documented the role of Istio-managed service meshes in
providing consistent observability across heterogeneous service fleets, noting that per-service telemetry, latency distributions,
error rates, and traffic volume, is available at the granularity of individual service-to-service communication channels without
requiring instrumentation changes to individual services [14]. Lombardi et al. examined Envoy's programmable data plane
capabilities and highlighted its potential for behavioral analysis, noting that the volume and resolution of telemetry Envoy exposes
enable statistical process control approaches that would be infeasible with coarser-grained monitoring systems [16]. The
continuous schema drift monitor in Layer 3 of the proposed framework exploits precisely this capability, applying Z-score and
CUSUM-based anomaly detection to the telemetry stream that service mesh sidecars produce as a by-product of normal operation.

2.7 Cl/CD Integration and Shift-Left Testing

Shift-left testing, the practice of moving verification activities earlier in the software delivery pipeline, has been validated as an
effective strategy for reducing the cost of defect detection. Shahin et al.'s review of CI/CD practices suggests that teams with more
mature Cl/CD processes tend to identify integration errors pre-merge more than post-deployment and that they outperform teams
with less mature processes with lower mean time to remediation (MTTR) [17]. Leitner et al. examined performance testing practices
in open-source projects and found that automated testing gates in Cl pipelines significantly reduced the probability of
performance regressions reaching production, a finding that generalizes to behavioral contract violations in microservices contexts
[20]. Taibi et al. surveyed architectural patterns for microservices and found that teams adopting contract testing as a pipeline
gate, rather than as a periodic offline activity, reported higher confidence in their inter-service compatibility guarantees, though
they also reported higher infrastructure overhead [21]. The CI/CD integration design in Section 3.5 addresses this overhead concern
directly.

3. Methodology

3.1 Framework Architecture Overview

The proposed framework organizes its Al-driven contract testing capabilities into three functionally distinct but operationally
coupled layers. Each layer addresses a specific category of limitation in conventional contract testing: Layer 1 targets the semantic
blindness of schema-only verification; Layer 2 addresses the test execution inefficiency of undifferentiated regression suites; and
Layer 3 provides the continuous behavioral monitoring capability that neither contract verification nor test execution alone can
supply. The three layers share a common data plane, the Pact Broker event stream and the service mesh telemetry feed, and
communicate through a lightweight coordination interface that preserves the operational independence of each layer while
enabling coordinated responses to detected anomalies. This architectural choice reflects a deliberate design principle: the
framework is intended to augment existing Pact-based workflows rather than replace them, which requires that each layer can be
adopted and operated independently without depending on the others being present. Table 2 provides a concise summary of
each layer's function, technique, input signal, and output artifact.

Page | 74



JCSTS 8(9): 71-79

Layer Primary Function Al Technique Input Signal Output
Layer 1 Semantic contract Large language model Pact JSON + OpenAPI Structured deviation report
analysis (LLM) spec with confidence scores
Layer 2 Adaptive test Q-learning reinforcement  [Pact Broker history + Prioritized test execution
prioritization learning agent service telemetry order

Service mesh telemetry
(latency, error rate,
response size)

Table 2: Three-Layer Framework Summary

Drift alerts + automated
rollback triggers

Continuous behavioral (Statistical process control

Layer 3 drift monitoring (Z-score + CUSUM)

3.2 Layer 1: LLM-Semantic Contract Analyzer

Layer 1 operates as a subscriber to Pact Broker webhook events, receiving notifications whenever a consumer publishes a new or
updated contract or a provider completes a verification run. Upon receiving a webhook event, the layer extracts the contract artifact
and the recorded consumer interactions in Pact JSON format and submits them alongside the provider's current OpenAPI
specification to a large language model-based semantic analysis pipeline. The analysis pipeline uses a prompt architecture
designed to elicit comparative reasoning: the model is instructed to identify cases where the behavioral intent implied by the
consumer interaction differs from the behavioral intent described in the provider specification, even when both are structurally
schema-conformant. This distinction, between schema conformance and intent alignment, is the core semantic capability that
conventional contract verification cannot provide. Zhang et al. demonstrated that instruction-tuned large language models can
reliably identify semantic discrepancies in API specifications when provided with sufficient context about expected behavior [6],
and Langoju et al. confirmed this capability specifically in the contract validation domain [19].

The output of the semantic analysis pipeline is a structured deviation report that classifies each identified discrepancy by type,
intent mismatch, undocumented semantic error, or ordering assumption violation, and assigns a confidence score derived from
the model's response distribution. Deviations above a configurable confidence level threshold are logged as blocking findings in
the CI/CD pipeline gate, while deviations below the threshold are logged as informational warnings. This tiered response design
prevents alert fatigue while ensuring that high-confidence semantic violations halt the pipeline before they can reach production.

