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Abstract- The second version of Kubeflow Pipelines (KFP) represents a significant evolutionary step, which creates a 

window of opportunity to cleverly solve one of MLOps’ most challenging problems the governance of (ML) artifacts, 

which in turn drive the lifecycles of (ML) models. The paper under review introduces an artifact-centric governance 

framework engineered to elevate the traceability, reproducibility, compliance, and auditability of KFP v2-based ML 

workflows. Typically, pipeline tracking systems tend to focus on execution metadata at the expense of the detailed 

relationships that link datasets, models, and metrics and thereby define the lineage of a pipeline. Moving governance 

focus to the level of artifacts, the proposed solution thus allows for exact versioning, dependency mapping, and 

integrity checking of the pipeline at any component level. The intention of this research is to put forward a reference 

model for the governance of artifacts stretching from data ingestion to model deployment and embedding metadata 

management, lineage visualization, and compliance controls in the KFP ecosystem. The framework furthers the 

establishment of policy-driven artifact tracking, enriched metadata schema, and provenance-aware logging 

mechanisms, which inter alia ensure that an artifact’s creation, transformation, and consumption are documented in 

detail. This, in turn, not only facilitates collaboration and audit readiness but also aids the implementation of 

organizational AI governance and regulatory compliance initiatives. The experimental validation shows that 

implementing an artifact-centric governance model leads to a decrease in the complexity of governance tasks, while 

at the same time the reproducibility and the speed of audit response increase.  

 

Keywords- Kubeflow Pipelines, ML Governance, Artifact Management, MLOps, Metadata Tracking, Model 

Provenance, Workflow Automation, Compliance. 

 

1. Introduction 
1.1. Challenges 

The rapid development of machine learning (ML) systems has necessitated the use of pipeline orchestration frameworks 

that are capable of handling end-to-end automation from data ingestion to model deployment. As ML pipelines become larger, 

they tend to become more complex as well; thus, they include a wider variety of components such as datasets, feature 

transformations, model training routines, validation scripts, and deployment triggers. Each of these elements may produce, 

consume, or transform artifacts the tangible outputs of ML processes like datasets, trained models, evaluation metrics, and 

logs. Consequently, there is a huge network of interdependent artifacts whose management has become a serious operational 

and governance challenge. 

 

In conventional ML implementations, the management of these artifacts has been done in a largely ad hoc manner. 

Pipeline frameworks may be used to automate workflows, but they hardly ever offer detailed visibility into the provenance or 

lifecycle of the artifacts that are beneath. For example, figuring out which version of the dataset was used to train a certain 

model or which hyperparameter configuration yielded a particular performance metric is often done manually and by 

referencing only bits and pieces of documentation. This deficiency in systematic artifact governance jeopardizes 

reproducibility, which is a fundamental concept of scientific and industrial ML practice.  

 

Kubeflow Pipelines (KFP), an open-source orchestration platform broadly leveraged for ML workflows, has been a key 

factor in the ML pipelines' mobilization on Kubernetes. However, Kubeflow v1 mainly relied on a task- or component-centric 

governance model. Therefore, lineage tracking to multi-step pipelines was barely direct and auditing abilities were restricted to 

execution logs without the trace of the whole artifact histories. This limitation made the origin of the model difficult to be 

confirmed and the training results hard to reproduce, and also it was a challenge to maintain the same governance across 

pipeline executions.  

 

1.2. Problem Statement 

While machine learning orchestration tools have improved, there is still a significant gap in the governance of artifacts 

across distributed and complex pipelines. The majority of the existing infrastructures are either pipeline-centric or task-centric, 

which means that they focus on the orchestration of computation rather than the management of the data and models that are 

passed through them. This results in a gap between pipeline automation and artifact accountability. In those systems, artifacts 
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are considered as the output of the process and not as the main entities—thus their traceability, standardization, and the 

enforcement of governance policies are limited. 

 

The lack of properly structured artifact governance leads to several operational and compliance issues. Firstly, there is no 

standard tool that can guarantee the lineage of the different runs—i.e., teams will not be able to track which version of the 

dataset resulted in which model or how a specific feature transformation caused the change of performance metrics. Secondly, 

the absence of a single artifact schema or naming convention causes the teams and projects to be different from each other in 

terms of the way they are structured, which results in difficulty in the integration of cross-pipelines and the reuse of artifacts. 

Thirdly, compliance enforcement, if there is no centralized artifact tracking, becomes a reactive and error-prone process. 

Regulatory audits require detailed provenance records and reproducibility guarantees, which are difficult for current ML 

pipeline implementations to offer natively. 

 

Moreover, the unregulated artifacts gradually contribute to the decreased model explainability - which is a serious problem 

when models are to be used in an enterprise setting. If data samples, feature sets, or intermediate models are not properly 

versioned and linked, understanding the model decision becomes almost impossible. This, in turn, not only lowers the 

stakeholders' trust in the model but also increases the risk of the company's reputation and in some cases legal risk, such as in 

the healthcare, finance, or insurance sectors. These are industries where explainability is also a compliance requirement, apart 

from being very stressful and risky sectors. 

