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Building the
Backbone of Al

An end-to-end architectural blueprint
for machine learning data ingestion,
model training, and deployment.
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INGEST & PROCESS

22418

&
l

AR
#J\

Ingest & Process
Automates the extraction

from databases, |oT, and APls.

Cleans, normalizes, and
structures raw data for
consumption.

Pipelines transform raw, messy data into
scalable, production-ready Al capabilities.

TRAIN & TUNE

Train & Tune

build, train, and evaluate
predictive algorithms.

Leverages curated data to

Serve

Packages the validated
model into scalable,
containerized environments
for real-time or batch
inference.

MONITOR & EVALUATE

Monitor & Evaluate

Continuously tracks
telemetry, data drift, and
factual consistency against
ground truth.
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TRADITIONAL ML

STATIC DATABASE

MODEL TRAINING |

DYNAMIC RAG

MODEL TRAINING |

DIMENSION

TRADITIONAL ML

DYNAMIC RAG

Data Stability

Relies on static, consistent datasets.

Relies on dynamic, variable, real-
-time retrieval.

Update Frequency

Features infrequent, batch updates.

Updates continuously from live
sources.

Scope & Relevance

Strictly limited to pre-collected
historical data.

Contextuallly tailored to specific
user queries.

Reproducibility

Yields high reproducibility.

Variable reproducibility as underlying
retrieved data shifts over time.
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0 Azure Data Factory

Scheduled extraction of large
historical datasets.

High volume, high latency,
lower complexity.

|deal for standard supervised
learning (e.g., weekly sales
forecasts).

Apache Kafka /
Azure Kinesis

| foeae = -K____* Continuous streaming ingestion.
e = = =y low Iatepcyi', hi hcnmalexity, _
] - P = requires fault-tolerant infrastructure.
""-"""3' ;2_.___,,—1 _— — L R
—— = Essenltial I['::nr i:ing'uediage inference
REAL-TIME INGESTION (e.g., live fraud detection).
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THE MEDALLION DATA REFINERY

BRONZE (Raw)
Messy, unstructured data.

SILVER (Cleaned)

Filtered, deduplicated,
_and normalized data.

P
PN

fj:

—

# Clean / normalize -> Silver

df_silver = ( df_bronze.dropna(subset=["feature_1", "label"])
withColumn("f1_norm", F.col("feature_1") / 100.0) )

df _silver.write.format("delta").saveAsTable("silver.cleaned")

# Aggregate final features -> Gold
df_gold = df_silver.select("f1l_norm", "label")
df_gold.write.format("delta").saveAsTable("gold.ml_training")

GOLD (Features) Apache Spark (via Databricks) executes
Aggregated features the null drops and normalization, saving
ready for ML outputs as Delta tables for the semantic

> consumption. model.
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THE TOKENIZATION BREAKDOWN

wOrd Based (\na nltk)

‘[ 'ibm’ ]

['iﬁ;;ght'] .[m'me'] [ token' ]. [ ##1zat10n ] | :

PyTorch Vocab Mechanics: During this process, special tokens are injected:

Balloons vocabulary size.
Treats ‘Unicorn’ and ‘Unicorns’
as entirely unrelated.

Limits vocabulary size, but
destroys the underlying
semantic meaning of the text.

The Subword Bridge:
Transformers use algorithms
to keep frequent words intact
while breaking rare words into
meaningful roots (e.g., ‘token’

+ '##ization’).

<bos> (beginning), <eos> (end), <pad> (padding for batching), and <unk> (handling anomalies).




2X2 FRAMEWORK QUADRANT

Enterprise Lifecycle

Deep Learning

Tools: Azure Machine Learning SDK

Integrates training, automated ML
(AutoML), and scalable compute clusters.

Tools: PyTorch & TensorFlow

Ideal for computer vision, NLP, and
unstructured data requiring extensive compute.

Experiment Tracking

Tools: MLflow

The immutable ledger for hyperparameters,
model versioning, and execution runs.

Tools: Scikit-Learn

The industry standard for regression,
classification, and clustering on tabular data.

Algorithmic Complexity

X-Axis: Operational Scope (Experimentation to Full Lifecycle)

Synthesis Callout: In practice, simple is best. Business leadership prioritizes interpretable, manageable solutions
(Scikit-Learn) over complex deep learning architectures unless the data strictly demands it.
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THE CONCEPTUAL UI THE IMPLEMENTATION
1.0- 1 | import mlflow
. 2  import mlflow.sklearn
m —
ol Y i
a ..' ® 4 mlflow.set_experiment("azure-ml-demo")
S 0.9 .!. 2 5 with mlflow.start_run():
§ 0 6 model = RandomForestClassifier
L l:l S (n_estimators=150, max_depth=12)
o DATA & 8 model.fit(X_train, y_train)
o ® METADATA 9 # MLflow automatically logs the
' co 160 150 200 FLOW environment, parameters, and model artifact
n_estimators
Visualizing model performance against hyperparameters,
enabling informed selection.
THE LEDGER REPRODUCIBILITY %
MLflow acts as the immutable ledger of the pipeline, Eliminates the “it worked on my machine” problem by registering :_'J
systematically recording exact hyperparameters and code states. | specific model versions directly to the Azure workspace.
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THE DEPLOYMENT DECISION TREE

Massive, highly
scalable container
orchestration?