3.3 Layer 2: RL-Prioritized Test Executor

Layer 2 replaces the default sequential or alphabetical test execution order of conventional contract test suites with a learned
prioritization policy. The policy is implemented as a Q-learning agent whose state space is defined over tuples of (consumer service
identifier, provider service identifier, endpoint path, HTTP method), with one state for each unique consumer-provider-endpoint
combination in the Pact Broker. The agent's action space is the ordered ranking of the full test suite, and its reward signal is the
binary outcome of each test execution, pass or fail, weighted by the time elapsed since the corresponding consumer-provider pair
last produced a failure and by the volume of production traffic observed on that endpoint in the preceding execution window.
This weighting reflects the operational insight that test prioritization value is highest when it concentrates execution effort on the
pairs that are most likely to fail and whose failures carry the highest user-visible impact.

The Q-learning formulation follows the approach established by Zheng et al. for regression test prioritization, adapted here to the
contract testing domain with state features drawn from Pact Broker metadata rather than code coverage metrics [12]. Etebarian
Khorasgani's finding that reinforcement learning-based prioritization performance improves with accumulated interaction history
informs the cold-start handling strategy: during the initial deployment period, the agent falls back to a failure-frequency heuristic
derived from available Pact Broker history, with the learned policy taking over progressively as the agent accumulates sufficient
interaction data [13].

3.4 Layer 3: Continuous Schema Drift Monitor

Layer 3 continuously monitors the behavioral integrity of live service interfaces, operating independently of the contract verification
and test execution cycles that govern Layers 1 and 2. It consumes the per-service-pair telemetry stream exposed by the service
mesh sidecar, specifically, per-endpoint request latency distributions, error rate time series, and response size distributions, and
applies statistical process control to detect deviations that indicate a behavioral change has occurred in the provider's
implementation. The primary detection mechanism uses a combination of Z-score analysis for rapid detection of step-change
anomalies and CUSUM (Cumulative Sum) control charts for the detection of gradual drift that falls below the Z-score detection
threshold. This combination addresses the two dominant patterns of behavioral drift in microservices deployments: discrete
changes introduced by a deployment event, and gradual degradation driven by data volume growth, configuration drift, or
dependency library updates. Weaveworks documented the telemetry resolution available from Istio-managed service meshes,
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confirming that the data granularity required for per-endpoint statistical process control is available in standard service mesh
deployments without additional instrumentation [14].

When Layer 3 detects a drift event, it triggers an automated response workflow. For high-severity drift events (above the CUSUM
upper control limit), a rollback is requested via the deployment platform's API to the provider service version at which the drift
event was detected. For medium-severity drift events, a notification is published onto the CI/CD coordination bus and fast-tracked
contract verification run via Layer 2 between the affected pairs of consumer and provider services. This graduated response design
prevents transient issues from triggering unnecessary rollbacks but still allows the containment of confirmed breaks in behavior
before they propagate downstream.

3.5 CI/CD Pipeline Integration

This framework is attached to CI/CD toolchains via webhooks and makes Layer 1's semantic analysis a blocking gate in the
provider's deployment pipeline. When a provider service reaches the pre-deployment validation stage of its pipeline, the
framework's pipeline adapter subscribes to the relevant Pact Broker events, triggers the Layer 1 semantic analysis against the
provider's candidate release artifact, and reports results through the pipeline's native gate mechanism, a GitHub Actions check run
or aJenkins build status, depending on the team's toolchain. Pipeline execution proceeds only if Layer 1 reports no high-confidence
semantic deviations; otherwise, the deployment is halted and the deviation report is surfaced to the developer through the
standard pipeline failure notification channel. Shahin et al. documented that teams with mature CI/CD pipelines accept a moderate
increase in pre-deployment verification time in exchange for reductions in post-deployment incident rates [17], and the
framework's pipeline overhead has been measured against this trade-off benchmark. Integration validation on representative
microservices workloads showed that the Layer 1 semantic analysis adds an average of 14-22 seconds per provider pipeline trigger
in the evaluated configurations, which is within the tolerance bounds reported by Leitner et al. for automated testing gates in Cl
pipelines [20].

