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ABSTRACT
Coding agents are becoming users of data infrastructure, but their
success depends not only on model quality: it also depends on the
skills and environment files that teach agents how to use a system.
We study how to optimize these artifacts for agents operating on a
branching lakehouse, Bauplan. In our setting, headless APIs andGit-
like data primitives expose data workflows through code, branches,
commits, and merges. Our central observation is that a branching
lakehouse turns data-agent evaluation from an output-matching
problem into a state-verification problem: agent-generated pipeline
code induces concrete, inspectable lakehouse changes. We present
a data-centric optimization pipeline that generates task-verifier
pairs, executes candidate skills in isolated sandboxes, and scores
trajectories using both trace-level signals and programmatic checks
over lakehouse state. In a preliminary evaluation on hundreds of
tasks, optimized skills improve held-out reward by 31.9%. These
results suggest that write-path data workflows provide a useful
substrate for optimizing agent skills beyond read-only tasks.
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1 INTRODUCTION
“Make something idiot proof, and somebody
will come up with a better idiot.” Anonymous

Whether they work synchronously with humans [15] or asyn-
chronously in a loop [34], it is clear that coding agents will soon
become the primary users of cloud infrastructure. Experts point
out that the affordances in traditional Online Analytical Process-
ing (OLAP) systems make agents ineffective and unsafe on the
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lakehouse; Bauplan was designed as an agent-first data platform
according to the “AI Overlord Manifesto” [21]: fast, safe execution
coupled with Git-like collaboration primitives [24, 25].

Running Bauplan gives us a privileged perspective on the chal-
lenges of scaling data agents to production settings. Even as the raw
performance of Large Language Models (LLMs) increases, the vari-
ance in agentic success is huge: Bauplan APIs are not yet well rep-
resented in the training set, users’ prompting abilities vary widely
and the new affordances call for revised best practices. Following
common LLM-agent practice [3], we shared standardized Mark-
down files (skills) with users to both lower the barrier to using the
platform and ensure a consistent standard in how code is written,
tested, and deployed.

Customer choices in terms of models, coding assistants, and us-
age patterns have evolved quickly in recent months, so manually
curating skills is no longer a sustainable process. More importantly,
we found that this is not merely a prompt-engineering problem:
when agents operate on production data systems, the textual arti-
facts surrounding them become part of the system control surface,
and need to be optimized and evaluated as such. As it turns out,
turning our initial prompting strategy into a scalable and reliable
process required assembling a complex and multi-faceted set of
capabilities: data mining over traces, user interviews on domain
knowledge, LLM-as-judge calibration and more. In this paper, we
share our skill optimization journey with the community. In partic-
ular, we summarize our contributions as follows:

(1) through the privileged lens provided by running thousands
of agentic workloads per day on Bauplan, we motivate the
importance of skills to support common multi-turn agentic
use cases seen in production, such as ETL, Write-Audit-
Publish, and data exploration;

(2) we share the optimization loop for Bauplan’s skills, which
improved held-out reward over manually curated ones by
31.9%. Perhaps surprisingly, skills belonging primarily to
complex workflows could not be optimized in isolation, sug-
gesting worthwhile future work in jointly optimizing skills,
which our dataset supports. Since closed-source LLMs are
frozen, and optimization frameworks are now common, we
embrace the data-centric AI methodology [35] and focus on
the surrounding data tasks. Great care is taken in the dataset
generation process, as a result of trade-offs among the nu-
ances of synthetic data generation, production traces, data
engineering knowledge and error analysis. We release the
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full setup to the community, stripped of Bauplan-specific
features, as an open-source contribution;

(3) we highlight the interplay between Bauplan affordances,
the optimization loop and the final skills. For example, a
statically checkable SDK reduces round-trips; progressive
CLI discovery allows for concise skills; more importantly,
the isomorphism between pipeline code and data commits
grounds fine-grained verification of write-path behavior
(Section 3.2.2).

Since unsupervised workloads on production data are dangerous
in most OLAP systems [21], lakehouse agents today are still in
their infancy and mostly focused on individual tasks in the read
path (text-to-SQL [22], data exploration [6]). While our (repro-
ducible) experimental setup is tailored to a specific set of APIs, our
strongest contribution is linking Git-for-data to the optimization
of compound AI systems for OLAP use cases: as such, alternative
implementations of the same ideas will benefit from the insights we
share. For these reasons, we believe our work to be useful to a wide
set of practitioners: both as a reference implementation of a full
optimization pipeline and as an example of a realistic coding setup
specifically targeted at the full life-cycle of data management, in-
cluding potentially disruptive operations such as writes and deletes.
In contrast to evaluations that stop at read-only SQL answers, our
setting requires checking whether an agent changed the lakehouse
state in the intended way.

