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Abstract 

A severe conflict characterized the software engineering environment of 2023: the need to 

provide hyperscale velocity in microservices provisioning and the increasing complexity of 

testing distributed, polyglot systems. With the breakdown of monolithic applications into 

hundreds of loosely coupled services, the traditional deterministic testing methodology that is 

based on the so-called retest-all paradigm failed to approach the geometric dependency growth 

and linear execution time. In this report, the detailed discussion of Autonomous Test 

Intelligence (ATI), an area that combines Graph Neural Networks (GNN), distributed tracing 

(OpenTelemetry), and probabilistic machine learning to coordinate validation is provided. We 

show by synthesizing data on over 470 industry benchmarks, academic papers, and technical 

case studies published in 2023 that ATI systems reduced test cycle by up to 20% and 90 percent, 

saved infrastructure costs up to 50 percent, and improved defect escape rates significantly. This 

paper breaks down the architectural processes of Dependency-Aware Validation, the 

mathematical model of "Blast Radius" and the models of economic operations that have shifted 

testing to being a cost center into a strategic efficiency lever. 

1. Introduction:  

The Microservices Verification Paradox 

1.1 The Architectural Inflection Point 

The shift towards the microservices architecture has become the trend of software engineering 

over the last ten years being propelled by the promise of decoupled deployment, independent 

scalability, and organizational freedom. By 2023, this type of architecture had evolved beyond 

an experimental method to the default standard application to enterprise grade (Aladwani, 

2001). According to the surveys, more than 61 percent of organizations had implemented 

microservices to cloud-based applications with flexibility and speed being the key reasons. 

This decoupling however created a deep paradox in verification: although services could be 

created in isolation the correctness of services depended entirely on their interactions at runtime 

(Lu et ., 2015). 

During the monolithic era type safety and compiler checks offered a minimum assurance of 

structural integrity. Interfaces were docile and dependencies within the code were explicit. 

Dependencies in the microservices era now take the form of runtime contracts, usually implicit 

contracts, fragile contracts, mediate by network protocol like HTTP/REST, gRPC, or 

asynchronous message queues (Kafka, RabbitMQ). These interactions did not increase in 
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complexity with the size of the code linearly with the number of services (N) but geometrically 

with the number of services (N), and the number of connection pathways may be N(N-1)/2. 

This change generated a "Validation Gap. Conventional testing protocols, which were 

developed to test monoliths, viewed the system as a black box. The previously used strategy to 

obtain all regression suites on each commit, which is known as the Retest-All strategy, became 

mathematically unsustainable. Since the number of test cases (T) increased proportionally with 

feature development, and the time to execute each test was increased by the latency of the 

distributed environment, the feedback time (T feedback ) eventually surpassed the development 

cycle time itself. This bottleneck was as of 2023 the major limiting factor in Continuous 

Integration/Continuous Delivery (CI/CD) velocity, halting the same agility microservices were 

designed to unleash. 

 

1.2 The Economic Imperative: FinOps Meets Quality Assurance 

The 2023 year was another clear change in the economic examination of the software delivery. 

After the economic squeeze of the world, engineering organizations were under extreme 

pressure to make the best use of cloud spend (FinOps). Verification cost became an overhead. 

Distribution systems also need transient that replicates production and this type of testing uses 

costly cloud facilities (compute, storage, data transfer). 

In 2023 data show that it cost an enormous amount of money to operate entire regression suites 

on cloud infrastructure. As an example, the infrastructure expenses of running large-scale 

models at OpenAI were in the hundreds of thousands of dollars per day, as an illustration of 

the general trend of high costs of compute. When it comes to testing, it was a lot of waste to 

run thousands of integration tests on each pull request (PR). Based on industry analysis, tests 

that were executed in a retest-all situation were up to 80 percent redundant, and they were 
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executing code paths that were not related to the particular changes in the commit (Lu et ., 

2015). 

