Why do most ML models that work in notebooks fail in

The notebook-to-production gap:
® Notebooks assume clean data — production gets corrupted inputs
® Notebooks compute features manually — production needs automation
® Notebooks ignore latency — production has millisecond budgets

® Notebooks skip monitoring — production models silently degrade

What production demands that notebooks ignore:
® Automated pipelines with error handling and retries
® Feature stores ensuring training-serving consistency
® Real-time monitoring detecting drift and performance decay
® Audit trails for regulatory compliance

® Rollback mechanisms when models fail

Core Insight

Building a model is ten percent of the work. The other ninety percent is

infrastructure: data pipelines, monitoring, governance, and continuous
retraining.
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A survey found that only fifty-four percent of machine learning models make it from pilot to production.



Reflection

The test environment is controlled and forgiving. Production is chaotic and unforgiving. Machine learning operations
bridge this gap.

Every production failure starts with the phrase: it worked perfectly in development.



my machine!”; [-¢,very thick] (4.2,3.5) — (5.8,3.5); [draw,rectangle,fill=dfred!30,minimum width=3cm,minimum
height:1.5cm] at (7.5,3.5) Production:
"Why is everything
on fire?"; [draw,cylinder,fill=mlblue!20,minimum width=1cm,minimum height=0.8cm,shape aspect=0.3] at (2,1.5) Ciean;
[draw,cylinder,fill=mlred!30,minimum width=1cm,minimum height=0.8cm,shape aspect=0.3] at (8,1.5) Messy;
[dashed,thick] (35,05) - (35,48), [font:] at (5.5,0.8) The gap where models break;



What are the components of a production ML system beyond the model itself?

The complete ML |ifecyc|e: Infrastructure components:

® Data ingestion: automated extraction, validation, versioning ® Feature store: online and offline

® Feature engineering: feature stores with point-in-time correctness ® Model registry: staging, production, retired

. . . . e . ® Experiment tracker: metrics, artifacts, lineage

® Model training: experiment tracking, reproducibility, versioning P &
®  Monitoring dashboard: accuracy, drift, latency

® Validation: independent review, fairness checks, stress testing o Retraining pipeline: automated triggers

® Deployment: containerization, shadow mode, gradual rollout ® Audit log: immutable decision history

® Monitoring: drift detection, performance tracking, alerting Resul
egulatory requirements:

® Retraining: triggered by drift or scheduled periodically

® Model inventory with risk tiers

® Independent validation reports

Core Insight ® Ongoing performance monitoring
® Documentation of all changes
The model is the smallest component. Data infrastructure and operational ® Three lines of defense structure

pipelines dominate engineering effort in production systems.

Building the model is twenty percent of the effort. Infrastructure is the other eighty percent.



How does a model monitoring system detect when a deployed model starts degrading?

Three types of drift to monitor: Monitoring dashboard panels:

® Data drift: input feature distributions shift over time ® Model accuracy over time

® Concept drift: relationship between inputs and target changes ® Population Stability Index per feature
. o . P . ®  Predicti | d t
® Prediction drift: model output distribution changes reciction velume and error rate
® Latency percentiles
. ® Business impact metrics
Detection methods: . .
® Alert history and resolution
® Population Stability Index: measures distribution shift across bins

® Statistical tests: Kolmogorov-Smirnov, chi-square, Jensen-Shannon Alert thresholds:

divergence
® PSI below zero point one: stable

® Performance metrics: track accuracy, precision, recall over time © PSI zero point one to zero point two: monitor closely
® Business metrics: approval rate, default rate, revenue per prediction ® PSl above zero point two: retrain urgently
® Accuracy drop above three percent: investigate

® Latency P95 above service level agreement: scale up

Core Insight

Data drift is common and detectable early. Concept drift is rare but
catastrophic — the model becomes fundamentally wrong.

The Population Stability Index is the industry standard for drift detection.



How are research and production ML environments structured differently?

Research environment priorities:

Flexibility to experiment rapidly
Interactive notebooks for exploration
Manual feature engineering acceptable
Performance measured on validation set

Reproducibility nice to have

Production environment requirements:

Automated pipelines with error handling
Feature stores preventing training-serving skew
Versioned models with audit trails

Real-time performance monitoring

Rollback capability within minutes

Regulatory compliance documentation

Core Insight

Tool differences:

Research Production
Jupyter Docker

Pickle files Model registry
Manual runs Automated CI/CD
Local data Feature store

Ad-hoc metrics Dashboard

Training-serving skew:

Research optimizes for speed of iteration. Production optimizes for
reliability, auditability, and regulatory compliance.

raining=
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rning systems:

Features computed differently in training vs serving
Silent accuracy loss invisible in tests

Prevented by feature stores

Point-in-time correctness enforced

Same code path for both environments



What happens when a model silently degrades and nobody notices for months?

