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ABSTRACT

Modern cloud applications and Al-driven workloads demand elastic
compute, instant environment isolation, and open data interoper-
ability. However, production databases remain largely based on
monolithic architectures designed in the 1980s, tightly coupling
storage and compute and creating operational fragility, cost in-
efficiencies, and vendor lock-in. This paper presents Lakebase, a
new open database architecture that decouples transactional com-
pute from storage while placing database data directly in low-cost
cloud object stores in open format. Unlike second-generation cloud
databases, such as Amazon Aurora, Microsoft Socrates and Google
AlloyDB, which separate storage internally but retain proprietary
formats and single-engine access, Lakebase exposes storage as an
open, durable lake layer while running elastic, serverless Post-
greSQL transactional engines independently on top. We describe the
system design principles behind Lakebase, including open-format
object storage persistence, compute elasticity down to zero, in-
stant branching and cloning via copy-on-write semantics, and uni-
fied transactional-analytical access over shared lake storage, as
deployed in the Databricks Lakebase service. We analyze how this
architecture reduces operational complexity, enables Git-like data-
base workflows, improves failure recovery semantics, and mitigates
structural vendor lock-in. We further discuss production deploy-
ment characteristics, performance trade-offs, durability guarantees,
and support for multicloud high availability. We evaluate Lakebase
on standard OLTP and analytical benchmarks, alongside produc-
tion telemetry on branching and elasticity. Lakebase represents a
third generation of database architecture: transactional systems
rebuilt natively for cloud object storage, elastic compute, and Al-era
development workflows.
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1 INTRODUCTION

Transactional databases form the operational core of modern soft-
ware systems. Every application—whether consumer-facing ser-
vices, enterprise systems, financial infrastructure, or Al-driven plat-
forms—ultimately relies on a transactional database to persist state
and enforce correctness. Despite the radical evolution of application
architectures over the past four decades, production database sys-
tems remain largely rooted in design assumptions from the 1980s.
These systems were built for an era in which storage was scarce,
networks were slow, and cloud elasticity did not exist. As a re-
sult, the architecture of most deployed databases is increasingly
misaligned with modern infrastructure and development practices.

This misalignment manifests in three persistent challenges. First,
tightly coupling compute and storage within a single provisioned
unit creates operational fragility and economic inefficiency. Ca-
pacity must be provisioned for peak demand, leaving expensive
resources idle during normal operation. When load exceeds provi-
sioned capacity, performance degrades abruptly. Routine tasks such
as snapshotting, backfills, or compliance-related cleanup queries
compete directly with production traffic and can threaten avail-
ability. In short, the monolithic database remains one of the most
delicate components in modern infrastructure.

Second, traditional databases are poorly aligned with contem-
porary development workflows. Modern software engineering is
built around rapid iteration and isolation. Version control systems
allow developers to branch entire codebases instantaneously. How-
ever, provisioning a realistic database environment often requires
minutes or hours and substantial operational overhead. As devel-
opment velocity accelerates, the database increasingly becomes the
bottleneck rather than the enabler.

Third, existing architectures impose structural vendor lock-in.
Storage formats are tightly coupled to a single execution engine,
and data is accessible only through that engine. Migrations are
costly and risky, analytical integration requires data duplication
through ETL pipelines, and cross-cloud portability is limited. Once
deployed at scale, organizations become deeply dependent on the
vendor’s proprietary storage layer.

The historical evolution of database systems helps explain how
this situation emerged. Most of the database systems used today,
such as MySQL [38], PostgreSQL [4], and Oracle [3], inherited their
design from the first-generation database systems such as System
R [13] and Ingres [26], and tightly bound compute and storage
within a single machine. This design was rational in the pre-cloud
era, when local disk access dramatically outperformed network
storage and vertical scaling was the primary path to performance.
As cloud infrastructure matured, second-generation systems such
as Amazon Aurora [46], Socrates [8] and AlloyDB [1], introduced



physical separation between compute and storage, moving per-
sistence into distributed backend layers. These systems improved
elasticity and availability, but the separation remained internal to
the vendor’s architecture. The storage formats remained propri-
etary, and the data continued to be accessible only through the
primary database engine. The result is a transitional architecture
that improves performance characteristics without fundamentally
addressing portability, openness, or multi-engine access.

Meanwhile, new workloads are placing unprecedented pres-
sure on transactional systems. The rise of Al-driven development
and autonomous agents introduces a fundamentally different in-
teraction model with databases. Agents generate code, execute
migrations, evaluate hypotheses, and perform experiments at ma-
chine speed. These workflows require the ability to create isolated,
high-fidelity database environments on demand, run expensive ex-
ploratory queries without impacting production traffic, and scale
compute elastically—often for short-lived tasks. Traditional always-
on, tightly coupled database instances are poorly suited to such
ephemeral and bursty workloads.

In this paper, we present Lakebase, a third-generation trans-
actional database architecture. Lakebase fully separates compute
from storage and persists database data directly in cloud object
storage using open formats. Transactional engine serverless Post-
greSQL operates independently from the storage layer and can
scale elastically according to workload demand. As the storage is
externalized and open, databases can be branched and cloned using
copy-on-write techniques, enabling near-instant creation of iso-
lated environments even at large scale. Operational tasks can run
on separate compute instances without interfering with production
traffic. Furthermore, sharing a common lake-backed storage layer
enables unified transactional and analytical processing without
costly data duplication.

Lakebase redefines the database as elastic transactional com-
pute over open, durable storage. By aligning with modern cloud
infrastructure and Al-native workflows, it addresses long-standing
challenges in operational complexity, development velocity, and
vendor lock-in. We argue that open, lake-backed transactional sys-
tems are the natural next generation of database architecture.

In this paper we make the following contributions. We present
Lakebase, alake-backed transactional architecture with full compute-
storage separation, in Section 3. Lakebase builds on an open, MVCC-
compatible storage layer that supports scalable copy-on-write branch-
ing, presented in Section 4, together with elastic, serverless compute,
presented in Section 5. Lakebase natively integrates with the Lake-
house to provide a unified data solution, presented in Section 6.
Finally, we empirically evaluate the branching, elasticity, OLTP
performance, and Lakehouse integration of Lakebase in Section 7,
and present related work in Section 8.

2 AGENTS AND DATABASE SYSTEMS

Before presenting Lakebase’s design and evaluation, we examine
how Al agents are reshaping database workloads.

At the time of writing, Lakebase creates and manages more than
10 million databases daily, with Al agents now creating roughly 4x
more databases than human users. Large language models (LLMs)
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Figure 2: Branch depth observed in production.

now enable agentic frameworks that generate code, run tests, and it-
eratively refine applications with minimal human involvement. The
architectural primitives of third-generation databases—elastic com-
pute, storage/compute separation, branching, and open formats—
predate this trend, but agentic workloads amplify their importance
and stress earlier OLTP architectures along three dimensions that
directly shape database design.

Cost Sensitivity and Proliferation of Applications: Agentic
development sharply lowers the cost of creating applications, yield-
ing a proliferation of short-lived, experimental services that are
mostly idle, frequently discarded, and individually low-value. As
Figure 1 shows, taken from the Databricks Lakebase service, many
production database instances stay active for under 10 seconds.