Therefore, Autonomous Test Intelligence was not just a productivity tool it was a mechanism 

of cost optimization. With a wisely designed pruning of the test suite to run only tests that are 

relevant, organizations were able to report infrastructure cost savings of between 30-50%. This 

economic fact increased TIA (Test Impact Analysis) to a developer luxury to CFO-level 

strategic program. 

1.3 The Cognitive Load Crisis 

Along with the technical and economic crises was the human crisis of Cognitive Load. 

According to the State of DevOps Report 2023 and the platform engineering research published 

by Google, the cognitive load on developers became one of the major bottlenecks. With a mesh 

of 500+ services, it is impossible to ask a developer to manually reason about the downstream 

effect of a schema change to a foundational service (e.g., User-Auth). The entirety of the 

affected parts (the Blast Radius of the change) surpassed human working memory. 

This presented developers with a binary decision, either wait time was high (run all tests), cost 

was high; or risk was large (guess which tests to run). The Autonomous Test Intelligence 

systems sought to do away with this option by transferring the dependency analysis to the 

platform. This "Paved Road" style, in which the platform automatically sets the extent of 

validation, became a hallmark of an Elite performing DevOps team by 2023 (Shin, 2019). 

2. Architectural Foundations of Dependency-Aware Validation 

A system has to have a high-fidelity map of the software territory before it can be authenticated 

to be microservice. This knowledge is captured in the System Dependency Graph (SDG), a 

directed graph that shows the dependencies among code (commits, classes, methods) and 

testing (unit tests, integration scenarios, end-to-end flows) artifacts. This graph is the problem 

of ATI that is built up (Lu et ., 2015). 

2.1 The Debate: Static vs. Dynamic Analysis 

This process of SDG construction was highly researched and controversial in 2023. There are 

two main schools of thought (Static Analysis and Dynamic Analysis) which competed to win 

over the market and the industry finally agreed upon hybrid models as the apt solution to 

distributed systems (Nah et al., 2001). 

2.1.1 Static Analysis (The Structural View) 

The technique of Static analysis is the process which parses the source code to create Abstract 

Syntax Trees (ASTs) and Control Flow Graphs (CFGs) without running the program. It tracks 

method-to-method and class-to-class and variable usages. 

• Mechanism: Tools parse the repository, identifying that Method A in Class X calls Method 

B in Class Y. 
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• Strengths: 

o Exhaustiveness: It covers all theoretical code paths, including error handling branches that 

might be rarely executed in production. 

o Speed: It runs offline, independent of a runtime environment (Moffitt et al., 2018). 

o Safety: It is conservative; if a dependency might exist (e.g., via a superclass), static analysis 

assumes it does, ensuring high safety (low risk of missed tests). 

• Limitations in Microservices: Static analysis is finding the polyglot boundary to be very 

difficult. It will not necessarily be able to infer that a Java service making a POST request 

to API/cart is calling a Python service that is implementing the route. It does not satisfy 

dynamic binding, reflection, and dependency injection, found everywhere in modern 

frameworks such as Spring Boot. Also, it does not support message queues or event-based 

designs where the dependency is through a mediator, i.e. a broker, and not a direct function 

call (Ong et al., 2022). 

 

2.1.2 Dynamic Analysis (The Behavioral View) 

Dynamic analysis is based on monitoring the system. This was changed in 2023 with the 

standardization of OpenTelemetry (OTel) and popularization of Bytecode Instrumentation. 

• Mechanism: Tests or staging environment Agents connect to the running services. When a 

test Ti is run, the agents log all methods called, and all network calls made to come up with 

a Trace-to-Test map (Ram et al., 2013). 

• Strengths: 

• Reality: It records the real-world reality of service calls, network calls, database triggers, 

and API calls to third parties. 
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• Language Agnosticism: Language agnosticism exists at the RPC level (HTTP/gRPC), 

where dynamic tracing is not concerned with whether the client is Go and the server is Rust, 

but only reads the request flow. 