The silent degradation scenario:

® Credit scoring model deployed in stable economy A

Training
. . . Status: Health
® Recession begins, default patterns shift fundamentally ‘
® Model continues approving loans using outdated risk assessment g :
Lo E
® Approval rate looks healthy, losses accumulate invisibly 38 :
® Six months later: default rate doubles, losses exceed reserves :
I
o " I
Why monitoring failed: |
. . . ! \
® No drift detection configured 7
ﬂ;m(months)
® Performance metrics not tracked
® Business impact reviewed quarterly, not weekly Consequences:
. ® Financial losses compound
® No automated alerts for anomalies o
® Regulatory violations accumulate
® Concept drift invisible until labels materialize ® Customer harm goes undetected

Remediation costs explode

Core Insight

Label delay in finance means you discover model failure months after
deployment. By then, losses are locked in and irreversible.

What you do not monitor will eventually fail. And you will discover it too late.



Where do the biggest gaps exist between ML research and ML production in finance?

Five critical gaps: 10 g | |
® Label delay: research assumes immediate labels, finance waits months s 8 8 B
for defaults > 7
2 6
® Regulatory compliance: research ignores governance, finance requires § 6
documentation and audit trails b 4
3
® Explainability: research optimizes accuracy, finance demands E
human-interpretable decisions 2
® Fairness: research treats as optional, finance faces legal liability for 0= T T T T

bias Label ~ Reg Explain Fair  Speed

. . Gap Type
® Latency: research accepts seconds, production needs milliseconds PP
Organizational challenge:

® Data scientists build models

Core Insight ® Engineers deploy pipelines

® Risk validates assumptions

Closing these gaps requires cross-functional teams spanning data science,
engineering, risk, legal, and compliance. Technical excellence alone fails.

® Legal reviews fairness

® Compliance audits process

® All must coordinate continuously

Label delay is the most underestimated gap — you cannot validate credit models until defaults occur.



Who is responsible when a production model causes harm — the builder, the deployer, or the
operator?

The accountability problem: Regulatory framework:

® Data scientist builds model with hidden biases Federal Reserve guidance on model risk
® Engineer deploys model without adequate testing ® Model inventory required

validation

® Risk team approves model without independent validation
Ongoing monitoring documented

® Operations team monitors wrong metrics ® Annual review enforced

® Model discriminates, violates fair lending laws ®  Audit trail immutable
Three lines of defense structure: Liability distribution:
® First line: model development team owns the model ® Builder: design defects

® Second line: independent risk validates before deployment ® Validator: approval failures
. . . . . . ® Operator: monitoring lapses

® Third line: internal audit reviews the entire process )

Executive: governance gaps

® All three must sign off before production ® Institution: all of the above

® Separation of duties prevents conflicts of interest .
Everyone shares responsibility.

Core Insight

Regulatory guidance mandates that no single team both builds and
approves models. Independent validation is required by law.
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Three questions to assess whether an ML deployment is production-grade

The Production ML Checklist: Production readiness checklist:
Question One: Is there automated monitoring for data drift and v Automated monitoring active
performance degradation? v~ Drift detection configured
. e v~ Rollback tested successfull
® Population Stability Index tracked per feature Y
v~ Audit trail implemented
® Accuracy and business metrics monitored continuously ' Independent validation complete
® Alerts trigger when thresholds breached v" Model documentation written
. v~ Three lines of defense signed off
® Dashboard visible to all stakeholders €
v~ Business continuity plan ready

Question Two: Can the model be rolled back within minutes? c .
ommon gaps:

® Previous model version available in registry

® Monitoring exists but alerts ignored

® Rollback procedure documented and tested ® Rollback untested until crisi
ollback untested until crisis

® Feature compatibility verified ® Audit trail incomplete or inaccessible

 Business continuity plan exists Validation superficial, not independent
® Documentation out of date

Question Three: Is there an audit trail for every prediction?
® Inputs, outputs, model version logged
® |mmutable storage for compliance
® Queryable for investigation

e Daini b - .
© Retention poiicy. enforced . .
All three must be F\’/es. 6ne no_means the deplovment is not production-readyv.



Your Challenge

Scenario:

You deployed a credit scoring model six months ago. It initially performed well, but recent business metrics show troubling patterns:
® Default rate increased from three percent to five point two percent
® Approval rate dropped from seventy percent to sixty-two percent
® Customer complaints about denials doubled

® Model accuracy on validation set remains at eighty-seven percent

Task: Design a monitoring dashboard.

What six metrics do you track? What thresholds trigger alerts? What is your rollback plan if drift is confirmed?

Learning Goal

Production machine learning requires infrastructure that detects problems early, diagnoses root causes, and enables rapid response before
harm compounds.

The dashboard you design today determines whether you discover failures in days or months.



