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ABSTRACT

Snowflake Dynamic Tables offer a declarative approach to data pipeline creation, enabling automatic refreshes and reducing
manual intervention. The paper discusses the technical implementation of Dynamic Tables, their use cases and how to improve
on the efficiency with which they are used in real time data transformation workflows. In this article, we use detailed use cases and
architectural considerations to provide data engineers with the essentials they need in order to make effective use of Snowflake’s
Dynamic Tables to solve today’s data engineering problems.

Keywords: Dynamic Table Processing, Snowflake, Declarative Approach, Data Engineering, Data Pipeline, Automatic Refresh,
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1. Introduction IR —— "

The large and ever-growing data demands innovative
solutions to process and properly manage the growing data.
Typically, handling dependencies in Traditional Extract-
Transform-Load (ETL) processes is a cumbersome, manual task
and the level of orchestration is high. However, Dynamic Tables,
a feature of Snowflake’s cloud-based data platform, helps tackle e
these challenges. Dynamic Tables make data transformation
workflows safer, more efficient and scalable, by providing a
SQL-based declarative approach for doing data transformations.
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2. Overview Of Snowflake Dynamic Tables DYNAMIC TABLEC Sl /

Dynamic Tables are specialized tables in Snowflake that Figure 1: Illustration of Automated Table Refresh Process:
automatically refresh to reflect changes in source data, based Dynamic Tables Generated from Base Tables Through Querying.
on predefined schedules or a “target lag.” These tables maintain
the results of a SQL query as a materialized view, optimizing
incremental updates to reduce resource consumption and latency.

*  Target lag: Defines the freshness of the data. For instance, a
target lag of *5 minutes’ ensures that the table updates every
five minutes.

*  Warehouse assignment: Specifies the computational
resources used for refresh operations.
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¢ Incremental processing: Supports updating only the

changed data, enhancing performance.

3. Technical Implementation

Stores results § > CREATE DYI 'ABLE <name>

.y TARGET_LAG = <duration>

WAREHOUSE = <BY0>
AS

SELECT x FROM <name>
Any Query!

New table type that automatically and continuously materializes the results of a query

Figure 2: Illustration of Dynamic Tables: Automatically
Refreshing, Storing Results and Supporting Any Query.

To create a Dynamic Table, users write SQL that specifies the
desired transformation logic, accompanied by a target lag and
warehouse details. The syntax is as follows:

CREATE OR REPLACE DYNAMIC
TABLE my_dynamic_table
TARGET LAG = '5 minutes'
WAREHOUSE = my_warehouse
AS

SELECT

coll,

col2,
COUNT(col3)
FROM
source_table
WHERE

col4 =
GROUP

coll, col2;

AS col3 count

'condition'
BY

Explanation:

* my_dynamic_table: The name of the Dynamic Table.

* TARGET _LAG: Defines the maximum delay before the
table reflects updates.

*  WAREHOUSE: Allocates the compute resources for
managing updates.

*  SELECT Statement: Contains the transformation logic to
process source data.

4. Advantages of Dynamic Tables

¢ Declarative pipeline design: Eliminates the need for
procedural logic by enabling users to focus on the desired

outcome.

e Automation: Automatically handles data refreshes,
removing the complexity of managing schedules.

* Efficiency: Supports incremental updates, reducing

compute costs and improving performance.

e  Scalability: Simplifies the scaling of complex pipelines by
chaining multiple Dynamic Tables.
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Figure 3: Illustration of Dynamic Table Refresh
Performance Metrics and Refresh Details Over Time.

History:

5. Best Practices

To maximize the benefits of Dynamic Tables, the following best
practices are recommended:

»  Use efficient SQL to minimize processing time.

*  Avoid unnecessary joins and aggregations.

*  Balance freshness requirements with compute costs.

»  Shorter lags are ideal for real-time applications; longer lags
suit batch processing.

*  Assign dedicated warehouses to avoid contention with other
workloads.

*  Monitor query performance to identify bottlenecks.

e Chain Dynamic Tables to divide complex workflows into
manageable steps.

»  Use intermediate tables for staging results.

*  Validate that only updated rows are processed to ensure
efficiency.

*  Regularly review query execution plans.