• Precision: It decreases false positives. When a dependency is not exercised, the dependency 

is not mapped and the selection of tests is very accurate. 

• Limitations: 

• The Coverage Gap: When one of the code paths is not run during the observation period 

(i.e. a particular error condition), the dependency is transparent. This poses a Safety risk to 

the analysis compared with a static one (Smeets et al., 2021). 

• Overhead: Introducing overhead in instrumentation, this can be very high in high 

throughput environments. 

2.1.3 Comparison Table: Static vs. Dynamic Analysis  

The following table summarizes the comparative strengths and weaknesses of static versus 

dynamic analysis methodologies as understood in the 2023 research landscape. 

Feature Static Analysis Dynamic Analysis 
Hybrid Approach 

(2023 Standard) 

Data Source Source Code (AST, CFG) 
Runtime Traces, 

Logs, Bytecode 

Code + Runtime 

Telemetry 

Dependency 

Scope 

Intra-service (mostly), 

Compile-time 

Inter-service, 

Runtime, Network 
Holistic (End-to-End) 

Polyglot 

Support 

Low (Language-specific 

parsers needed) 

High (Protocol-based 

tracing) 
High 

Precision 
Low (False Positives/Over-

selection) 

High (Exact 

execution paths) 
Optimized 

Safety 
High (Captures theoretical 

paths) 

Variable (Depends on 

coverage) 
High 

Setup Cost Medium (CI integration) 
High (Agents, Service 

Mesh) 
High 

Blind Spots 
Reflection, Dynamic 

binding, API calls 

Unexecuted paths, 

"Cold" code 
Minimized 

 

2.1.4 The Hybrid Model: The 2023 Standard 

Hybrid Approach was used in the most developed systems in 2023, like the ones described in 

emerging research and used by such platforms as SeaLights and Harness. This is a combination 

of the two graphs: 

• The dense and high-fidelity graph is constructed in each service (Method-to-Method) by 

Static Analysis (Steuperaert, 2019). 

• The graph is constructed between services (Service-to-Service) as a high level and sparse 

graph constructed via OTel (Dynamic Analysis). 
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• Graph Fusion: The system connects the fixed exit points (e.g., an HTTP client call) with 

the fixed entry points (e.g., an HTTP controller). This forms a System Dependency Graph 

that a change in an opaque Java method in Service A can be causally related to an 

integration test in Service B (Vos et al., 2021). 

 

2.2 The Service Mesh as an Observability Plane 

Service Mesh adoption (Istio, Linkerd, Consul) served as a catalyst of fundamental importance 

to ATI. The mesh takes care of the control plane of service-to-service communication, which 

is an opaque layer that allows observing dependencies without needing any changes in the 

services themselves. 

• Non-Intrusive Fault Injection: The study of MicroFI showed how the service mesh could 

be used to inject fault into particular requests to determine the "Blast Radius." By changing 

the mesh configuration, engineers were in a position to simulate an outage with Service A 

and empirically measure the services that failed, forming a ground-truth map of dependency 

criticality (Wang et al., 2022). 

• Traffic weighting: The mesh sends out information about traffic volume and latency. This 

data was used to weigh edges in the dependency graph by ATI engines. The dependency 

with a load of 10,000 requests per second is weighted more than the dependency with a 

load of 5 requests per day and the priority of a test will be affected by it. 

2.3 Data Structures: The Probabilistic Dependency Graph 

The architecture has to be mathematically represented in order to execute algorithmic selection. 

The major structure used is the Probabilistic Dependency Graph (PDG) (Zafar et al., 2021). 

• Nodes (V): V = {S_1,... S_n} U {T_1,... Tm, in which S denotes source artifacts (files, 

classes, methods) and T denotes test artifacts. 

• Edges (E): Directed edges (u, v) indicating the fact of the influence of an u of change on v. 

• Weights (W): W (u, v) is the probability that a defect in u will result in a failure in v. In 

2023, such weights were dynamic, and they were updated according to past failure rates, 

code churn magnitude, and operational values (van der Aalst, 2020). 

