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ABSTRACT
Coding agents are reshaping analytical databases on two fronts:
the workloads they serve, and the way the databases themselves
are built. Both changes push the architecture in the same direction:
away from federated multi-tenant services and back toward a mod-
ular monolith. We describe how Firebolt is rebuilding its system
around this principle, and the agent-driven engineering it unlocks.
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1 DATABASE DISRUPTION
Agents challenge the fundamental assumptions around database
architecture. They will send virtually all queries, operate database
systems, and implement new features across the system itself.

Modern cloud database warehouses are complex distributed sys-
temswithmanymoving parts [6, 14, 21], architected asmulti-tenant
managed services with many closed-source components. This was
good architecture for the past, and it is also how we built Firebolt
[19].

Running a full cloud data warehouse on a laptop today requires
installing and managing many dependent services—metadata stor-
age (e.g. FoundationDB), metadata services (e.g. snapshot com-
paction), garbage collection, and distributed caches [4, 9, 24].

These architectures will not stand the test of time. Agents will
disrupt the database industry in two ways:

(1) Agents on the database. In the past, backends on top of data-
base systems were static and human-written: tools in the modern
data stack (e.g. dbt, Fivetran, Looker) leveraged by thousands of
companies, or custom company-specific backends. The next era will
see a Cambrian explosion of heterogeneous software systems and
query patterns. As software costs drop to zero, custom app-specific
backends will be common, and BI workloads will give way to agents
running research and ad-hoc queries.

(2) Agents in the database. Defensibility of the database itself is
eroding rapidly. As coding agents improve, they can also take on
complex systems programming tasks; recent papers even synthesize
workload-specific database systems from scratch [31]. The best
database systems will be the ones easy for agents to modify, extend,
and operate.

This disruption is an opportunity to completely reinvent mod-
ern data infrastructure, but it will fundamentally change database
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systems in ways that are incompatible with the architectures of
modern cloud data warehouses.

2 CHANGINGWORKLOADS
As agents take over more of the workload sitting on top of ana-
lytical databases, the requirements those databases must satisfy
are changing too. Talking to modern software and infrastructure
engineering teams, we see three patterns emerge:

(1) Rapid prototyping: Historically, deploying a new database
system required substantial time and effort to manage the underly-
ing infrastructure, which directly slowed down iteration on new
ideas. Most developers therefore experimented with only a narrow
set of database systems (typically the ones they were already fa-
miliar with, given the learning curve of adopting a new one), or
opted for a managed service entirely. In the agentic world, these
barriers are substantially removed: (1) developers can iterate over
more ideas, (2) try more database engines instead of defaulting to
the familiar ones, and (3) realistically self-host the infrastructure
instead of outsourcing it to a managed service.

(2) Data privacy: We see a growing number of companies run-
ning agentic workloads [23, 25] directly on top of data that contains
Personally Identifiable Information (PII) [3]. At the same time, data
privacy and sovereignty regulations [10, 26, 29] are continuing to
tighten. This is in tension with the dominant deployment model:
using a managed service typically requires ingesting customer data
into the vendor’s storage. For regulated industries, this incurs sig-
nificant compliance overhead (e.g., listing the managed service as a
data processor [10] and ensuring the required certifications such
as SOC 2, ISO/IEC 27001, FedRAMP, or StateRAMP [2, 12, 27, 30]).
This narrows the set of database systems that can realistically be
considered.

(3) Deployment flexibility: Major cloud providers are expand-
ing to new regions [1], and an increasingly heterogeneous set of
new cloud providers is emerging to support new agentic workloads
and to support data sovereignty requirements. Recent examples
are AI-focused clouds such as Nebius [15] and CoreWeave [5], and
sovereign European clouds such as STACKIT [22] and OVHcloud
[18]. Beyond this, many organizations continue to run on-premise
data centers. These increasingly look like modern cloud environ-
ments and support Kubernetes and object storage. The customer
base is demanding more flexibility in where their data is stored, or
processed, and the database system must be able to support this.
For managed cloud data warehouses, expanding to new regions
and cloud providers requires significant engineering effort and
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Figure 1: Firebolt’s architectural transition: (a) federation of multi-tenant services on FDB; (b) modular monolith backed by
Postgres and object storage; (c) trade-offs along the dimensions that drove the redesign.

time to market. Thus, using self-hosted databases is becoming an
increasingly attractive option.

3 CHANGING DATABASE ECONOMICS
The other half of the disruption is internal: agents in the database,
changing how the system itself gets built. That shift inverts the en-
gineering economics that produced today’s federated architectures
in the first place.