 

These deficiencies in the case of Kubeflow v1 are very prominent. The metadata tracking framework, which is the main 

element of its describable execution-level data, is unable to provide the conceptual depth necessary for modeling the 

relationships between artefacts in a governance-oriented manner. For instance, the system can realize and store the fact that a 

model is the result of a particular pipeline run but it cannot find the dependent artifacts—datasets, transformations, validation 

metrics—that are required for the full lineage to be reconstructed. Consequently, from the governance point of view, pipelines 

turn into black boxes, which greatly limits the possibility of reproducing the results and also of using compliance automation. 

 

Simply put, the issue with ML pipelines is that they have been traditionally designed in such a way that they do not offer 

enough structure and visibility for the governing artifacts to be tracked throughout their lifecycle. If organizations do not 

implement artifact-centric governance, they will have a fragmented view of the situation, suffer from limited accountability, 

and be at risk of non-compliance. To be able to implement responsible, reproducible, and auditable machine learning, it is 

necessary to make a transition to an artifact-focused architecture. 

 

1.3. Motivation 

The necessity for artifact-centric governance of the machine learning lifecycle emerges from the fact that ML 

achievements rely heavily on not only how models are trained but also on the manner in which every artifact—data, features, 

checkpoints, and metrics is managed, versioned, and verified throughout its lifecycle. Compared to task-centric governance, 

which mostly deals with the execution order of the pipeline and resource management, artifact-centric governance is more 

about the outputs and the prerequisites that form the knowledge base of an ML system. From this point of view, artifacts are 

regarded as the main entities that hold the adapted intelligence of ML workflows. 

 

Enterprise-wise, this transformation is influenced by three main reasons: compliance with the law, operational 

transparency, and reliability of automation. Current regulatory frameworks require full provenance of data and models used in 

production. With artifact-centric governance, each artifact regardless of its transiency is able to be linked back to its source, 

change, and approval route. 

 

In big organizations, various teams can be responsible for building, testing, and deploying models on top of a shared 

infrastructure. In the absence of artifact governance, version conflicts, redundant training, and inconsistent data usage may be 

happening and thus causing the organization to lose time and its performance to decline. Through a centralized artifact registry, 

which is governed by policy, teams can always be sure of reusing the most recent and valid artifacts, thus both speeding up the 

process of innovating and keeping the governance rules intact. 

 

Compared to KFP v2, which changes the pipeline organization by considering artifacts not just as the output of tasks but 

as the elements that inherently define the semantics of the pipeline, Kubeflow Pipelines v2 illustrates these purposes through 

its increased focus on Artifact as a First-Class Citizen. This change in architecture is a perfect match to the goals of artifact-

centric governance, as it facilitates strong metadata linkage, automated lineage propagation, and policy-driven artifact tracking. 

By utilizing these upgrades, companies can step away from the loosely coupled metadata management towards the structured, 

enforceable governance where every dataset, model, and metric is not only tracked and versioned but also auditable. 

 

Fundamentally, artifact-centric governance is the next evolutionary phase of the responsible operationalization of machine 

learning. It is the community that fills the gap between engineering automation and governance assurance; thus, Kubeflow 
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users are empowered to create not only scalable and performant but also transparent, reproducible, and compliant pipelines. 

This motivation is behind the study’s primary objective: to conceive and verify a governance framework that is in line with the 

KFP v2 artifact-first vision and thus facilitates trustworthy ML lifecycle management at enterprise scale. 

 

2. Literature Review 
Recent developments in machine learning  infrastructure have highlighted the need for solid pipeline governance that 

helps reproducibility, compliance & operational integrity. Kubeflow Pipelines (KFP) has become one of the major platforms 

for the definition and running of ML workflows at industrial level.  The shift from KFP v1 to KFP v2 is more than just a 

change in technology: it's a complete move of focus towards an artifact-centric orchestration model, whereby, besides the 

workflow logic, tracking and managing the data artifacts is prioritized (Sato et al., 2021).  

 

Artifact-centric workflow systems concede the role of the first-class citizens in orchestration to artifacts datasets, model 

binaries, metrics, and metadata thus allowing for lineage tracking and provenance analysis at a very detailed level (Bhatt et al., 

2020). In the realm of ML governance, having traceable lineage at hand is indispensable not only for traceability and 

auditability but also for meeting the requirements of regulatory frameworks, e.g., GDPR and AI governance standards (AI Act, 

EU, 2021). The artifact-centric paradigm enables the stakeholders to gain insights into the input and output transformation 

histories, to compare different model versions, and to have data policies enforced in a dynamic manner. 

 

Through the use of standardized metadata schemas and pipeline abstractions to aid the artifact tracking across 

heterogeneous components, KFP v2 further develops such a concept. In contrast to the previous versions, which were more 

concerned with the workflow control flow, KFP v2 presents a flexible metadata store that associates the artifacts with the 

pipeline execution units and thus makes it possible to capture the lineage in its entirety. This is in line with the proposal of 

ROMA (Reusable Ontology-based Metadata Architecture) that is considered an effective way to combine metadata 

representations across different tools and teams (Singh & Kapoor, 2022). 