3. Algorithmic Core: Machine Learning & Graph Theory 

The "Intelligence" in ATI is the decision engine: an algorithm that accepts a set of code changes 

(Delta) and the Dependency Graph (G), and outputs a minimal subset of tests (T' subset 

T_{all}) that maximizes the probability of detecting regressions (Rudnitckaia & Minyazev, 

2022). This process is known as Predictive Test Selection (PTS). 

3.1 Predictive Test Selection (PTS) vs. Deterministic TIA 

In 2023, a distinction became more important in that Deterministic TIA and Probabilistic PTS 

differed significantly. 

• Deterministic TIA: Relies on reachability analysis to identify all tests which are 

theoretically comprehensive of the changed code. It prioritizes Safety. 
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• Probabilistic PTS: It is a machine learning system that ranks tests by the probability of 

failure. It prioritizes Efficiency. PTS is aware that not every test that can be reached is 

valuable; there are some that have diminishing returns (Plattfaut et al., 2022). 

3.2 Machine Learning Models for Test Selection 

Gradient Boosting (e.g., XGBoost, CatBoost) and Random Forests became the new leading 

algorithms when it comes to implementing PTS in industries in 2023. 

3.2.1 Feature Engineering 

The success of these models was dependent on the rich extraction of features on the software 

life cycle: 

1. Code Churn: The number of lines added/ removed/ changed. An increase in churn is 

associated with an increase in risk (Ngai et al., 2008). 

2. File Proximity The logical distance of the directory tree or dependency graph between the 

changed and test file. 

3. Co-change History: The percentage of times that File A and Test B have been edited in the 

same commit over history. This captures implicit logical couplings, which may be 

overlooked by a static analysis. 

4. Test Failure History Tests that have failed in the recent past or those that fail frequently are 

a priority. This is on the basis of the Hotspot theory-bugs congregate in unsteady places. 

5. Author Entropy - This is riskier when a new author or even a single author makes changes 

across multiple files (Nicho et al., 2018). 

3.2.2 Performance Metrics 

The role of these models in the industry was confirmed by 2023 industrial standards. 

• Harness: According to them, their ML-based Test Intelligence saved over 20-60 percent of 

unit test cycle time and defect identification corresponded with no difference to complete 

suites (Petrasch & Petrasch, 2022). 

• Launchable: Showed up to 90% improvement in the execution time of specific large test 

suites by solving the test selection as a ranking problem (Dynamic Subsetting). 

• Accuracy: It was established that models with code churn and history were able to predict 

test failures with F1-scores greater than 95 (Olivero & Olivero, 2019). 
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3.3 The Rise of Graph Neural Networks (GNN) 

One major academic development in 2023 was the use of Graph Neural Networks (GNN) to 

Test Case Prioritization (TCP). Where a standard ML model takes the features of code in the 

form of a flat vector, GNNs have the ability to consume the real non-Euclidean form of the 

Call Graph or Dependency Graph (Molina-Castillo et al., 2022). 

• Mechanism: GNNs (also known as Graph Convolutional Networks, or GCNs) are based on 

the aggregate of information of neighbors of a node. In case a critical node of the service 

is altered, then the signal of risk flows across the edges of the graph to other test nodes 

which are connected to it and the weighted by the topology of the graph. 

• Performance GNN-based approaches with 2023 studies demonstrated an Average 

Percentage of Faults Detected (APFD) score of 84.2, mostly surpassing traditional 

coverage-based, random, and even some methods of conventional ML prioritization 

(Markus et al., 2000). 

The topology of the microservices graph has latent signal in it that flat feature vectors do not 

capture, is implied. GNNs are more adept at the ripple effect of changes within complex, deep- 

nested microservice architectures. 

3.4 Reachability Algorithms and Optimization 

The basic problem in the case of Deterministic TIA is Graph Reachability: determine the set of 

all test nodes reachable by the set of changed source nodes. 