For over a decade, cloud data warehouses lived inside a comfort-
able bubble. Building one was hard: only a handful of teams in the
world had the systems expertise to ship a serious distributed query
engine, and that scarcity translated directly into margin.

Scarcity shaped architecture. Past a certain team size, the cheap-
est way to ship a new capability—metadata, CDC tooling, gover-
nance, observability—was to spin up another standalone service,
often in a different language than the core engine to broaden the
talent pool. Firebolt’s original architecture followed this playbook
(C++ engine, Golang services). The modern data stack reflects this
paradigm: a sprawling federation of products, each with its own
runtime and failure mode.

Coding agents are popping this bubble. The constraint that justi-
fied federation—the high cost of human engineering time—is col-
lapsing. Capabilities once kept out of the engine because they were
too expensive to fold in can now be absorbed back into database
internals. Margin pressure from new entrants and open source is ac-
celerating the shift, and customers increasingly expect to run these
systems anywhere rather than in a vendor’s cloud. The econom-
ics behind architectural fragmentation are reversing (Figure 1c);
architectures built on those old models should be questioned.

4 REINVENTING FIREBOLT
The original Firebolt cloud data warehouse was built for a multi-
tenant, fully managed SaaS model. It was designed to host a large
number of tenants, each running its own compute clusters, which
we call Engines. Each Engine was a self-contained unit that could
be started, stopped, scaled, and upgraded independently. Only the
Engines were isolated per tenant. Every other major component
of the system, such as metadata, garbage collection, identity, and
engine provisioning, was shared across all tenants (Figure 1a). Each

of these multitenant components was a standalone service, owned
by different teams.

The decomposition gave each team a clear scope and room to
specialize, but it imposed real costs on the system as a whole: fail-
ures in one component had a wide blast radius; team-level iteration
slowed and release cycles stretched out, requiring extensive co-
ordination across teams. Finally, customer-specific optimizations
were hard to implement because many features may help some
workloads, but hurt others.

Themultitenant architecture also inflated component complexity.
Our metadata layer, for example, was a set of microservices on
FoundationDB (FDB), itself a complex distributed system requiring
specialized operational expertise. This made sense for a multitenant
metadata service that must scale extremely well, but it made the
system hard to ship outside our own cloud: self-hosted deployments
required rewriting several services, and each new region or cloud
provider was a substantial engineering project.

Our prior architecture is a poor fit for the new world: the same
friction that slowed our human teams (multiple services, ownership
boundaries, longer release cycles) also limits what coding agents
can accomplish on the system. With that in mind, we have started
reinventing Firebolt around two goals: (1) the system should be
easy for both humans and coding agents to extend and customize,
and (2) it should serve as a self-contained backend for agentic appli-
cations across heterogeneous deployment environments, without
sacrificing performance.

The new architecture is a deliberately simpler, modular mono-
lith (Figure 1b). Subsystems that used to be standalone services—
metadata, garbage collection, identity—are collapsed into the core
database binary. Capabilities are opt-in: a deployment enables only
what it needs, keeping the operational surface small. We built a
Kubernetes operator that simplifies the deployment and automates
compute lifecycle operations: provisioning, scaling, and upgrading
clusters.

Crucially, this architecture remains compatible with multi-tenant
operation, but on dramatically simpler terms. Becausemetadata lives
in PostgreSQL rather than a bespoke microservice stack, a single
Postgres deployment can back many Firebolt tenants at once, and
innovative Postgres vendors like Neon [16] make this practical at
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low cost via serverless, scale-to-zero services. PostgreSQL becomes
the only truly shared service in managed multi-tenant deployments,
reducing multi-tenancy to a deployment-level configuration rather
than a property baked into every component.

5 A NEW DATABASE SOFTWARE LIFECYCLE
Architectural simplification is not just an aesthetic preference: it
changes which engineering problems are tractable. Our goal is a
software lifecycle where virtually all database and infrastructure
code is agent generated. Turning the database into a modular mono-
lith is a prerequisite for this.

Small, single-tenant components now do what used to require
multitenant services. Garbage collection, metadata compaction,
snapshot management, and distributed caching live inside the data-
base itself, with cleaner interfaces and narrower scope because
they no longer handle multitenancy. This enables strong agentic
harnesses for autonomous coding in the core database layer.

The infrastructure layer wrapped around the database shrinks
to a size that can be reasoned about formally. This is the precon-
dition for an agent-driven software lifecycle, and it is structurally
unavailable to architectures that did not start there [13].

This section gives an overview of how our streamlined architec-
ture allows for faster, agent-driven systems engineering both for
the database and infrastructure layer.