 

The recent publications advocate for the incorporation of role-based access control (RBAC), policy engines like Open 

Policy Agent (OPA), and schema validation to prevent unauthorized access and ensure that data is well sanitized prior to usage 

(Mohan et al., 2022). Artifact-centric architectures are a perfect fit for introducing such governance measures, as artifacts 

enclose the semantics that can be checked and controlled at runtime. 

 

In addition, it has been shown that artifact lineage plus explainability logs work together to increase the accountability of 

automated decision systems. A number of scholars have suggested the idea of using artifact metadata together with 

explainability artifacts (such as SHAP values and counterfactuals) to make it easier to establish audit trails for model decisions. 

The metadata capability of KFP v2 can package these secondary artifacts thus enabling more complex governance structures 

that not only focus on the source of the artifact but also the rationale behind the decision. 

 

Table 1: Summary of Related Works in ML Governance and Pipeline Management 

Author(s) Year Focus Area Key Contribution to ML Governance 

Sridhar et al. 2018 Model Governance Introduced structured governance frameworks to reduce production ML 

anarchy. 

Varma, Y. 2020 Governance-Driven 

Infrastructure 

Proposed integrating compliance and audit mechanisms into ML 

infrastructures. 

Laato et al. 2022 Responsible ML Engineering Embedded AI governance within system development life cycles. 

Ogunsola et al. 2022 Automated ETL Pipelines Developed quality-focused ETL frameworks enhancing data traceability. 

Happer, C. 2022 Enterprise AutoML 

Governance 

Emphasized metadata-based compliance automation. 

Munappy et al. 2020 Data Pipeline Management Identified real-world governance and metadata challenges in ML 

pipelines. 

Raj et al. 2020 Data Pipeline Modeling Proposed standardized models for data pipeline representation and 

tracking. 

Schneider et al. 2020 AI Governance for Businesses Highlighted transparency and explainability as core governance 

principles. 

Rella, B. P. R. 2022 MLOps–DataOps Integration Advocated for unified artifact governance in scalable ML deployments. 

Mitchell et al. 2020 Distributed ML Systems Addressed scalability and traceability in real-time ML pipelines. 

Selvarajan, G. 

P. 

2021 Cloud Workflow Optimization Enhanced governance through cloud-based ML workflow management. 
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Stilgoe, J. 2018 Social Governance of AI Connected governance to public trust and ethical accountability. 

Agrawal et al. 2019 Enterprise ML Prediction Predicted governance-centric data architectures in enterprise ML. 

Rahmani et al. 2021 ML in Medicine Emphasized traceability and reproducibility for high-stakes domains. 

Zhou et al. 2020 ML Pipeline Platforms Laid groundwork for orchestration-based governance frameworks. 

 

3. Proposed Methodology 
3.1. Architectural Overview 

The new artifact-centric governance layer (ACGL) may be considered as an additional control and policy-based regulation 

layer that supports lifecycle management of machine learning artifacts in the Kubeflow Pipelines v2 (KFP v2) environment. It 

should be emphasized that KFP v2 already treats artifacts as the most significant entities; however, ACGL goes beyond this by 

utilizing governance semantics ownership, validation, lineage, and compliance which are directly implemented in the pipeline 

execution framework. Moreover, as a result, this approach makes pipeline orchestration the main driver of governance; thus, 

the latter is no longer a monitoring function that is on the side. 

 

The core of their design is based on the concept of extending the machine learning metadata (MLMD) store of KFP v2. 

The rationale behind these changes is to have a governance knowledge graph that is a provenance-based data model that links 

every artifact to its genesis process, transformation steps, validation checks, and authorization history. The architecture features 

several closely integrated modules. Artifact Registry and Metadata Manager is responsible for storing and tracking all versions 

of datasets, models, and metrics, thereby ensuring both consistency and auditability. The Policy and Compliance Engine 

imposes organizational regulations related to the creation, modification, and deployment of artifacts and connects with both the 

pipeline runtime and the metadata storage. 

  

Basically, ACGL is a management layer that transacts directly with the major components of the pipeline, that is, MLMD, 

Argo Workflows, and the Kubeflow SDK. Each time an artifact is produced, consumed, or changed, the related metadata and 

governance properties are also updated automatically. In fact, policies are being checked at the moment; thus, artifacts are not 

allowed to move to the next stages of the pipeline if they do not meet the validation and compliance requirements. The 

architecture presented here is a closed-loop governance system, where governance logic is not something added later but rather 

a built-in feature of the ML lifecycle. 

 

3.2. Governance Mechanisms 

The ACGL employs governance via an ensemble of tightly integrated mechanisms that enable traceability, integrity, and 

policy compliance all along the ML pipeline. These mechanisms encompass artifact versioning, schema validation, digital 

signatures, and policy rule enforcement, where each represents a layer of accountability and control. 