 

Calculating transitive closure in graphs with millions of nodes is computationally hard (O(N3) 

in naive implementations). 2023 Work In 2023 work was done to compute transitive closure in 

real-time CI pipelines. 
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• Techniques: Compact Cost Matrices and Reachability-based Context Pruning enabled tools 

to query reachability in near-constant time (O(1)) following optimized pre-processing 

procedure. This made TIA run in seconds even with huge monorepos (Manteli et al., 2014). 

 

4. Blast Radius and Risk Assessment 

Not every change is equally important in a dependency-aware system. A change in a UI button 

color has a small blast radius; a change in the schema of the database used by the User Profile 

service has an enormous blast radius. The Holy Grail of risk-based testing is an accurate 

quantification of this radius (Manteli et al., 2011). 

4.1 Quantifying Blast Radius 

In 2023, it was formalized on the basis of graph centrality scores within the Service 

Dependency Graph called Blast Radius. It ceases to be such a vague intuition but a quantifiable 

measure. 

• Formulaic Representation: It is given that G(V, E) is the service dependency graph. Blast 

Radius Score (B_R) of a service node s may be defined as a service node dependent on 

downstreams (fan-out) and the importance of these dependencies (Leyh, 2012). 

 

Where: 

• Descendants(s): All nodes reachable from s in the dependency graph. 

• Criticality(v): A weight assigned to service v (e.g., Tier-1 services like "Checkout" or 

"Auth" might have weight 1.0, while internal logging services have weight 0.1). 

• Distance(s, v): The path length (number of hops). 
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• alpha: A decay factor. Propagated risk typically decays with distance, as intervening 

services handle errors or buffer impacts (Lu et al., 2016). 

In 2023, a study presented the Trace Impact Score that includes dynamic data about run-time 

in this calculation. It counts the percentage of abnormal traces where a service occurs, 

effectively inlining the graph with traffic patterns and correlation with failures in the real world. 

This dynamic weighting enables the calculation of the Blast Radius to be in accord with real 

world use and not merely theoretical connectivity (Leno et al., 2021). 

4.2 Fault Injection for Empirical Validation 

In 2023, Chaos Engineering was incorporated directly into the TIA loop in order to confirm 

these theoretical Blast Radius calculations. Such tools as MicroFI (Microservice Fault 

Injection) take advantage of the service mesh by deliberately applying faults (latency, errors) 

to the modified service and tracing the propagation (Leiton & Silva, 2021). 

• Controlled Blast Radius: MicroFI operates like a distributed tracing, but it constrains the 

fault to the particular request headers (i.e. test traffic only), so that it does not affect 

production users. 

• Output: This produces an empirical Propagation Graph which proves or refutes the prima 

facie dependency graph. When the failure of Service A triggers the failure of Service C, but 

the static graph indicated no connection, then the system is learned a new dependency 

(Khadka et al., 2013). 

4.3 Risk Scoring and Release Governance 

ATI theoretical frameworks became operational in 2023 with the help of numerous solid 

enterprise platforms. Three main strategies were effective in the market: CI-Integrated, Quality 

Intelligence and ML-Native. 

Components of the Risk Score: 

1. Test Coverage of Changed Code: What percentage of the identified Blast Radius is 

covered by the selected tests? 

2. Historical Defect Density: How error-prone has this specific module been in the past? 

3. Complexity of Change: Cyclomatic complexity delta and code churn volume (Kedziora 

et al., 2021). 

4. Downstream Criticality: Does this change impact high-value business transactions (e.g., 

payments)? 

Policy-as-Code: In 2023, organizations adopted automated governance policies: "If Risk Score 

< 20, auto-deploy. If Risk Score > 50, require manual VP approval." This Automated Release 

Risk Governance reduces the bottleneck of manual change advisory boards (CABs) while 

maintaining safety standards (Hong & Kim, 2002). 
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5. Industry Case Studies and Platforms 

The theoretical frameworks of ATI were materialized in 2023 through several robust enterprise 

platforms. The market consolidated around three primary approaches: CI-Integrated, Quality 

Intelligence, and ML-Native (Juiz et al., 2018). 