This poorly matches traditional OLTP deployments, which as-

sume long-lived instances with continuously provisioned compute.
Agentic workloads instead require fine-grained elasticity, near-zero
idle cost, and automated lifecycle management—scaling down not
only compute but operational complexity, so per-application cost
stays negligible.
Evolutionary Workflows: At Databricks, we have observed that
well-specified applications can now be generated from scratch in
minutes, and features that once took quarters of coordinated hu-
man effort can be completed in days with agents. By compressing
iteration cycles, agentic workflows let developers explore many
candidate implementations in parallel rather than a single planned
path.

This extends from source code to database state: each itera-
tion branches off both the code and the database of the previous
one [14]. Figure 2 shows the database branch depth we observe in
the Databricks Lakebase service. Many production databases have
deep branching hierarchies, some exceeding 500 branches. Database



checkpointing and branching thus become first-class primitives,
providing a “git checkout -b” experience for databases.

Open Ecosystems: Agentic systems work best with widely used
open ecosystems well represented in public training corpora, which
strongly favors open-source interfaces and formats—particularly
PostgreSQL compatibility.

This extends beyond SQL to the storage layer: open formats let
external tools, agents, and analytical engines inspect and process
data without proprietary infrastructure, motivating architectures
that retain standard PostgreSQL storage semantics while placing
data in shared object storage.

3 LAKEBASE ARCHITECTURE

Lakebase is a third-generation transactional database that separates
compute from storage and persists all data in open formats on cloud
object storage. It delivers enterprise OLTP across multiple clouds,
serving both traditional operational workloads and the agentic
patterns of the previous section. This section presents the design
goals, then an overview of the architecture and its components.

3.1 Design Goals

3.1.1 Leveraging highly durable object storage. The most critical
contract of an OLTP database is durability. Cloud object storage
offers high durability and availability at a fraction of the cost of op-
erating disks—e.g., AWS S3 guarantees 11 9s of durability, replicates
across availability zones, and automatically tiers data by access
pattern, lowering cost for cold data while keeping hot data fast. It
is also versioned and supports restores, guarding against software
errors. Lakebase persists all data, including write-ahead log (WAL)
records, in object storage.

Storing data in open formats in the object storage lets Lakebase
integrate natively with the Lakehouse ecosystem [9], unifying trans-
actional and analytical access. Spark [49] and Lakehouse//RT [31]
can read object storage directly for real-time analytics, isolated
from transactional workloads; reverse-ETL writes Lakehouse tables
into object storage for PostgreSQL to consume; and forward-ETL
streams PostgreSQL changes to Lakehouse tables natively.

3.1.2  Leveraging cloud infra for high availability and performance.
An OLTP database must also be highly available and performant,
typically answering queries in a few milliseconds, which object
storage alone cannot meet. Cloud providers offer services from
bare-metal machines to purpose-built offerings at different perfor-
mance, availability, durability, and price points, enabling a large
design space. As Figure 3 shows, Lakebase employs a storage hier-
archy: it runs managed PostgreSQL on bare-metal machines with
local SSDs, caching frequently accessed data on compute SSDs for
high performance. On cache misses, Pageservers serve pages they
continuously materialize and cache on-disk; rarely accessed keys
are fetched from object storage. A transaction is durable once its
WAL is replicated across multiple Safekeeper disks.

3.1.3  Fast compute start up. Compute startup is on the critical path
for agentic workloads. The agent platform starts a new compute in
response to each user prompt. Managed OSS PostgreSQL services
commonly take seconds to minutes to spin up, dominated by VM
provisioning and crash recovery. Lakebase drastically shortens this
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Figure 3: Lakebase architecture.

to sub-second using a warm pool of ready computes, and with
faster crash recovery because WAL redo is offloaded to distributed
storage. We observe Lakebase compute startup typically under a
second.

3.1.4  Zero-copy branching operation. Developers branch code to
work on new features, but the database is still shared across code
branches, and agents may create many branches per prompt. For
example, an agent building an inventory web app may later be asked
to track order history, updating both code and database schema and
data. Copying data per prompt would add high latency. Lakebase
instead offers zero-copy branching: creating a branch is an O(1)
metadata operation, so dev-loop iterations branch data as well as
code, shortening prompt response time.

3.1.5  Scaling compute and scale to zero. Workloads vary widely: a
retail OLTP database may be diurnal, peaking during business hours,
while a social-media app is bursty and event-driven, surging on
major events. Provisioning for peak is not cost-effective. Lakebase
scales compute with load, monitoring compute resource usage and
working-set size to scale up in time for performance and down to
save cost, and to zero when idle for a period.

3.1.6  Ease of operations. Traditional OLTP databases impose sig-
nificant operational burden: administrators must plan capacity,
manage backups, configure replicas, orchestrate failovers, and tune
scaling parameters. Lakebase makes these automatic—autoscaling
and scale-to-zero remove most capacity planning, branching and
point-in-time restore simplify backup and recovery, and automated
cross-AZ failover maintains availability—reducing operational com-
plexity for both human operators and agents.

3.2 Overview

Figure 3 shows the Lakebase architecture. Lakebase separates com-
pute from storage. It decouples a compute node’s lifetime from
its storage so the two scale independently and non-PostgreSQL
computes can operate directly on shared storage. The Lakebase
Manager manages a fleet of PostgreSQL Compute nodes; the Stor-
age Controller manages the multi-tenant storage of Pageservers
(PSs) and Safekeepers (SKs). All data is durably persisted in object
storage. A write is durable once replicated to a quorum of SKs, and
PSs continuously materialize pages for fast reads.



3.3 PostgreSQL Compute

A Lakebase instance has one PostgreSQL primary and optionally
read replicas. The primary replicates data across 3 Safekeepers and
is initially assigned one Pageserver; the database shards across
more Pageservers as it grows.

A compute node runs PostgreSQL with a customized storage
manager implementing the PostgreSQL SMGR APIs, which talk to
the Pageservers and update the local SSD cache. An SMGR read is
served from the local cache, or on a miss fetched from the Page-
server and cached. An SMGR write only updates the local cache,
since PostgreSQL needs only the persisted WAL to recover.

A compute also runs a WAL proposer that continuously broad-
casts the WAL records to all Safekeepers, advancing once a write is
durable on a quorum.

A primary starts up by requesting a basebackup—the metadata
files needed to start—from the Pageserver, avoiding a checkpoint;
the recovery point is the last WAL record the Pageserver ingested
rather than the last checkpoint.

Read performance scales horizontally by adding read replicas,
which share the primary’s Safekeepers and continuously stream
WAL to update their local caches. Lakebase also supports static
(read) replicas pinned at a given LSN for time-travel queries.

3.4 Non-PostgreSQL Compute

Beyond PostgreSQL compute, external engines can operate directly
on the shared storage, giving a unified view across Lakebase and
Lakehouse data. Lakehouse tables are synced directly into Lakebase
storage, bypassing PostgreSQL compute. Distributed executors,
such as Spark, generate PostgreSQL-compliant page files and write
them to object storage, which PostgreSQL then consumes as regular
tables.

