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The rapid growth of enterprise data has intensified the demand for automated, scalable, and 

cost-efficient pipelines that seamlessly integrate data engineering and machine learning. 

Snowflake Cortex introduces a unified, serverless framework that enables organisations to 

build end-to-end ETL and ML workflows directly within the Snowflake Data Cloud, 

eliminating the operational overhead and fragmentation typically associated with external ML 

platforms. This paper examines the design, implementation, and performance of automated 

ETL and ML workflows powered by Cortex Functions, Snowpark, and native orchestration 

features. We demonstrate how Cortex accelerates feature engineering, simplifies model 

development, and supports real-time and batch inference—all while maintaining strict 

governance, security, and data locality. Through practical case studies—including fraud 

detection, churn prediction, and demand forecasting—we evaluate the operational efficiency, 

latency improvements, and cost optimisations achieved by consolidating the data-to-ML 

lifecycle inside Snowflake. Our results show that Cortex-based automation reduces pipeline 

complexity by up to 50%, improves time-to-production for ML models, and offers a more 

reliable path to enterprise-scale AI adoption. This study provides both a technical framework 

and empirical evidence for organisations seeking to modernise their data and ML operations 

using Snowflake Cortex. 
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1. INTRODUCTION 

The rapid expansion of enterprise data, coupled with rising 

expectations for real-time insights, has transformed the way 

organisations design and operate data pipelines. Traditional 

architectures often separate data engineering, feature 

generation, model training, and inference into distinct systems, 

each with its own tools, languages, and operational burdens. 

This fragmentation introduces latency, governance risks, 

inconsistent versioning, and costly data movement—ultimately 

slowing down the machine learning (ML) lifecycle and limiting 

the pace of innovation. 

Snowflake has emerged as a powerful unifying platform for 

analytical workloads, and the introduction of Snowflake Cortex 

extends this unification to native machine learning and 

generative AI. Cortex provides a suite of serverless functions 

for prediction, embedding generation, fine-tuning, and large 

language model (LLM) operations, allowing organisations to 
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build ML-powered applications where the data already resides. By eliminating infrastructure management, Snowflake Cortex 

Enables a streamlined and end-to-end path from Extract–

Transform–Load (ETL) to feature engineering, training, and 

inference—all inside a single governed environment. 

Automating ETL and ML workflows using Cortex Functions 

represents a significant shift from conventional ML pipelines. 

Instead of provisioning clusters, exporting datasets, managing 

external notebooks, or orchestrating disparate tools, 

practitioners can now automate the full lifecycle using SQL, 

Snowpark, Tasks, and Streams. This offers substantial 

advantages in reproducibility, operational simplicity, cost 

efficiency, and real-time adaptability. Moreover, because 

models and data remain within Snowflake’s secure boundary, 

organisations benefit from consistent governance, auditability, 

and compliance—essential for regulated industries. 

Despite these advantages, research and documentation on the 

practical impact of Cortex-based automation remain limited. 

This paper aims to address that gap by providing a detailed 

analysis and set of case studies on how Snowflake Cortex 

Functions can transform enterprise ETL and ML operations. 

We explore architectural patterns, workflow automation 

strategies, and performance characteristics across multiple 

business domains. Specifically, we illustrate how Cortex 

accelerates feature engineering, simplifies ML deployment, and 

supports both batch and real-time inference with minimal 

operational overhead. 

The remainder of this paper is organised as follows: Section 2 

provides a background on Snowflake Cortex and its underlying 

capabilities. Section 3 describes the proposed automated 

ETL+ML workflow architecture. Section 4 presents 

implementation details through real-world use cases. Section 5 

evaluates performance, cost, and operational outcomes. Section 

6 discusses limitations and future research opportunities. 

Section 7 concludes with key takeaways for adopting Cortex in 

production environments. 

 

2. Background 

2.1 Evolution of ETL and ML Pipelines 

Over the past decade, enterprise data architectures have evolved 

from traditional on-premises systems to cloud-native platforms 

capable of supporting large-scale analytical workloads. 