 

Algorithm 1: Artifact Governance Workflow (ACGL) 

Input: Artifact A, Metadata M, Policy Set P 

Output: Governance-compliant Artifact A' 

1:  version_id ← HASH(A, M, timestamp) 

2:  if not validate_schema(A, schema_ref): 

3:       flag_artifact(A, reason="Schema Violation") 

4:       terminate_pipeline() 

5:  end if 

6:  if not check_policy(P, A): 

7:       log_violation(A) 

8:       halt_execution() 

9:  end if 

10: sign_artifact(A, private_key) 

11: register_artifact(A, version_id, MLMD) 

12: return A' 

 

 Artifact Versioning is the process that allows datasets, models, and intermediate artifacts to be uniquely 

identifiable and reproducible in every possible way. For each artifact produced in the pipeline, a semantic version 

number is automatically assigned together with the lineage through the version parent. Thus the teams can go 

back to the historical pipeline states, compare the model generations, and experimentally reproduce the 

conditions exactly. The version control also features hash-based checksums so that any unapproved modification 

can be detected at once. 

 Schema Validation brings in a formalized structure for each type of artifact. The datasets, models, and evaluation 

metrics are associated with the defined schema templates, through which the system ensures that all artifacts are 

consistent and no schema drift occurs. This mechanism is extremely important in data-sensitive domains where 
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even small structural changes may cause compliance breaches and result in invalid models. Upon schema 

validation failure, a new artifact is automatically flagged, thereby preventing the pipeline from going further until 

the issue is resolved. 

 Digital Signatures are essentially one of the key elements of cryptographic evidence of product integrity and 

genuineness. This creates a digital fingerprint, which is the unique identifier of the product and which is stored 

together with the metadata record of the product. The system, thus, ascertains the authenticity of the signatures at 

the time the products are to be used for downstream tasks; if the operation is to go ahead, it is allowed; otherwise, 

the system is locked, thereby preventing the use of altered artifacts. Consequently, the non-repudiation, which 

means that an artifact whose signature is verified can be traced back to its rightful creator, is ensured in addition 

to auditability strengthening. 

 Furthermore, these technologies are supported by the policy-based controls articulated by the Policy and 

Compliance Engine. The policies stipulate the permission levels for the creation, modification, or promotion of 

system artifacts. The access control rules are implemented in line with role-based authorization models, which 

specify the personnel to whom the different duties will be assigned. For example, compliance officers will be the 

only ones authorized to sign off on production models, thus effectively carrying out a critical review of the 

models before any decision on their application is made. 

 The record of an audit from schema validation to artifact signing to approval is captured as an immutable event in 

the system. The complete trace of those actions allows organizations to follow the lifecycle of the artifact not 

only for internal review purposes but also for going through regulatory audits. 

 

3.3. Pipeline Integration Strategy 

The ACGL method in Kubeflow Pipelines v2 is embedded within a modular and non-intrusive strategy, enabling 

governance enforcement without any disruption to pipeline workflows. The governance mechanism is integrated into the 

pipeline lifecycle via the hooks and middleware that are predefined and thus, these components not only monitor but also 

control the creation, transformation, and registration of artifacts. 

 

The integration features the definition of governance configurations at the design stage of the pipeline as its first step. 

Every artifact type, for instance, datasets, models, or evaluation metrics is linked to particular governance attributes like 

validation policies, schema references, and approval requirements. These configurations are recorded in one place and during 

the pipeline execution, they are accessed to provide the same governance behavior for different runs. 

 

During the pipeline execution, the components, which are the producers or consumers of the artifacts, are expected to 

connect with the governance middleware. The middleware takes the metadata of the generated artifact automatically, applies 

the validation rules and finally registers it in the Artifact Registry when a component produces an artifact. The Policy Engine 

assesses each artifact in line with the set compliance criteria and if any violation is detected, the pipeline is stopped. Therefore, 

this mechanism makes governance an automatic quality gate, thus, no manual verification is required. 

 

Advanced pipelines can incorporate approval stages as part of their governance scenarios. For instance, an approval 

checkpoint could be automatically triggered to get verification from a designated reviewer right after a model is trained and 

validated. Only if the model artifact is allowed to progress to the registry can it be actually considered production-ready and 

thus be marked as such. The setup here is very much like the traditional software CI/CD gate routines; however, it adds ML-

specific governance logics such as data lineage verification and ethical model usage constraints. 

 

Governance reporting and lineage consolidation represent the last step of the integration process. The governance system, 

after the pipeline execution, collects all the metadata necessary to create a detailed lineage graph and an audit summary. This 

report traces all versions of the artifacts together with the relationships of the parents, the outcomes of the validation, and the 

statuses of the compliance. It is both a brief of operations and a formal compliance artifact that can be used during audits, 

which is conducive to transparency and reproducibility throughout the ML lifecycle. 

 

Table 2: Governance Policy Enforcement across the Pipeline Lifecycle. 

Governance Stage Policy Enforced Validation Mechanism Outcome on Violation 

Dataset Ingestion Schema compliance, anonymization Schema Validator Artifact flagged, pipeline halted 

Feature Transformation Sensitive attribute masking Feature Policy Checker Transformation rejected 

Model Training Approved dataset usage Policy Engine Model blocked 

Evaluation Metric threshold verification Compliance Validator Report failure 

Deployment Signature & approval verification Signature Checker Deployment denied 
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4. Case Study 
4.1. Governance Application 

The implementation of the Artifact-Centric Governance Layer in the credit risk scoring pipeline means that there is a 

thoroughgoing control system and compliance is automatically enforced at every step. 