For analytics, query engines, like Lakehouse//RT, read immutable
PostgreSQL page files directly from object storage: queries bind
to a committed snapshot and run over a consistent view while by-
passing PostgreSQL compute. This gives zero-copy access to live
data without interfering with transactional workloads, enabling
horizontally scalable, vectorized processing. Such multi-engine ac-
cess over shared storage distinguishes third-generation databases;
second-generation systems expose data only through the primary
engine. By persisting data in open PostgreSQL page format on
object storage, Lakebase decouples data access from any single
engine.

3.5 Storage Components

The storage controller creates one storage tenant per project, con-
taining multiple timelines; each compute belongs to one tenant and
timeline. A project starts with a root timeline, and branching or
point-in-time restore (PITR) creates a new timeline under the same
tenant. A tenant’s timelines are co-located on the same Pageservers
so a branch can efficiently read its copy-on-write ancestor’s data,
though they may replicate across different Safekeepers.

3.5.1 SafeKeeper. A Safekeeper (SK) maintains a list of isolated
timelines, each storing WAL segments. It keeps the most recent
WAL on local disk and proactively uploads quorum-committed
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segments to object storage. An SK timeline accepts writes from the
PostgreSQL primary and streams WAL to replicas and Pageservers.

A timeline replicates WAL across SKs using a Raft [37]-like pro-
tocol: the PostgreSQL primary is the WAL proposer and the SKs
are acceptors. A WAL record is durable once a quorum has written
it to disk, and the system pushes WAL from the most advanced SK
replica to lagging ones for redundancy.

To prevent split-brain (where multiple computes claiming to
be writers) a PostgreSQL compute must elect itself leader before
writing, and a SK quorum acknowledges only one leader. A SK
maintains a monotonically increasing term number. A new compute
primary increments the term and proposes itself to a SK quorum.
SKs accept only the highest term they have seen. A WAL record
is acknowledged only after a quorum of SKs has flushed it under
the current term. Once the compute detects a term change, it must
re-elect itself as the leader.

3.5.2 Pageserver. A Pageserver (PS) streams WAL from SKs, it
maintains tenants and their timelines, and exposes two APIs to
computes: GetPage@LSN and GetBaseBackup. Each timeline con-
tinuously reads WAL from the SK and materializes pages, orga-
nizing delta WAL records and materialized full-page images in an
LSM-tree-like structure.

During a GetPage@LSN call, the PS finds the last full-page image
at an earlier LSN, replays the delta WAL records up to the requested
LSN onto it, and returns the page. The request blocks until the PS
has ingested WAL up to that LSN.

A PS uploads a snapshot of the tree and metadata to object
storage for fast crash recovery. Each timeline keeps a hot standby
that downloads the snapshot and hot layer files, so when the pri-
mary fails it takes over rapidly and serves GetPage requests from
already-cached layers.

3.5.3 Storage Controller. The storage controller (SC) manages all
SKs and PSs. It assigns each new timeline to the most idle SKs
and PSs with AZ affinity for performance and fault tolerance, and
re-optimizes placement in the background as the workload evolves.

SC monitors SK and PS health via periodic liveness pings. On a
SK failure it quickly migrates the affected timelines to a new replica
to restore redundancy; on a PS failure it signals the hot standby to
take over.

When a database grows large, SC shards its timeline across PSs
transparently and with zero downtime, increasing the GetPage
throughput. Each shard ingests its relevant WAL records from a SK
replica.

4 STORAGE COMPUTE SEPARATION

This section details the mechanisms underlying Lakebase’s storage-
compute separation: how data is persisted, versioned, and served
across the system’s components.

4.1 Database Log (WAL) and LSNs

WAL storage is critical for performance, durability, and correctness.
The compute primary generates the WAL byte stream, durably
persisted in object storage through Safekeepers (SKs). Pageservers
(PSs) receive WAL records from SKs and redo them to materialize
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page images at specific LSNs, returned to compute on request. Com-
pute, SKs, and PSs each track various LSNs (byte offsets into the
WAL stream) to provide durability, transactional consistency, and
fast crash recovery.

As Figure 4 shows, a compute primary tracks the current LSN @D
and commit LSN ). It appends WAL to the current LSN, replicates
each record to all SKs, and advances the commit LSN once the
record is durable on a quorum; on crash recovery it restores data
up to the commit LSN.

A compute replica tracks its last replay LSN 3, below which
data is visible to it. It streams WAL from a SK and applies records
to update its local cache, advancing the last replay LSN after each.
A static replica is instead pinned at a particular LSN @ and reads
only up to it.

A SK maintains flush, commit, and backup LSNs. It continuously
flushes received WAL to disk, advancing the flush LSN ®); the
primary notifies all SKs of its commit LSN @, and a SK streams
only data below it to Pageservers. For durability, a SK uploads all
WAL segments up to the commit LSN to object storage, tracked by
the backup LSN (), and removes on-disk segments below it.

A PS ingests WAL from a SK into an optimized storage format
(subsection 4.3) balancing ingestion speed and efficient GetPage
requests. It advances the last record LSN ® on in-memory ingestion,
then batches and flushes records to disk, advancing the flush LSN
(from which it rehydrates on crash). It also uploads flushed files
to remote storage, advancing the remote consistent LSN ; if no
valid local flush LSN exists (e.g., disk failure or first-time serving),
it recovers from there.

4.2 Branching

Lakebase’s branching forks a database in O(1) without any expen-
sive physical data copy. When the database history is forked, a
new branch is created, and the original history becomes the par-
ent branch. Parent and child branches share history (and indeed
the same physical storage) up to the branch LSN @ and diverge
afterwards. The branch LSN must be chosen in such a way that it
is possible to reconstruct every single page on the parent branch at
this LSN, at the time of the branch creation. For simplicity, we re-
strict branch LSN selection to be an LSN within the parent branch’s
PITR window. As shown in Figure 4, after the child branch is created,
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Key

new history/WAL records of the child branch are stored indepen-
dently from those of the parent branch. Any transaction that has
not committed at branch LSN is treated identically to an in-flight
transaction during crash recovery. They are aborted and pending
data modifications are not visible at the child branch.

When the child branch is first created, it simply contains a ref-
erence to the parent branch’s timeline ID and the branch LSN.
A GetPage request on the child branch recurses into the parent
branch for any history or page data not directly available on the
child branch. The child branch is modeled as a new timeline in
Lakebase storage. Timeline-level operations, such as compaction
and garbage collection, therefore operate largely independently on
the child and parent timelines.

Lakebase supports detaching a child branch from its parent.
Detaching a branch is instantaneous and a metadata operation.
PS tracks the ancestry and asynchronously copies the ancestors’
data to the detached branch. The detached branch may re-parent
under one of its ancestors. Lakebase currently does not support
merging two branches. Reconciling divergent physical data is not
well-defined and often requires application to resolve conflicts.

4.3 Page Server Storage Format

All persistent data is stored in standard PostgreSQL page format on
cloud object storage, readable by engines that consume PostgreSQL
pages without the Lakebase compute layer. The PS ingests WAL
records from SKs and materializes them into an LSM-tree-inspired
structure, which sustains high WAL ingestion rate while supporting
efficient page-level access for GetPage requests.