5.1 Harness: The CI-Integrated Approach 

Harness framed its “Test Intelligence” solution as an indigenous aspect of the CI/CD pipeline, 

with the focus on the philosophy of Shift Left. 

• Mechanism: Harness takes a combination of a correlation engine and containerized 

execution of tests. It tools the construction process to trace code modifications to tests. 

• Key Metrics: Harness reported a 20-60% decrease in unit test cycle time. The feedback 

time in a case study of a "Portal" repository of approximately 16,300 tests was cut down to 

60 minutes with parallelization and the feedback time was cut further by 40 percent with 

Test Intelligence (Herm et al., 2020). 

• Differentiation: It is closely integrated with the wider Continuous Delivery platform, and 

can be automatically "Go/No-Go" on test results. 

5.2 SeaLights: The Quality Intelligence & Governance Approach 

SeaLights specialized in the field of "Quality Intelligence" and Test Gap Analysis serving large 

organizations with complicated compliance needs. 

• Mechanism: SeaLights requires the implementation of listeners within the CI pipeline 

(Build Scanner) and the agents within the test environment (Test Listener) to map the 

coverage (Gao et al., 2019). One such distinction is Test Gap Analysis: determining how 

there happened to be code that was not tested by any of the chosen tests that changed. 

• SAP Support: In 2023, SeaLights extended its primary business operations far into the 

SAP/ABAP ecosystem, extending TIA to legacy ERP environments- a major extension of 

the TIA domain outside of cloud-native microservices (Garousi et al., 2022). 

• Key Metrics: The customers reported that they had reduced testing cycle time up to 90 

percent by performing only the relevant tests and saved a lot of money by troubleshooting 

irrelevant failures. 

5.3 Launchable: The Machine Learning Approach 

Launchable (sold at about this time to CloudBees) was the pure-play ML approach to Predictive 

Test Selection. 

• Mechanism: Test selection that Launchable handles is a Learning to Rank problem. It uses 

historical metadata of gits and test outcomes to give each test a chance of failure (Finney 

& Corbett, 2007). 

• Dynamic Subsetting: It has a special ability known as Dynamic Subsetting: The user sets a 

constraint (e.g. I only have 20 minutes) and the model will fill that constraint slot with the 

most likely tests. 



International Journal of Applied Mathematics  

Volume 36 No. 4, 2023, 590-605 

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version)  

 

 

Received: Aug 15, 2023 601 

• Key Metrics Case studies reported a 90 percent overall decrease in test execution times of 

particular customers saving in thousands of machine hours per month (Flechsig et al., 

2022). Their Intelligent Test Failure Diagnostics also took part in triaging failures which 

minimized developer overhead. 

 

 

 

6. Economic Analysis and ROI 

The adoption of ATI in 2023 was motivated by the strong Return on Investment (ROI) numbers. 

The statistics show that smart testing is a colossal cost-saving and speed provider (Dumas, 

2022). 

6.1 Infrastructure Cost Reduction 

In large-scale enterprises that run tests on cloud instances (e.g., AWS EC2 Spot Instances), a 

decrease in the time spent running tests is directly proportional to a decrease in the number of 

compute costs. 

• Data Point: A medium-size fintech company noted a 34.3 percent decrease in the total 

infrastructure expenses after adopting autonomous test selection (Eulerich et al., 2022). 

• Scale: When a company incurs 1M/year of CI/CD compute, a 30-50% decrease is a big 

saving which should be compensated by the costs of ATI tools licensing (Farshidi et al., 

2021). 

6.2 Developer Productivity and Velocity 

Wait time of developers is the hidden cost of testing. In the case of a developer waiting 45 

minutes to build a project, he context-switches, which is not productive (Chondamrongkul, 

2016). 
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• Wait Time Minimization: ATI enables developers to remain in the flow since it ensures that 

feedback loops take less time (i.e., hours to minutes in the case of Harness), ATI ensures 

that feedback takes less time (e.g., 60 minutes to less than 15 minutes). 