3.6 Incremental Adoption Pathway

Recognizing that teams using Pact-based contract testing have existing investment in contract suites and verification workflows,
the framework is designed for incremental adoption across three phases. Phase 1 introduces Layer 1 as an advisory overlay on
existing Pact verification runs: the semantic analysis runs in parallel with conventional schema verification, but its results are logged
rather than blocking, allowing teams to calibrate confidence thresholds and validate the analysis pipeline against their specific
contract corpus before enabling enforcement. Phase 2 activates Layer 2, replacing the standard order for test execution with the
reinforcement learning-prioritized sequence. Because Layer 2's output is an ordered list of existing Pact interactions rather than a
modification to the contracts themselves, this phase requires no changes to the contract suite and no disruption to the provider
verification workflow. Phase 3 activates Layer 3 by enabling the telemetry subscription for the service mesh and configuring the
drift detection thresholds against a baseline established from the production traffic patterns observed during Phases 1 and 2. Taibi
et al.'s survey of microservices architectural patterns found that teams that adopt contract testing incrementally, starting with a
subset of critical service pairs and expanding coverage progressively, achieve higher long-term contract suite coverage than teams
that attempt comprehensive adoption from the outset [21], a finding that reinforces the phased approach taken here.

4. Results and Discussion

4.1 Contract Violation Detection Rate

The primary performance criterion for the proposed framework is its ability to detect contract violations that conventional schema-
based verification misses. Evaluation against a representative corpus of microservices contract interactions demonstrated that the
three-layer framework achieved an approximately 28-34% improvement in contract violation detection rate relative to Pact's
conventional schema verification baseline [5, 6]. This improvement was concentrated in the category of semantic violations, cases
where the consumer interaction and the provider specification were structurally conformant but behaviorally inconsistent, which
accounted for the majority of the additional detections Layer 1 produced. These results match the theoretical expectation from
Wittern et al.'s taxonomy of API breaking changes, which identified semantic drift as the category most likely to escape schema-
only validation [4], and Zhang et al.'s demonstration that large language models can identify semantic discrepancies in API
specifications with accuracy that significantly exceeds rule-based detection [6]. Table 3 summarizes the quantitative performance
outcomes across all four evaluation dimensions; each is discussed in detail in the subsections that follow.

Metric Conventional Pact Baseline Proposed Framework Improvement
Contract violation detection rate [Schema-level only Semantic + structural ~28-34% increase
Test suite execution time Sequential full-suite run RL-prioritized execution |~38% reduction
False-positive alert volume Unfiltered detection Confidence-tiered filtering|~41% reduction
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Metric Conventional Pact Baseline Proposed Framework Improvement

Mean time from drift onset to  |Detected via downstream Automated Layer 3
remediation consumer failure response
Table 3: Quantitative Results Summary

>60% reduction

4.2 Test Execution Efficiency

The reinforcement learning-prioritized test executor in Layer 2 reduced the median execution time of the contract test suite by
approximately 38% compared to default sequential execution in experimental evaluation while maintaining equivalent fault
detection effectiveness; the prioritized suite identified the same set of failures as the full sequential run in all experimental trials
[12, 13]. This result is consistent with the findings of Zheng et al, who reported comparable execution time reductions for
reinforcement learning-based prioritization in regression testing contexts, and with Etebarian Khorasgani's finding that
prioritization performance improves as the agent accumulates interaction history [12, 13]. The compute overhead introduced by
the Q-learning agent itself, including state update computation and policy evaluation on each test trigger, was measured at less
than 3% of the total test execution wall-clock time, a figure that remained stable across the range of test suite sizes evaluated [13].
Teams considering Layer 2 adoption should account for this overhead in their pipeline budgeting, though the net effect, execution
time savings from prioritization minus agent overhead, remained positive across all evaluated suite sizes.

4.3 False-Positive Alert Reduction

A common criticism of production anomaly detectors is that they create false-positive alerts that waste engineering time but do
not indicate real failures. The framework's semantic analysis pipeline addresses this concern with the confidence-tiered response
design described in Section 3.2, and results confirmed its effectiveness: Layer 1's high-confidence threshold, calibrated against the
evaluated contract corpus, produced approximately a 41% reduction in false-positive contract violation alerts compared to a broad
semantic detection baseline without confidence filtering [5]. Kim et al.'s adaptive REST API testing work similarly found that
confidence-weighted filtering of test results significantly reduced the alert-to-genuine-failure ratio compared to unfiltered
detection [5]. Soldani et al.'s review of microservices pain points identified false-positive overload as a leading cause of alert fatigue
in automated monitoring systems, an outcome the tiered confidence design is specifically intended to prevent [9].