Azure Kubernetes
Service (AKS)

Serve predictions _
via standard HTTP/API Azure App Services
requests? '

Microsoft Fabric
Real-Time Endpoints

Low-code Lakehouse

architecture coupled
with Power BI?

Key Takeaway: Deployment is not one-size-fits-all. The platform must be dictated

by the required latency, traffic volume, and surrounding data architecture.
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Pipeline Blueprint A: Azure Machine Learning

v B

s o
= | INFRASTRUCTURE-AS-CODE (YAML)

o |

name: rf-endpoint
ERatiics:
blue: 100
deployments:
blue:
model: azureml:rf-model@latest
code_configuration:
pipelines/ & - code: ../src
scoring_script: score.py
instance_type: Standard_DS3_v2

" Compute Clusters =
- = (== — =
Persona Mechanism Advantage
Built for ML Engineers Code-first Total control over the
and DevOps. (Python/YAML). MLOps lifecycle,
Heavy reliance on precise traffic routing

rigorous versioning.

4 : : dedicated Compute (e.g., Blug/Green
Online Endpoint Clusters. deployments), and

T Cermin Motebook



Pipeline Blueprint B: Microsoft Fabric

ENDPOINT INVOCATION

payload = {
Ndakais [HEFL nopmt g 422 Taglee ] 28 R

}

headers = {"Authorization": f"Bearer {token}"}
response = requests.post(endpoint_url,
headers=headers, json=payload)

OnelLake

ML i
Jupyter [ = 1 L |
Notebooks o 4 Bl
[ =1 ] 1l il
Persona: Mechanism: | Advantage: |
Built for Data Notebook-first Frictionless |
Scientists and (.ipynb). Unified integration with
: Data Engineers. Lakehouse storage Power Bl
Sernantllc via native Delta semantic models |
Mode tables. and native ‘
: serverless compute
ReaI-Tlme- scaling without |
REST Endpoint managing raw |
infrastructure. ‘
| gl gl | |
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The Architecture Synthesis Matrix

Dimension

Azure Machine Learning

Microsoft Fabric

Core Philosophy

Full MLOps,
Infrastructure-as-Code

Unified Data Lakehouse,
Low-Friction

Target Persona

ML Engineers / DevOps

Data Scientists / BI Analysts

Configuration &
Execution

Strict YAML definitions,
standalone Python scripts

Jupyter Notebooks, UI-driven
endpoints

Storage Paradigm

Blob Storage / Disconnected
Datastores

OneLake / Native Delta Table

S

Developer Integration

Deep VS Code integration
for robust app dev

Git-mode syncing for

notebooks and semantic models
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Developer Integration & IDEs
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/f VS Code Editor
import fabric
fabric.connect()

1. Local Dev

Engineers edit Fabric
notebooks (01_ingest. ipynb)
and Power BI semantic
models using VS Code and
Tabular Editor.

L

2. Git Syncing

Committing changes to a Git
branch initiates Fabric’s
native Git-mode integration.

Fabric Workspace

3. CI/CD Promotion

Code is merged, triggering
deployment pipelines that
promote the ML model from
Dev to Test to Prod
environments.

4. Agent Integration

C#/Python applications
utilize Fabric REST APIs to
pass live user data to the
endpoint for real-time
scoring.
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Evaluating the Pipeline (Metrics & Ground Truth)

—_—
Reference-Based Metrics (Traditional) _E}LIJ'G'“T"G'"T-"""Ji}'T"G'"T

. , r :
BLEU ROUGE —=
Measures precision via N-gram overlap between Measures recall via longest common
generated text and ground truth. Punctuation is subsequence (LCS). Crucial for summarization
1gnored. tasks.

Reference-Free / RAG Metrics (Modern)

Faithfulness Answer Relevancy
Penalizes claims in the output that cannot be Penalizes redundant information or incomplete
logically deduced from the retrieved context. answers relative to the initial user query.

LLM-as-a-Judge

Utilizing prompt-based evaluators (like G-Eval) to score functional correctness, fluency,
and syntax when manual human review 1s unscalable.
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The ML Pipeline is Critical Infrastructure.

The Master Blueprint

DB/Sensors Data Factory Databricks MLflow / AKS / Fabric Evaluation &
(Medallion) Azure ML Endpoints Monitoring

AI is not just about algorithms; it is a rigorous engineering discipline. By architecting

scalable data ingestion, structured model frameworks, and resilient deployment platforms,
raw data is successfully transformed into reliable business value.

Design your pipelines for stability, deploy for scale, and evaluate for truth.

T Cermin Motetook



