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Abstract
Agentic analytics is turning the lakehouse into a multi-version sys-
tem: agents materialize data and insights on alternate branches,
while users may need answers before those branches are merged
or discarded. We present a system that answers questions across
branches rather than at a single snapshot. The system evaluates
queries under supervaluationary semantics and presents agreement
and disagreement in a form that supports human review. We com-
pare two implementations of a multi-branch query engine–ad hoc
and native–to show that shared-subplan reuse and short-circuit
evaluation make the abstraction practical. We release the code as
an open reference implementation for multi-branch querying in
OLAP systems.

CCS Concepts
• Information systems → Data management systems; • Com-
puting methodologies→ Intelligent agents; • Theory of com-
putation→ Logic.
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1 Introduction
“Falsehood is never in words; it is in things.”
I. Calvino, Invisible Cities

In the year of the (over)lord(s) [9] one, a data engineer at ACME
Inc. kicks off a purchase prediction job, resulting in three agents
swarming to answer the question, “Will we convert 2% tomorrow?”
This scenario, illustrated in Fig. 1, depicts an online shop using
agents for reporting and forecasting. While a review-then-merge
flow would be the natural conclusion (Fig. 2), verification is be-
coming the bottleneck: if a non-technical user wants to know now
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Figure 1: ACME Inc. scenario: three agentic pipelines run
concurrently on data branches, producing three incompatible
prediction tables. Canwe answer questions without assuming
a canonical data representation?

about tomorrow’s sales, unaware of the data lifecycle, how can the
reports be verified for correctness (and thus reliable for making
business decisions)? Analyses from multiple agents often disagree,
but only in part. For example, two agents predicting tomorrow’s
sales may disagree on the exact figure, yet they may both agree
that revenue grew for a particular customer segment. Can a system
meaningfully answer this question without assuming that technical
review has already happened?

We argue that a non-classical logic, supervaluationism, applies
naturally to this setting: rather than waiting for, or forcing, a single
canonical version, we can reason across versions to draw conclu-
sions [17]. In particular, we describe a system on top of a cloud
lakehouse [18] that aggregates across data versions to answer user
questions, instead of using the per-version querying model of stan-
dard OLAP engines. In contrast to time travel analyses that answer
a “query at snapshot 𝑡”, we use supervaluationism to answer a
“query across all data branches”. We summarize our contributions
as follows:

(1) we ground our use case using an agentic lakehouse at scale
[13]. Far from being a theoretical possibility, data agents
today are already generating too many data branches for
humans to review one by one: hundreds of thousands of
data branches [16] are created in our agentic lakehouse in
production every week.

(2) we provide intuitive and formal definitions for supervalu-
ationary semantics and showcase the difference between
an ad hoc and native implementation of the relevant query
plans;
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Figure 2: Human-in-the-loop control over data branches: re-
view before merge, recover through time travel.

(3) we discuss how answers should be presented to facilitate hu-
man reasoning under uncertainty, and highlight limitations
and possible extensions based on user feedback.

We include preliminary experiments, but our goal is to share
with the community a technical innovation motivated by user-
facing interactivity concerns. We believe this work to be interesting
to a wide set of practitioners, as it addresses a full vertical slice:
from business user needs and organizational constraints down to
system-level optimizations inside a query engine. Furthermore, at
the moment of writing, no major OLAP platform has branching
APIs or support for arbitrary transactions, making direct compar-
isons impossible1: by releasing code2 grounded in industry open
standards, including D3.js, Iceberg [2], and DataFusion [7], we hope
to foster community interest in agent-first architectures. Finally,
mostly as a nod to our younger selves, we are delighted to observe
that conflicting data were the motivating examples for Belnap’s
seminal work [3] in multi-valued logic.3

2 Motivation
The rise of AI agents and patterns such as Ralph [6] highlight a
novel challenge for OLAP systems: instead of a slow-moving code
base managed by a few data engineers working in sequence, we
now have massively parallel experimentation done by swarms of
untrusted agents [9]. As experimental code lives in code branches,
data producers should materialize experimental data assets in
data branches, i.e., copy-on-write versions of the lakehouse with
strong isolation guarantees [14].