5.1 Metadata and Transaction Manager
The metadata and transaction manager is the system of record for
every database, schema, table, view, role, and tablet in a Firebolt de-
ployment. In the prior architecture this was a federation of Golang
microservices on top of FoundationDB; in the new one it is a Rust
component that runs in-process inside the database binary and per-
sists to PostgreSQL. The component is a near-ideal target for agentic
synthesis: it sits behind a narrow gRPC surface (transaction lifecy-
cle, DDL, DML metadata, RBAC), it has well-defined consistency
semantics (snapshot-isolated DDL, multi-statement transactions,
MVCC visibility), and–most usefully–an externally-defined storage
format we can borrow from.

DuckLake as a baseline. Rather than invent a new metadata
schema, we built the metadata service on top of the DuckLake
catalog format [8]. DuckLake is a recent, openly-specified lake-
house catalog whose entire metadata is stored in standard SQL
tables. Firebolt extends the schema with a small set of tables and
columns (multi-database scoping, server-side transaction tracking,
additional objects), but the core schema is unchanged. This buys us
interoperability with native DuckLake readers, and–more impor-
tantly for our purposes–an independent reference implementation
we can use as a testing oracle.

Synthesis through a three-part harness. Our approach to having
agents (re)write a system component is to wrap it in a harness
strong enough that any behavioural regression surfaces immedi-
ately. The clean API boundary at the gRPC layer makes the harness
easy to construct: the new component is a drop-in replacement for
the old one, so the same workloads exercise both. For the metadata
and transaction manager, the harness has three independent layers:

(1) End-to-end test suite via the public API. Firebolt’s exist-
ing SQL test suite (thousands of .test files covering DDL, DML
metadata, multi-statement transactions, and RBAC enforcement)
runs unchanged against the new component. The synthesized meta-
data service answers the same gRPC calls as the old one, so the
database binary cannot tell which implementation is behind the
socket. A regression in observable behaviour fails a SQL test.

(2)DuckDB’s ducklake extension as a differential oracle. For
theDuckLake-compatible subset, we cross-check our catalog against
an entirely independent implementation. A test is replayed twice:
once through the synthesized metadata layer, and once through
DuckDB’s first-party ducklake extension against an isolatedDuckDB
catalog. After each test, the harness diffs the two catalogs row-by-
row across every standard DuckLake table. Any divergence in object
identity, column ordering, schema versioning, or snapshot lineage
fails the build. This is differential testing against an oracle we did
not author and do not control — exactly the property that makes
such oracles trustworthy.

(3) Catalog invariants as structural checks. The DuckLake
oracle covers only the standard subset of the schema; it tells us
nothing about Firebolt’s extensions or about the cross-table consis-
tency of the catalog as a whole. We complement it with a structural
validator that runs against the raw catalog and asserts invariants in
four classes: MVCC chain consistency; transaction lifecycle integrity;
referential integrity across MVCC versions; and semantic uniqueness.
Each invariant is checked at every change and catches MVCC and
commit-ordering bugs that the API-level tests miss.

What this enables. The three layers verify the same component
from independent angles; a regression in any of them flags wrong
synthesized code. The API-level suite proves the binary cannot tell
new from old; the DuckLake oracle proves we have not silently
diverged from the published format; the invariant checker proves
the catalog stays internally consistent under arbitrary DDL in-
terleavings. Together they form a complete, machine-checkable
specification. Code synthesis then runs autonomously in a loop: the
agent emits a candidate, the harness runs all three layers, every fail-
ure feeds the next iteration, and the loop terminates only when all
layers pass. In total, this synthesis effort took less than a week. Hu-
man review shifts from inspecting code to inspecting the harness;
once the harness is right, the synthesized code is right by construc-
tion. The same harness keeps the door open to future synthesis
steps—swapping the storage backend, adding object types, rewrit-
ing the transaction protocol—each validated against the oracle and
extensions of the harness.

5.2 Firebolt Kubernetes Operator
The Firebolt Kubernetes operator automates the lifecycle of Firebolt
clusters. It can provision new clusters, rescale them, and perform
online version upgrades.

The operator surface. The operator manages exactly two custom
resources: the FireboltInstance for per-namespace shared state (e.g.
PostgreSQL for metadata), and the FireboltEngine for stateful com-
pute nodes with blue-green rollouts. The engine reconciler is a six-
phase state machine—stable, creating, switching, draining,
cleaning, stopped—with explicit rules for mid-flight spec changes
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(abandon if creating, defer if draining or cleaning) and a hard
dependency on a ready instance. That is the entire orchestration sur-
face: no separate garbage-collection service, no metadata-snapshot
operator, no cache-warmer sidecar—because no such services exist
as separate processes.

