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Abstract—Machine deployed in
production environments are susceptible to silent
performance degradation caused by shifts in input data
distributions, commonly referred to as data drift. Static
retraining schedules are either computationally

inefficient during stable periods or unresponsive to

learning models

abrupt distribution changes. This paper presents a
closed-loop statistical drift detection and autonomous
retraining framework for tabular production machine
learning systems. The framework establishes immutable
baseline feature statistics during training and
continuously monitors inference-time data using a
normalized mean-shift drift score D € [0,1]. When D >
0.5, a retraining pipeline is triggered. To adapt to shifted
distributions, inference data augmentation via pseudo-
labeling is incorporated. Candidate models are promoted
only if they achieve a minimum accuracy improvement
of 1% over the current production model. Experimental
evaluation on a loan approval dataset (500 samples, 9
numeric features) demonstrated detection of critical
drift (D = 0.7069) within one monitoring cycle and
successful recovery of degraded performance from
79.00% to 81.19% (+2.2%). The proposed framework
demonstrates adaptive performance maintenance while
preventing autonomous degradation.

Index Terms—autonomous retraining, candidate
promotion, closed-loop systems, data drift detection,
model monitoring, normalized mean shift, production
machine learning

I. INTRODUCTION

Machine learning (ML) models deployed in
production environments operate under the
assumption that the statistical properties of incoming
inference data remain consistent with those observed
during training. In real-world systems, this assumption
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frequently fails due to evolving user behaviour,
seasonal effects, economic changes, or upstream data
pipeline modifications. This phenomenon, known as
data drift, leads to silent model degradation where
predictive performance deteriorates without explicit
failure signals.
The prevalent industrial approach to maintaining
model quality is periodic retraining on fixed schedules
(e.g., weekly or monthly). However, static retraining
policies suffer from two key inefficiencies. First,
retraining during stable periods wastes computational
resources without measurable benefit. Second, when
abrupt distribution shifts occur between scheduled
intervals, degraded models remain in production until
the next retraining window.

Monitoring-only systems compute drift metrics and

generate alerts but rely on human intervention to

initiate retraining. This introduces latency and
operational overhead, particularly in systems requiring
continuous availability.

This paper presents a closed-loop framework that

integrates statistical drift detection, autonomous

retraining, and performance-gated promotion into a

unified pipeline. The primary contributions are:

1. A normalized mean-shift drift scoring mechanism
that aggregates per-feature deviations into a scalar
decision variable D.

2. A threshold-driven autonomous retraining trigger
activated when D > 0.5.

3. A data-augmented retraining strategy using
pseudo-labelled inference data to adapt to shifted
distributions.
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4. A candidate promotion rule requiring a minimum
accuracy improvement of 1% to prevent
regression.

5. A comparative evaluation against static retraining
schedules.

II. LITERATURE REVIEW

Machine learning systems deployed in dynamic
environments are subject to distributional changes
over time, commonly referred to as concept drift or
dataset shift. Extensive research has addressed the
detection and adaptation to such changes.

Gama et al. [1] provided a comprehensive survey of
concept drift adaptation techniques, categorizing drift
into sudden, gradual, incremental, and recurring
forms. Their work highlights the necessity of
continuous monitoring in non-stationary
environments. Similarly, Zliobaité [2] presented an
overview of learning under concept drift, emphasizing
that static models are insufficient in evolving data
contexts and that adaptive mechanisms are essential
for long-term reliability.

Several algorithmic approaches have been proposed to
detect and handle drift. Bifet and Gavalda [3]
introduced the Adaptive Windowing (ADWIN)
method, which dynamically adjusts window sizes
based on statistically significant changes in data
streams. While effective in streaming environments,
such approaches primarily focus on detection rather
than automated remediation. Sugiyama and Kawanabe
[6] addressed covariate shift adaptation by correcting
distribution mismatch through importance weighting,
but these methods often assume access to true labels
under shifted distributions.

Dataset shift detection methods have also been studied
extensively. Rabanser et al. [7] conducted an empirical
evaluation of dataset shift detection techniques,
demonstrating that simple statistical tests, when
properly configured, can effectively identify
distributional changes. Ovadia et al. [10] further
examined predictive uncertainty under dataset shift,
showing that model confidence may not reliably
reflect degradation, reinforcing the need for explicit
monitoring mechanisms.

