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This paper examines how Databricks Lakebase can be used to modernize high-frequency ingestion tracking workloads 
that are poorly suited for analytical storage patterns. In the reference scenario, a small operational metadata table 
was receiving 20,000 to 100,000 single-row updates per day, creating latency and queuing challenges when 
implemented on Delta tables backed by object storage. By moving the transactional tracking layer to Lakebase, the 
solution achieved millisecond-level commits, reduced dependency on Spark and SQL warehouse execution, and 
created a cleaner separation between operational state management and analytical data processing. The result was a 
faster, more reliable, and more scalable architecture that uses Lakebase for OLTP-style metadata updates while 
preserving Delta Lake for governed analytics and reporting.
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Executive Summary

The Challenge: Using an Analytical Table for an Operational Workload

Many enterprise data platforms rely on Delta tables on object storage for durable, scalable analytical workloads. This 
model is excellent for large-scale batch processing, data engineering, governance, and analytics. However, not every 
workload belongs in an analytical storage pattern. When a use case requires frequent, low-latency, single-row 
transactional updates, the performance profile changes significantly.

A major financial services organization was tracking ingestion activity at high frequency, ranging from approximately 
20,000 to 100,000 ingestion events per day. Each event required only a small metadata update, often a single-row 
change in a table containing only thousands of rows. The existing implementation used a Delta table on cloud object 
storage as the operational tracking store.

While technically functional, this design exposed a fundamental mismatch: Delta on object storage is optimized for 
analytical data management, not high-frequency OLTP-style commit patterns. Even with parallelism, the effective 
commit throughput was constrained, and trivial one-row updates could be delayed behind warehouse execution 
queues. At one point, warehouse queries associated with these small updates were observed waiting for several 
hours, despite the minimal amount of data being changed.

Databricks Lakebase provided the appropriate architectural fit. By moving the operational metadata tracking 
workload to Lakebase, the same single-row transactional update pattern was tested with millisecond-level commit 
performance. Updates that previously operated on the order of roughly one second per commit using Spark, Delta, 
and object storage completed in approximately one millisecond using Lakebase in the optimized path. Even less 
optimized approaches, including use of a pure-Python Postgres client without connection pooling, delivered 
materially better performance than the original Spark-based approach.

The result was a clear architectural separation: use Delta Lake for analytical durability, large-scale data processing, 
and downstream reporting, while using Lakebase for low-latency transactional state management, ingestion tracking, 
operational control tables, and application-facing metadata.

The original workload appeared simple. The platform needed to track ingestion status and metadata for a large 
number of daily ingestion events. The table itself was small, with only thousands of rows, and each transaction 
typically changed a single row.

However, the frequency of change was high. With 20,000 to 100,000 ingestion events per day, the workload behaved 
less like an analytical reporting table and more like an operational control system. Each ingestion process needed to 
update status, progress, timestamps, or execution state quickly and reliably.

The original design used a Delta table on object storage. This provided strong benefits for analytics, including open 
storage, reliability, ACID transactions, and integration with the broader lakehouse. But for this specific pattern, the 
platform was being asked to behave like a transactional database.



Why Lakebase Was the Right Fit

Performance Results
The performance difference was significant.

In the original approach, a single-row update through Spark, Delta, and object storage operated on the order of 
approximately one second per commit. For a small number of updates, that may be tolerable. But at 20,000 to 
100,000 updates per day, this becomes a meaningful operational bottleneck.

Databricks Lakebase is designed to bring Postgres-compatible transactional capabilities directly into the Databricks 
ecosystem. This makes it well suited for workloads that require fast inserts, updates, reads, and state changes, while 
still remaining integrated with the broader data and AI platform.

For this use case, Lakebase was a strong fit because the workload required:

• Fast transactional commits
• Low-latency single-row updates
• Simple operational metadata reads and writes
• Direct application-style access without Spark
• Reliable state management for ingestion orchestration
• Clean integration with downstream lakehouse processing

Instead of treating every metadata update as an analytical table write, Lakebase allowed the team to treat ingestion 
tracking as what it really was: an operational database workload.

The symptoms were predictable:
• Commit latency was too high for a tiny operational update.
• Throughput was constrained by the underlying commit model.
• Spark and warehouse resources were being used for small control-plane updates.
• Queued warehouse queries introduced unnecessary operational delay.
• A trivial one-row update could become entangled with broader compute scheduling and concurrency behavior.
• Operational metadata tracking became slower and less predictable than the ingestion workloads it was meant to 

coordinate.

This was not a failure of Delta Lake. It was a workload-placement issue. Delta Lake and object storage are highly 
effective for large-scale analytical workloads, but they are not intended to replace an OLTP database for frequent, 
low-latency row-level state changes.
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Benefits of Databricks Lakebase

The important insight is not only the absolute latency improvement. The bigger architectural benefit is predictability. 
Lakebase allowed the operational metadata update to complete independently of Spark scheduling, warehouse 
queues, and object-storage commit behavior.

This made ingestion tracking faster, simpler, and more reliable.