While the human-in-the-loop merge is the standard process to
publish insights to the “production data branch” (Fig. 2), traces
from Bauplan’s production deployment – with over a million data
branches created in the last quarter – show that multiple versions
of the same table are likely to coexist at any given moment in
time. There are three recurring causes: (1) data pipelines may be
long-running processes, (2) data pipelines must exist until they
are reviewed (and subsequently merged), and (3) disagreement
(conflicts) are not always accidental.
1For example, the three largest lakehouses: Databricks, Snowflake, and Fabric. A few
OLTP solutions exist, but they cover different use cases than data pipelines and data
science.
2https://github.com/BauplanLabs/AI-for-Distributed-System-Design
3“The computer is to be envisioned as obtaining the data (...) from a variety of sources,
all of which indeed may be supposed to be on the whole trustworthy, but none of
which can be assumed to be that paragon of paragons, a universal truth-teller”.

First, for long-running data pipelines, branches provide a place
to materialize partial or intermediate outputs without leaking them
into the production data branch. The longer lived a data pipeline
is, or the more alternate branches there are to compute, the more
likely it is that a business user will want to ask a question about the
data before it has been merged. Second, there is a natural time gap
between when a data pipeline completes and when it is reviewed
and merged. This situation is then amplified as agents generate can-
didate changes much faster than humans can inspect, compare, and
merge them, leading to more data pipelines that are complete and
awaiting review. Third, some analytical requests are genuinely pol-
ysemic: for example, “best customers tomorrow” may mean highest
expected revenue, highest conversion probability, highest churn
risk, or some stakeholder-specific combination of these notions.

This is not the only acceleration happening. On the data con-
sumer side, the slow “business to analyst to engineering” handover
is being quickly dismantled by text-to-SQL and data agents [5]. The
user experience quickly degrades, however, as questions are asked
on tables existing in multiple active branches: as the business user
has neither the knowledge nor the access to move the underlying
data lifecycle forward, she is once again slowed down by processes
and infrastructure she does not understand. In other words, our
design challenge is not only to query across branches efficiently,
but to present uncertainty in a form that supports review. If the
system collapses all disagreement into a single scalar too early, it
removes precisely the information a human needs. If it surfaces
only raw per-branch outputs, it overwhelms the user and recreates
the original bottleneck.

Our design shows that another way is possible: the coupling
of data producers and data consumers can be loosened if we can
reason consistently across multiple versions of the same tables. In
other words, if we can query everything everywhere all at once.

3 System overview
Our setup starts from a real-world production lakehouse with Git-
like primitives over Iceberg tables: commits, branches, andmerges [16].
We discuss the role of UI for human review below (Section 5), and
focus now on the back-end modules on the query path, i.e., going
from English questions to answers while reasoning across branches.

3.1 Architecture
The overall architecture is depicted in Fig. 3. At the bottom, a
branching lakehouse (Bauplan [15]) allows data agents to write
data pipelines concurrently (Fig. 1); at the top, a D3-based appli-
cation provides a GUI, backed by a FastAPI server. The novel part
is the reasoning engine in the middle: an LLM-powered text-to-
SQL translation layer and a modified DataFusion OLAP engine,
implementing the supervaluationary semantics (Section 3.2) when
querying data branches.

For the text-to-SQL sub-module, we implement a narrow but
complete interface for interactive analytics over a known schema.
The module follows best practices from recent text-to-SQL work [5]:
schema augmentation, constrained prompt templates, feedback-
driven regeneration, and plan-first validation. Instead of running
arbitrary SQL directly from an LLM completion, the system at-
tempts to produce a valid query plan first and fails early when the
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Figure 3: Architecture of the system. Agentic pipelines write
predictions into isolated data branches in Bauplan. The UI
translates English questions into SQL, then executes them
using a modified OLAP engine that evaluates answers across
branches under supervaluationary, glut-tolerant semantics.

generated query is ill-typed or unsupported. Since multi-branch
execution may magnify bad queries, the system must validate the
query before dispatching it.