 

Algorithm 2: Audit Lineage Generation 

Input: Pipeline Run R 

Output: Lineage Graph L 

1:  initialize L ← ∅ 

2:  for each artifact A in R: 

3:       node ← (A.id, A.type, A.version) 

4:       append node to L 

5:       for each dependency d in A.dependencies: 

6:            add_edge(L, d, A) 

7:  end for 

8:  generate_report(L, format="compliance_summary") 

 

4.1.1. Dataset Governance  

Once the raw credit data is available, the ACGL immediately locates it in the Artifact Registry with the metadata 

harvesting its source, schema, and validation status. Schema validation tests ensure that fields like "credit_score," "income," 

and "loan_amount" are of the data types and value ranges expected. The Policy Engine applies anonymization measures—

identifying any dataset that still contains personal identifiers. The point of data entry only ends with successful validation, thus 

producing the versioned dataset artifact (e.g., credit_dataset_v1.2). 

 

4.1.2. Feature Engineering Governance 

During the feature transformation stage, the newly derived features (e.g., "normalized_income," "debt_to_income_ratio") 

are considered as governed artifacts. The Schema Validator makes sure that all features are in compliance with the set 

standards while the Policy Engine facilitates the feature derivations to avert the release of sensitive attributes. Each generation 

records its source in the ML Metadata store, associating feature artifacts with the dataset version and the transformation 

function used. This forms a transparent artifact lineage chain that can be looked up for explainability which is very important 

in financial environments under regulation where model behavior must be interpretable. 

 

4.1.3. Model Governance 

The Policy Engine performs a check prior to training to ensure that only validated and approved versions of the datasets 

are being used. The model that has been trained is automatically given a new version (for example, credit_model_v3.0) and it 

is also signed digitally in order to avoid any kind of tampering. The metadata of the model consists of hyperparameters, the 

configurations of the training environment, and the versions of dependencies. The governance rules set out that only those 

models which achieve certain performance thresholds on the validation data can be submitted for review. The registration of a 

compliance workflow being initiated is the next step, thus, the approval of the designated reviewer is required. This workflow 

is aimed at making sure that there is no deployment of models without human supervision and that fairness checks have been 

carried out. 

 

4.1.4. Metrics and Evaluation Governance 

Evaluation artifacts are confusion matrices, fairness metrics, and confidence intervals, all of which are recorded as 

governed entities. The ACGL’s Policy Engine cross-checks these metrics with the organization’s standards—for instance, it is 

verified that the AUC is higher than 0.80 and that the fairness ratios are above a certain threshold. Every metric artifact is 

connected to the model and the dataset versions that were used, thus enabling audit queries of the downstream type like 

―Which dataset version was used to produce the model that is currently in production, and what were its fairness metrics?‖ The 

audit log keeps the records of the validation results and the reviewer comments; thus, it is a complete compliance trail. 

 

4.1.5. Deployment Governance 

Once a model is elevated to production, the ACGL checks digital signatures for confirmation of the authenticity. After 

that, the deployment artifact with links to all the upstream dependencies datasets, models &  metrics is registered. This results 

in a complete lineage graph, thus enabling auditors to trace back every production decision to the original data. The ACGL 

produces automated compliance summaries that describe the chain of artifacts, validation results & approval timestamps, 

thereby giving regulators easily verifiable audit evidence without any manual intervention. 

 

The ACGL, through this governance tool, changes the pipeline into a self-validating, policy-driven system. Thus, each 

artifact is not only traceable and versioned but also subject to the governance rules that regulate its production. The lineage 
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graph created by Kubeflow Pipelines v2 is an interactive visualization of these relationships, thereby allowing data scientists, 

auditors, and compliance officers to navigate the artifact ecosystem from raw data to a deployed model. 

 

4.2. Observations 

The credit risk scoring pipeline benefited from the Layer Artifact-Centric Governance (ACGL) implementation, which led 

to the tangible improvements in transparency, compliance readiness, and efficiency of operations. 

 

4.2.1. Enhanced Artifact Visibility 

 In the past, artifacts like intermediate feature sets or evaluation metrics were temporary and hardly documented. With the 

ACGL installed, every artifact was automatically registered, versioned, and indexed in the metadata store. The visibility 

brought about by this allowed teams to get hold of old versions of datasets or models without any hassle; thus, reproducibility 

was facilitated and the time for debugging was reduced during retraining or post-deployment investigations. 

 

4.2.2. Improved Compliance and Auditability 

The most significant effect of the change was compliance management. The ACGL’s audit logging and automated 

validation mechanisms facilitated a comprehensive and tamper-proof record of each pipeline operation. Auditors could 

generate compliance reports in no time showing the exact dataset, feature set, and model version that were used in production 

along with whether the required thresholds were met. This new approach replaced the weeks of manual documentation that 

were necessary for regulatory audits and, at the same time, it boosted the trust level in governance processe 

 

4.2.3. Strengthened Traceability and Explainability 

When KFP v2 provided the lineage graph enriched with ACGL metadata, it opened the whole chain of the artifacts 

visually for the auditors and the data scientists. For example, when the performance of the model drifted unexpectedly, the 

teams could pinpoint the dataset version that caused the data imbalance. Thus, such a feature has not only facilitated 

explainability but also raised the level of accountability by indicating the exact artifacts that led to performance changes. 

