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1. Introduction

Customer Al is embedded in high-frequency product experiences such as personalization, fraud screening, ranking,
recommendations, and proactive customer support, where even minor degradations can trigger measurable customer and
business impact. @

Organizations have adopted distributed tracing to debug latency and failure propagation across microservices, but most traces
do not capture ML-specific semantics such as feature provenance or model versioning. ™

Open standards for telemetry collection and context propagation make it feasible to correlate operational signals across services
and platforms at enterprise scale. [l

This paper targets the practical gap between microservice observability and Al lifecycle traceability by defining what must be
observed, how it is correlated, and which workflows it should enable.

2. Background and Related Work

End-to-end observability for deployed ML pipelines has been framed as a unified loop of detection, diagnosis, and reaction to
silent ML failures across pipeline stages. [

Standardized trace context propagation over HTTP enables consistent request identification across heterogeneous services,
which is a prerequisite for correlating inference calls with upstream feature retrieval and downstream decisions. [']

Lineage specifications are increasingly used to represent datasets, runs, and their relationships as first-class events, enabling
platform-agnostic reasoning over data flow beyond logs. [*!
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Data quality directly impacts ML reliability, motivating
structured approaches that define data quality dimensions and
practices specific to ML workloads. 1]

Monitoring research highlights that production ML
introduces verification and validation challenges that differ
from classical software because model behavior depends on
shifting data and delayed labels. [7)

MLOps tool-support studies emphasize fragmentation across
experimentation, deployment, and monitoring, reinforcing
the need for a common observability and metadata
backbone. 1%

Preprocessing and join logic can introduce distribution bugs
and technical bias that are difficult to detect without
transformation-aware inspection, motivating lineage-driven
debugging techniques. (23

3. Requirements for Customer Al Observability

A Customer Al observability system must enable cross-
system correlation from customer requests to predictions,
feature values, feature computation runs, and the exact data
snapshots used during training. 126

It must also support Al-specific risk management by
preserving evidence for accountability, traceability, and audit
readiness throughout the lifecycle. B

Operational overhead must be controlled through sampling,
attribute discipline, and scalable storage, because customer-
facing inference often runs at high throughput and strict
latency budgets. [®

Finally, observability must incorporate cybersecurity and
information security requirements, since telemetry and
lineage can expose sensitive operational and customer signals
if not governed properly. ¥

4. Unified Observability Graph Architecture

We propose a two-plane architecture that produces a single
Observability Graph by merging runtime telemetry with
lineage and metadata into a correlated entity graph.

The runtime plane instruments inference services, feature
retrieval, and decision services using spans and events, while
preserving request context in a portable manner. Fl

The lineage plane emits dataset and run relationships, feature
set definitions, and model registry artifacts so that pipeline
semantics are queryable independent of the underlying
compute platform. [

Feature stores provide a natural boundary for attaching
feature identifiers and transformation fingerprints, while also
reducing duplicated feature logic across teams. %]

To prevent missing lineage during rapid feature iteration,
feature definitions should be managed in a shared platform
that supports reuse, offline training joins, and online
inference access patterns. 4

5. Instrumentation and Data Model

Every online inference should produce a stable prediction
identifier and minimal metadata record linking the request
trace to the serving model version and feature vector
signature, enabling later cohort analysis without storing raw
feature values.

Training and feature pipeline runs must log metadata such as
dataset version identifiers, feature set identifiers, and
transformation hashes to support reproducibility and rollback
analysis. ['8]

ML metadata stores help capture lineage across artifacts,
executions, and contexts, allowing operators to connect
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deployed model versions back to the exact training run and
data snapshot. 2

Because many organizations operate in multiple clouds or
hybrid stacks, metadata capture should align with widely
adopted libraries that support lineage retrieval and querying
across systems. [18]

6. Monitoring Signals for Data, Features, and Predictions
Data and feature monitoring should combine schema checks,
freshness checks, distributional tests, and semantic
constraints that are evaluated continuously in both batch and
streaming pipelines. 2!

Continuous data profiling can reduce the time-to-detection
for subtle pipeline regressions by embedding profiling into
the transformation loop rather than treating it as an occasional
manual step. 221

Drift detection is essential because labels are frequently
delayed, so monitoring must rely on unsupervised or weakly
supervised signals that detect distributional changes and
representation shifts, (241

For operational robustness, telemetry should include tail
latency, error rates, cache hit rates, and feature store SLA
indicators to distinguish  data-quality faults from
infrastructure faults.

7. Incident Response Workflows Enabled by End-to-End
Observability

When customer impact is detected, operators should be able
to pivot from a prediction cohort to the exact feature
distributions that shifted and then traverse provenance to the
upstream pipeline run and dataset version that produced those
features. [

If preprocessing introduced cohort-specific bias or
unexpected distribution changes, transformation-aware
inspection can reveal the exact operator (e.g., join, filter,
imputation) that created the shift. [*3]

Automation ROI studies reinforce that observability should
be evaluated as a time-to-detection and time-to-recovery
accelerator, not only as a monitoring dashboard, because
operational savings compound at scale. 1

Decision intelligence frameworks for agile governance can
be integrated with observability to route incidents into
standardized remediation playbooks, automated testing gates,
and controlled promotions. 2]

8. Security, Privacy, and Governance Controls

Telemetry and lineage data must be governed with role-based
access control, attribute allowlists, and retention policies that
minimize the risk of exposing sensitive customer or business
information.

Security guidance for smart infrastructure emphasizes that
systems supporting critical services must implement defense-
in-depth and continuous monitoring to ensure resilience
under attack and failure conditions. [*4

Online safety perspectives further motivate privacy-aware
observability designs that prevent telemetry from becoming
a mechanism for unintended inference about users or
sensitive cohorts. ?°

ISO Al management system standards provide an
organizational framework for implementing Al governance,
including lifecycle controls, documentation, and continual
improvement  processes  that  observability  can
operationalize. [
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9. Implementation Considerations and Performance
Sampling strategies should balance forensic value and cost
by increasing sampling during incidents, new deployments,
or drift alerts while keeping baseline sampling low for steady-
state traffic.

Kernel-level observability approaches can complement
application traces by capturing low-overhead network and
system signals that help diagnose performance regressions in
feature retrieval and inference paths. 2%

Automation practices should ensure that changes to feature
definitions, training code, and model configurations
automatically emit lineage and deployment metadata to
prevent gaps that break correlation.

Operational evaluation should report coverage (fraction of
predictions traceable end-to-end), correctness (lineage
consistency), and actionability (mean time to detect and
recover) alongside cost metrics.

10. Conclusion

Customer Al systems require observability that extends
beyond microservice telemetry to include data lineage,
feature provenance, and lifecycle traceability for predictions
and decisions.

By unifying runtime telemetry with lineage metadata into an
Observability Graph, teams can answer high-impact
questions such as which upstream data change caused a
prediction shift and which feature transformation introduced
skew.

Future work includes standardized schemas for feature and
prediction events, privacy-preserving cohort analysis
techniques, and automated remediation loops that connect
observability signals to controlled retraining and rollback
pipelines.
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