3.2 Supervaluationism
We first explain how non-classical semantics apply to reasoning
across branches. We then describe the implementation inside a
state-of-the-art engine and state known limitations and directions
for future work.

3.2.1 Logic. In our scenario (Fig. 1), ACME Inc. is an e-commerce
company where data agents are tasked to compute possibly com-
peting predictions on future shoppers’ behavior. Consider the fol-
lowing statements:
(1) Conversion is >2%.
(2) It is not the case that conversion is >2%.
(3) Conversion is >2% and it is not the case that conversion is >2%.
(4) Conversion is >2% OR revenues are non-negative.

1 is true in some branch, 2 in some other branch, but 3 is never
true: in some branch does not pass through the truth-functional

conjunction [8]. Notably, not anything goes, as we still have enough
logical structure to assert 4, which is true even if half of it is only
true in some branch. In a supervaluationary4 approach, 1 is a truth
glut [17], a statement to which the model5 assigns multiple truth
values, which is classically impossible. At evaluation time, if we
get the same outcome no matter how we “clear the gluts”, then the
gluts do not matter and sentences may be true or false simpliciter.
For example, assuming revenues are non-negative, 4 is true in any
“contraction” of the model, as it does not matter how a particular
branch clears the glut of the first disjunct. Armed with this core in-
tuition, we now tackle the engineering challenges; we refer readers
to Appendix A for a formal sketch.

3.2.2 Engineering. As supervaluationary semantic assignments
are parasitic over per-branch assignments, a first implementation
strategy suggests itself: evaluate the query𝑄 independently on each
branch and concatenate the per-branch outputs, tagging each row
with a branch identifier column. For instance, “How many buyers
do we expect tomorrow?” becomes a SELECT COUNT(*) executed
once per branch, producing one scalar result per branch. This im-
plementation is bolted on top of an existing engine implementation
and referred to as the ad hoc engine.

Table 1 contains representative business questions for our ACME
Inc. scenario. We divide them by result type — number, boolean,
or list — which determines the outer semantic logic: numbers are
shown per branch with a compact summary; booleans yield a super-
valuationary verdict, namely true, false, or mixed; lists are compared
via Git-style diffs.

There are reasons to be dissatisfied with this ad hoc approach.
First, answering questions such as 𝑄3 involves a JOIN, and the ad
hoc strategy repeats the same work 𝐵 times even when some inputs
are identical across branches. More subtly, the supervaluationary
approach uncovers optimizations that depend on the result type.We
therefore implement a native multi-branch engine that dispatches
to specialized execution paths.

For aggregate and join queries, the native engine uses a custom
DataFusion TableProvider that exposes all branch variants of a
table as a single virtual relation with an injected __branch_id
column. The entire query plan runs in a single Rust process, giving
the optimizer full visibility for predicate pushdown, projection
pruning, and shared-subplan reuse. For boolean queries such as
𝑄4, the native engine also supports a short-circuit evaluator: it
runs per-branch evaluations in parallel and terminates as soon as
two branches disagree, since the verdict, mixed, is then determined
without scanning the remaining branches. Such early termination is
difficult to express as static SQL rewriting, but natural to implement
in the multi-branch coordinator. We measure the performance gap
between the ad hoc and native strategies in Section 4.

4 Experiments
To support the system design, we report a small set of targeted
experiments on representative query types. Our goal is not exhaus-
tive benchmarking, but to show that native multi-branch execution

4Since we are dealing with truth gluts and not gaps, “subvaluationary” is technically
more appropriate: with a slight abuse of notation, we choose to use the more familiar
term throughout the paper.
5“Model” in the sense of model theory, not AI: we rely on the context to disambiguate.
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Figure 4: Speedup of the native engine over the ad hoc strat-
egy as a function of branch count. The JOIN query with
window functions (𝑄3) benefits from shared-table reuse; the
boolean query (𝑄4) achieves near-constant time via short-
circuit evaluation.

already yields measurable benefits for typical agentic access pat-
terns [9]. We pick representative queries, and run them over test
tables varying the number of branches 𝐵 ∈ {1, . . . , 50} (Appendix B).
Fig. 4 shows the speedup. For simple single-table counts (𝑄1), the
unified plan’s coordination overhead outweighs the benefit of a
single plan, with the ad hoc engine beating the native one. For
𝑄3 — a JOIN with window functions over the shared dimension
table — the picture reverses: the ad hoc engine recomputes the
expensive CTE per branch, while the native engine computes it
once and reuses the hash join, yielding 12.0× at 𝐵=50. For boolean
queries, the supervaluationary semantics enables a short-circuit
optimization: once two branches disagree, the verdict is determined,
so 𝑄4 stays flat at ∼11ms regardless of 𝐵.