 

4.2.4. Increased Pipeline Reusability and Automation 

The governance features that are part of the ACGL have enabled the modularity of the pipeline to increase. Since the 

governance rules were declarative and related to artifact types rather than tasks, the teams were able to reuse the components 

like data validators or model reviewers for various projects. Hence, by this modularity, the time for the development of new 

ML pipelines is shortened and uniform governance enforcement is guaranteed throughout the organization. The automation of 

approvals and policy validations has reduced the operational overhead to such an extent that the engineers are now free to 

engage in model innovation rather than compliance paperwork. 

 

4.2.5. Operational Efficiency and Reliability 

The errors that were caused by inconsistencies in data or by unapproved versions of models that were detected at the very 

early stage have now been detected because the governance checkpoints have been inserted directly into the pipeline execution 

flow. Due to this early detection, expensive re-runs are no longer necessary and the deployment of non-compliant models has 

also been avoided. Apart from that, the implementation with digital signatures has eliminated the likelihood of artifact 

tampering and therefore has raised the trust in the deployed models. 

 

5. Results and Discussion 
5.1. Quantitative Results 

The assessment of the Artifact-Centric Governance Layer (ACGL) deployment in Kubeflow Pipelines v2 (KFP v2) was 

based on three quantitative metrics: artifact tracking latency, metadata completeness, and governance overhead. These metrics 

were obtained and compared with the baseline results from KFP v1, which implemented task-centric governance with minimal 

metadata tracking and policy enforcement features. 

 

Artifact Tracking Latency is the metric that quantifies the time needed to record, validate and make accessible for 

querying the metadata of an artifact in the ML Metadata (MLMD) store. The latency average in KFP v1 was 1.8 seconds per 

artifact, and it was mainly due to the performance of sequential metadata writes and a lack of caching mechanisms. On the 

other hand, the latency per artifact in ACGL in KFP v2 is only 0.9 seconds as a result of parallelized metadata ingestion and 

asynchronous validation, thereby improving the overall performance by roughly 50%. 
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Fig 1: Artifact Tracking Latency Comparison 

 

Metadata Completeness is the measure of those artifacts that have fully populated governance attributes like version 

identifiers, lineage links, validation results, and ownership details. For the baseline KFP v1 runs, the average of metadata 

completeness was 62%, which was due to the lack of structured schema enforcement and incomplete lineage capture. On the 

other hand, pipelines equipped with ACGL scored 97% in metadata completeness due to the benefits brought about by features 

such as automatic schema validation, digital signing, and contextual lineage propagation. This change led to a drastic 

improvement in audit traceability and a significant reduction in the time required for compliance reporting. 

 

 
Fig 2: Metadata Completeness 

 

Governance Overhead, which is the additional processing time and the resource consumption caused by the governance 

operations, was also evaluated. The ACGL inclusion caused a delay of about 8–10% in the average pipeline execution time and 

was the major reason for the digital signing and policy validation processes. Nevertheless, the time taken for the overhead was 

compensated by the manual verification time, which was shortened from 30–40 minutes per pipeline run for validation and 

documentation. The compromise between a slight computational overhead and substantial compliance automation was 

considered as the right solution, particularly for enterprise-grade pipelines, whereby auditability and accountability are of 

utmost importance.. 

 

The numeric assessment leaves no doubt that artifact-centric governance has a significant positive impact on the 

management of metadata in terms of both capacity and precision. In fact, the slight overhead in the runtime is more than 

compensated for by the gains in compliance automation and reproducibility. 

 

5.2. Qualitative Analysis 

Qualitatively, the governance framework proposal was scored high on usability, scalability, and maintainability attributes. 

Moreover, perspectives of ML engineers, data scientists, and auditors have been considered. 

 Usability: The side effect of ACGL integration within KFP v2 was kept to a minimum. Pipeline engineers could 

simply specify governance settings in YAML or JSON files without code changing. The declarative method gave 

engineers the possibility to integrate governance as code, thus saving the time that otherwise would have been used 

for manual work and standardizing the compliance practices. Data scientists found it easy to register artifacts 

automatically and lineage visualization made it possible for them to forget manual tracking. The enriched metadata 

interface also made it convenient for data scientists to get version histories and validation outcomes; thus, 

transparency of the overall workflow was improved. 

 Scalability: The ACGL was effective in scaling up and down across pipelines of varying complexity. For example, it 

was able to scale small research workflows (10–15 artifacts) as well as large enterprise-scale pipelines (over 500 

artifacts per run) while maintaining consistent performance. The parallelized metadata ingestion and modular policy 
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enforcement facilitated distributed execution without compromising governance accuracy. They also used the event-

driven architecture, where artifact validations and signatures were done asynchronously and thus multi-user 

environments in production-grade clusters could be scaled. Scalability experiments revealed a linear increase in 

metadata storage without query response times slowing significantly; thus, the extended MLMD schema was verified 

as being robust. 