The PS storage format is write-optimized. An incoming WAL
record is appended to an in-memory buffer that, once large enough
or old enough, is flushed to the PS’s local disk and uploaded to
remote storage as a delta layer—a file of raw WAL records covering
a range of keys and LSNs, shown in Figure 5. Delta-layer ingestion
involves no WAL redo or transformation, letting the PS keep up
with write-heavy workloads.

Figure 5 illustrates how Lakebase’s storage format organizes
layer files between the LSN and key dimensions, plus how the PS
resolves a page image to satisfy a GetPage@LSN request through this
process. For efficient reads at any LSN within the PITR window, the
PS organizes layer files along both the LSN and key dimensions and
runs background LSM-tree-style compaction, which replays delta-
layer WAL records onto existing page images to produce new image



layers (a range of keys at one LSN). A GetPage request, specifying a
page key and LSN, looks up this two-dimensional tree to find a base
image (from an image layer) and any delta WAL records to replay,
performs the redos, and returns the page. Compaction is tuned to
balance write amplification from image rewrites against the read
latency of replaying long WAL chains. When the number of delta
layers above the latest available image layer to materialize a key
at the latest LSN exceeds a threshold, PS triggers an image layer
compaction to materialize data at the latest LSN into new image
layers.

PS uses the cloud object storage as the source of truth for per-
sisted layer files. It caches them on ephemeral local SSDs for fast
access. PS maintains an index file in remote storage that lists all
layer files in a timeline. When the local disk runs low, PS evicts
the LRU local layer files. A future read of an evicted layer file will
download it from remote storage.

The format supports branching: if the PS cannot satisfy a read
from the timeline’s own layer files, it recursively searches the par-
ent timeline’s layers, whose metadata is in the timeline index file.
Deep branch hierarchies therefore hurt read performance, since
a read spans more timelines. After an agent finalizes on the data-
base, a production database benefits from detaching the branch and
promoting it to the root.

Background garbage collection periodically removes delta and
image layers whose historical data is outside the PITR window and
unneeded for future replays.

4.3.1  Amplification. We characterize the cost of the Pageserver
storage format along the standard LSM dimensions. Let N be the
live dataset size (in pages) at the latest LSN, w the WAL (write)
ingest rate, and P the point-in-time-recovery (PITR) window, be-
yond which history becomes reclaimable. Two knobs dominate
the behavior. The image threshold I is the maximum number of
delta layers allowed to stack over a key range before a fresh image
(a full snapshot of that range) is written; it bounds the per-read
reconstruction depth. The GC-compaction triggering ratio R fires
the garbage-collecting compaction once newly accumulated history
reaches R times the size of the previously-compacted base, collaps-
ing all history below the GC horizon into a new base (a materialized
snapshot at the horizon).

Write amplification is constant, O(1): each byte is written once
on delta ingestion, plus an O(1/I) term for image creation (a fresh
image is amortized over the I deltas that triggered it) and an O(1/R)
term for GC-compaction (each collapse writes one base of size *N
but is amortized over the =R - N of history accumulated since the
last one). One major difference with a traditional LSM tree is that
our storage format uses a constant number of levels. We do not
claim our storage format to be the state-of-the-art, but rather tuned
it for predictability.

Reads: the PS supports only the GetPage@LSN API and has no
range-scan primitive. GetPage@LSN cost O(I) layer visits, since
the image threshold bounds the delta chain that must be replayed
to reconstruct a page. Note that the compute-side cache typically
attains >98.5% hit rate in our evaluations, hiding most of the latency
of GetPage@LSN operations.

We define space amplification in Lakebase as (total Pageserver
storage size)/(logical size of the user’s database at the latest LSN).
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This is inherently an overestimate because we are obligated to
retain PITR history and we bill the user for PITR. In Lakebase the
space amplification is O(l +R+ WT'P
of the live state (1), the un-reclaimed GC slack (R), and the retained
in-window history w- P, which is usually the dominant term. Across
our production fleet, we observe ~7x space amplification. We expect
to further improve the efficiency of the storage format, but the
values we observe in production already prove sufficient.

), which is one materialization

4.4 Reads

OLTP applications demand fast reads. Figure 6 shows the read path
of Lakebase. Where OSS PostgreSQL reads a page from a local file,
Lakebase caches the working set in a compute-side local file cache
(LFC) for comparable performance.

A cache hit returns the page immediately D; a miss issues a
GetPage@LSN to a Pageserver 3. The request must carry the correct
LSN for consistent reads. Issuing GetPage at the current LSN is
slow, as the Pageserver must stall until it has ingested up to that
LSN, since the page may have changed between its last record LSN
and the current LSN. To avoid this, a request carries two LSNs:
the request LSN specifies the page version to fetch, and the not-
modified-since LSN promises the page was unchanged between it
and the request LSN, so the Pageserver needs to only ingest up to
the not-modified-since LSN.

A compute keeps a fixed-size last-written-LSN cache (LwLSN)
mapping each page to its not-modified-since LSN @), updated to a
page’s LSN when a dirty page is evicted. GetPage uses the LWLSN
entry on a hit, or the global last-written LSN on a miss.

On an LFC miss, the PS handles the GetPage@LSN as in subsec-
tion 4.3, possibly fetching layer files from remote storage (@ and
(®). The compute writes the returned page image to its LFC and
updates the LWLSN cache. Prefetch reads follow the same path.

4.5 Writes

Figure 7 shows the Lakebase write path. The Lakebase compute
primary replicates the PostgreSQL WAL using a Raft-style protocol,
acting as the leader that appends WAL to the Safekeepers via a
WAL proposer implemented as a PostgreSQL extension. At startup
the proposer elects itself leader by proposing a new term; once a
SK quorum acknowledges the higher term, it begins appending
WAL @.

The proposer tracks each SK’s flush LSN and sets the commit
LSN to the quorum flush LSN. A SK appends each WAL record to a
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Figure 7: Write path.

local segment file, periodically flushing to disk to advance its flush
LSN, and returns its flush and known commit LSNs 2.

The proposer advances the commit LSN once a quorum has
flushed to disk, so lagging SK replicas can reduce redundancy; the
proposer detects a lagging SK replica and backfills its missing WAL
from the most advanced replica.

SKs eagerly upload WAL segments to object storage for durabil-
ity @. The 3 SKs gossip their commit LSNs @) and deterministically
elect one upload leader, load-balancing across timelines; once up-
loaded, local segments below the backup LSN may be removed.

When writes outpace PS ingestion, the proposer applies back-
pressure: the PS reports three LSNs—last ingested, flushed to local
disk, and uploaded to the object storage—via SKs, and the proposer
throttles writes if any lags the commit LSN beyond a threshold.
These thresholds trade write throughput against read latency and
recovery time.

The Pageserver ingests WAL from SKs ®. A SK decodes each
record’s impacted page ids and routes it only to the relevant Page-
servers; metadata (e.g., relation size) is tracked solely by the special
Shard-0, so all metadata updates go there. A Pageserver prefers
ingesting from the SK replica with the highest commit LSN in its
own AZ.