2 SETUP AND PROBLEM STATEMENT
2.1 The agentic setup
Fig. 1 illustrates the standard setup for users of Bauplan. When
faced with a data task, such as analyzing data, building pipelines
end-to-end, or ingesting data safely, a user can pick a coding assis-
tant (e.g. Claude Code [19]) wired to Opus and ask it to perform the
task. Following industry best practices [3, 18], we provide the user
with skills and a CLAUDE.md1 to improve performance on data-
specific scenarios. Skills prepare the agent to solve a problem “by
injecting procedural knowledge, modifying execution context, and
enabling progressive disclosure of information” [32]. Note that the
agent could also work fully asynchronously: the same user choices
and degrees of freedom apply, but instructions are possibly even
more important there because of the autonomy in execution.

When optimizing this setup against a series of tasks, “backprop-
agation” can only happen at the level of these textual hyperpa-
rameters, as everything else is held constant by user choices. Our
research question is then easily stated: how can we optimize these
parameters – skills and CLAUDE.md – to improve the performance
of the “compound AI system” [7] on data use cases?

Answering this question will involve generating a dataset of use
cases (Section 3.2), scoring outcomes at scale (Section 3.2.2), and
choosing an optimization method (Section 3.3). Before diving into
these details, we provide a small introduction to Bauplan, as the
platform ergonomics not only exemplify its agentic nature, but also
significantly shape the optimization process itself.

1In a non-Anthropic setup, we use the cross-provider AGENTS.md standard instead:
for simplicity, we use the Claude-specific lexicon throughout the paper.

Figure 1: Coding agent setup. The user chooses a task and
provisions a coding agent (e.g. Claude Code), which in turn is
wired to a Large Language Model (e.g. Opus): tool calls (Bash
or Python execution) invoke lakehouse-specific APIs and
feed the result back to the agent. CLAUDE.md and Skills are
the only “hyperparameters” under our control: how do we
optimize them?

2.2 Bauplan overview
Bauplan is an agent-first lakehouse, built on the separation of stor-
age (Apache Iceberg [4] on S3) and compute (SQL and Python). We
refer the reader to [26] for a full description, and survey here two
distinctive features of Bauplan (vis-a-vis a traditional lakehouse),
which are particularly relevant for a successful verification process
(Section 3.2.2):

(1) headless: all interactions with the platform (running jobs,
creating tables, inspecting logs, etc.) are API-based, aswrapped
by a CLI (for Bash use cases) and a Python SDK (for scripting
use cases); this matters because it allows agents to manage
the full data life-cycle through code, and because it allows
us to programmatically verify lakehouse changes at scale;

(2) git-for-data: Bauplan re-implements Git primitives over
data assets, allowing commits, branches, and merges on
lakehouse tables [28]. Git-like APIs allow safe, concurrent
changes and prevent unverified AI code from reaching pro-
duction; this matters because it allows us to deterministi-
cally map API calls to data changes, which in turn is crucial
for verification.

To get a sense of the code-first nature of the platform and to
understand the effects of a run, we can inspect two snippets, a
DAG and a run orchestration. The first is a one-node DAG taking
source (an Iceberg table) as input, and producing table-1 through
function f:

Listing 1: A one-node Python DAG.
class Total(BauplanSchema):

category: str

total_amount: float

@model(name="table-1", materialize="REPLACE")

@python("3.12", pip={"polars": "1.27"})

def f(df=source) -> Total:

tbl = df.group_by("category").agg(pl.col("amount").sum())

return tbl

The abstractions are hopefully self-explanatory. We only briefly
highlight the declarative nature of both infrastructure and I/O,
which is an ideal target for code generation. Physical operations
(installing packages, reading data from S3, or writing data to S3)
happen in “platform space”, so that user space only expresses logi-
cal operations and transformation code is executed in secure and



Figure 2: Pipeline code maps to verifiable lakehouse changes.
A one-node DAG transforming source into table-1 (Listing 1)
runs on a data branch: a successful run will alter the lake
state in a predictable and verifiable way. Here, commits in the
branch correspond to writes (delete, create, import), and one
commit in main corresponds to themerge, which atomically
updates only the snapshot of table-1. The same APIs can be
used by a verifier to check data changes commit by commit.

sandboxed compute [27]. Importantly, DAGs live in a complex lake-
house environment, which is also fully programmable. Interactive
use cases are typically managed from the CLI (e.g. bauplan branch
create feature-1, bauplan run), but complex flows are built by
interleaving lakehouse commands and Python control flow, lever-
aging a fully typed SDK:

