
 

 



Module 5: Machine Learning Operations (MLOps), Engineering, 
and Scalability 

5.1 The MLOps Lifecycle, Model Governance, and Provenance 

The Systemic Realities of Production AI 

While machine learning research focuses on optimizing model architectures and 
algorithmic metrics (such as accuracy or F1-score), production systems require a 
broader operational approach. 

In an enterprise environment, raw ML code represents only a fraction of the total 
software infrastructure. The surrounding ecosystem must handle data ingestion 
pipelines, automated testing, continuous integration, security governance, resource 
monitoring, and model serving infrastructure. 

Machine Learning Operations (MLOps) establishes engineering practices that 
combine machine learning, software engineering (DevOps), and data engineering to 
ensure model deployments remain reliable, predictable, and scalable. 

 

+-------------------+      +-------------------+      +-------------------
+ 
 
| 1. DATA PIPELINE  | ---> | 2. TRAINING LOOP  | ---> | 3. REGISTRY       
| 
| Version control   |      | CI/CD testing,    |      | Metadata 
tracking,| 
| raw data streams  |      | artifact logs     |      | lineage mapping   
| 
+-------------------+      +-------------------+      +-------------------
+ 
                                                                | 
                                                                v 
+-------------------+      +-------------------+      +-------------------
+ 
 
| 6. RE-TRAINING    | <--- | 5. MONITORING     | <--- | 4. DEPLOYMENT     
| 
| Continuous auto-  |      | Track data drift  |      | Containerised API 
| 
| optimization      |      | and system health |      | (Docker, K8s)     
| 
+-------------------+      +-------------------+      +-------------------
+ 

Addressing Structural System Decay 

Unlike traditional software applications that behave deterministically based on 
hardcoded logic, machine learning systems degrade organically over time. This decay is 
caused by shifting real-world data patterns that break the assumptions the model 
learned during training. 



 Concept Drift: Occurs when the statistical properties of the target output variable 
change over time, rendering historical models inaccurate even if the input features 
remain stable (e.g., shifts in consumer purchasing behavior caused by sudden 
macroeconomic shocks). 
 

 Data Drift: Occurs when the statistical distribution of the incoming input features 
changes over time, while the underlying mapping function remains constant (e.g., 
changes in input demographics or sensor data profiles due to hardware upgrades). 
 

Strategic Mitigation Frameworks 

To detect and resolve model decay before it causes financial or operational disruption, 
MLOps platforms implement continuous monitoring and automated remediation 
systems: 

1. Statistical Distance Tracking: Utilizing metrics like the Kolmogorov-Smirnov (KS) Test 
or Population Stability Index (PSI) to continually compare real-time production input 
distributions against historical baseline datasets. 
 

2. Automated Re-training Triggers: Configuring orchestration pipelines to automatically re-
train and evaluate models when performance drops below predefined thresholds or 
statistical drift is detected. 

 

 
Model Provenance and Metadata Architecture 

To maintain corporate compliance and support audits, every deployed model must have 
clear Provenance—an unbroken lineage tracking how the model was built. Using tools 
like MLflow or Weights & Biases, the metadata registry locks down four critical 
development parameters: 

 Data Lineage: A cryptographic hash pointing to the exact version of the training dataset 
used. 
 

 Code Versioning: The specific Git commit hash of the training scripts and model 
architecture files. 
 

 Hyperparameter Configurations: A record of all internal training parameters, including 
learning rates, regularisation penalties, and batch sizes. 
 

 Artifact Storage: The compiled, binary model weights file (e.g., .onnx, .pt, or .pkl) 
stored in a secure cloud repository. 

 



5.2 Containerisation, Microservices, and Cloud Orchestration 

Transitioning from Monoliths to Microservices 

Legacy software architectures bundle the user interface, data ingestion engine, and 
processing logic into a single, massive codebase (Monolithic Architecture). This 
structure creates major deployment risks for AI workloads: updating a small data 
processing script requires re-deploying the entire system, and local memory leaks can 
crash the whole platform. 

Modern AI platforms use a Microservices Architecture, breaking the system down into 
independent, decoupled services that communicate over high-speed networks using 
REST APIs or gRPC protocols. This isolation allows engineers to scale the machine 
learning inference engine independently from the rest of the application. 

Containerisation via Docker 

To prevent environment mismatches across deployment pipelines (the "it works on my 
machine" problem), data engineers package microservices inside lightweight, isolated 
runtime environments called Containers. 

