
SECTION 1

Architecting Low-Code AI Solutions

Section Overview: Google Cloud Professional Machine Learning Engineer Exam

Executive Summary

This section covers the complete spectrum of low-code and no-code AI solutions available on Google Cloud
Platform. It progresses from SQL-based machine learning with BigQuery ML, through pre-trained APIs and
foundational models, to automated custom model training with AutoML. These approaches enable
organizations to build production-grade ML solutions without requiring deep expertise in machine learning
algorithms or extensive coding, significantly reducing time-to-value while maintaining high model quality. The
section emphasizes practical decision-making: when to use each approach, how to prepare data effectively,
and how to evaluate and deploy models for business impact.

Section Roadmap

This section is organized into three complementary subsections, each representing a different approach to
building AI solutions:

• 1.1: BigQuery ML SQL-based machine learning for data analysts and SQL practitioners. Build models
directly in the data warehouse using familiar SQL syntax. Ideal for tabular data, time-series forecasting,
and recommendation systems.

• 1.2: ML APIs & Foundational Models Leverage pre-trained models and APIs for common AI tasks. No
training required - just API calls. Best for vision, language, speech, translation, and RAG applications using
foundational models.

• 1.3: AutoML Automated custom model training for unique business problems. Minimal ML expertise
needed - AutoML handles architecture search and hyperparameter tuning. Supports tabular, image, text,
video data with custom datasets.



Strategic Decision Framework: Choosing the Right Approach

Understanding when to use each approach is critical for exam success and real-world implementation:

Approach Use When Avoid When

BigQuery ML • Data already in BigQuery
• Team has strong SQL skills
• Tabular/structured data
• Need fast prototyping

• Complex unstructured data
• Advanced custom architectures
• Real-time predictions needed

ML APIs • Standard AI tasks (vision, NLP)
• No training data available
• Need immediate results
• Prototyping quickly

• Highly specialized domains
• Need model customization
• Cost-sensitive at scale

AutoML • Have labeled custom data
• Unique business problem
• Need production model
• Limited ML expertise

• Need full control
• State-of-art required
• Complex architectures



1.1: Developing ML Models with BigQuery ML

In-Warehouse Machine Learning for SQL Practitioners

BigQuery ML democratizes machine learning by bringing it directly into the data warehouse. Data analysts can
build, train, and deploy ML models using standard SQL syntax without moving data or learning new
programming languages. This approach is particularly powerful for organizations with existing BigQuery
investments and strong SQL expertise.

Key Capabilities:

• Model Types: Linear/logistic regression, BOOSTED_TREE_CLASSIFIER, ARIMA_PLUS for time-series,
MATRIX_FACTORIZATION for recommendations, AUTOENCODER for anomaly detection

• Feature Engineering: TRANSFORM clause packages preprocessing with model, eliminating
training-serving skew

• Model Evaluation: Built-in ML.EVALUATE, ML.EXPLAIN_PREDICT for interpretability, comprehensive
metrics

• Deployment: Seamless batch predictions with ML.PREDICT, export for online serving, no separate
infrastructure needed

Exam Focus Areas: Model selection criteria, TRANSFORM clause usage, handling training-serving skew,
time-series forecasting with ARIMA_PLUS, evaluation metrics interpretation, unsupervised learning
applications



1.2: Building AI Solutions with ML APIs & Foundational Models

Pre-trained Models for Rapid AI Integration

Google Cloud's ML APIs and Model Garden provide immediate access to state-of-the-art AI capabilities without
requiring training data or ML expertise. This approach accelerates time-to-market for common AI tasks and
enables developers to prototype quickly. The addition of foundational models (PaLM 2, Gemini) and RAG
capabilities through Vertex AI Agent Builder represents the cutting edge of low-code AI solutions.

