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Azure ML Pipeline Test

Purpose

Test deployment of Azure ML Pipeline and look at outputs and download trained model.

Key Things Learned

1. When you create train.py and prep.py or any other environment files, they should be stored
under ./src in your notebook directory.

2. You need to understand a bit of what you are trying to have it do as it can't think or make
suppositions in a normal way. Garbage in, garbage out.

Final Code

train.py

import pandas as pd

import argparse

import os

from sklearn.linear model import LogisticRegression
import joblib

def main():
parser = argparse.ArgumentParser()
parser.add argument("--training data", type=str)
parser.add argument("--model output", type=str)
args = parser.parse_args()

df = pd.read csv(os.path.join(args.training data, "prepped.csv"))
X = df[["featurel", "feature2", "feature sum"]]
y = df["label"]

model = LogisticRegression()
model.fit(X, vy)

os.makedirs(args.model output, exist ok=True)
joblib.dump(model, os.path.join(args.model output, "model.joblib"))

if name == " main_ ":

main()
print("Model output path:", args.model output)
print("Directory contents after writing:")
print(os.listdir(args.model output))
print("Writing model to:", args.model output)

Combined Cloud Managed Services CDW Proprietary



2026/04/21 13:45 3/8

Azure ML Pipeline Test

print("Files in output dir:", os.listdir(args.model output))

NOTE: The print statements on the end were for troubleshooting and

shouldn't be there for production runs.

prep.py

import pandas as pd
import argparse
import os

def main():
parser = argparse.ArgumentParser()
parser.add argument("--input data", type=str)
parser.add argument("--output data", type=str)
args = parser.parse _args()

df = pd.read csv(args.input data)
df["feature sum"] = df["featurel"] + df["feature2"]
os.makedirs(args.output data, exist ok=True)

df.to csv(os.path.join(args.output data, "prepped.csv"), index=False)

if name == " main_ ":
main()

deployment_script.py

# Step 1: Install SDK
I'pip install --quiet --upgrade azure-ai-ml

# Step 2: Imports and MLClient setup
from azure.ai.ml import MLClient, Input, Output, dsl
from azure.identity import DefaultAzureCredential

from azure.ai.ml.entities import Environment, CommandComponent, Data

from azure.ai.ml.constants import AssetTypes
import pandas as pd

import os

from uuid import uuid4

# Step 3: Connect to workspace
ml _client = MLClient(
DefaultAzureCredential(),
subscription id="baa29726-b3e6-4910-bb9b-b585c655322c",
resource group name="don-test-rg-SCUs",
workspace name="don-ml-workspace-fixed"

)

# Step 4: Create sample data and register it
df = pd.DataFrame({

"featurel": [1, 2, 3, 4, 5],

“feature2": [10, 20, 30, 40, 50],
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"label": [0, 1, O, 1, 0]
1)

df.to csv("data.csv", index=False)

data asset = Data(
path="data.csv",
type=AssetTypes.URI FILE,
description="Sample training data",
name="sample-csv-data"

)

ml client.data.create or update(data asset)

# Step 5: Create Python scripts
os.makedirs("src", exist ok=True)

# Leave train.py and prep.py creation to previous steps or user updates

# Step 6: Define Environment
env = Environment(
name="basic-env",
image="mcr.microsoft.com/azureml/openmpi4.1.0-ubuntu20.04:latest",
conda file={
"name": "basic",
"dependencies": [
"python=3.8",
"pandas",
"scikit-learn",
{
"pip": [
"joblib"
]

}
)

ml client.environments.create or_update(env)

# Step 7: Create components from source
prep component = CommandComponent (
name="prep data",
description="Prep data component",
inputs={"input data": Input(type=AssetTypes.URI FILE)},
outputs={"output data": Output(type=AssetTypes.URI FOLDER)},
code="./src",
command="python prep.py --input data ${{inputs.input data}} --
output data ${{outputs.output data}}",
environment=env,
compute="cpu-cluster"

)

ml client.components.create or update(prep component)
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# Force new train component to avoid cache issues
train_component = CommandComponent (
name=f"train model {uuid4().hex[:8]}", # unique name to bust cache
description="Train model component",
inputs={"training data": Input(type=AssetTypes.URI FOLDER)},
outputs={"model output": Output(type=AssetTypes.URI FOLDER)},
code="./src",
command="python train.py --training data ${{inputs.training data}} --
model output ${{outputs.model output}}",
environment=env,
compute="cpu-cluster"
)
ml client.components.create or update(train component)

# Step 8: Define pipeline function
@dsl.pipeline(default compute="cpu-cluster")
def ml pipeline(input data):
prep step = prep_component(input data=input data)
train step =
train_component(training data=prep step.outputs.output data)
return {"model output": train step.outputs.model output}

# Step 9: Submit pipeline with explicit output registration
pipeline job = ml pipeline(
input data=Input(type=AssetTypes.URI FILE, path="azureml:sample-csv-
data:4")
)

# Force Azure ML to track output

pipeline job.outputs["model output”] = Output(
type=AssetTypes.URI FOLDER,
mode="rw_mount"

)
pipeline job = ml client.jobs.create or update(pipeline_ job)

# Step 10: Stream logs
ml client.jobs.stream(pipeline job.name)

NOTE: This is ran from the Notebook, not from a python script. At least
not without changes.