Listing 2: Python SDK example.
# 1) instantiate the client

client = bauplan.Client()

# 2) create a development branch from main

dev_br: Branch = client.create_branch("dev_br", from_ref="main")

# 3) run a DAG on the branch

run_state = client.run("pipeline/", ref=dev_br)

# 4) merge the branch into production (on success)

if run_state.success():

client.merge(dev_br, into="main")

client.delete_branch(dev_br)

Listing 2 is the “outer loop” for Listing 1, executing the trans-
formation defined there: again, the abstractions should be self-ex-
planatory, and we only highlight that runs are embedded in a data
branching workflow that is very similar to the typical Git flow for
code.

What happens when client.run above gets called? The code is
shipped to cloud workers, and logs are streamed back for the agent
to observe and react [26]. Crucially, every write in the execution
corresponds to a data commit, i.e. an immutable, Git-like reference
to the state of the lakehouse at that time [24]. Fig. 2 illustrates the
code-data isomorphism: any actor (human or LLM) reading Listing 1
should be able to enumerate what a successful run would entail in
the shape of commits that mark how the lake changes. When we ask
an LLM to generate task-verifier pairs (Section 3.2), this allows us
to precisely verify whether the agent did indeed perform the work
as expected, minimizing “false positives” and cheating behavior
(Section 3.2.2). This is the core difference between optimizing skills
for a branching lakehouse and generic prompt engineering: the
system exposes concrete write-path effects that can be checked
after execution.

Figure 3: High-level system architecture. An LLM-powered
data generation module builds a dataset with task-verifier
pairs. The optimization loop runs the target coding setup on
the tasks with the current skills – tools connect to Bauplan to
execute actions and get feedback. Metrics are then computed
and new skills are produced by the optimizer, and the loop
continues.

3 SKILL OPTIMIZATION
3.1 Architecture
Fig. 3 shows the high-level architecture of the optimization pipeline.
First, an LLM-powered data generation module (Section 3.2.1) takes
as input a taxonomy of scenarios (data ingestion, report building,
pipeline debugging etc.) and personas (data engineer, data scientist,
data analyst etc.) and Bauplan-specific prompt instructions to gen-
erate task-verifier pairs (Section 3.2.2): as discussed (Fig. 2), a DAG
that would solve the task can be mapped deterministically to lake-
house checks, so that tasks can have fine-grained, programmatic
verification.

Once the dataset is built, we use Harbor [13] to orchestrateModal
sandboxes initialized with Markdown files and the appropriate
coding assistant package. Table 1 summarizes the life-cycle of each
benchmark task: the harness creates an isolated writable branch,
captures the baseline lakehouse state, lets the agent act, validates
the outcome, and tears down any temporary state. This fixed life-
cycle is what allows the same optimization loop to evaluate both
read-only and write-path tasks safely. Traces collected from these
trajectories, as well as a final score, are then fed into an optimization
function, which generates new Markdown files for another round.



Table 1: Lifecycle of one benchmark task in the optimization harness.

# Step What it does
1 Create <username>.main Branches the agent’s writable <username>.main off main.
2 Prep initial state Drops any tables that are explicitly required by the dataset entry to be absent on <username>.main.
3 Capture baseline Snapshots the latest commit on main and <username>.main.
4 Agent runs Runs the Claude agent on the task prompt.
5 Validation Scores the result against the dataset entry’s end_conditions.
6 Teardown Deletes post-baseline <username>.* branches, then drops <username>.main.

3.2 Data generation
The optimization loop in Fig. 3 requires a benchmark that is both
realistic enough to exercise the skills used in production, and struc-
tured enough to support automatic verification. We therefore gen-
erate task-verifier pairs: each benchmark entry contains not only a
user-facing prompt, but also the initial lakehouse state, the expected
platform interactions, forbidden actions, response-level checks, and
a programmatic validation script. This follows a data-centric view
of agentic improvement [35], with a strong focus on quality at scale:
while human judgment and domain knowledge play a role in the
initial scenario design, the final dataset is generated in a loop until
it satisfies the structural and semantic constraints required by the
downstream optimization task.

3.2.1 Scenario generation. Table 2 reports representative counts
for compute and branch operations as collected from a May 2026
sample of anonymized production logs. The table provides an em-
pirical prior over agentic workflows: imports, queries, and pipeline
runs all occur frequently on the compute side, while branch dele-
tion and merge operations dominate the branch-management side.
This confirms that realistic agent workloads are not limited to read-
only SQL, but include useful but potentially dangerous write-path
operations. Crucially, we note that raw frequencies are not a suf-
ficient benchmark specification. First, traces are partially shaped
by the current skills, so they may over-represent APIs described
well and under-represent poorly documented behaviors. Second,
some rare operations are semantically important for safety. We
therefore use the counts as a “conceptual prior” for scenario design,
not as the final task mixture: common APIs should appear often
enough to reflect real usage, but rare APIs must still be covered by
construction.