5 Human-computer interaction
The point of reasoning across branches is not merely to avoid pick-
ing a single version too early, but to give a human enough structure
to decide what to do next. The system therefore chooses the pre-
sentation by result type. For numeric questions, agreement yields
a single scalar; disagreement yields UNCLEAR plus a compact min/-
max/mean summary and per-branch values. For boolean questions,
agreement yields YES or NO; disagreement yields UNCLEAR plus ex-
plicit counts of supporting and refuting branches. For set-valued
questions, the system separates consensus items from branch-specific
disagreement and offers a Git-style diff.

Table 1 summarizes the review surface exposed by the prototype.
The goal is to preserve enough provenance for a human to decide
whether a branch is ready to merge, should remain under review,
or should be discarded, without forcing the user to inspect raw
outputs from every branch.

Table 1: Representative questions by result type

ID User-facing question Result type

Q1 How many customers will buy tomor-
row?

Number

Q2 What is the expected revenue tomor-
row?

Number

Q3 How many smartphone shoppers will
buy tomorrow?

Number

Q4 Is tomorrow’s conversion rate above 𝜏? Boolean
Q5 Will John Doe buy tomorrow? Boolean

Q6 Who will buy tomorrow? List
Q7 Who is undecided? List

6 Related work

Database branching. Git-like semantics for data have been ex-
plored before, mostly for human workflows: for example, Dolt [4]
supports SQL in an OLTP setup. Industry lakehouses built on Ice-
berg per-table evolution support QUERY AT t, but lack the API
expressivity to even formulate our research question. Building on a
system supporting transactions across tables, languages, and oper-
ations [16] unlocks a richer UX, backed by a genuinely novel query
semantics.
Non-classical logic. The basic insights for reasoning over “pre-
cisifications” come from supervaluationism [10], which is easily
adapted to gluts in the case of paraconsistency [17]. Our contri-
bution is in mapping the theoretical semantics onto an agentic
lakehouse at industry scale, yielding a new end-to-end experience
for agentic analytics.

7 Conclusions and future work
The system defines supervaluationary semantics over three target
question types, and provides a small set of initial benchmarks (Sec-
tion 4) to start mapping out the design space. The approach can be
generalized in several ways. At the engine level, we could push
evaluation for more complex, non-scalar queries.At the user level,
a similar approach could work for on-the-fly analytical jobs in re-
sponse to polysemic requests; e.g., when reporting on “customer
lifetime value”, we could reason over multiple precisifications [10]
of that concept. At the formal level, a complete treatment would
model the inter-branch relationship: for example, commit histo-
ries could form a modal structure with truth evaluated locally at
a world [11]. Broadly speaking, our north star is to treat “quaran-
tined inconsistencies” [8] and “conceptual indeterminacy” [1] as
first-class citizens of our interactions with data systems, instead of
something we need to “fix” before analysis can begin.

Aside from technical contributions, the system effectively defines
a novel API for agent-first OLAP systems. Instead of querying tables
AT A SNAPSHOT, we are moving up in abstraction by querying the
entire lakehouse all at once. As deployments of data-agent swarms
rise [9, 12] and English becomes a primary interface to data, we
may benefit from systems that can reason in a principled way over
truth gaps and truth gluts alike.
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A Supervaluationism: formal remarks
We give a model-theoretic sketch tailored to KPI-style sentences.
The motivating intuition is that a sentence such as Revenue > 𝑋

may be supported by one branch and refuted by another. Follow-
ing [17], a sentence is true (false) in an inconsistent model iff it is
true (false) in some consistent contraction of that model. In our set-
ting, “contractions” are the per-branch classical evaluations, and we
sketch how to model that KPI sentence in a small logical language.