Explanation of Final Code

[] Step 1: Install SDK

This ensures the latest version of the azure-ai-ml SDK is installed. It's essential for interacting with
the Azure ML workspace, defining and submitting jobs, registering assets like datasets, environments,
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and components, and managing outputs. This step guarantees compatibility with the latest features
and syntax of the Azure ML v2 SDK.

[] Step 2: Imports and MLClient Setup

This step loads all necessary modules from the Azure ML SDK (MLClient, Input, Output, dst,
CommandComponent, etc.) as well as supporting packages like pandas, uuid, and os. It also
establishes a connection to your Azure ML workspace by authenticating using
DefaultAzureCredential and creating an MLClient instance with your subscription ID, resource
group, and workspace name. This authenticated client (nl_client) will be used throughout the
script to register assets and submit pipeline jobs.

[] Step 3: Connect to Workspace

Here, the MLClient is initialized using the identity of the executing user or notebook (via
DefaultAzureCredential). This is a required step to securely interact with the Azure ML control
plane and asset registry. Without it, you cannot register data, submit jobs, or fetch pipeline results.

[] Step 4: Create and Register Sample Data

This step uses pandas to create a small, structured CSV dataset with three columns: featurel,
feature2, and label. The dataset is saved locally as data. csv and registered in Azure ML as a
named Data asset of type URI_FILE. Registering it makes it accessible in a reproducible way across
pipeline runs and compute targets. The registration is required because pipeline inputs in Azure ML
must be trackable, versioned assets.

[] Step 5: Create Python Scripts

This step creates a folder called src and writes two Python scripts into it: prep.py and train.py.

e prep.py reads the raw CSV, adds a derived column feature_sum, and writes a new prepped
dataset to a specified output folder. This simulates feature engineering or transformation logic.

e train.py loads the preprocessed data, fits a LogisticRegression model from scikit-
learn, and writes the trained model to the output directory as model. joblib.

These scripts are necessary because Azure ML pipelines use self-contained, executable components.
All logic must reside in standalone scripts for them to be used inside components.
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[] Step 6: Define Environment

This step defines a custom environment (basic-env) with a base Docker image and a set of conda
dependencies. The environment includes python, pandas, scikit-1learn, and joblib. This
ensures the scripts run in a reproducible environment with the exact dependencies they need.

The environment is registered in Azure ML and then reused in both the prep and training components.
This decouples dependency management from the code logic and avoids issues from differing
environments between local and remote runs.

[] Step 7: Create Components

Two reusable components are defined using CommandComponent:

e prep_component wraps prep.py and defines its input (input_data) and output
(output data) as URI-based file/folder assets.

e train component wraps train.py and defines its input (training data) and output
(model output) the same way.

Both components reference the basic-env and specify the same compute target (cpu-cluster).
By wrapping your logic in these components, you modularize and isolate each stage of the ML
workflow for reuse, testing, and composition into pipelines.

Importantly, the train component name is suffixed with a UUID to force Azure to register a new
version, avoiding potential issues from using a stale or cached version.

[] Step 8: Define Pipeline Function

This defines the actual DSL pipeline using the @dsl.pipeline decorator. It chains
prep component and train component together such that:

e Theraw input data is passed to prep component
e The output of prep component is passed as input to train component
e The pipeline returns model_output to make it accessible post-run

This encapsulates the ML process in a declarative, reusable pipeline structure. The
default compute is set to cpu-cluster, which is used unless overridden.

[] Step 9: Submit Pipeline Job

This constructs a pipeline job from the ml_pipeline(..) function by passing it the registered dataset
(azureml:sample-csv-data:4). This is the correct way to reference versioned data assets in
pipelines.
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To ensure the model output is tracked and accessible, it is explicitly declared as a pipeline output
using:

pythonCopyEditpipeline job.outputs["model output"] = Output(...)
This tells Azure ML to persist and expose this output after the run, regardless of whether it's returned

by the pipeline function or not. Without this, even correctly written files would not show up in the
portal or SDK.

The job is then submitted usingml _client.jobs.create or update(..).

[] Step 10: Stream Logs

This line attaches to the running pipeline job and streams logs back to the notebook. It helps monitor
progress in real-time and identify any failures as they happen.

[0 Bonus: Post-Run Output Download (Outside Numbered Steps)

After the job completes, ml_client.jobs.download(..) is used to fetch the model output folder
locally. This allows you to verify that the pipeline succeeded and inspect the actual contents of the
trained model artifact (model. joblib).

[0 Why This Pipeline Matters

This example demonstrates how to build a modular, reproducible, and trackable ML pipeline in
Azure ML using best practices:

e Everything (code, data, environment, output) is registered and versioned
e Each step is independent, testable, and reusable

* Logs and artifacts are persisted and inspectable via both SDK and Ul

e The pipeline can now be scheduled, automated, and extended

Al Knowledge
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