Semi-formal verification in three phases. The small surface lets
us apply a verification pipeline that would be impractical against
federated microservices. This pipeline runs as a harness during
agentic coding sessions, and in CI pipelines:

(1)TLA+ specifications of the reconcilers. Both control loops
are modelled in PlusCal/TLA+. This is similar to lightweight in-
dustrial uses of formal modelling at AWS [17], MongoDB [20],
and Datadog [7]. The engine spec (about 500 lines) covers all six
phases, generation counters, every interleaving of user spec edits
with reconcile steps, and crash points. The instance spec covers
the sequential bring-up pipeline from Postgres to a ready metadata
service. TLC checks safety invariants exhaustively. Example invari-
ants are that no two generations serve traffic at once, the cluster
service selector always matches the active generation, the quiesced
terminal phase matches spec.replicas, and that every reachable
state eventually reaches a terminal phase under fairness (liveness).
Both specs check in seconds.

(2) Stateful property tests against the live reconciler. A
Go property-based test drives the actual reconciliation loop with
random sequences of spec changes, scale events, pod-readiness tran-
sitions, drain completions, and simulated crashes between resource
writes and status updates. The invariants in the TLA+ spec are
checked after every step. It runs on every PR and shrinks failures
to minimal reproducers, giving us debuggable counter-examples in
the same language the reconciler is written in.

(3) TLA+ state cover against Go. TLC dumps every reachable
state of the model (1,386 states at MaxGen=2, MaxSpec=3). A code
generator turns each state into a deterministic test that invokes
computeEngineReconcile from that state and asserts the result
lies in the reconciler’s closure of the start state under the model. 892
states are exercised in well under a second. A CI guard regenerates
the fixture on every push and fails the build if it diverges, so the
model and the implementation cannot drift silently.

The crucial property is that all three layers verify the same in-
variants. A regression surfaces wherever the engineer happens to
look first, and an architectural change to the reconciler cannot
pass review without an accompanying update to the spec. None
of this requires the engineer’s day-to-day workflow to leave Go:
TLA+ is a one-time investment per state machine, the property
tests are vanilla go test, and the state-cover fixture is generated.
The pipeline is complementary to recent academic work on full
formal proofs for Kubernetes controllers [28] and on systematic
mutation-based operator testing [11]: we trade exhaustive proof for
a fast, in-tree feedback loop that an agent or engineer can iterate
against on every commit.

What this enables. Verified, declarative infrastructure is the pre-
condition for an agent-driven database software lifecycle. Once
the operator can reliably bring a Firebolt instance from nothing
to ready—and recover from any crash, spec edit, or pod failure—
spinning one up becomes a primitive an agent can call. Agents can
run in parallel, each claiming a fresh instance to validate a code

change, replay a customer workload, shadow a production query,
or A/B-test a query plan, then tearing it down when done. With
the database collapsed into a single binary the operator can multi-
ply at will, the experiment-per-agent model becomes the natural
unit of work, and the same primitive backs internal development,
customer-specific tuning, and on-prem deployment into regulated
environments.

Why a redesign is required. Retrofitting this onto legacy cloud
data warehouse architectures is, in our experience, substantially
harder. Formally verifying the orchestration of dozens of services—
each with its own state, deploy cadence, and multi-tenant isolation
contract—is a fundamentally different problem, and multi-tenancy
assumptions are typically baked too deep to dislodge cheaply. The
fragmentation that produced margin and feature velocity in the
2010s is now the obstacle to the cost structure customers expect,
to operations agents can keep running, and to deployment into
customer environments (e.g. finance, defense, healthcare). We see
this less as bolting agents onto the existing stack and more as
redesigning the stack around them; vendors with deep federated
investments may reasonably stage the transition. Small surface
areas compound: an architecture small enough to verify is small
enough for agents to safely modify, one safe to modify can be oper-
ated autonomously anywhere, and the one that runs autonomously
anywhere is what customers want next.

6 CONCLUSION
Cloud data warehouses spent a decade fragmenting into complex
federated services because human engineering time was scarce and
deployment flexibility did not matter. Coding agents invert both
assumptions: workloads shift toward heterogeneous, embedded,
and on-premise deployments where sprawling control planes are a
liability, and the development lifecycle now rewards architectures
whose orchestration surface is small enough to specify, verify, and
reproduce thousands of times a day. Both pressures point the same
way: collapse federated services back into the database binary, keep
the operational surface formally tractable, and let agents extend
and operate the system. We do not see a clean preservation path
through a fully federated architecture; the practical choice for new
architectures is to start agent-native.
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