From a systems perspective, Sculley et al. [§]
highlighted the concept of technical debt in machine
learning systems, noting that production ML requires
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robust monitoring, retraining, and validation pipelines
to maintain reliability. Breck et al. [9] proposed the
ML Test Score framework to assess production
readiness, emphasizing continuous validation and
performance monitoring as essential components of
responsible deployment. Baier et al. [5] discussed
practical challenges in monitoring machine learning
models in production environments, including the
need for automated alerting and retraining workflows.

Although prior work provides strong foundations in
drift detection, adaptive learning, and production
monitoring, most existing approaches address these
components in isolation. Drift detection systems often
generate alerts without enforcing retraining, while
retraining systems frequently rely on static schedules.
Few frameworks integrate statistically grounded drift
scoring, threshold-driven autonomous retraining, and
performance-gated promotion within a unified closed-
loop architecture.

The present work builds upon these foundations by
proposing a normalized mean-shift drift score suitable
for real-time monitoring, combined with an
autonomous retraining trigger and a promotion
guardrail to prevent regression. This integration aims
to bridge the gap between drift detection research and
practical, production-ready adaptation mechanisms.

III. RELATED WORK

A. Static Retraining Policies

Static retraining schedules are widely adopted due to
their simplicity. However, they are insensitive to
actual distribution dynamics and may either retrain
unnecessarily or fail to respond promptly to drift.

B. Monitoring-Based Drift Detection

Drift detection methods include Population Stability
Index (PSI), Kolmogorov-Smirnov (KS) tests, Jensen-
Shannon divergence, and mean-shift statistics. While
distributional tests capture full density changes, mean-
shift methods provide computational simplicity
suitable for real-time monitoring.

C. Limitations of Existing Systems

Existing systems typically address drift detection or
retraining independently. Few frameworks close the
loop from detection to automated retraining and
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controlled promotion, particularly with safeguards
against autonomous performance regression.

IV. METHODOLOGY

A. Challenges in Production Machine Learning
Systems
Machine learning models deployed in production
environments encounter several practical challenges
that are often not fully addressed in static experimental
settings.

1) Silent Performance Degradation

One of the most critical issues is silent degradation
caused by distributional shifts in input data. Since
deployed models continue generating predictions
without explicit runtime errors, performance decline
may go unnoticed until significant damage has
occurred. Monitoring-only approaches often generate
alerts without enforcing corrective action.

2) Inefficiency of Static Retraining Policies

Periodic  retraining schedules (e.g., monthly

retraining) operate independently of actual data

dynamics. This results in two inefficiencies:

e Unnecessary retraining during stable periods.

e Delayed retraining when abrupt drift occurs
shortly after a scheduled cycle.

Such static policies do not align retraining frequency

with statistical evidence of change.

3) Lack of Integrated Decision Control

Many drift detection systems compute statistical
measures but do not integrate decision thresholds with
retraining pipelines. As a result, detection and
adaptation remain decoupled, requiring manual
intervention. This introduces operational latency and
inconsistency.

4) Risk of Autonomous Regression

Automated retraining systems may replace production
models without enforcing strict performance criteria.
If the retrained model underperforms, this leads to
autonomous degradation, which is difficult to detect
post-deployment.

5) Adaptation Under Shifted Distributions

When drift occurs, newly observed inference data may
follow altered feature distributions. Retraining solely
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on historical training data may not adequately adapt to
current operating conditions.

Workflow Architecture:

| Dataset Registration ‘

}

| Baseline Profiling l

l

[ Inference Serving I

l

| Inference Logging |

| Drift Computation (D) |

Decision
Severity Classification (D>0.5?)
Yes

Data Augmentation

Continue Monitoring

Promotion (A >0.01?) I_N.Q_

Update Production

Fig. 1. Closed-loop drift detection and retraining
workflow

The framework operates as a continuous closed-loop
pipeline consisting of baseline profiling, drift
detection, retraining trigger logic, and candidate
evaluation.

B. Methodological Design Principles

To address the above challenges, the proposed system
is designed according to the following principles:

1. Statistical Grounding: Drift detection must rely on
mathematically defined metrics.

2. Threshold-Driven Control: Retraining decisions
must be governed by explicit thresholds.

3. Closed-Loop Automation: Detection, retraining,
and promotion must operate in a unified cycle.

4. Regression Prevention: Promotion must enforce
measurable improvement.

5. Data-Driven Adaptation: Retraining should
incorporate recent inference data.
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C. Proposed Closed-Loop Methodology
1) Baseline Profiling

For each numeric feature k, baseline statistics are
computed at training time:
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These statistics are stored as immutable references.