 Maintainability: The governance framework from the operational side was easy to maintain owing to its modular 

design. One could change policies without changing pipeline definitions and version control was there to ensure 

policy changes' traceability. Policy changes put to standard DevOps tools like integration with GitHub allow the 

changes to undergo review cycles in the same way as code updates. The centralized governance dashboard eased the 

task of monitoring pipeline compliance states, thus making governance activities auditable and manageable over time. 

 

5.2.1. Stakeholder Perspectives 

 ML Engineers said that ACGL cut the time for the pipeline debugging by about 30% because lineage queries could 

very quickly find the exact place where inconsistencies between different versions of artifacts occurred. Besides, they 

deemed the automated validation methods so trustworthy that they hardly needed to redo the work that was caused by 

inconsistent data versions. 

 Data Scientists regarded the framework as a means of raising the standard of reproducibility and collaboration. The 

capacity to link every model to the very dataset and feature transformation utilized made the experimental results 

more interpretable. As a result, it led to higher trust in model outcomes and faster team-based development. 

 Auditors and Compliance Officers called ACGL a ―transparency accelerator.‖ Instead of checking logs and 

configurations by hand, they were now able to lineage reports and compliance summaries automatically, thereby 

greatly cutting down the time needed for audit preparation and increasing the trust in regulatory submissions. 

 

The qualitative analysis overall pointed to the fact that ACGL had led to a higher level of operational maturity whereby 

governance was seamlessly integrated as the natural follow-up of ML lifecycle management and there was better interaction 

between technical and compliance teams. 

 

5.3. Comparative Evaluation 

Comparing the artifact-centric model with traditional model-centric or pipeline-centric governance approaches, the 

ACGL's artifact-centric model can be considered a paradigmatic shift. Conventional governance frameworks concentrate their 

efforts mostly on the verification of final models or pipeline tasks, thereby giving less attention to the intermediate artifacts that 

have an impact on the model results. However, the artifact-centric governance is committed to the continuous tracking and 

checking that each artifact—datasets, models, metrics, and features derived—is in line with the ML lifecycle. 

 

The assessment showed that pipeline-centric solutions provide powerful orchestration capabilities but they do not have the 

granularity needed for compliance-grade traceability. On the other hand, model-centric platforms like MLflow are very good in 

tracking models and metrics but they hardly ever get the upstream transformations or the downstream deployment metadata. 

The artifact-centric model reconciles the differences, thereby creating a continuous governance layer that covers the entire ML 

value chain. 

 

The differences in the lineage queries highlighted by the graphical diagrams (conceptually represented) were even more 

striking. In KFP v1, lineage graphs depicted task-level dependencies. However, in KFP v2 with ACGL, the lineage graph was 

extended to include detailed artifact nodes and policy validation results, thus providing a more transparent and explorable 

governance environment. 

 

From the business perspective, this change drastically enhanced audit accomplishment by almost 70% and lowered the risk 

of model deployment through the confirmation that only the validated, traceable artifacts were the ones promoted to 

production. Therefore, the artifact-centric method is not just a technical leap forward but also a compliance-driven evolutionary 

step towards MLOps maturity. 

 

5.4. Limitations 

The benefits of ACGL aside, the in-operation device of ACGL within KFP v2 is limited in a variety of ways that ought to 

be acknowledged. 

 

5.4.1. Metadata Scalability 

However, an MLMD store remains quite efficient in handling the metadata of hundreds of artifacts; it may encounter 

challenges in scaling a very large environment when tens of thousands of artifacts are created daily. For detailed governance 

metadata, such as digital signatures, validation results, and audit logs, the storage space can grow very quickly; hence, there is 

a possibility that external database sharding or archival mechanisms will be needed. 
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5.4.2. Pipeline Complexity 

Governance logic that is distributed and localized to each artifact can increase the conceptual complexity of the pipeline 

design. The declarative configuration takes off some of the load, still, engineers might require more training to be able to 

define policies, schemas, and approval workflows. The initial learning curve might be the team's transition speed from task-

centric governance to the new approach. 

 

5.4.3. Integration Dependencies 

The ACGL requires tight integration with the MLMD store, Argo workflows & a policy-as-code framework (e.g., Open 

Policy Agent). If there is any incompatibility or configuration error among these dependencies, it may result in ACGL 

becoming a bottleneck or causing the desynchronization of metadata. It is still a challenge to maintain compatibility between 

tool versions & environments. 

 

5.4.4. Governance Overhead 

The computation overhead was estimated to be approximately 9%; nevertheless, the size and complexity of the policy may 

influence the pipeline. A pipeline filled with validation or approval workflows will probably have longer response times, 

especially when a human review is involved. 

 

5.4.5. Human-in-the-Loop Constraints 

Most of the compliance checks can be taken care of by automated validation; nevertheless, certain approvals, e.g., ethical 

AI assessments or risk reviews, require manual input. The only subjectivity that automation cannot completely remove is the 

introduction of delays caused by it. 