The system provides strong durability guarantees in the presence
of AZ+1 outages. First, PS maintains additional copies of the most
recent data as it closely tails the WAL stream with minimal lag.
Second, in practice, recovering a failed SK requires replicating only
a few 16 MB WAL segments that have not yet been backed up to
remote storage.

4.6 Availability

Lakebase compute and storage components are highly available,
see Figure 8. A compute and its replicas span different AZs, and a
failed primary or replica is repaired with a new node in under 500
ms thanks to warm pools and storage decoupling. Customers may
configure compute HA groups with hot standbys ready to take over
on failure. Compute writes are replicated across 3 SKs in 3 AZs,
tolerating one node or AZ failure.

A PS prefers streaming WAL from the SK replica in its AZ. Each
PS shard keeps a hot standby in a different AZ that proactively
downloads the most recently used layer files from the primary’s
snapshots, so on a primary failure it takes over immediately and
serves GetPage requests from already-cached hot data. Failovers
are automatic, requiring no operator intervention.
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Figure 8: High availability.

4.7 Compute Read Replicas

Lakebase scales read performance horizontally with read replicas.
A replica is initialized from a slim basebackup and connects to the
same Safekeepers and Pageserver as the primary. Lakebase supports
two kinds of replicas: a regular replica that follows the primary,
and a static replica pinned at a particular LSN for time-travel and
ad hoc queries.

4.7.1 Read Replica. A read replica streams WAL from a SK and
continuously applies records to keep its cache current, skipping
records for pages absent from its cache. This is safe, because it can
always fetch a page from a Pageserver.

Primary and replica availability are decoupled. A replica re-
mains available and keeps ingesting through primary failures, and
switches to the next available SK if it loses its current one.

A Lakebase read replica can be created at any LSN and opens for
queries immediately, seeing the latest data. This is faster than OSS
PostgreSQL, which must redo from the last checkpoint and observe
a running-transactions WAL record before accepting connections;
Lakebase instead initializes from the PS’s last record LSN and builds
the running-transactions list from the PostgreSQL commit log.

4.7.2  Static Replica. A static replica is pinned at an LSN within
the PITR window. It uses the same lease mechanism to keep the
Pageserver from garbage-collecting versions it needs, but unlike
a read replica it does not stream WAL from SKs, simply caching
pages for lower latency.

5 COMPUTE AUTOSCALING

Lakebase computes are serverless: they scale up under load, down
as it decreases, and to zero when idle, removing manual capacity
planning and making compute cost proportional to usage. Pop-
ular container orchestrators such as Kubernetes are ill-suited to
provisioning Lakebase computes: prior work [41] shows the weak
host-container isolation is a major source of security vulnerabili-
ties, and provisioning new resources in cloud-managed Kubernetes
can take tens to hundreds of seconds for some VMs [7].

To overcome this, Lakebase’s compute is built on NeonVM, an
API for running virtual machines in Kubernetes with in-place ver-
tical scaling and live migration; each compute runs as its own



QEMU/KVM VM. Inside, Lakebase adds a custom resizable cache
to complement PostgreSQL’s statically-sized shared buffers.

Above NeonVM, we keep a pool of warm computes so that
provisioning is off the hot path when creating a database or scaling
one from zero, letting Lakebase wake a database in a median of
under 500 ms.

Lakebase handles millions of scaling operations daily, so some
strategic choices limit the maintenance burden. Backing the primary
compute cache by disk is one example: using the operating system’s
page cache rather than normal allocations—even when the cache fits
in memory—eases pressure on the kernel allocator during memory
scaling, which normal allocations would otherwise make more
fragile.

5.1 Scaling Mechanics

NeonVM supports in-place vertical scaling of CPU, memory, and
disk without VM restart. CPU scaling enables and disables individ-
ual CPUs within the guest OS via a guest agent. Memory scaling
uses virtio-mem, balancing the ratio of movable and kernel memory;
we limit the scaling range to avoid fragmentation-induced down-
scaling failures. Disk scaling combines cooperative reclamation—
filesystems issue discard operations that translate to hole punches
on host backing files—with oversubscription for swap and tem-
porary storage. The disk-backed compute cache is synchronously
resized during scaling operations.

5.2 Scaling Policies

Lakebase’s autoscaling policy is enacted per host by the autoscaler-
agent, which collects metrics, seeks scheduler approval, and sets
the desired NeonVM size. It fetches metrics from each compute
every 5s, keeping only the most recent. The scaling algorithm is
effectively stateless; the state needed to minimize volatility lives
in the compute, exposed as measures of load over a longer time
window.

Scaling is linear and uniform, in increments of a scaling unit
of 1 GiB of RAM and the proportionate fraction of a CPU. After
each collection, the desired units for CPU, memory, and cache are
estimated independently, and the VM size is set to their maximum.

5.2.1 CPU Scaling Policy. The CPU target blends the 1- and 5-
minute load averages from the guest kernel: the 1-minute average
is used when it differs substantially from the 5-minute one (for re-
activity), and the 5-minute average otherwise (to reduce volatility).

5.2.2  Cache Scaling Policy. OLTP performance typically depends
on whether the working set fits in memory, and with separated
storage and compute this matters even more—yet users struggle
to size their working set, let alone their compute to fit it. Lake-
base estimates the working set automatically: our custom compute
cache maintains a modified HyperLogLog that tracks the number
of unique pages accessed over time.

Each bit in the HyperLogLog’s buckets is replaced by the most
recent timestamp of a hash with a non-zero value for that bit, giving
a cheap approximation of the unique pages accessed since any past
point. The autoscaler-agent then estimates the working set with
a plateau-detection algorithm over the unique pages accessed in
the past 1-60 minutes. To avoid instability from binary cutoffs,
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the scaling value is a weighted average across all cutoff points
with growth rates projected to one hour; earlier points get lower
weights for larger workloads, reducing volatility when eviction
costs outweigh compute savings.

5.2.3 Memory Scaling Policy. The desired memory size accommo-
dates two needs: The common case, that the compute cache should
use the vast majority of memory; and the uncommon case, that
allocation-heavy operations may trigger scaling up, but we need to
reserve equivalently larger amounts of memory for the cache.

For the common case, the memory scaling policy sets the desired
size such that the amount of allocated memory, plus the amount
of page cache memory within the desired cache size, is less than
90% of the total memory provided to the virtual machine. For the
allocation-heavy case, we also ensure that allocated memory alone
is less than 75% of the total memory.

5.2.4  Fast Path under Memory Pressure. In addition to periodic
metrics collection, we also maintain a fast path for “immediate”
scale-up under memory pressure. A guest agent polls memory usage
every 100ms and initiates an outbound request to the autoscaler-
agent for additional memory, regardless of the most recent metrics.

5.3 Scale to Zero and Quick Provisioning

Scaling to zero—the automatic suspension of idle compute resources—
addresses both cost and operational concerns. It removes the cost
floor associated with always-on provisioning, which is particularly
relevant for the ephemeral workloads described in Section 2, and
frees users from manually managing the lifecycle of temporary
resources. Quickly provisioning or scaling from zero keeps this
transparent to the user. Lakebase achieves less than 500ms median
cold start time, using a pool of warm virtual machines to keep
provisioning off the hot path.