6. Use Cases

61 | select *

S Results ~ Chart

from cumulative purchase Limit 1@;

MONTHNUM YEARNUM CUSTOMER_ID SALEPRICE RUNNING_TOTAL
8 2,023 1652 346 346
8 2,023 1652 165 51
8 2,023 1652 8§77 1,088
8 2,023 1652 30 1,118
8 2,023 1652 200 1,318
8 2,023 1652 160 1,478
8 2,023 1356 464 464
8 2,023 1356 99 563
8 2,023 1356 81 644
08

Figure 4: Example of Cumulative Purchase Using Dynamic
Table.

Dynamic Tables are ideal for applications requiring near-real-
time insights, such as monitoring user behavior on a website. For
example, a Dynamic Table can aggregate clickstream data every
five minutes, feeding dashboards with up-to-date metrics.

Dynamic Tables replace streams and tasks in many scenarios,
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reducing the complexity of orchestrating data workflows. This
makes them suitable for building automated pipelines that
require minimal maintenance.

By joining multiple source tables and materializing the
results in a Dynamic Table organizations can perform real-
time data enrichment to enhance customer profiles or product
catalogues.

7. Advanced Optimization Strategies for Dynamic
Tables

While the foundational practices for managing Dynamic
Tables have been discussed, advanced optimization strategies
can significantly enhance their performance in large-
scale data environments. One such strategy is leveraging
query prioritization techniques to ensure that critical data
transformations are executed first. This is particularly useful
in environments where multiple Dynamic Tables compete for
shared computational resources. Implementing intelligent
resource scheduling algorithms within Snowflake can prevent
bottlenecks and optimize resource allocation.

Another advanced method involves tailoring data partitioning
strategies to the specific nature of the data. For instance,
partitioning by date or location in high-frequency transactional
data ensures that updates target only the relevant segments,
thereby reducing overhead. Additionally, leveraging Snowflake’s
clustering capabilities can improve query performance on large
datasets by reorganizing the data to align with frequently used
query patterns.

Finally, integrating machine learning models into the data
transformation pipeline through Dynamic Tables introduces
opportunities for predictive analytics. Snowflake’s support for
external functions allows for seamless integration of model
predictions, enabling dynamic enrichment of data within
the pipeline. For example, sales forecasts or customer churn
predictions can be embedded into transformation workflows,
enhancing the value of the output.

8. Role Of Dynamic Tables in Data Democratization

Dynamic  Tables contribute significantly to the
democratization of data within organizations. By simplifying
data workflows and automating complex transformation tasks,
they make advanced analytics accessible to non-technical users.
This empowerment reduces the dependency on specialized data
engineering teams for routine tasks, allowing business units to
directly derive insights from raw data.

For example, marketing teams can set up Dynamic Tables to
automatically update campaign performance metrics, enabling
real-time decision-making. Similarly, finance teams can
automate revenue and expense tracking pipelines, eliminating
manual reconciliation efforts. This accessibility fosters a culture
of data-driven decision-making, where every stakeholder has the
tools to explore, analyse and act on data independently.

Dynamic Tables also encourage collaboration by providing
a unified platform for data transformation. Teams can work on
shared tables without worrying about manual dependencies or
data freshness issues. This collaborative framework aligns with
modern data engineering principles, emphasizing agility and
adaptability in rapidly changing business environments.
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9. Integration of Dynamic Tables with Emerging
Technologies

The potential for Dynamic Tables expands further when
integrated with emerging technologies like artificial intelligence
(Al), machine learning (ML) and Internet of Things (IoT). For
instance, [oT devices generate massive streams of real-time data
that require continuous processing. Dynamic Tables can serve as
an intermediary layer to aggregate, transform and store this data
for downstream applications, such as predictive maintenance or
real-time monitoring dashboards.

In the realm of Al and ML, Dynamic Tables can preprocess
training datasets by cleaning, normalizing and aggregating data
at regular intervals. This automation accelerates the model
training process, ensuring that algorithms are always working
with the latest data. Moreover, the integration of Snowflake’s
external functions allows for real-time scoring of ML models,
where predictions can be added as new columns to Dynamic
Tables.