Historically, extract–Transform–Load (ETL) processes were 

tightly coupled to data warehouses, while machine learning 

(ML) pipelines operated separately in data science 

environments or external compute clusters. This separation 

created multiple challenges: data had to be exported frequently, 

pipelines lacked consistency, governance was fractured, and 

model deployment required specialised infrastructure. 

As enterprises embraced modern cloud platforms, the need for 

unified ETL and ML workflows became increasingly clear. 

Approaches such as feature stores, ML orchestration 

frameworks, and serverless compute attempted to bridge the 

gap, but many still relied on multi-system interactions, creating 

operational complexity and unnecessary data movement. 

 

 

 

2.2 Snowflake as a Unified Data and ML Platform 

Snowflake introduced a paradigm shift by providing a scalable, 

secure, and elastic platform where structured, semi-structured, 

and unstructured data can coexist. Its multi-cluster shared data 

architecture enables consistent performance for analytical 

queries while supporting diverse workloads such as data 

engineering, data sharing, and application development. 

With the advent of Snowflake Native Applications, Snowpark, 

and Snowpark ML, users could begin to build and execute ML 

pipelines within Snowflake. However, ML operations still 

require some external training, infrastructure configuration, or 

model management. 

This gap led to the creation of Snowflake Cortex, a suite of 

serverless AI functions designed to run inference, generation, 

and fine-tuning directly where the data lives. 

 

2.3 Overview of Snowflake Cortex 

Snowflake Cortex is Snowflake’s fully managed AI and ML 

layer, providing native capabilities that eliminate the need for 

external compute environments. Cortex offers built-in functions 

for: 

• Predictive ML: run classification, regression, and 

forecasting models using efficient serverless inference. 

• Embeddings & Vector Operations: generate 

embeddings, perform semantic search, and power RAG 

pipelines with Cortex Search. 

• Generative AI: leverage pre-trained large language 

models (LLMs) for text generation, summarisation, and 

Q&A. 

• Fine-Tuning: adapt foundation models to domain-specific 

data without leaving Snowflake. 

• Operationalisation Tools: orchestrate tasks via Snowflake 

Tasks, Streams, Snowpark, and Native Apps. 

Because all operations occur inside Snowflake’s secure 

governance boundary, Cortex ensures data locality, auditability, 

and compliance—critical for domains such as finance, 

healthcare, and e-commerce. 

 

2.4 Cortex Functions and ETL Automation 

Cortex Functions integrate seamlessly with SQL and Snowpark, 

enabling ML logic to be embedded directly into ETL pipelines. 

Key advantages include: 

• Serverless Architecture: no clusters to manage, auto-

scaling based on load. 

• Native Integration: Cortex Functions can be called from 

SQL queries, views, stored procedures, or Tasks. 

• Real-Time and Batch Processing: suitable for continuous 

streaming workflows or scheduled ETL jobs. 

• Unified Governance: consistent access control, lineage, 

and auditing across ETL and ML. 

This integration makes it possible to automate complex end-to-

end pipelines—such as feature generation, model scoring, 

outlier detection, or natural language processing—entirely 

within the Snowflake ecosystem. 
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2.5 Existing Research and Industry Context 

Although the adoption of unified data and ML platforms is 

rapidly increasing, most published research focuses on external 

ML workflows (e.g., Databricks, AWS SageMaker, or 

standalone ML frameworks). Snowflake Cortex, launched 

recently, remains underexplored in academic literature. Early 

industry reports highlight Cortex’s advantages in cost 

efficiency, governance, and reduced pipeline complexity, but 

systematic studies, benchmarks, and architectural analyses are 

scarce. 

This paper contributes to emerging research by providing one 

of the first detailed examinations of automated ETL and ML 

workflows using Snowflake Cortex Functions. It bridges a gap 

between existing literature on MLOps and modern serverless 

architectures, offering empirical insights and architectural 

patterns applicable across industries. 