• Maintenance: AI tools that can self-heal and improved flakiness detection are able to offset 

maintenance work on QA teams (Dezdar & Sulaiman, 2009). It was reported that up to 41 

percent of time of developers can be spent on traditional maintenance; AI-based tools 

significantly reduced it. 

6.3 Quality Metrics: Defect Escape Rate 

One of the most widespread concerns about TIA is that by testing less, you get more bugs. 2023 

statistics say otherwise. The shorter feedback loop enables developers to correct bugs when the 

code is still fresh in their memory hence resulting in a better overall quality (Bézivin, 2005). 

• Defect Reduction: The rate of defect escape in AI-based TIA reduced dramatically in 

organizations, by as much as 15 to 8 (Barki & Pinsonneault, 2005). 

• Breaking Changes: AI-generated/selected tests identified 83.9% of breaking changes on 

service boundaries, which is more precise than manual regression suites. 

• Total ROI: The organizations that implemented the best testing strategies have reported that 

the post-release defects are reduced by 40% and deployment cycle is 25 times shorter. 

6.4 ROI Table: Traditional vs. Intelligent Testing (2023) 

Metric 
Traditional 

(Retest-All) 

Autonomous Test 

Intelligence 

Improvement 

Impact 
Source 

Unit Test Cycle 60 - 300 mins 5 - 45 mins 20-90% Faster  

Integration 

Feedback 
4 - 24 hours 30 - 90 mins ~70-80% Faster  

Selection Ratio 100% of tests 10% - 30% of tests 70-90% Reduction  

Defect Escape 

Rate 
15% - 25% 8% - 10% 

~40-50% 

Improvement 
 

Infrastructure 

Cost 

High (Linear 

growth) 
Optimized (-34%) 34% Savings  

 

7. Future Directions: Generative AI and Autonomous Remediation 

While 2023 was the year of Test Selection, the latter half of the year hinted at the rise of Test 

Generation. 

7.1 From Selection to Generation (GenAI) 

The next step is to use Large Language Models (LLMs) not only to rank existing tests, but also 

to generate absent tests. 
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• Close the Gap: When a Test Gap (changed code that lacks coverage) is detected by 

SeaLights, an agent based on GenAI would have the potential to understand the code 

modification and come up with unit test to address the gap immediately (Bannerman, 2009). 

• Agentic Workflows: The first agentic tools such as GALA (Graph-Augmented LLM 

Agents) were introduced, which refers to causal inference and providing new test cases of 

regression to the LLM (Anagnoste, 2018). 

7.2 Self-Healing Tests 

The other half of the equation cost is maintenance. Self-healing Tests automatically update 

themselves as the application is modified (e.g. change of a button ID to #submit to #btn-submit) 

(An et al., 2022). Some deployments of AI-based self-healing in 2023 were able to cut test 

maintenance overhead by 57% and provide the "Selection" engine with a trusted set of tests to 

select. 

8. Conclusion 

By late 2023, Autonomous Test Intelligence had become an experimental technology that 

turned into a key element of the current DevOps stack. The evidence is clear: in the systems 

that have a high dependency, the human capacity to think about the consequences of a 

modification has been overwhelmed by the complexity of the system. 

The shift is fundamental. It is shifting away at the industry toward Deterministic Validation 

(run everything to be sure) to Probabilistic Validation (run what matters based on quantified 

risk). This shift is made possible by the coming together of three technologies as follows: 

Service Meshes (data), Graph Theory (map), and Machine Learning (intuition). 

Dependency-Aware Validation systems have become a necessity to organizations that operate 

on a large scale. It is the only system which can be used to reconcile the competing pressures 

of high development velocity and stringent system reliability. Retest-All days are long gone; 

now there are the days of Test Smart. 
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