5.3.1 Terminating a Compute. Scaling to zero is handled by a pe-
riodic job that checks the time since the last query was issued to
each compute. If that duration is longer than the user-configured
timeout (by default, 5 minutes), we shut down the compute. No
state is preserved across compute restarts except for what is per-
sisted to storage. Full virtual machine termination and cleanup are
then handled asynchronously.

5.3.2 Waking a Compute. Users can connect to a database that
has previously scaled down to zero, and it will be automatically
started for them. On inbound PostgreSQL connections, the Lakebase
proxy holds the connection and asks for a compute to be assigned
from the pool. During the assignment, the compute downloads the
basebackup from the Pageserver and starts compute, after which
proxy may start forwarding connections to the compute. The virtual
machine is then asynchronously resized to the user-configured
minimum size.

5.3.3  Warm Pooling. Speeding up virtual machine provisioning
time is technically challenging. Instead, we keep the provisioning off
the hot path by pre-provisioning virtual machines into a warm pool,
so that the user-visible cold start time only includes communication
with storage and setup of PostgreSQL inside the compute.

Virtual machines in this pool are uniformly sized, and in-place
vertical scaling allows them to be resized on assignment, rather



than maintaining independent pools for different user-configured
scaling ranges. Inside the compute, binaries are pre-warmed to
avoid startup latency from lazy memory allocation or disk IO.

Lakebase production observes seasonal changes in start compute
requests and sudden surges. The pool is sized to fit the predicted
needs using a machine learning model that takes into account
seasonality and periodic spikes of user activity.

6 INTEGRATION WITH LAKEHOUSE

Lakebase persists all data in open PostgreSQL page format on cloud
object storage and exposes a consistent, LSN-addressable page view
through the Pageserver. This allows external engines to interact
with Lakebase storage directly without routing through PostgreSQL
compute. This section describes how Lakebase leverages this prop-
erty to integrate with the Lakehouse ecosystem along three axes:
unified governance through Unity Catalog, efficient data ingestion
from Lakehouse to Lakebase, and analytical access to Lakebase data
from distributed query engines.

6.1 Unified Governance and Identity

Lakebase centralizes security by integrating with Unity Catalog
(UC) for unified authentication and authorization. Each caller’s
Databricks effective identity is propagated to Lakebase via OAuth
and mapped to a PostgreSQL role on first use, so downstream
services such as Spark pipelines or Model Serving connect under
their own identity without managing separate database credentials.

We modified Unity Catalog to delegate access control and en-
forcement to Lakebase to unify direct PostgreSQL connection and
access through catalog. Administrators can issue standard grants
(e.g., GRANT SELECT) through Unity Catalog, which are translated
to native PostgreSQL queries and applied synchronously. Unity
Catalog’s catalog metadata is also served live from PostgreSQL
system tables, so the view in UC always reflects the current state of
the database, eliminating ACL drift between the governance layer
and the operational database.

6.2 Serving Lakehouse Data

Databricks customers have extremely valuable gold datasets in
Lakehouse, produced by complex analytics pipelines that join and
aggregate many disparate data sources. These curated datasets are
expensive to compute and refresh. Customers want a low-latency
and high-throughput serving layer to bridge the gap between ana-
lytical pipelines and production workloads.

We make this possible through Synced Tables, a simple abstrac-
tion that enables efficient syncing of data from Lakehouse to Lake-
base. To reconcile the competing demands of high-throughput in-
gestion and near-real-time freshness, we architected two distinct
write paths. The standard path creates a Spark streaming DataFrame
that reads the Delta change feed and updates the destination table
in PostgreSQL.

For massive snapshot loads, we introduce a Direct-to-Storage
ingestion mode. Distributed Spark executors construct PostgreSQL-
compliant page files and write them directly to the object storage,
sending only metadata records through Lakebase compute. This
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mode achieves horizontal scalability, avoids the write through-
put limitations that typically bottleneck OLTP databases, and pro-
vides isolation for live workloads, which are often latency sensitive.
Snapshot loads are a powerful tool that can be used in many situa-
tions: initial loading of a dataset, periodic syncs for time-partitioned
datasets, and batch ML feature computation (which can be merged
with real-time data to provide features with long windows). In the
future, direct-to-storage can be applied to optimize other bulk op-
erations, such as distributed index building and physical schema
alterations.

The Direct-to-Storage loading path provides atomicity at rela-
tion granularity. Spark first materializes the complete set of table
pages and uploads them to object storage, after which the Lakebase
compute performs a metadata-only relation swap in a transaction.
Isolation is preserved by generating the new pages with frozen
visibility metadata, allowing them to become immediately visible
to any transaction whose snapshot observes the swap. Durabil-
ity follows from persisting all pages to S3 before commit, while
the relation-swap WAL record is replicated through Safekeepers
using the standard WAL replication protocol. To preserve consis-
tency, concurrent DML operations targeting a table undergoing a
Direct-to-Storage snapshot load are rejected.

6.3 Analytics on Lakebase Data

Users frequently require analytical access to operational data, rang-
ing from ad hoc queries in real time to complex data pipelines.
Lakebase facilitates this through two complementary integration
paths that are inherently cost-efficient and minimize the overhead
on the operational database.

For data pipelines, we introduce native sync to Lakehouse using a
logical decoding extension (wal2delta). This extension hooks into
the PostgreSQL logical replication stream, decoding WAL records
and appending them directly to a Delta table in SCD Type 2 for-
mat. Downstream Spark jobs can consume the history stream for
complex transformations or compact it into snapshots as needed.

For real-time analysis, we introduce a Direct Access mode for ana-
lytics engines such as Spark [49] and Lakehouse//RT [31], Databricks’
real-time analytics engine, enabling their compute to read Post-
greSQL page files directly from the shared storage layer—object
storage or Pageserver. This mode preserves the primary benefit of
traditional federation—instant, zero-copy access to live data—while
bypassing the PostgreSQL compute. By shifting execution to an
analytics engine, we avoid OLTP resource contention and enable
horizontal scalability, advanced distributed query operations, and
vectorized execution. For example, Lakehouse//RT retrieves con-
sistent PostgreSQL pages at target LSN, using SIMD parsing and
a simplified MVCC checker. The resulting parsed Arrow batches
are cached in-memory, keyed by relation and page range. When
data changes, the Pageserver provides a modified-blocks bitmap—a
roaring bitmap of pages changed between two LSNs—so only stale
pages are refreshed. In Section 7.4, we demonstrate Direct Access is
efficient for the majority of analytical workloads without requiring
a separate persisted columnar copy.
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7 EVALUATION

We evaluate Lakebase across the core workload dimensions tar-
geted by the system design. We first measure the performance of
branching and elastic autoscaling, which are critical for agentic
workloads. We then evaluate the core OLTP performance and the
benefits of Lakehouse integration.