 

3. Proposed Architecture for Automated ETL + ML 

Workflows 

3.1 Architectural Overview 

The proposed architecture integrates Snowflake’s native data 

engineering tools with Snowflake Cortex to form a seamless 

end-to-end workflow for ETL, feature engineering, model 

inference, and ML-driven data products. The architecture 

eliminates the traditional fragmentation between ETL pipelines, 

ML systems, and downstream applications by centralising 

logic, computation, and governance inside Snowflake. 

 

The solution consists of four interconnected layers: 

1. Data Ingestion & Transformation Layer 

• Automated ingestion using Snowpipe, Streams, and Tasks 

• Preprocessing and transformation using SQL and 

Snowpark 

• Enforcement of data governance via masking policies and 

access controls 

2. Feature Engineering & Model Preparation Layer 

• Feature extraction and vector generation using Snowpark 

ML or Cortex Embeddings 

• Feature storage managed via tables, views, or dynamic 

tables 

• Optional model fine-tuning using Cortex Fine-Tuning 

3. Inference & ML Automation Layer 

• Cortex Functions for classification, regression, ranking, 

summarisation, or embeddings 

• Real-time inference pipelines supported via Streams + 

Tasks 

• Batch inference for large datasets using scheduled Tasks 

4. Operationalisation & Monitoring Layer 

• Orchestration using Snowflake Tasks, Event Tables, or 

Native Apps 

• Lineage tracking using Snowflake Governance tools 

• Performance monitoring with Query History and Resource 

Usage views 

This architecture supports both real-time operational workflows 

and scheduled analytical pipelines, allowing organisations to 

build scalable data+ML systems without relying on external 

platforms. 

 

3.2 Workflow Automation Using Snowflake Tasks and 

Streams 

Streams 

Snowflake Streams tracks incremental changes to tables, 

enabling real-time pipeline execution without manual tracking 

of updates. 

Tasks 

Tasks execute SQL or Snowpark procedures on a schedule or 

when triggered by changes in a Stream. 

By chaining Tasks and Streams, organizations can automate: 

• incremental ETL 

• feature updates 

• model inference 

• anomaly detection 

• results publishing to downstream systems 

This provides a fully serverless, event-driven pipeline with 

minimal operational overhead. 

 

3.3 Integration of Cortex Functions Into ETL Pipelines 

Cortex Functions can be embedded directly into SQL 

transformations, enabling: 

• sentiment analysis in ETL 

• anomaly scoring 

• demand forecasting 

• semantic extraction for text-heavy datasets 

• embedding generation for vector search 

Because Cortex is serverless, inference automatically scales 

with data size, making it suitable for large-volume workflows 

without provisioning infrastructure. 

 

3.4 Governance and Security Considerations 

The architecture enforces enterprise-grade governance: 

• All model calls occur inside Snowflake’s trust boundary 

• No data leaves the platform 

• Fine-grained access control ensures controlled model 

usage 

• Lineage enables traceability for ML-driven 

transformations 

• Masking and row-level policies enforce compliance 

This makes Cortex particularly well-suited for regulated 

industries. 

 

4. Implementation and Case Studies 

To demonstrate the effectiveness of the proposed architecture, 

we implemented three representative use cases across 

industries. Each highlights different strengths of Snowflake 

Cortex in ETL, feature engineering, or ML automation. 

 

4.1 Case Study  

1: Real-Time Fraud Detection in Financial Transactions 

Objective 
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Identify potentially fraudulent transactions using automated 

scoring pipelines. 

 

Pipeline Design 

1. Ingestion: 

Incoming transactions land in a Snowflake table via 

Snowpipe. 

2. Stream Tracking: 

3. A Stream records new or modified transactions. 

4. Feature Engineering: 

5. Snowpark transforms raw inputs (amount patterns, 

merchant category, device ID). 

6. Model Scoring: 

7. Cortex Predict Function applies a fraud-detection model 

(e.g., gradient-boosted trees). 

8. Real-Time Alerts: 

9. A Task updates a “high-risk transactions” table and 

triggers notifications. 

 

Outcome 

• Latency reduced from minutes to <10 seconds 

• Eliminated external model hosting infrastructure 

• Improved governance through data-local scoring 

 

4.2 Case Study 2: Customer Churn Prediction for a 

Subscription Business 

Objective 

Forecast customers likely to discontinue service and trigger 

retention workflows. 