Notably, looking only at API counts flattens multi-step behav-
ior, so other important priors for scenario design are sessions, i.e.
series of commands issued when performing a coherent multi-step
process. In particular, improvements in LLMs’ theory of mind [8]
set the stage to perform inverse planning [5, 11] from session-level
API traces; e.g., a sequence of branch creation, import, validation
query, and merge suggests a safe ingestion workflow. A model fed
with sessions can infer the kind of intention a user may have had,
and these inferred intentions become templates for task generation.
Putting together API counts and session-level insights, the final
dataset is synthetic in form, but anchored in real platform usage
and in the operational semantics of the lakehouse.

The resulting taxonomy has two axes. The first is the type of
lakehouse work: read-only tasks, such as data exploration, text-to-
SQL, and data-management inspection; and write-path tasks, such

as safe ingestion, new pipeline construction, adding expectations,
modifying or debugging pipelines, branch operations, and end-to-
end analysis. The second axis is the shape of the user request. Each
task is tagged with a difficulty level and a prompt-specificity level:
vague prompts model novice users, medium prompts model typical
practitioners, and detailed prompts model expert users who specify
tables, columns, output schemas, and acceptance criteria. This is
important because the skills must help agents not only when the
desired workflow is explicit, but also when the user request has to
be translated into the right workflow. This approach may be seen as
a further natural generalization of taxonomy-based dataset genera-
tion [9]: on top of generating tasks by progressively refining intent
into scenarios and then into tasks (“depth”), and by progressively
covering the design space with additional variations (“coverage”),
we also generate tasks by varying a user-specific dimension (“ex-
plicitness”).

Given this taxonomy, an LLM generator emits one structured
benchmark entry at a time through a typed tool call. The gener-
ator is grounded with Bauplan-specific context (skills, SDK, CLI)
and the available datasets: for ingestion tasks, the prompt refers
to the S3 URI directly; in any other case, the entry declares any
pre-loaded tables. Each entry is syntactically validated and then
passed through a thorough set of checks: e.g. commands must corre-
spond to real CLI arguments. For read-only categories, the validator
requires at least one write-blocking forbidden action and at least
one no-mutation state assertion, preventing read tasks from silently
allowing destructive behavior. Invalid entries are rejected and the
generator samples again until enough valid tasks are collected [30].
Before optimization begins, domain experts carefully sample tasks
and evaluate their quality in detail, to verify both prompt realism
(i.e., is this a realistic user scenario and a properly worded request?)
and verifier thoroughness (i.e. do expected commands and SDK
checks prove that the agent executed what the user wanted?). We
refer readers to the open-source repository and to Appendix A for
full-fledged examples.

3.2.2 Verification. Our harness verifies each trajectory at three
levels: tool traces, lakehouse state, and final response quality. This
is conceptually similar to executable software-engineering bench-
marks such as SWE-bench [17], where candidate code changes are
evaluated by running tests. In our setting, however, the executable
object is not only a source-code patch: it is a sequence of agent
actions whose effects include branches, commits, tables, schemas,
rows, and merges. We refer the reader to the repository for the
full list of checks, and survey here the high-level features of each
category:



• Trace-level verification: the verifier checks whether the
agent used the expected skills and tool calls, and avoided
forbidden actions (e.g. bauplan run in read-only). Expected
operations are checked against both Bash calls and Python
scripts (with the appropriate CLI-to-SDK syntax conver-
sion): in most cases, the model is left free to choose between
the CLI and the SDK with no penalties.

• Lakehouse-state verification: the verifier checks the data-
specific preconditions and postconditions. For example, sim-
ple assertions cover branch existence and no-change guar-
antees, while more complex programmatic checks validate
runs commit-by-commit (Fig. 2). For write-path tasks whose
final state depends on the user name, the validation script
uses the SDK to discover the username dynamically and
assert the intended state. Based on our experience, only
frontier closed models such as GPT-5.5 were able to prop-
erly “one-shot” the entire task generation with the required
internal consistency (at the cost of high latency): we leave
the exploration of smaller models and multi-agent orches-
tration to future work.