Issue addressed: Establishes statistical ground truth for
drift comparison.

2) Statistical Drift Detection
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Drift severity:

e D < 0.3: No drift

e 0.3 <D < 0.5: Moderate drift
e D > 0.5: Critical drift

Retraining trigger: D > 0.5

Issues addressed:

e  Converts multi-feature shifts into a scalar decision
variable.

e Enables evidence-based retraining decisions.

e  Eliminates arbitrary manual triggers.
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3) Autonomous Retraining Strategy

Upon critical drift detection:

1. Recent inference samples are pseudo-labelled.
2. Augmented dataset is constructed.

3. Feature selection is applied.

4. Hyperparameter optimization is performed.

5. Best-performing model is selected.

Issues addressed:

e Removes dependency on static schedules.

e  Ensures rapid response to statistical change.

e Reduces retraining during stable periods.

4) Data Augmentation via Pseudo-Labeling

Recent inference samples are pseudo-labeled and
incorporated into the retraining dataset.

Issues addressed:
e Adapts model to shifted inference distribution.
e Improves representation of current feature space.

e Mitigates mismatch between historical and
current data.

Issues addressed:
e  Adapts model to shifted inference distribution.
e Improves representation of current feature space.

e Mitigates mismatch between historical and
current data.

5) Candidate Evaluation and Promotion

A = Accuracy, — Accuracyproducti

Promotion condition:

A >0.01

This prevents regression under autonomous retraining.

Issues addressed:

e Prevents autonomous regression.
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e Ensures measurable performance improvement.

e  Maintains production stability.

D. Closed-Loop Control Perspective

The overall system functions as a feedback control
loop:

1. Monitor — Compute Drift

2. Evaluate — Trigger Retraining
3. Validate — Promote if Improved
4. Deploy — Continue Monitoring

This control-based methodology ensures adaptive
performance maintenance while maintaining strict
stability constraints.

IV. EXPERIMENTAL SETUP

Dataset: loan_approval_test.csv
Samples: 500

Features: 9 numeric

Task: Binary classification

Monitoring interval: 5 minutes

Drift window: 100 inference samples
Baseline reference (v1): 0.8500
Production model before drift (v2): 0.7900

Synthetic perturbation introduced to simulate
distribution shift.
V. RESULTS AND ANALYSIS

A. Drift Detection
Critical drift detected:

D = 0.7069

Detection latency: < 5 minutes.

Parameter Value

Drift Score (D) 0.7069
Severity Critical
Monitoring Interval 5 minutes
Drift Threshold 0.5
Detection Latency < 5 minutes

Table 1. Drift Detection Summary

B. Autonomous Retraining and Performance
Recovery
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Production accuracy before retraining: 79.00%
Candidate accuracy after retraining: 81.19%

A =0.0219

Promotion threshold satisfied.

Model Version Accuracy Accuracy Promotion
Improvement Decision
Production(v2) 0.7900 - -
Candidate(v3) 0.8119 +0.0219 Promoted
Table 2. Performance Comparison Before and After
Retraining

C. Comparative Analysis: Static vs Drift-Triggered
Policy

Under static monthly retraining:

e Retraining independent of drift magnitude.

e Potential response delays up to 30 days.

Under drift-trigger policy:

e Retraining occurs only when D > 0.5
e Response latency < 5 minutes

e  No retraining during stable periods

Policy Trigger Respon Retrainin Resourc
Mechani se g e
sm Time Disciplin Efficien
e cy
Static Fixed Up to Independ Low
Monthl schedule 30 days ent of
y drift
Drift- D>0.5 <5 Data- High
Trigger minute driven
ed s

VI. LIMITATIONS

1. Mean-shift detection does not capture full
distribution shape changes.

2. Only numeric features are monitored.

Fixed window size (100 samples).

4. Pseudo-labeling assumes reasonable model
confidence.

W

VII. CONCLUSION

This work introduced a closed-loop statistical drift
detection and autonomous retraining framework for
production machine learning systems. By integrating
normalized mean-shift drift scoring, threshold-driven
retraining, data augmentation, and performance-
gated promotion, the framework enables adaptive
response to distribution shifts while preventing
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autonomous performance regression. Experimental
results demonstrated detection of critical drift within
one monitoring cycle and successful recovery of
degraded performance. Future work will explore
distribution-aware drift metrics and multi-dataset
validation.
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