Dynamic Tables also enhance the potential of cloud-
native architectures by supporting serverless functions. These
functions can trigger updates in response to specific events, such
as the arrival of new data in source systems. This event-driven
architecture creates a seamless flow of data transformations,
aligning with the requirements of modern, scalable applications.

10. Addressing the Challenges of Large-Scale Pipelines

Scaling Dynamic Tables for use in enterprise-grade
environments presents unique challenges, but careful planning
and best practices can mitigate these issues. A key challenge lies
in managing dependencies across multiple Dynamic Tables in a
pipeline. As workflows grow more complex, the likelihood of
performance bottlenecks increases. To address this, Snowflake’s
query history and dependency visualizations can be utilized to
analyze and optimize execution plans.

Another challenge is balancing the trade-off between data
freshness and compute costs. Organizations must carefully
evaluate the frequency of updates to avoid unnecessary resource
consumption. For instance, a high-frequency refresh might
be essential for real-time dashboards but may not be justified
for batch-processing pipelines. Configuring Dynamic Tables
with flexible target lags for different stages of the pipeline
ensures efficient resource utilization without compromising on
performance.

Furthermore organizations operating across multiple regions
must consider the impact of data latency in geographically
distributed systems. Dynamic Tables in such setups should
leverage Snowflake’s replication features to maintain consistency
across regions while minimizing latency. This strategy ensures
that global teams work with synchronized data, enhancing
collaboration and decision-making.

11. Potential Impact on Organizational Data Strategies

The introduction of Dynamic Tables in Snowflake
fundamentally shifts how organizations approach their data
strategies. Traditional strategies often emphasize periodic, large-
scale ETL processes, which are prone to delays and inefficiencies.
With Dynamic Tables organizations can adopt a continuous data
transformation model, aligning with the principles of real-time
analytics and just-in-time processing.
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Thisparadigm shiftallows organizations to be moreresponsive
to market changes and operational demands. For instance, retail
businesses can use Dynamic Tables to track inventory levels in
real time, reducing stockouts and overstock situations. Financial
institutions can monitor transaction anomalies immediately,
improving their fraud detection capabilities. These advantages
position Dynamic Tables as a critical component of forward-
looking data strategies.

Moreover, the simplified data pipeline management
introduced by Dynamic Tables enables organizations to allocate
resources more strategically. Data engineering teams can focus
on high-impact projects, such as building advanced analytics
models or designing scalable architectures, rather than managing
routine data transformations.

12. Future Outlook and Research Directions

Dynamic Tables represent a significant milestone in the
evolution of data engineering, but their journey is far from
complete. Future research could explore the integration of
Dynamic Tables with federated learning systems, where
distributed data sources are processed in a privacy-preserving
manner. Such advancements could unlock new opportunities
in sectors like healthcare and finance, where data privacy
regulations are stringent.

Another promising direction is the exploration of Dynamic
Tables in multi-cloud environments. As organizations
increasingly adopt multi-cloud strategies, ensuring seamless
operation across different platforms becomes essential. Dynamic
Tables could play a pivotal role in harmonizing data workflows
across clouds, enabling unified analytics and reporting.

Lastly, advancements in natural language processing (NLP)
could lead to the development of conversational interfaces for
managing Dynamic Tables. Such interfaces would allow users
to configure and monitor Dynamic Tables using simple, natural
language commands, further lowering the barrier to entry for
non-technical users.

13. Challenges and Limitations

While Dynamic Tables simplify many aspects of pipeline
management, they have some limitations:

e Cost implications: Frequent refreshes can lead to higher
compute costs if not carefully managed.

*  Complexity in large-scale pipelines: Chaining multiple
Dynamic Tables may require careful planning to avoid
performance bottlenecks.

* Limited flexibility: Advanced workflows may still require
custom scripts or external orchestration tools.
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14. Conclusion

Snowflake’s Dynamic Tables represent a significant leap
forward in simplifying data transformation workflows. By
automating refresh processes and supporting declarative pipeline
design, they enable data engineers to focus on delivering insights
rather than managing infrastructure. While challenges exist,
adhering to best practices ensures that Dynamic Tables remain a
powerful tool for modern data engineering. Future enhancements,
such as tighter integration with external orchestration tools,
could further solidify their role in data processing ecosystems.
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