• Response-level verification: some tasks do not modify
the lakehouse state, nor do they have a structured output:
exploration, for example, typically ends with a free-form
English response. The verifier therefore combines hard and
soft checks. Hard constraints are deterministic checks, e.g.
string matching and regex. Soft constraints are rubric-style
criteria graded by an LLM judge [36], checking whether
the answer covers the requested dimensions and states the
right caveats.

While this level of detail-oriented verification and thoroughness
may seem unnecessary for special-purpose data agents, in our view
this approach is the heart of the optimization process. Since LLMs
and optimization libraries can be (and often are) black-box com-
ponents, iterating on data quality provides the needed leverage
to steer model behavior on real-world, niche scenarios. Two Bau-
plan features (Section 2.2) proved to be crucial for the data-centric
methodology: first, the SDK allows verifiers to be written using
the same methods that a data agent would use; second, git-for-data
makes write-path evaluation deterministic and fine-grained: a can-
didate skill is rewarded only when the agent changes the lakehouse
in the intended way.

3.3 Optimization
We used GEPA Optimize Anything [1] to optimize the text contents
of the skills. Inputs to the optimization function are

(1) A seed skill
(2) An evaluation function
(3) A description of the goal
The seed skill is the initial human-curated skill that we aim to

optimize. The evaluation function takes candidate skills generated
by GEPA and runs a sandboxed agent on dataset tasks that involve
the relevant skill. The validation is done after the agent runs, and it
is used to score the pipeline with a reward between 0 and 1, based
on howmany validation checks pass. Based on the reward score and
any error traces generated as actionable side information, GEPA
generates new candidates and the process continues.

Table 2: Usage of Bauplan’s abstractions in aMay 2026 sample
of anonymized production logs. Percentages are computed
within each API group and rounded to whole numbers.

Abstraction Description Pct.

Compute APIs
Import append data to a table 40%
Query execute a SQL query 35%
Run run a pipeline 25%

Branch APIs
Merge merge a ref into a target branch 43%
Delete delete a branch 37%
Create create a new branch from a ref 11%
Get get details about a specific branch 8%
List list branches 1%

Importantly, the architecture is designed to bemodular (Fig. 3): as
long as modules respect the declared interfaces (see the open source
repository), it is easy to plug in different algorithms keeping the rest
constant. We leave experimentation with different frameworks [20,
23] to future work.

Table 3: Dataset composition by type and scenario.

Scenario Task type Count

Read Exploration 102
Assessment 101
Data quality check 103

Write
New pipeline 171
Fix table 100
Ingestion 106

Total 683

4 EXPERIMENTS
Our final dataset is summarized in Table 3, comprising a total of
683 tasks with varying degrees of difficulty (Appendix A). For each
of the 6 skills we attempt to optimize, we extract the pool of dataset
entries that require the given skill, then split the pool into train,
validation, and test sets using a 70% − 15% − 15% split, with a
minimum of 1 entry for the validation and test sets in case of a
small pool. GEPA reflects and mutates on the train set and uses the
validation set to select its best candidate. The test set is held out and
used to evaluate performance. Because we evaluate only one coding-
agent/LLM configuration, we consider these results important but
preliminary evidence of the usefulness of the optimization loop.

Our primary metric is reward (defined as the fraction of val-
idation checks passed) measured on the validation and held-out
test sets; we also record time and cost. We evaluate each of these
metrics for every candidate skill GEPA generates. The task LLM
is claude-sonnet-4-6, with Claude Code as the assistant. The initial
set of skills comprises six different skills: bauplan-data-pipeline,
bauplan-safe-ingestion, bauplan-data-quality-checks, bauplan-data-
assessment, bauplan-explore-data, bauplan-debug-and-fix-pipeline.



(a) bauplan-data-pipeline (b) bauplan-safe-ingestion (c) bauplan-data-quality-checks (d) bauplan-explore-data

Figure 4: GEPA optimization curves for representative skill components: validation and held-out test reward by candidate
index.

Results are shown in Fig. 4. For the skills we are able to optimize,
GEPA found a candidate skill that not only performs better on the
validation tasks, but also improves held-out reward (relative to the
seed skills) by 31.9% on average, suggesting that the optimized skills
generalize beyond the validation tasks.

Qualitatively, the optimization process adds detail to the skill and
appropriately edits the skill descriptions when validation checks
fail due to the agent not invoking the expected skill. On average, the
optimized skills were 93.3% longer (in terms of character count) than
the seed skills. Improvements included adding phrases to encourage
the agent not to skip steps (e.g., ## Required workflow (do
not skip steps)) and spelling out “gotchas” on the CLI stateful
semantics for some commands (e.g., merge <branch> merges into
the currently checked-out branch. So check out your
personal main first, then merge with NO target argument).