7.1 Branching Performance

Branching on Lakebase is almost instantaneous. It is a O(1) meta-
data operation that writes a single remote file recording the new
timeline identifiers, see details in Section 4.2. Branch restore simply
attaches the compute primary to a previous timeline.

Compute startup performance is critical for agentic workloads.
Lakebase consistently achieves sub-second startup times. We show
the 95th percentile compute startup in milliseconds observed in
production in Figure 9. The startup time is consistently lower than
500 ms. This is because the Lakebase manager maintains a warm
pool of compute VMs that are readily available to spin up new
computes. Also, compute startup does not perform crash recovery.
PostgreSQL starts up with the redo LSN set to the last record LSN
ingested on the Pageserver. It does not wait for PS to catch up to
the latest of SK.

The compute startup time breaks down into four steps. Starting
a compute first requests a basebackup from the Pageserver. The
basebackup is a tarball that contains all the metadata required to
start compute. This typically only takes 100 ms. Next, it syncs all
Safekeepers to ensure SK replicas are up-to-date. This also claims
the current compute as the sole primary to prevent split-brain sce-
narios. Syncing SKs only takes 5 ms since failures are rare and
writes are replicated to all SK replicas in normal cases. Then, com-
pute starts the compute instance that takes 150 ms. The last step is
to configure compute which takes less than 5 ms.

In contrast, without a warm pool, starting a new compute takes
up to several minutes, and the tail latency can reach hours. We have
observed that the cloud provider may sometimes take a long time
to provision a new VM due to various reasons.
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Figure 10: Compute autoscaling.

7.2 Autoscaling Performance

To demonstrate the autoscaling dimensions, we extracted a work-
load from a stock trading application in production. The workload
exhibits a diurnal pattern where the workload peaks during the
day and stays low when the market closes. We use an open-world
simulation that issues the target QPS to the database. The compute
is configured with a minimum CPU of 1 and a maximum CPU of 7.

Initially, the database load is low and the compute uses 1 CPU.
When the application drives a higher load to the system, the au-
toscaling agent on the compute detects an increase on CPU usage
and assigns 3 more CPUs. Scaling operations do not interfere with
the customer workload, as observed in the actual QPS in Figure 10.
At 44 minutes, when the market opens up, the application sends a
surge of queries to the database from 32 to 10K queries per second.
The estimated working set size also exceeds the current LFC size.
The autoscaling agent observes a high CPU usage and the LFC
hit rate is less than 30%. It reacts promptly and directly increases
the available CPU count to the max CPU count specified by the
compute. The compute LFC also scales up with the CPU size.

During the day, the workload fluctuates, and the agent continu-
ously adjusts the available CPU based on the load. The available
CPU count stabilizes around 6 CPUs. It increases the available CPU
count to 7 (5) as the workload temporarily increases (decreases)
its load. Throughout the entire experiment, the actual QPS almost
matches the target QPS. This demonstrates that the autoscaling
agent scales compute size up and down promptly to sustain the
database load. When the application is idle for a prolonged period
of time (5 minutes by default), the compute is shut down.

We also perform the same experiment with a 7-CPU fixed-size
compute. The query response time of the autoscaling compute is
only slightly higher, as the fixed-size compute benefits from a larger
LFC upfront and incurs fewer cache misses. Once the workload sta-
bilizes, the latency becomes comparable. The autoscaling compute
uses fewer CPU-hours overall: it runs at reduced capacity during
low-load periods and shuts down entirely when idle, whereas the
fixed-size compute consumes its full allocation continuously.

7.3 OLTP Performance

To evaluate Lakebase in OLTP workloads, we compare it against
reference systems using the HammerDB TPROC-C benchmark. The



Table 1: Peak HammerDB TPROC-C NOPM (x1000).

Tier (vCPU) Gen-1 Gen-2 Lakebase
1 —  9.0(1.0X) 233 (26X)

92.6 (1.0x)  61.7(0.7X)  86.8 (1.0X)
16 1183 (1.0X)  265.7 (2.3X)  331.3 (2.8X)
24 96.8 (1.0x) 4075 (4.2X) 515.6 (5.3X)

*Gen-1 has no 24 vCPU tier; the next-available 32 vCPU configuration is used.

first comparison is with a canonical second-generation, compute-
storage-separated database (Gen-2). To make the comparison eq-
uitable on durability, we also compare with a first-generation that
runs PostgreSQL on a multi-AZ replicated disk (Gen-1), which adds
synchronous cross-AZ replication on commit. We focus on cached
scenarios in which the entire TPROC-C working set fits in DRAM.

We provision four hardware tiers: 1, 4, 16, and 24 vCPUs. We use
16 warehouses per vCPU. Each virtual user accesses all warehouses.
We sweep the virtual user count over powers of two from 1 to 512.
We report the throughput as the number of NewOrder transactions
per minute (NOPM) subject to a p95 NewOrder latency bound of
20 ms. Table 1 reports peak NOPM for each tier, subject to a p95
NewOrder latency bound of 20 ms. The throughput is normalized to
Gen-1. The first table entry is omitted because the Gen-1 provider
does not offer a 1 vCPU configuration. Similarly, the provider does
not support a 24 vCPU tier for Gen-1, so we use the next available
32 vCPU configuration instead, with the same 384 warehouses as
Gen-2 and Lakebase at 24 vCPU for comparability.

We report per-vCPU throughput because compute cost domi-
nates overall service cost in typical deployments, making it a proxy
for cost efficiency. For example, an AWS EC2 R8gd.4xlarge com-
pute instance costs ~$1.18/hr on demand, whereas retaining 10 GB
on AWS S3 Standard costs ~$0.0003/hr—over 3 orders of magni-
tude lower—and per-request (PUT/GET) and compaction-tiering
fees remain small relative to compute even under heavy ingestion.
We compare against representative first- and second-generation
archetypes (Gen-1 and Gen-2) rather than each individual commer-
cial offering.

Lakebase achieves throughput comparable to or higher than
Gen-2 across all tiers. At 1 vCPU, Lakebase delivers 2.6x higher
throughput than Gen-2. At this scale, Gen-2’s storage fan-out con-
sumes a substantial fraction of the available core, whereas Lakebase
streams WAL as a single quorum-replicated write, leaving more
CPU capacity available for transaction processing. At 24 vCPU,
Lakebase sustains 26% higher throughput than Gen-2 while main-
taining p95 latency below 20 ms. At the intermediate 4 and 16 vCPU
tiers, Lakebase stays ahead of Gen-2 by 22-43%.

Compared to Gen-1, Lakebase achieves up to 5.3 higher through-
put at 24 vCPU. At the smallest 4 vCPU tier the two are on par, as
neither saturates the storage path at this scale; the gap widens with
core count. Gen-1 does not scale to the throughput levels reached
by Lakebase because additional cores contend for the same storage
I/O path, rather than benefiting from the parallelism provided by
Safekeepers and Pageservers. Furthermore, Gen-1 relies on full-
page-image WAL records to ensure durability, whereas Lakebase
offloads page materialization to S3-backed Pageservers outside the
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Table 2: Heap-write time speedup over COPY.