 

+-------------------------------------------------------------+ 
 
|                     CONTAINER ARCHITECTURE                  | 
+-------------------------------------------------------------+ 
 
| [ App 1 / Model API ] | [ App 2 / Pipeline ] | [ App 3 ]    | 
|   Binaries & Libs     |   Binaries & Libs    |  Bin & Libs  | 
+-----------------------+----------------------+--------------+ 
 
|                    Docker Container Engine                  | 
+-------------------------------------------------------------+ 
 
|                        Host OS Kernel                       | 
+-------------------------------------------------------------+ 
 
|                       Physical Hardware                     | 
+-------------------------------------------------------------+ 
 
 

Docker isolates software applications by bundling the model file, runtime libraries, 
environment configurations, and core dependencies into a single, immutable container 
image. This design guarantees identical execution behavior across local developer 
laptops, staging servers, and production cloud clusters. 

 



Orchestration and Scaling via Kubernetes 

While Docker manages individual containers, scaling applications across thousands of 
users requires an enterprise-grade container orchestration system. Kubernetes (K8s) 
automates the deployment, scaling, and management of containerized workloads 
across server clusters. 

Core Kubernetes Architecture Components 

 Pods: The smallest deployable computing units in Kubernetes, wrapping one or more 
tightly coupled containers. 
 

 Nodes: The underlying worker machines (virtual or physical servers) that run 
containerized tasks within the Kubernetes cluster. 
 

 Horizontal Pod Autoscaler (HPA): Dynamically scales the number of active pods up 
or down based on real-time hardware utilization metrics (e.g., expanding pod count 
when CPU consumption crosses 80%). 

 

5.3 Serving Strategies, High-Performance Inference, and Edge 
Deployment 

Model Serving Strategies 

Deploying a model requires aligning the inference architecture with the real-time 
requirements of the business use case: 

Serving 
Paradigm 

Operational Mechanism Primary Use Case 

Real-Time 
Request-
Response 

The model runs inside a persistent container 
instance, processing individual input requests 
via API calls and returning predictions instantly. 

Real-time payment fraud 
detection, dynamic pricing 
engines, conversational AI. 

Batch 
Inference 

The system schedules processing jobs to run 
periodically (e.g., nightly), processing vast pools 
of historical data parallelly and writing outputs to 
a database. 

User recommendation systems, 
churn prediction modeling, 
weekly financial risk audits. 

Streaming 
Inference 

The model hooks directly into real-time data 
streaming buses (e.g., Apache Kafka), 
processing unbounded data points continuously 
as they flow through the channel. 

Live telemetry monitoring, real-
time cyber threat detection 
systems. 



High-Performance Computational Optimization 

As models grow in size (especially Deep Learning and Large Language Models), 
serving unoptimized model weights in production can lead to slow response times and 
prohibitive hardware costs. Data engineers apply mathematical optimization techniques 
to compress models before deployment: 

 

[ Unoptimized Model (32-bit Float) ] ---> [ Weight Quantization ] ---> [ 
INT8 Compression ] 
                                       ---> [ Structural Pruning ]  ---> [ 
Strip Low-Impact Neurons ] 
 
 

 Quantization: Reduces the numerical precision of the model's weights and activations. 
By converting values from 32-bit floating-point numbers (FP32) to 8-bit integers (INT8), 
engineers significantly reduce the model's memory footprint and accelerate inference 
speeds with negligible loss in accuracy. 
 

 Pruning: Analyzes the trained network to identify and remove low-impact weights and 
connections that contribute little to the model's outputs, streamlining the network 
structure. 
 

 Knowledge Distillation: Trains a smaller, highly efficient network (the "student") to 
replicate the behavioral outputs and prediction surfaces of a massive, compute-heavy 
model (the "teacher"), capturing complex capabilities in a lighter deployment profile. 
 
Edge Computing and Localised Inference 

To support applications that require ultra-low latency or must operate without reliable 
internet connectivity (e.g., autonomous driving systems, robotics, or medical devices), 
inference is shifted away from centralized cloud data centers directly to localized 
hardware (Edge Computing). 

Deploying models to edge devices requires compiling architectures using specialized 
runtime engines like TensorRT or ONNX Runtime. These frameworks customize 
execution paths specifically for the target local hardware (such as mobile processors, 
microcontrollers, or edge GPUs), maximizing processing efficiency at the point of data 
collection. 
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