Key Components:

• ML APIs: Vision API (image analysis, OCR), Natural Language API (sentiment, entities), Speech-to-Text,
Translation API (100+ languages)

• Industry APIs: Document AI (forms, invoices, receipts), Retail API (recommendations, search)

• Model Garden: Access to proprietary (PaLM 2, Gemini, Imagen) and open-source (Llama 2, Stable
Diffusion) foundational models

• RAG Applications: Vertex AI Agent Builder connects LLMs to knowledge bases, reducing hallucinations
with grounded responses

• Deployment: Vertex AI Endpoints for managed serving, traffic splitting for A/B testing, automatic scaling

Exam Focus Areas: API selection for specific tasks, prompt engineering techniques, RAG architecture
patterns, Document AI processors, model deployment strategies, when to fine-tune vs. use pre-trained



1.3: Training Models by Using AutoML

Automated Custom Model Training

AutoML bridges the gap between pre-trained APIs and fully custom ML development. It automates the complex
process of model architecture selection, hyperparameter tuning, and feature engineering while still allowing for
custom training data. This makes it possible for teams without deep ML expertise to build production-quality
custom models for their unique business problems.

Key Capabilities:

• Data Types: AutoML Tables (tabular), AutoML Vision (images), AutoML Natural Language (text), AutoML
Video (video classification/tracking)

• Data Preparation: Feature selection guidance, managed labeling services with active learning, quality
control mechanisms

• Feature Store: Centralized feature management, online/offline serving, point-in-time correctness for
time-series

• Forecasting: AutoML Forecasting for time-series, automatic trend/seasonality detection, hierarchical
forecasting, prediction intervals

• Model Evaluation: Comprehensive metrics, feature importance scores, slice-based evaluation for fairness

• Responsible AI: Explainable AI, fairness indicators, model monitoring for drift, privacy-preserving
techniques

Exam Focus Areas: Data preparation strategies, feature engineering techniques, training budget optimization,
debugging overfitting, Feature Store usage, forecasting model configuration, responsible AI practices,
training-serving skew prevention

Cross-Cutting Themes for the Entire Section

• Training-Serving Skew Prevention: All three approaches require careful attention to ensuring data and
feature computation consistency between training and production. BigQuery ML uses TRANSFORM
clause, APIs have consistent preprocessing, AutoML uses Feature Store.

• Model Evaluation: Understanding evaluation metrics (precision, recall, F1, AUC-ROC, RMSE, MAE) is
critical across all approaches. Know when each metric matters and how to interpret them for business
decisions.

• Cost Optimization: Each approach has different cost profiles. BigQuery ML charges for query
processing, APIs charge per request, AutoML charges for training hours and predictions. Understand
trade-offs.



• Responsible AI: Privacy (PII/PHI handling), fairness (bias detection), transparency (explainability), and
monitoring apply across all approaches. Know Google Cloud's responsible AI toolkit.

• Production Deployment: All three paths lead to production deployment but with different characteristics.
Understand serving patterns: batch vs. online, latency requirements, scale considerations.

Common Exam Scenarios

• Scenario: Company has customer transaction data in BigQuery and wants to predict churn. → Use
BigQuery ML for rapid prototyping with LOGISTIC_REG, evaluate with metrics, deploy with ML.PREDICT.

• Scenario: Startup needs to extract text from invoice images but has no labeled data. → Use Document AI
Invoice Processor (pre-trained), no custom training needed.

• Scenario: Healthcare provider needs custom medical image classification with 50,000 labeled X-rays. →
Use AutoML Vision for custom training, leverage Explainable AI for model transparency.

• Scenario: E-commerce site wants product recommendations based on user behavior. → Use BigQuery
ML MATRIX_FACTORIZATION for collaborative filtering, or Retail API for pre-built solution.

• Scenario: Enterprise needs RAG chatbot grounded in internal documentation. → Use Vertex AI Agent
Builder with foundational model (Gemini), connect to document store for context.

Study Recommendations

• Master the decision framework: Practice identifying which approach (BigQuery ML, APIs, AutoML) is
optimal for given scenarios based on data type, team skills, timeline, and requirements.

• Hands-on practice: Work through Cloud Skills Boost labs for each subsection. Build actual models using
BigQuery ML, call ML APIs, train AutoML models.

• Understand trade-offs: Know the strengths and limitations of each approach. What can BigQuery ML NOT
do? When do APIs become cost-prohibitive? When is AutoML overkill?

• Focus on production concerns: Training-serving skew, model monitoring, fairness, privacy, and
deployment patterns appear frequently in exam questions.

• Review documentation: Study official Google Cloud documentation for BigQuery ML SQL reference, ML
API features, and AutoML capabilities.
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