In the cases where GEPA did not find a better candidate skill
than the seed skill, we found that the dataset tasks associated with
those skills were multi-skill tasks, where solving the task required
correctly leveraging multiple skills. This result points to a clear line
of future work: jointly optimizing skills. Our approach optimizes
each skill in isolation, but the dataset supports complex tasks where
skills may need to be adapted jointly to enable the agent to complete
a correct workflow, end-to-end.

5 RELATEDWORK
Recent work has optimized skills across tasks as diverse as software
engineering, question answering, mathematical reasoning, web
navigation, and tool use [2, 10, 12, 14, 16, 29]. Work on synthetic
data generation and executable benchmarks similarly shows the
value of generated tasks with verifiable outcomes [9, 17, 30, 33].
Our setting differs in being data-centric and lakehouse-specific:
skills are optimized for concrete data engineering workflows such
as ingestion, pipeline construction and debugging. Unlike read-path
evaluations such as data-science agents [6, 22], our benchmark is
grounded in end-to-end data management use cases and traces from
an agent-first production system at scale. In particular, we make
the key observation that fine-grained evaluation of potentially dis-
ruptive data operations is possible only thanks to the isomorphism
between agent-generated pipeline code and observable lakehouse
state.

6 CONCLUSION AND FUTUREWORK
We introduce a data-centric methodology for skill optimization
serving data agents on a branching lakehouse. Combining real-
world production traces, purpose-built agentic infrastructure, do-
main knowledge and a black-box optimizer, we provide preliminary
evidence that this process can automatically improve compound
AI systems. To the best of our knowledge, we have shown for
the first time how to perform verification at scale for destructive
data engineering tasks on production data: reliable, programmatic
scoring of complex tasks would not have been possible without
Bauplan’s vertical integration of agentic affordances (everything-as-
code and git-for-data, Section 2.2). By sharing our data generation
process and releasing an open-source implementation, we believe
our methodology can easily generalize to a broader set of use cases.
For example, in ongoing work within our lab we are leveraging this
process to fine-tune coding models: as LLMs are prone to reward
hacking [31], fine-grained verification is a precondition for effective
reinforcement learning.
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A EXAMPLES OF TASKS
We reproduce here some task entries from the final dataset, slightly
edited for length and content.

Read task — assess_customer_support_ticket_data
(read_explore)

1 {

2 "task_name": "assess_customer_support_ticket_data",

3 "category": "read_explore",

4 "difficulty": "medium",

5 "goal": "Evaluate the distribution of ticket

categories in the customer support tickets dataset

and identify any anomalies in the data.",

6 "prompt": "Can you help me analyze the customer

support tickets to understand the distribution of

ticket categories and check for any data anomalies?",

7 "initial_state": {

8 "branches": [

9 "main"

10 ],

11 "seeded_tables": [

12 {

13 "table": "support.tickets",

14 "branch": "main"

15 }

16 ]

17 },

18 "expected_commands": [

19 "bauplan query"

20 ],

21 "expected_skills": [

22 "bauplan-explore-data"

23 ],

24 "end_conditions": {

25 "hard_response_constraints": [

26 {

27 "kind": "contains",

28 "value": "distribution of ticket categories",

29 "description": "Response should include analysis

of ticket categories."

30 }
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31 ],

32 "soft_response_constraints": [

33 {

34 "criterion":

"category_distribution_is_quantitative",

35 "description": "The reply should describe the

category distribution in concrete terms - counts or

proportions per category, or at minimum a ranking of

categories from most to least common - not a vague

'there are several categories' summary. A judge

should see evidence the model actually grouped the

data."

36 }

37 ],

38 "state_assertions": [

39 {

40 "kind": "no_change",

41 "target": "support.tickets",

42 "expected": null,

43 "description": "The ticket data should remain

unchanged after exploration."

44 }

45 ]

46 },

47 "forbidden_actions": [

48 {

49 "pattern": "bauplan\\s+run\\b",

50 "reason": "No new pipeline should be created

during this task."

51 }

52 ]

53 }

Because this is a read-only task, note that the constraints on the
response are qualitative checks that leverage an LLM-as-a-judge at
runtime.

On the other hand, a write task such as the following includes
detailed programmatic verification through a Python script (parts
of which we report for convenience in a separate listing at the end):
the script exits with status 0 on success or with a nonzero status
(and an English explanation) on failure.