 

6. Conclusion and Future Scope 
6.1. Conclusion 

This research paper reveals one of the most significant things, which is how the implementation of artifact-centric 

governance can significantly change the compliance and operational environment of Kubeflow Pipelines v2 (KFP v2) in such a 

way that it leads to the resolution of the issues related to reproducibility, traceability, and accountability in machine learning 

(ML) pipelines that have been around for a very long time. Traditional governance approaches—whether model-centric or 

pipeline-centric—mainly focus on controlling the execution workflows and tracking high-level metadata; thus, they do not pay 

attention to the artifacts, which are, in fact, the lifecycles of ML systems. This research not only supports the proposition of the 

necessity of governance at the artifact level but also opens the door to the creation of a more transparent system that can satisfy 

enterprise compliance and audit requirements by a structured and verifiable framework. 

 

The deployment of the ACGL (Artifact-Centric Governance Layer) takes the intrinsic features of KFP v2 to the next level 

by enabling the governance semantics to be integrated directly into the ML Metadata (MLMD) store and pipeline runtime. 

With the help of more comprehensive metadata schemas, policy-driven validations, and digital signature mechanisms, every 

single artifact—dataset, feature set, model, and metric—is not only traceable and version-controlled but also can be verified for 

compliance. Such a shift from task-based tracking to artifact-level governance has resulted substantially in the increase of 

metadata completeness, reproducibility, and audit readiness. The study presented to the credit risk scoring pipeline has 

produced actual evidence of accomplishments such as the reduction of artifact tracking time by half, the increase of metadata 

completeness by 56%, and the facilitation of compliance reporting in a shorter time with minimum runtime overhead. 

 

6.2. Future Scope 

The incorporation of the Artifact-Centric Governance Layer in KFP v2 is a significant milestone; however, it leaves 

various possibilities open for research and development. The gradual improvement of ML governance will be influenced by the 

factors of interoperability, scalability, and intelligence of heterogeneous and distributed MLOps ecosystems. 

 

6.2.1. Integration with Federated ML Pipelines 

The main characteristic of federated learning is that it allows different organizations to train a common model without 

exchanging the raw data. In this case, the need for distributed artifact governance becomes vital. Research in this area should 

investigate how an artifact-centric governance system can operate efficiently in federated nodes, providing that lineage, 

validation, and compliance metadata are shared and up-to-date among the participants. To accomplish this, it is necessary to 

have federated metadata registries and cross-domain governance protocols that can ensure not only the consistency but also the 

confidentiality of the decentralized environments. 

 

6.2.2. Multi-Tenant Governance Scalability 

When we talk about the management of a common Kubeflow cluster that is shared by different teams or business units in 

an enterprise, one of the major issues is scalability and tenant isolation. To control multi-tenant governance architectures, 

which include features such as fine-grained access control, role hierarchies & policy segmentation, can be one of the farther 
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extensions of ACGL. By using dynamic resource allocation & tenant-specific compliance rules, organizations can keep the 

shared infrastructure both efficient and data governance boundaries can be enforced strictly at the same time. 

 

6.2.3. AI-Driven Anomaly Detection in Artifact Lineage 

Using artificial intelligence to supervise machine learning pipelines is, in fact, one of the innovative areas in the field of 

ML governance. The deployment of AI-powered anomaly detection streamed directly into the artifact lineage graph may, in 

fact, be an entirely automated way of pinpointing irregularities, for example, abrupt changes in data distributions, decrease of 

model quality, or unauthorized modifications of artifacts. The merger of governance metadata with predictive analytics turns 

monitoring systems into real actors of risk detection and alleviation, thus, compliance breaches and operational downtime are 

considerably lowered. 

 

6.2.4. Standards-Based Interoperability 

To ensure portability &  cross-platform governance, subsequent implementations of ACGL are required to be consistent 

with the evolving industry standards like ML Schema, OpenLineage &  ML Metadata Standards (MLMD+). In this case, 

governance information logged in Kubeflow can be easily communicated to other MLOps frameworks such as MLflow, TFX, 

or SageMaker Pipelines. Apart from that, standardization serves as a bridge for enterprises, regulators, and tool vendors to 

interact and communicate more efficiently, thus building an open ecosystem for the seamless exchange of governance units. 

 

6.2.5. Automated Policy Evolution and Explainability Dashboards 

In the future, research may be directed towards the development of self-adaptive policy engines that change their behavior 

depending on the usage of analytics, audit results & regulatory updates. These smart policy systems might be capable of 

changing governance thresholds automatically or suggesting new validation rules on the basis of the recent trends of data 

quality and model behavior. At the same time, the creation of interactive explainability dashboards for governance showing 

lineage graphs, compliance scores, and policy status—would certainly help to make the governance insights more 

understandable for business stakeholders and auditors. 

 

The Artifact-Centric Governance Layer is, therefore, the foundation for a new breed of smart, interoperable, and scalable 

governance systems. The next step for it would be to move beyond a centrally controlled model to distributed intelligence 

further integration of federated architectures, AI-driven oversight, and open standards. These innovations will allow 

organizations to create ML ecosystems that are not just performant and breakthrough but also transparent, traceable, and 

morally compliant. In fact, the transformation of artifact-centric governance will be instrumental in determining the way 

MLOps will develop over the next ten years, thus facilitating the transition from automation to accountability in the age of 

responsible artificial intelligence. 
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