Size 5GB 10GB 50GB 100GB 500GB 1TB
DTS 2.6x 3.4x 6.2% 7.9% 31.3x  73.3X
B Lakebase Direct Access
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7 |
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Figure 11: TPC-H of Lakebase vs Lakehouse//RT w/ Direct
Access on Lakebase storage.

compute node. As a result, Lakebase generates substantially lower
WAL volume.

7.4 Performance from Lakehouse Integration

The conventional COPY path serializes ingestion through a single
PostgreSQL writer. Direct-to-Storage (DTS) eliminates this bot-
tleneck. Spark executors write PostgreSQL-compliant heap pages
directly to object storage in parallel. Table 2 shows the speedup of
DTS to write a 1-KB row table with mixed text and integer columns
into compute. With horizontal scaling, DTS heap-write time yields
speedups up to 73.3x at 1 TB.

We use TPC-H to evaluate Direct Access and compare it with
Lakebase. The scale factor is 10. We are using Lakehouse//RT with
Direct Access to the same Lakebase storage with the same hardware
resources as Lakebase.

Figure 11 reports the performance of Direct Access on the TPC-H
benchmark. Overall, Direct Access reduces total execution time by
10x and improves the geomean query latency by 3x relative to Post-
greSQL. These improvements stem from several factors. First, the
SIMD-accelerated parser and vectorized execution engine eliminate
much of the overhead associated with PostgreSQL’s volcano-style
tuple-at-a-time processing. Second, columnar execution improves
the efficiency of analytical operators, particularly joins and aggrega-
tions. Finally, Direct Access employs an analytical query optimizer
that frequently generates more efficient execution plans.

At the query level, we observe substantial speedups for aggregation-
and join-intensive workloads. Q1 achieves an 11x speedup, primar-
ily due to more efficient parallel aggregation. PostgreSQL incurs
additional overhead because parallel execution is implemented
using multiple processes, whereas Direct Access uses threads. In
general, queries with a larger number of joins and aggregations
benefit more from vectorized columnar execution. For example,
Q18 is nearly 90 faster under Direct Access.

Q17 illustrates the importance of query optimization. Direct
Access achieves a 19x speedup by converting the subquery into a
join-based plan. In contrast, PostgreSQL generates a suboptimal



plan that repeatedly evaluates the subplan, resulting in significantly
higher execution costs.

Not all queries benefit from Direct Access. Q8 and Q19 are slower
because the current implementation supports only sequential scans.
Both queries benefit substantially from index nested-loop joins,
which are available in PostgreSQL but not yet implemented in
Direct Access.

Under a concurrent 400 QPS OLTP workload, Direct Access scans
slow down by 1.76Xx due to cache invalidation. However, Direct
Access never affects write latency on the primary since it runs
outside the compute.

8 RELATED WORK

Separation of storage from processing: First-generation data-
base systems such as MySQL [38], PostgreSQL [4], and Oracle [3]
tightly couple compute and storage within a single machine. Second-
generation systems—including Aurora [46], Socrates [8], AlloyDB [1],
SolarDB [51], Taurus [18], and Tell [32]—separate storage from
compute internally [23], improving elasticity and availability. Po-
larDB serverless [50] scales up seamlessly via transaction migra-
tion and provides low-latency strongly consistent reads on primary
and secondary nodes [48]. Snowflake Unistore [5] adds OLTP into
Snowflake warehouses via a proprietary row store. However, their
storage formats remain proprietary and data is accessible only
through the primary database engine. Microsoft Fabric [2] stores
data in OneLake as Delta tables while the OLTP engine format
remains proprietary.

Lakebase represents a third-generation architecture: it external-

izes all storage to cloud object storage in open PostgreSQL page
format, enabling multi-engine access and removing structural ven-
dor lock-in. WAL redo is offloaded to distributed Pageservers, and
a storage hierarchy provides performance and availability. Lake-
base further supports sub-second compute startup and zero-copy
branching for agentic workloads.
LSM-tree data stores: LSM-tree data stores optimize for write-
heavy workloads [15, 20, 21, 25, 27, 34, 43]. Chen et al. [35] survey
alternative designs. Key implementations include LevelDB [24]
and RocksDB [20], which buffer writes in memory and flush to
immutable on-disk SSTables. Alternative compaction strategies [17,
27, 40] trade off read, write, and space amplification. WiscKey [33]
separates keys from values to reduce compaction cost.

Lakebase’s Pageserver uses a two-dimensional LSM-tree struc-

ture indexed by both page key and LSN. It buffers WAL records
in memory, flushes them as immutable layer files, and uploads all
files to object storage for recovery. Background compaction reduces
the WAL redo chain for GetPage requests, and garbage collection
reclaims data beyond the PITR window.
MicroVM and autoscaling: The popularity of serverless applica-
tions in the cloud has inspirited novel MicroVM systems such as
Firecraker [6], which aimed at improving isolation, provisioning
performance, and density for serverless containerized applications.
NeonVM is one such MicroVM system with similar goals, with the
added emphasis on supporting resource autoscaling.

Modern data systems scale their resources on demand based on
the load changes [16, 22, 28, 29, 44]. Amazon Aurora Serverless [11]
implements an on-demand, vertically elastic compute layer that
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separates compute from distributed storage. Aurora dynamically
adjusts capacity in response to workload changes and enables fast
scale-up/scale-down and pay-for-what-you-use billing. Elsewhere,
there are descriptions of reactive and proactive techniques [36, 39,
42]. Some use statistical models [16], while others use machine
learning models [36] to predict the resource usage. Lakebase scales
computes with fractions of a CPU and memory with no downtime.
The autoscaling agent monitors compute CPU usage and working
set size. It scales up compute to sustain performance during peak
traffic and scales to zero when compute is idle.

Cluster resource management: Cluster resource management
has been extensively studied [12, 45, 47]. Recent work addresses
oversubscription [10], workload forecasting [19], and hierarchical
allocation [30]. Lakebase overprovisions VMs in warm pools and
uses an ML model to predict cluster demand based on historical
patterns, enabling fast compute startup.

9 CONCLUSION

This paper presented Lakebase, a third-generation transactional
database architecture that separates compute from storage and
persists all data in open PostgreSQL page format on cloud object
storage. By externalizing storage in open formats, Lakebase en-
ables multi-engine access and situates OLTP directly alongside the
Lakehouse, unifying operational and analytical workflows. The ar-
chitecture leverages cloud object storage for durability, a storage hi-
erarchy for performance and availability, and consensus-replicated
Safekeepers for write correctness. Autoscaling, scale-to-zero, auto-
mated failover, and built-in branching reduce operational complex-
ity compared to traditional database deployments. These properties
are particularly relevant for agentic workloads that require instant
clones, sub-second startup, and ephemeral compute. Together, these
capabilities make Lakebase an agent-ready transactional database.
Production deployments show Lakebase sustaining deep branching
patterns and rapid experimentation at scale. At the time of writing,
Lakebase is the fastest-adopted product in Databricks history, cre-
ating and managing more than 10 million databases daily. Lakebase
reflects what a transactional database looks like when designed for
today’s cloud infrastructure, where storage is durable and inexpen-
sive, compute is elastic, and data openness is a requirement.
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