Orders-of-Magnitude Lower Latency
The most immediate benefit was the reduction in commit latency from approximately one second to 
millisecond-level performance. For ingestion tracking, this transformed the user experience and the operational 
reliability of the platform.

Better Fit for OLTP-Style Workloads
The workload required frequent, small, transactional updates. Lakebase provided a database pattern designed for this 
behavior, while Delta Lake continued to serve analytical workloads.

Reduced Warehouse and Spark Dependency
By bypassing Spark for simple metadata updates, the design reduced unnecessary compute dependency. This helped 
avoid warehouse queue delays and prevented small operational updates from competing with analytical workloads.

Improved Ingestion Observability
Lakebase made it easier to maintain current ingestion status in a fast, queryable operational store. Teams could track 
progress, failures, retries, and completion states without waiting on analytical table commits.
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Pattern Approximate Commit Performance Observation

Spark + Delta + Object storage ~1 Second Not suited for high-frequency 
OLTP-style updates

Lakebase Optimized
Client Path

Lakebase without 
connection pooling

Lakebase Without
Pre-Authentication Optimization

Lakebase Testing Showed Materially Better Results:

Approximately 1,000x faster for tiny 
transactional updates

Still dramatically faster

Still approximately 100x faster than
Spark + Delta + object storage

~1 Millisecond

~5 Milliseconds

~10 Milliseconds

Cleaner Platform Architecture
The revised design created a more intentional architecture:
• Lakebase for operational state

• Delta Lake for analytical data

• Databricks Workflows for orchestration

• Unity Catalog and lakehouse patterns for governed downstream analytics

This separation improved performance while preserving the broader benefits of the Databricks platform.

Simpler Application Integration
Because Lakebase supports Postgres-style access patterns, lightweight clients can interact with it directly. In testing, 
even a pure-Python client was sufficient because the workload involved very small row changes. This avoided 
unnecessary complexity and made the implementation straightforward.



Orders-of-Magnitude Lower Latency
The most immediate benefit was the reduction in commit latency from approximately one second to 
millisecond-level performance. For ingestion tracking, this transformed the user experience and the operational 
reliability of the platform.

Better Fit for OLTP-Style Workloads
The workload required frequent, small, transactional updates. Lakebase provided a database pattern designed for this 
behavior, while Delta Lake continued to serve analytical workloads.

Reduced Warehouse and Spark Dependency
By bypassing Spark for simple metadata updates, the design reduced unnecessary compute dependency. This helped 
avoid warehouse queue delays and prevented small operational updates from competing with analytical workloads.

Improved Ingestion Observability
Lakebase made it easier to maintain current ingestion status in a fast, queryable operational store. Teams could track 
progress, failures, retries, and completion states without waiting on analytical table commits.

Lessons Learned
The key lesson is that not all data platform tables should be treated the same way.

A Delta table on object storage is an excellent choice for scalable analytics, historical data, large transformations, and 
governed lakehouse workloads. But using that same pattern for high-frequency operational state can introduce 
avoidable latency and concurrency issues.

For ingestion tracking, job state, control tables, and application metadata, the platform needs OLTP characteristics: 
fast commits, low-latency updates, and predictable small-transaction performance. Lakebase provides those 
capabilities while remaining aligned with the Databricks ecosystem.

The winning architecture is not “Lakebase instead of Delta.” It is “Lakebase plus Delta,” with each technology used for 
the workload it is best suited to support.

Conclusion
Databricks Lakebase enabled a major financial services organization to modernize a high-frequency ingestion tracking 
workload that had outgrown an analytical-table-based implementation. By moving small, frequent, single-row 
updates from Spark, Delta, and object storage into Lakebase, the solution achieved millisecond-level transactional 
performance and eliminated unnecessary warehouse queuing from the operational path.

The result was a more reliable, more performant, and more architecturally sound ingestion control plane. Lakebase 
provided the low-latency operational database layer, while Delta Lake remained the foundation for scalable analytics, 
governed data processing, and downstream reporting.

This pattern is broadly applicable to enterprise lakehouse programs. Any workload involving high-frequency status 
updates, job control tables, ingestion metadata, application state, or operational audit tracking should be evaluated 
carefully. When the access pattern is transactional rather than analytical, Lakebase can deliver substantial 
performance and reliability benefits while keeping the solution within the Databricks platform.
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Cleaner Platform Architecture
The revised design created a more intentional architecture:
• Lakebase for operational state

• Delta Lake for analytical data

• Databricks Workflows for orchestration

• Unity Catalog and lakehouse patterns for governed downstream analytics

This separation improved performance while preserving the broader benefits of the Databricks platform.

Simpler Application Integration
Because Lakebase supports Postgres-style access patterns, lightweight clients can interact with it directly. In testing, 
even a pure-Python client was sufficient because the workload involved very small row changes. This avoided 
unnecessary complexity and made the implementation straightforward.



© 2026 Computomic, Inc. All rights reserved. Computomic, the Computomic logo, and other Computomic marks are trademarks and/or registered trademarks of 
Computomic, Inc. in the United States and/or other countries. Other company names, product names, and logos may be trademarks of the respective companies 
with which they are associated.

www.computomic.ai