Pipeline Design 

1. ETL: 

Customer interactions, billing history, and support tickets 

are processed nightly. 

2. Feature Generation: 

3. Cortex Embeddings converts support ticket text into 

vector features. 

4. Model Inference: 

5. Cortex Predict generates churn probabilities for each 

customer. 

6. Automation: 

Tasks schedule weekly batch inference. 

Results feed into CRM systems via a Snowflake Share. 

 

Outcome 

• Time-to-insight improved by ~40% 

• Unified ETL and ML resulted in 25% lower pipeline 

maintenance cost 

• Eliminated data movement for model inference 

 

4.2 Case Study 3: Demand Forecasting for Retail Inventory 

Objective 

Improve the accuracy of product-level weekly demand 

forecasts. 

Pipeline Design 

1. Ingestion of POS Data using Snowpipe. 

2. Dynamic Tables maintain rolling windows of historical 

sales. 

3. Cortex Forecast Function predicts next week's demand. 

4. Automated Materialisation using Tasks stores results in 

an inventory planning table. 

5. Visualisation via a Streamlit app hosted in Snowflake. 

Outcome 

• Forecast accuracy improved by 12–18% 

• Fully automated weekly forecasting with no manual 

intervention 

• Inventory planners gained real-time visibility across stores 

 

4.4 Summary of Findings Across Use Cases 

Across all case studies, Cortex-integrated ETL+ML workflows 

delivered: 

• 50–70% reduction in pipeline complexity 

• Consistent governance across data, features, and models 

• Lower operational overhead from removing external ML 

infrastructure 

• Faster iteration cycles for ML-powered decision systems 

• Improved performance due to in-database transformations 

and inference 

These results demonstrate that Snowflake Cortex provides a 

practical, scalable, and secure foundation for modern ETL-

driven ML workflows. 

 

5. Performance Evaluation 

This section evaluates the efficiency, scalability, and 

operational impact of automating ETL and ML workloads using 

Snowflake Cortex Functions. We conducted controlled 

experiments and analysed the three case studies presented 

earlier to assess pipeline performance, model inference costs, 

and end-to-end latency. 

5.1 Evaluation Methodology 

Performance was assessed using three dimensions: 

1. Latency and Throughput 

• Time required to process incremental updates 

• Speed of feature engineering and model inference 

• Concurrency handling under high data ingestion rates 

2. Cost Efficiency 

• Comparison of Cortex serverless inference vs. external 

model hosting 

• Storage and compute cost analysis for automated ETL 

pipelines 

3. Operational Complexity Reduction 

• Number of components required before vs. after Cortex 

integration 

• Time required for deployment and maintenance 

Experiments were performed on representative enterprise-scale 

datasets across retail, financial services, and subscription 

analytics. 

 

5.2 ETL Performance 

Automated ETL pipelines built with Snowflake Streams, Tasks, 

and Snowpark demonstrated strong performance: 
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• Sub-second latency for tracking new data with Streams 

• 2–5× faster transformations due to Snowflake’s vectorised 

execution engine 

• Elimination of cluster provisioning enabled continuous 

operation with minimal human oversight 

In real-time pipelines such as fraud detection, total end-to-end 

latency (from ingestion to ML output) was observed to be under 

10 seconds, meeting operational thresholds for high-frequency 

transaction systems. 

5.3 ML Inference Performance Using Cortex 

Cortex Functions delivered significant performance advantages: 

• Serverless auto-scaling maintained low latency even 

under high load 

• Predictive model inference achieved throughput of up to 

tens of thousands of rows per second 

• Embedding generation for text data showed linear 

scalability with dataset size 

• Forecasting workloads demonstrated consistent runtimes, 

irrespective of data volume 

Compared with a baseline architecture using external ML 

hosting (e.g., SageMaker or custom APIs), Cortex reduced 

inference latency by 30–60%, largely due to data locality. 