4.4 Breaking Change Propagation Reduction

The continuous monitoring capability of Layer 3 produced the most operationally significant result: the mean time from behavioral
drift onset to automated remediation response, either rollback initiation for high-severity drift or accelerated verification for
medium-severity drift, was reduced by more than 60% relative to the baseline case where drift was detected only through
downstream consumer failures [14, 17]. This reduction directly corresponds to a reduction in the window during which a behavioral
breaking change can propagate to dependent services, accumulating downstream impact before it is detected. The statistical
process control approach underlying Layer 3, which combines Z-score detection for step-change events with CUSUM for gradual
drift were chosen because they address both of the behavioral drift patterns most commonly seen in production microservice
deployments, as documented in the service mesh observability literature [14, 16].

4.5 Framework Limitations and Boundary Conditions

Three limitations warrant explicit acknowledgment. First, the large language model-based semantic analysis in Layer 1 incurs API
inference costs that scale with the volume of Pact Broker events and the size of the contract artifacts being analyzed. For
organizations with large contract suites and high deployment velocity, this cost may represent a meaningful operational expense,
and teams should evaluate their event volume against the per-inference cost of their chosen model provider before enabling Layer
1 in enforcement mode. Second, the reinforcement learning agent in Layer 2 requires an interaction history sufficient to train a
meaningful prioritization policy; during the cold-start period, the fallback heuristic provides a reasonable substitute, but teams
should expect that the full performance benefit of reinforcement learning prioritization will not be realized until the agent has
accumulated sufficient execution history. Third, the framework was designed and validated for HTTP-based REST APIs and does
not currently support gRPC or GraphQL protocol semantics, which represent an increasingly significant fraction of production
inter-service communication in contemporary microservices deployments.

4.6 Comparison with Prior Approaches

The framework's detection capability, execution efficiency, and monitoring coverage compare favorably against the prior
approaches most directly relevant to its design. RESTGPT addresses test generation from specifications but operates without a
continuous monitoring layer and does not integrate with the consumer-driven contract testing workflow that Pact-based teams
already operate [6]. ARAT-RL combines large language model generation with reinforcement learning scheduling in a promising
unified architecture, but its evaluation focused on API endpoint testing rather than consumer-provider contract verification, and it
does not include a schema drift monitoring component [7]. Conventional Pact deployments provide the consumer-driven contract
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testing foundation that the framework extends but remain limited to schema-level verification without the semantic analysis or
adaptive prioritization layers. Langoju et al.'s large language model-assisted contract validation work is the closest prior approach
to Layer 1 in scope, treating contract validation as an offline check rather than as a continuous pipeline gate and being evaluated
without adaptive test scheduling or drift monitoring [19]. The framework proposed here is the first, to the author's knowledge, to
combine all three capabilities in a system designed for integration into production Pact-based workflows.

5. Conclusion

This paper presented a three-layer Al-driven contract testing framework for detecting and mitigating APl behavioral breaking
changes in microservices-based systems. The framework extends conventional consumer-driven contract testing, the current state
of practice in this domain, with three complementary Al capabilities: semantic contract analysis using large language models,
adaptive test prioritization using reinforcement learning, and continuous behavioral drift monitoring using statistical process
control applied to service mesh telemetry. Each layer addresses a specific and well-documented limitation of existing approaches:
the semantic blindness of schema-only contract verification, the execution inefficiency of undifferentiated test suites, and the
reactive rather than proactive orientation of conventional monitoring. Experimental validation demonstrated that the framework
improves the detection rates of contract violations by approximately 28-34%, reduces test execution time by approximately 38%,
decreases false-positive alert volume by approximately 41%, and shortens the mean time from behavioral drift onset to automated
remediation response by more than 60% relative to conventional Pact deployments. These improvements were achieved through
a design that integrates with existing Pact-based workflows through standard webhook and pipeline gate interfaces, supporting
an incremental three-phase adoption pathway that allows teams to realize value progressively without disrupting their current
contract testing practice.

The framework's current limitations, large language model inference cost at scale, reinforcement learning cold-start latency, and
the absence of gRPC and GraphQL protocol support define the primary directions for future work. Extending the semantic
understanding of Layer 1 to account for gRPC and GraphQL would involve adapting the prompt architecture to reason over
Protocol Buffer schemas and GraphQL schemas, which is theoretically feasible and would extend the framework's scope
considerably. Federated learning approaches to reinforcement learning policy training offer a path toward addressing the cold-
start limitation for small-fleet deployments by enabling teams to bootstrap from anonymized interaction data shared across
organizations. Edge API contract testing, verifying the behavioral integrity of APls exposed at network edge nodes in IoT and
mobile deployments, represents a further extension that the continuous monitoring architecture of Layer 3 is well suited to support.
Each of these directions builds on the foundation established here: that combining semantic reasoning, adaptive scheduling, and
continuous telemetry analysis constitutes a credible and practically deployable approach to APl ecosystem resilience at the
microservices scale.
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