Language. Fix a quantifier-free KPI language Lkpi consisting of:
(i) constant symbols such as Revenue, (ii) a constant symbol 𝑋 for

each numeric threshold 𝑋 of interest, and (iii) binary predicate
symbols > and =. We are interested in sentences of the form

𝜑𝑋 := (Revenue > 𝑋 ) .

Branch models. Each branch 𝑏 induces a classical Lkpi-structure
M𝑏 with domain |M𝑏 | = R and standard interpretations of com-
parison predicates:

>M𝑏= {(𝑎, 𝑐) ∈ R2 | 𝑎 > 𝑐}, =M𝑏= {(𝑎, 𝑐) ∈ R2 | 𝑎 = 𝑐}.

Each KPI is interpreted by evaluating the corresponding query on
branch 𝑏; e.g., Revenue evaluates to a real number. Satisfaction is
then classical:

M𝑏 |= (Revenue > 𝑋 ) ⇐⇒ RevenueM𝑏 > 𝑋 .

An inconsistent model via contractions. Rather than defining a sin-
gle non-classical numeric structure directly, wemodel the lakehouse
state by the set of its admissible consistent contractions. Formally,
letM be an “inconsistent” lakehouse whose contractions are the
per-branch classical models:

Con(M) := {M𝑏 | 𝑏 ∈ 𝐵}.

Intuitively, eachM𝑏 corresponds to one way of “clearing” the dis-
agreement by committing to the values observed on a particular
branch.

Subvaluational truth conditions. For any sentence𝜓 of Lkpi, de-
fine truth and falsity in the lakehouse M by quantification over
contractions:

M ⊨+ 𝜓
def⇐⇒ ∃N ∈ Con(M) (N |=𝜓 )

M ⊨− 𝜓
def⇐⇒ ∃N ∈ Con(M) (N ̸|=𝜓 )

Thus a sentence can be both true and false inM whenever different
branches disagree. We call 𝜓 settled true when M ⊨+ 𝜓 and not
M ⊨− 𝜓 , equivalently when every contraction satisfies𝜓 ; settled
false is defined dually.

Worked examples. Fix 𝑋 = 100 and consider the KPI sentence
𝜑 := (Revenue > ¯100).
(Glut.) Suppose there are two branches 𝑎, 𝑏 ∈ 𝐵 such that

RevenueM𝑎 = 120, RevenueM𝑏 = 80.

ThenM𝑎 |= 𝜑 whileM𝑏 ̸ |= 𝜑 .
By the subvaluational truth conditions,

M ⊨+ 𝜑 and M ⊨− 𝜑,

so 𝜑 is both true and false in M: a truth glut driven by branch
disagreement.
(Settled truth.) Reuse the same two branches 𝑎, 𝑏 ∈ 𝐵, but let

𝜑 ′ := (Revenue > 5̄0) .

Then M𝑎 |= 𝜑 ′ and M𝑏 |= 𝜑 ′ since 120 > 50 and 80 > 50. Conse-
quently,

M ⊨+ 𝜑 ′ and not M ⊨− 𝜑 ′ .

Thus 𝜑 ′ is settled true across the lakehouse.
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Table 2: Median latency (ms) by engine and branch count.

Q Engine 1 2 4 8 16 32 50

Q1 Ad hoc 1 4 5 11 21 41 62
Q1 Native 3 13 15 25 44 88 136

Q3 Ad hoc 288 327 732 1390 2537 5125 7856
Q3 Native 366 389 392 412 461 562 657

Q4 Ad hoc 4 6 9 19 34 67 103
Q4 Native 4 5 8 9 11 10 11

B Further experiments
Table 2 gives the full data behind Section 4. The workload uses
54 branch variants of the predictions table, each with 2.5M rows,
and a shared 3M-row dimension table as local Parquet files, with
𝐵 ∈ {1, 2, 4, 8, 16, 32, 50}. Each configuration is run 5 times after
1 warmup; we report median wall-clock time on an Apple M3
machine with 36GB RAM.
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