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Overview.

3.1 What Data Engineers Actually Do

Al engineers bridge the gap between data science research and
production systems. They build the infrastructure and applications that
deploy machine learning models at scale. This role combines software
engineering with machine learning expertise.

Their day-to-day work includes:

- Implementing and optimizing machine learning models

Creating scalable ML pipelines for training and inference

Integrating models with production applications and data sources

Monitoring and maintaining model performance

Collaborating with data scientists and software engineers



The basics.

3.2 Core Technologies & Skills to
Look For

@ Essential Skills (Must-Have)

* Python: The dominant language in Al engineering
ML Frameworks: TensorFlow, PyTorch, or scikit-learn
 MLOps Tools: Experience with model deployment and monitoring

« Software Engineering: API design, version control, testing

Data Processing: Experience with data preparation for ML

@ Valuable Additions (Nice-to-Have)

« Cloud ML Platforms: AWS SageMaker, Azure ML, Google Vertex Al

Distributed Computing: Training models across multiple machines

Model Optimization: Techniques for making models faster/smaller

Specialized ML Areas: NLP, computer vision, reinforcement learning

Model Interpretability: Explaining model predictions



3.3 Experience Level Indicators

Junior Al Engineers (0-2 years)

@ what to look for in Linkedin profiles

. Recent CS/Engineering graduates with ML coursework
Bootcamp graduates with ML engineering focus
Academic research experience in ML
Kaggle competition participation
ML-focused certifications

Q Projects should demonstrate

« Implementation of standard ML algorithms

- Basic model training and evaluation

« Simple ML applications with established frameworks
- Data preprocessing for ML tasks

€ Red flags

« Only theoretical knowledge without implementation
« No end-to-end ML projects
« Minimal Python programming experience

Why this level fits certain teams: Junior Al engineers can implement
established ML approaches under guidance. They're well-suited for
teams with standardized ML processes and senior engineers who can
provide mentorship.



3.3 Experience Level Indicators

Mid-Level Al Engineers (2-5 years)

@ what to look for in Linkedin profiles

« Production ML system experience
Work across the full ML lifecycle
Specific ML domains or techniques (NLP, computer vision, etc.)
Integration of ML with larger software systems
Model optimization and improvement work

Q Projects should demonstrate

End-to-end ML pipeline implementation

Model deployment to production environments
Performance tuning and optimization
Integration with software applications

Model monitoring and maintenance

Handling real-world data challenges

€ Red flags

« Only academic or competition experience after 3+ years
« No experience with model deployment or monitoring

- Limited software engineering practices

- Unable to articulate model performance considerations

Why this level fits certain teams: Mid-level Al engineers can
iIndependently build and deploy ML solutions. They understand both the
modeling and engineering aspects of ML systems. They can take
ownership of specific ML applications or components.




3.3 Experience Level Indicators

Senior Al Engineers (5+ years)

@ what to look for in Linkedin profiles

 Architecture of ML platforms or systems
Leadership of ML initiatives
Cross-functional collaboration
Mentions of ML strategy or governance
Scaling ML across an organization

Q Projects should demonstrate

ML architecture design

Platform development for ML
Performance optimization at scale
Cross-team ML integration
Technical leadership and mentoring
Business impact of ML initiatives

€ Red flags

« Still primarily implementing models without architectural responsibilities
 Limited experience with ML at scale

« No evidence of cross-functional collaboration

- Unable to articulate ML ethics or governance approaches

Why this level fits certain teams: Senior Al engineers shape the
technical direction of ML initiatives and mentor junior team members.
They understand the entire ML ecosystem and can connect ML
solutions to business outcomes. Theyre essential for teams building
sophisticated ML platforms or applications.




Get searching.

3.4 Real LinkedIn Search Tips for
Al Engineers

>~ Basic Boolean Search Examples

("Al engineer” OR "ML engineer” OR "machine learning engineer")

AND (Python OR TensorFlow OR PyTorch)

AND (deployment OR production OR MLOps)
AND ("deep learning” OR NLP OR "computer vision" OR "predictive modeling")

> Finding Junior Candidates

("Al engineer” OR "ML engineer" OR "machine learning engineer" OR "data

scientist”)
AND (Python OR TensorFlow OR PyTorch OR "scikit-learn”)

AND ("recent graduate” OR "junior” OR "associate” OR "bootcamp” OR Kaggle)
AND (project OR internship OR certification)

> Finding Senior Candidates

("senior ML engineer” OR "lead Al engineer” OR "principal machine

learning engineer” OR "ML architect”)
AND (architecture OR platform OR infrastructure OR strategy)

AND (scale OR enterprise OR production)
AND (team OR mentor OR lead)

© ProTip

Look at their GitHub profiles. Active ML repositories, contributions to
open-source ML projects, or well-documented notebook examples are

strong positive signals.



Final tips.

3.5 Beyond Keywords: Evaluating
Real Al Engineering Expertise

When reviewing profiles, here's what separates real Al engineers from
those who just completed courses:

1. End-to-end ML systems: Evidence they built complete ML solutions,
not just models

2. Production focus: Experience with deployment, monitoring, and
maintenance

3. Performance metrics: Mentions of model accuracy, speed, or
business impact

4. Handling real-world constraints: Experience with limited data,
computational constraints, or business requirements

5. Engineering practices: Evidence of software engineering rigor in ML
work

@ tExample of a strong Linkedin description

"‘Designed and deployed computer vision system for manufacturing quality
control, reducing defect escape rate by 32%. Built end-to-end ML pipeline
from image capture to real-time inference on edge devices, with
centralized model monitoring and automated retraining workflow. Led
team of 3 engineers and collaborated with manufacturing SMEs to
continuously improve the system.”

€ Example of a weak LinkedIn description

"Experience with machine learning using Python, TensorFlow, and PyTorch.
Familiar with deep learning and computer vision techniques.’