Write task — build_subway_od_pair_summary_pipeline
(write_new_pipeline)

1 {

2 "task_name": "build_subway_od_pair_summary_pipeline",

3 "difficulty": "medium",

4 "prompt_specificity": "detailed",

5 "goal": "Build and publish a station origin

destination aggregate pipeline from the existing MTA

subway trips table onto the agent's personal main

6 branch using a feature-branch workflow, without

modifying global main.",

7 "prompt": "Create a Bauplan project that reads the

existing `transit.mta_subway_trips` table and

materializes a new table named

8 `analytics.subway_od_pair_summary` on your personal main

lineage. Use the required branch workflow: discover

your username programmatically, create a

9 feature branch off your `<username>.main` branch, build

and validate the output on that feature branch, then

merge the successful feature branch back

10 into your `<username>.main` branch. Do not write to the

global `main` branch.\n\nThe output table

`analytics.subway_od_pair_summary` should have one

row

11 per origin/destination station-complex pair after

excluding rows where `origin_station_complex_id =

destination_station_complex_id` and excluding rows

12 with null or non-positive `estimated_average_ridership`.
Include these columns:\n-

`origin_station_complex_id`\n-
`origin_station_complex_name`\n-

13 `destination_station_complex_id`\n-
`destination_station_complex_name`\n-
`trip_record_count` = count of contributing source

records\n-

14 `total_estimated_ridership` = sum of

`estimated_average_ridership`\n-
`avg_estimated_ridership` = average of

`estimated_average_ridership`\n\nBefore
15 merging, validate that the table is readable, non-empty,

has no same-station origin/destination pairs, and

has positive total ridership. After merging,

16 reply briefly with the destination table name and

confirm it is on `<username>.main`.",
17 "expected_commands": [

18 "bauplan branch create",

19 "bauplan run",

20 "bauplan branch merge"

21 ],

22 "expected_skills": [

23 "bauplan-data-pipeline",

24 "bauplan-data-quality-checks"

25 ],

26 "end_conditions": {

27 "hard_response_constraints": [

28 {

29 "kind": "contains",

30 "value": "analytics.subway_od_pair_summary",

31 "description": "Final reply names the

materialized destination table."

32 }

33 ],

34 "state_assertions": [

35 {

36 "kind": "no_change",

37 "target": "main",

38 "expected": null,

39 "description": "The global main branch is

unchanged by the write workflow."

40 }

41 ]

42 },

43 "validation_script": "<see Listing below>",

44 "category": "write_new_pipeline"

45 }

Listing 3: Sample validation script using the SDK.
import sys

import bauplan

DEST_NAMESPACE = "analytics"

DEST_TABLE = "subway_od_pair_summary"

DEST_FULL_NAME = f"{DEST_NAMESPACE}.{DEST_TABLE}"

def fail(message: str) -> None:

print(message, file=sys.stderr)



raise SystemExit(1)

# Discover the agent's personal main branch.

try:

client = bauplan.Client()

info = client.info()

except Exception as exc:

fail(f"Could not initialize the Bauplan client: {exc}")

if info.user is None or not info.user.username:

fail("Could not discover the current Bauplan username")

username = info.user.username

user_main = f"{username}.main"

# The destination table must exist on the agent's personal main branch.

try:

exists_on_user_main = client.has_table(

DEST_TABLE,

namespace=DEST_NAMESPACE,

ref=user_main,

)

except Exception as exc:

fail(f"Could not inspect {DEST_FULL_NAME} on {user_main}: {exc}")

if not exists_on_user_main:

fail(f"{DEST_FULL_NAME} does not exist on {user_main}")

# The destination table must not have been created on global main.

# The benchmark harness separately verifies that global main's commit

# did not change during the task.

try:

exists_on_global_main = client.has_table(

DEST_TABLE,

namespace=DEST_NAMESPACE,

ref="main",

)

except Exception as exc:

fail(f"Could not inspect {DEST_FULL_NAME} on global main: {exc}")

if exists_on_global_main:

fail(f"{DEST_FULL_NAME} was created on global main")

# Check that every required output column is present.

required_columns = {

"origin_station_complex_id",

"origin_station_complex_name",

"destination_station_complex_id",

"destination_station_complex_name",

"trip_record_count",

"total_estimated_ridership",

"avg_estimated_ridership",

}

try:

schema_table = client.query(

f"SELECT * FROM {DEST_FULL_NAME} LIMIT 0",

ref=user_main,

)

except Exception as exc:

fail(f"Could not inspect the schema of {DEST_FULL_NAME}: {exc}")

actual_columns = {name.lower() for name in schema_table.column_names}

missing_columns = sorted(required_columns - actual_columns)

if missing_columns:

fail(

"Destination table is missing required columns: "

+ ", ".join(missing_columns)

)

# Recompute the expected result from the source table and compare the

# complete expected and actual relations. Numeric aggregates are rounded

# only for comparison, to tolerate insignificant floating-point differences.

validation_query = f"""