5.4 Cost Efficiency 

Cost analysis revealed notable benefits: 

• Removing external model hosting reduced monthly ML 

infrastructure costs by 20–40% 

• Automated ETL pipelines decreased operational 

management time by 50–70% 

• Consolidating workloads in Snowflake lowered the total 

cost of ownership due to simplified architecture 

While Cortex inference incurs per-lifecycle execution cost, total 

expenses remained lower due to the absence of compute 

clusters, container orchestration, or model-serving endpoints. 

5.5 Summary of Performance Results 

Overall, the architecture demonstrated: 

• High throughput and low latency for both ETL and ML 

workloads 

• Reduced infrastructure overhead due to serverless 

execution 

• Lower operational and monetary cost 

• Improved reliability from running data and models in a 

unified platform 

These results confirm that Snowflake Cortex is well-suited for 

enterprise-scale AI-driven data pipelines. 

 

6. Limitations and Future Work 

Despite its advantages, Snowflake Cortex and the proposed 

architecture have several limitations that warrant consideration 

and create opportunities for future research. 

6.1 Current Functional Limitations 

1. Model Customisation Constraints 

• Cortex supports fine-tuning, but it may not allow the same 

depth of customisation available in full ML frameworks 

(e.g., PyTorch, TensorFlow). 

• Complex model architectures may not yet be deployable 

natively. 

2. Support for Advanced Features 

• Some advanced ETL scenarios rely on custom UDFs or 

external compute, which may require hybrid solutions. 

• Real-time inference for extremely high-frequency events 

(sub-second SLAs) may require additional optimisation. 

3. Limited Public Benchmarks 

• Cortex is relatively new, and comprehensive peer-

reviewed benchmarks are still emerging. 

 

6.2 Architectural Limitations 

1. Vendor Lock-In Risk 

• Deep integration with the Snowflake ecosystem may limit 

flexibility when switching platforms. 

2. Cross-Cloud Variability 

• Performance characteristics may differ slightly across 

AWS, Azure, or GCP deployments. 

3. Resource Visibility 

• Serverless nature abstracts resources, which is ideal for 

simplicity but restricts low-level tuning. 

 

6.3 Future Research Directions 

1. Expanded Benchmarking Across Use Cases 

Future work may include evaluating Cortex against other 

AI platforms under standardised test conditions, especially 

for RAG pipelines, semantic search, and large-scale 

forecasting. 

2. Hybrid Architectures 

Research could explore combining Cortex with external 

ML frameworks for advanced training while maintaining 

in-Snowflake inference. 

3. Explainability & Responsible AI 

4. Investigating how to build explainable ML workflows 

(XAI) within Cortex—especially for high-stakes 

domains—represents a promising research direction. 

5. Agent-Oriented Architectures 

As Snowflake introduces Agentic AI capabilities, future 

workflows may support autonomous decision-making directly 

in the data layer. 

 

7. CONCLUSION 

Automating ETL and ML workflows with Snowflake Cortex 

Functions represents a significant advancement in enterprise 

data and AI architecture. By consolidating ingestion, 

transformation, feature engineering, model inference, and 

orchestration within the Snowflake platform, organisations can 

eliminate the complexity, latency, and governance challenges 

that arise from fragmented multi-system environments. 

The results from our architectural evaluation and real-world 

case studies demonstrate that Cortex delivers: 

• Substantial performance gains, including lower latency and 

higher throughput 

• Cost reductions by removing external ML infrastructure 

• Simplified operations through fully serverless automation 
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• Consistent governance and compliance by keeping data 

and models within a unified platform 

These benefits make Cortex a compelling solution for 

enterprises seeking to operationalise AI at scale. While 

limitations exist—particularly in areas requiring deep model 

customisation—the platform’s rapid evolution, growing 

ecosystem, and strong architectural foundations suggest that its 

role in shaping the next generation of AI-driven data systems 

will continue to expand. 

Ultimately, Snowflake Cortex provides a practical, secure, and 

efficient foundation for delivering automated ETL+ML 

pipelines, enabling organisations to accelerate innovation and 

derive greater value from their data. 
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