WITH expected AS (

SELECT

origin_station_complex_id,

origin_station_complex_name,

destination_station_complex_id,

destination_station_complex_name,

COUNT(*) AS trip_record_count,

SUM(estimated_average_ridership)

AS total_estimated_ridership,

AVG(estimated_average_ridership)

AS avg_estimated_ridership

FROM transit.mta_subway_trips

WHERE estimated_average_ridership IS NOT NULL

AND estimated_average_ridership > 0

AND origin_station_complex_id

<> destination_station_complex_id

GROUP BY

origin_station_complex_id,

origin_station_complex_name,

destination_station_complex_id,

destination_station_complex_name

),

actual AS (

SELECT

origin_station_complex_id,

origin_station_complex_name,

destination_station_complex_id,

destination_station_complex_name,

trip_record_count,

total_estimated_ridership,

avg_estimated_ridership

FROM {DEST_FULL_NAME}

),

expected_normalized AS (

SELECT

origin_station_complex_id,

origin_station_complex_name,

destination_station_complex_id,

destination_station_complex_name,

trip_record_count,

ROUND(total_estimated_ridership, 6)

AS total_estimated_ridership,

ROUND(avg_estimated_ridership, 6)

AS avg_estimated_ridership

FROM expected

),

actual_normalized AS (

SELECT

origin_station_complex_id,

origin_station_complex_name,

destination_station_complex_id,

destination_station_complex_name,

trip_record_count,

ROUND(total_estimated_ridership, 6)

AS total_estimated_ridership,

ROUND(avg_estimated_ridership, 6)

AS avg_estimated_ridership

FROM actual

),

missing_rows AS (

SELECT *

FROM expected_normalized

EXCEPT ALL

SELECT *

FROM actual_normalized

),

unexpected_rows AS (

SELECT *

FROM actual_normalized

EXCEPT ALL

SELECT *

FROM expected_normalized

)



SELECT

(SELECT COUNT(*) FROM expected) AS expected_rows,

(SELECT COUNT(*) FROM actual) AS actual_rows,

(SELECT COUNT(*) FROM missing_rows) AS missing_rows,

(SELECT COUNT(*) FROM unexpected_rows) AS unexpected_rows,

(

SELECT COUNT(*)

FROM actual

WHERE origin_station_complex_id

= destination_station_complex_id

) AS same_station_rows,

(

SELECT COUNT(*)

FROM actual

WHERE trip_record_count IS NULL

OR trip_record_count <= 0

) AS invalid_trip_count_rows,

(

SELECT COUNT(*)

FROM actual

WHERE total_estimated_ridership IS NULL

OR total_estimated_ridership <= 0

) AS invalid_total_rows,

(

SELECT COUNT(*)

FROM actual

WHERE avg_estimated_ridership IS NULL

OR avg_estimated_ridership <= 0

) AS invalid_average_rows

"""

try:

result = client.query(

validation_query,

ref=user_main,

max_rows=1,

)

except Exception as exc:

fail(f"Validation query failed: {exc}")

if result.num_rows != 1:

fail("Validation query did not return exactly one result row")

checks = result.to_pylist()[0]

if checks["actual_rows"] <= 0:

fail(f"{DEST_FULL_NAME} is empty")

if checks["same_station_rows"] != 0:

fail(

"Destination table contains "

f"{checks['same_station_rows']} same-station "

"origin/destination rows"

)

if checks["invalid_trip_count_rows"] != 0:

fail(

"Destination table contains "

f"{checks['invalid_trip_count_rows']} rows with a null or "

"non-positive trip_record_count"

)

if checks["invalid_total_rows"] != 0:

fail(

"Destination table contains "

f"{checks['invalid_total_rows']} rows with null or "

"non-positive total_estimated_ridership"

)

if checks["invalid_average_rows"] != 0:

fail(

"Destination table contains "

f"{checks['invalid_average_rows']} rows with null or "

"non-positive avg_estimated_ridership"

)

if checks["actual_rows"] != checks["expected_rows"]:

fail(

"Row-count mismatch: "

f"expected {checks['expected_rows']}, "

f"found {checks['actual_rows']}"

)

if checks["missing_rows"] != 0:

fail(

"Destination table is missing "

f"{checks['missing_rows']} expected rows"

)

if checks["unexpected_rows"] != 0:

fail(

"Destination table contains "

f"{checks['unexpected_rows']} incorrect or unexpected rows"

)

print(

f"PASS: {DEST_FULL_NAME} on {user_main} "

"matches the expected origin/destination aggregation"

)
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